
Advances in Meteorology

Precipitation Science: Observations, 
Retrievals, and Modeling

Guest Editors: Francisco J. Tapiador, Sahra Kacimi, Manuel de Castro,  
Vincenzo Levizzani, Dimitrios Katsanos, and Eduardo García-Ortega



Precipitation Science: Observations, Retrievals,
and Modeling



Advances in Meteorology

Precipitation Science: Observations, Retrievals,
and Modeling

Guest Editors: Francisco J. Tapiador, Sahra Kacimi,
Manuel de Castro, Vincenzo Levizzani, Dimitrios Katsanos,
and Eduardo Garcı́a-Ortega



Copyright © 2015 Hindawi Publishing Corporation. All rights reserved.

This is a special issue published in “Advances in Meteorology.” All articles are open access articles distributed under the Creative Com-
mons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.



Editorial Board
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Precipitation science is becoming a thrivingmultidisciplinary
area as a special interest topic for meteorology, climatology,
hydrology, remote sensing, and computing science. This is
not surprising since precipitation features a key component
of many human activities, most notably agriculture and
water resources management, making rain estimation and
forecasting a relevant research topic for society and policy-
makers. A better knowledge of precipitation processes is
instrumental to respond to increasingly pressing societal
needs and to provide better scientific tools for dealing with
hydrological problems.

This special issue gathers a number of contributions in
precipitation science, including radar studies, artificial intel-
ligence methods, modeling, geostatistical analyses, chemical
research, satellite estimates, climate variability, data assim-
ilation, computing science, solid precipitation studies, and
microphysics. The synergisms between the many approaches
are clear.Thus, for instance, surface precipitation is known to
be a rough (i.e., not smooth) geophysical field and as such dif-
ficult to model. That makes precipitation the prime yardstick
to gauge model performance. Therein, improvements in the
precise quantification of rain using rain gauges, disdrometers,
and satellites translate into bettermodel tuning and at the end
improved model validation.

The collection illustrates well the observed bloom of the
studies focused on the Asian weather and climate, where a
precise understanding of precipitation processes is perhaps
even more important than in other geographical areas as that

part of the world accounts for more than half of the planet
population. Moreover, knowledge of such an important
atmospheric process as the Meiyu translates into increased
ability to model and simulate mesoscale systems in other
parts of the planet. It is therefore worthy to pay attention to
observations and simulations in that area to advance the pre-
cipitation science program: a program that could be defined
as a multisource, multidisciplinary, and multinational effort
to better understand precipitation physics in the context of
increasing societal awareness of the consequences of ongoing
global warming.
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This study utilized the Weather Research and Forecasting (WRF) model version 3.5.1 to evaluate the impact of urbanization on
summertime precipitation in Osaka, Japan. The evaluation was conducted by comparing the WRF simulations with the present
land use and no-urban land use (replacing “Urban” with “Paddy”) for August from 2006 to 2010.The urbanization increased mean
air temperature by 2.1∘C in urban areas because of increased sensible heat flux and decreased mean humidity by 0.8 g kg−1 because
of decreased latent heat flux. In addition, the urbanization increased duration of the southwesterly sea breeze. The urbanization
increased precipitation in urban areas and decreased in the surrounding areas.Themean precipitation in urban areas was increased
by 20mmmonth−1 (27% of the total amount without the synoptic-scale precipitation).The precipitation increase was generally due
to the enhancement of the formation and development of convective clouds by the increase in sensible heat flux during afternoon
and evening time periods. The urbanization in Osaka changes spatial and temporal distribution patterns of precipitation and
evaporation, and consequently it substantially affects the water cycle in and around the urban areas of Osaka.

1. Introduction

Since the last century, rapid urbanization has spread across
the world.The associated land cover alteration has resulted in
the change of the surface energy budget and the local climate
in urban areas. The well-recognized impact of urbanization
is the urban heat island (UHI) effect characterized by higher
temperature in urban areas relative to their surrounding
areas.TheUHI effect may influence local circulation patterns
and precipitation events [1].

A number of studies have investigated the urbanization
impact on precipitation based on analyses of observation
data. Changnon and Huff [2] analyzed precipitation pat-
terns during the Metropolitan Meteorological Experiment
(METROMEX) in St. Louis, USA, and indicated that urban
region influenced afternoon and nocturnal heavy precipita-
tion events. Shepherd [3] analyzed 108-year precipitation data
in arid urban areas of Phoenix, USA, and revealed statisti-
cally significant increases in precipitation during monsoon

season from a preurban (1895–1949) to posturban (1950–
2003) period. Fujibe et al. [4] analyzed the long-term trend
of observed precipitation in Tokyo, Japan, and showed an
increasing trend of precipitation in the afternoon of the warm
season due to the UHI effect.

Numerical studies usingmeteorological models also have
investigated the urbanization impact. Shem and Shepherd [5]
simulated convective precipitation for two cases in Atlanta,
USA, and showed that urban areas caused precipitation
increase at downwind of the city by 10 to 13%. Zhang et al.
[6] evaluated the urbanization impact in the Yangtze River
Delta of China and showed that precipitation increased about
15% over urban or leeward areas in summer and changed
slightly in winter. Zhao et al. [7] simulated the impact of
future urbanization in the Pearl River Delta of China and
showed an important role of the urban area in enhancing the
convective circulation over the region.

Although there are many studies on the urbanization
impact on precipitation as described above, the mechanism
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Figure 1: Modeling domains with elevation, location of Osaka meteorological observatory, and southwest to northeast cross-section line (a)
and with dominant land use (b).

on the urban-induced precipitation is less understood com-
pared to that on the urban-induced higher temperature.
Therefore, further studies are still required to improve the
basic understanding of urban-induced precipitation.

This study evaluated the urbanization impact on sum-
mertime precipitation in Osaka using the Weather Research
and Forecasting (WRF) model [8] version 3.5.1. In August,
in Osaka, the mean ground-level air temperature reaches
nearly 30∘C and the daily maximum value often exceeds
35∘C. Osaka prefecture includes the third largest megacity in
Japan and is characterized by a small fraction of forest areas
and particularly high fraction of urban areas. Because Osaka
shows the largest UHI intensity among large Asian cities [9],
this study contributes to a better understanding of the impact
of urbanization on precipitation.

2. Materials and Methods

2.1. Study Area. This study focused on the urbanization
impact on summertime precipitation in Osaka, Japan.
Figure 1 shows the WRF modeling domains on the Lambert
conformal conic projection map. Domain 1 (D1) and domain
2 (D2) cover the Kinki Region of Japan and areas in and
around Osaka Prefecture, respectively. The WRF perfor-
mance was evaluated with observation data of the Japan
Meteorological Agency (JMA) at the Osaka meteorological
observatory, which is located at 135.518∘ E and 34.682∘N in
the center of the prefecture. Topography and land use in the
modeling domains were derived from the 30 sec resolution
data of the United States Geological Survey (USGS) and the
100m resolution National Land Numerical Information data
of the Geospatial Information Authority of Japan (GIAJ),
respectively. While most parts of the land areas of the Kinki
region are mountains covered with “Forest” land use, some

coastal lowlands are dominantly covered with “Urban” land
use. Since Osaka has a particularly high fraction of “Urban”
land use, the Osaka prefecture is suitable for this study.

2.2. WRF Configuration. The WRF simulations were con-
ducted with on-line one-way nesting in the two domains
(Figure 1).The horizontal grid resolutions and the number of
grid cells in the domains are 3 and 1 km and 90 × 90 and 90 ×
90 for D1 and D2, respectively. The vertical layers consisted
of 30 sigma-pressure coordinated layers from the surface
to 100 hPa with the middle height of the first layer being
approximately 28m. The land use dependent parameters
for “Urban,” “Paddy,” “Cropland,” “Grassland,” “Forest,” and
“Water” categories (Figure 1(b)) were derived from theWRF-
default parameters for “Urban and Built-Up Land,” “Irri-
gated Cropland and Pasture,” “Cropland/Grassland Mosaic,”
“Grassland,” “Mixed Forest,” and “Water Bodies” categories in
the USGS 24-category land use data, respectively.

Initial and lateral boundary conditions were derived from
the mesoscale model grid point value (MSM GPV) data
by JMA. Sea surface temperature was derived from the
high-resolution, real-time, global sea surface temperature
analysis data (RTG SST HR) by the US National Centers for
Environmental Prediction (NCEP). Variables on the ground
and in soil layers were derived from the final operational
global analysis data by NCEP (NCEP FNL). The MSM
GPV data have spatial resolutions of 0.0625∘ (longitude) ×
0.05∘ (latitude) for surface data and 0.125∘ (longitude) × 0.1∘
(latitude) for pressure level data and a temporal resolution
of 3 hours. The RTG SST HR data have a spatial resolution
of 0.0833∘ and a temporal resolution of 24 hours. The NCEP
FNL data have a spatial resolution of 1∘ and a temporal
resolution of 6 hours.The four-dimensional data assimilation
technique was not applied to the WRF simulations.
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The physics options used in this study include the Yonsei
University scheme [10] for the planetary boundary layer
(PBL) parameterization, the WRF single-moment 6-class
microphysics scheme [11], the Noah land surface model [12],
the rapid radiative transfer model [13] for the longwave
radiation, and the Dudhia scheme [14] for the shortwave
radiation. The cumulus parameterization was not activated
because of the fine horizontal grid resolutions. The urban
canopymodel (UCM)was not used based on our preliminary
test runs in which UCM caused questionable results such as
stronger surface wind speed than that in runs without UCM
(not shown).

2.3. Method for Evaluating the Impact of Urbanization. The
impact of urbanization was evaluated by comparing the
following two simulation cases: the baseline case with the
present land use data shown in Figure 1(b) and the case
with modified land use data in which “Urban” land use was
replaced by “Paddy” land use in D2.The former and the latter
cases are, respectively, referred to as URBAN and U2PAD
cases in this paper. The two simulation cases were conducted
for August of five years from 2006 to 2010 with three-day
spin-up periods from July 29 to 31.

The target region for the evaluation of urbanization
impact was defined as the “Urban” dominant grid cells in
the URBAN case in D2 except near the lateral boundaries
(distance of six grid cells). Because this study focused on
local-scale urbanization impact on precipitation, days on
which a weather front and/or tropical cyclone controlled
meteorological conditions in the target region were excluded
from the target period in order to minimize the effect of
synoptic-scale precipitation. The excluded days were those
on which a weather front stayed over or passed through
D1 according to weather maps released by JMA and/or the
minimum distance between the center of a tropical cyclone
and the lateral boundaries of D1 was less than 300 km. Based
on the definition, the target period included 22, 21, 19, 22,
and 29 days in August of 2006, 2007, 2008, 2009, and 2010,
respectively (total 113 days out of 155).

3. Results and Discussion

3.1.Model Performance. Theresults of theWRF simulation in
the URBAN case were compared with observation data at the
Osaka meteorological observatory. The model performance
was evaluated using Pearson’s correlation coefficient (𝑟), the
mean bias error (MBE), the mean absolute error (MAE), the
root mean square error (RMSE), and the index of agreement
(IA). Emery et al. [15] set benchmarks with statistical
measures for the performance of meteorological models:
MBE ≤ ±0.5∘C,MAE ≤ 2∘C, and IA ≥ 0.8 for air temperature;
MBE ≤ ±1 g kg−1, MAE ≤ 2 g kg−1, and IA ≥ 0.6 for humidity;
MBE ≤ ±0.5m s−1, RMSE ≤ 2m s−1, and IA ≥ 0.6 for wind
speed. Table 1 summarizes statistical values for the WRF
performance at the Osaka meteorological observatory in
August from 2006 to 2010. For air temperature, the model
tended to overestimate it but met the benchmark for MAE
and IA in all the five years. For humidity, the model met all
the benchmark in all the five years. For wind speed, themodel

met all the benchmark in all the five years except MB in
2009. These results and the good correlation coefficients
between the observed and simulated values indicate that
WRFwell simulatedmeteorological fields in the study period
and therefore was suitable for the evaluation of urbanization
impact.TheWRF performance in this study is comparable to
the performance of meteorological models for one- to two-
month-long simulations in Japan in the earlier studies [16, 17].

Figure 2 shows hourly time series comparisons of the
observed and simulated ground-level meteorological vari-
ables in August 2010, in which the number of the target days
for the evaluation of urbanization impact was the largest
among the five years. The simulated temporal variations of
air temperature, humidity, wind speed, and direction in the
URBAN case fairly well agreed with the observations. In
summer, meteorological conditions in the main island of
Japan are typically controlled by the Pacific high-pressure
system prevailing over the Northwest Pacific Ocean. Local
sea and land breeze circulations are well developed under the
condition. InAugust, inOsaka, air temperature is consistently
high and often exceeds 35∘C. In addition, humidity is also
consistently high because substantial amount of moisture is
supplied from the ocean. As shown in Figures 2(c) and 2(d),
while the daytime southwesterly sea breeze generally prevails
in Osaka, the nocturnal northeasterly land breeze is generally
weak and sometimes calm. Although WRF well simulated
temperature, humidity, and wind field, the model had dif-
ficulty in accurately simulating precipitation in August at
the Osaka meteorological observatory. The result indicates
that there are large uncertainties in numerical evaluations of
summertime precipitation only at specific point and/or time.
Therefore, this study evaluated the impact of urbanization for
the target region and period defined in Section 2.3.

3.2. Impact of Urbanization. Figure 3 shows spatial distri-
butions of the simulated mean ground-level meteorological
variables in the URBAN case and the differences between
the URBAN and U2PAD cases in the target period. The
differences indicate the impact of urbanization. The urban-
ization caused obvious increase of air temperature in the
target region and slight increase in the surrounding region.
The mean impact of urbanization on air temperature, which
is equivalent to the UHI intensity, was +2.1∘C in the target
region and period. At the same time, the urbanization caused
obvious decrease of humidity in the target region and slight
decrease in the surrounding region. The mean impact of
urbanization on humidity was −0.8 g kg−1 in the target region
and period. The impact of urbanization on mean wind speed
was not clear compared to air temperature and humidity.The
mean impact of urbanization on wind speed was +0.1m s−1
in the target region and period. The urbanization caused an
increase of precipitation in the target region and a decrease
in the surrounding region. The mean impact of urbanization
on precipitation was +20mmmonth−1, which was equivalent
to 27% of the total amount without the synoptic-scale
precipitation, in the target region and period.

Figure 4 shows diurnal variations of the simulated mean
ground-level meteorological variables in the URBAN and



4 Advances in Meteorology

Table 1: Statistical comparisons between observed and simulated (URBAN) hourly meteorological variables at Osaka meteorological
observatory in August from 2006 to 2010.

2006 2007 2008 2009 2010

Temperature

Mean obs. (∘C) 29.8 29.8 28.4 28.0 30.5
Mean sim. (∘C) 30.6 30.2 29.5 29.0 30.8
𝑟 0.91 0.91 0.91 0.89 0.93

MBE (∘C) 0.8 0.3 1.1 1.0 0.3
MAE (∘C) 1.1 0.8 1.3 1.3 0.7

IA 0.93 0.94 0.92 0.91 0.96

Humidity

Mean obs. (g kg−1) 16.6 16.6 15.9 15.4 17.2
Mean sim. (g kg−1) 15.9 16.4 15.9 15.1 17.2

𝑟 0.69 0.67 0.74 0.86 0.72
MBE (g kg−1) −0.6 −0.2 0.0 −0.3 0.0
MAE (g kg−1) 1.3 1.1 1.1 1.2 0.9

IA 0.79 0.80 0.86 0.92 0.84

Wind speed

Mean obs. (m s−1) 2.7 2.6 2.7 2.3 2.5
Mean sim. (m s−1) 2.7 2.8 3.1 2.9 2.7

𝑟 0.66 0.72 0.60 0.60 0.72
MBE (m s−1) 0.0 0.2 0.3 0.6 0.2
RMSE (m s−1) 1.3 1.2 1.4 1.3 1.0

IA 0.81 0.84 0.76 0.73 0.84
Note: 𝑟, MBE, MAE, RMSE, and IA denote Pearson’s correlation coefficient, the mean bias error, the mean absolute error, the root mean square error, and the
index of agreement, respectively.
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Figure 2: Hourly time series comparisons of observed and simulated (URBAN case) ground-level meteorological variables at Osaka
meteorological observatory in August 2010.
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Figure 3: Spatial distributions of simulated mean ground-level meteorological variables in URBAN case and the differences of the variables
between URBAN and U2PAD cases in D2 in the target period for the evaluation of the impact of urbanization.

U2PAD cases in the target region and period. The urbaniza-
tion increased air temperature because of increased sensible
heat flux. The increase from midnight to dawn was remark-
able (up to 3.1∘C at 0500 local time) because large part of
the sensible heat was transported to the upper air by vertical
mixing in daytime. In addition, a part of heat accumulated
in soil layers in daytime was released to the atmosphere
as sensible heat after sunset. The urbanization decreased
humidity because of decreased evaporation from the surface,
that is, latent heat flux (almost zero in “Urban” land use).
The increased surface drag in “Urban” land use generally
decreases ground-level wind speed. On the other hand,
the increased ground-level air temperature enhanced sea
breeze circulation, which resulted in longer duration of the
southwesterly sea breeze in the target region. The above two
effects compensated each other and therefore the apparent
impact of urbanization on mean wind speed was relatively
small as shown in Figure 3(c). The increased sensible heat
flux caused remarkable increase of PBL height from noon
to evening (up to 449m at 1700 local time). This indicated
that the atmosphere over “Urban” land use was relatively
more unstable in the period and therefore convective clouds
were more easily formed and developed. As a result, the
urbanization caused obvious increase of precipitation from
afternoon to evening. The results indicate that, in the target
region, in which substantial amount of moisture is supplied
from the ocean, the sensible heat flux plays a much more
important role in summertime local precipitation than the
evaporation from the ground surface.

Figure 5 shows vertical cross-sections of simulated mean
potential temperature with wind fields in the URBAN and
U2PAD cases at 1400, 1700, and 2000 local time in the
target period. Vertical convection was generally stronger and
PBL was consistently higher in the URBAN case than in

the U2PAD case over the target region. Difference of upper
air potential temperature between the URBAN and U2PAD
cases was remarkable during afternoon, which indicates that
the increased sensible heat from the surface (Figure 4(e)) was
efficiently transported to the upper air through the enhanced
vertical mixing over “Urban” land use. While the formation
of nocturnal surface inversion layer in the target region
was simulated in the U2PAD case, release of sensible heat
accumulated during daytime prevented the formation of the
stable layer in the URBAN case. Overall, the urbanization
caused unstable condition in the atmosphere from afternoon
to evening.

Figure 6 shows horizontal distributions of precipitation
and vertical cross-sections of cloud water mixing ratio with
wind field simulated in the URBAN and U2PAD cases at
1700 local time in August 9, 2008, as an example representing
the difference between the two cases. In both cases, upward
convection occurred by the convergence of horizontal wind
in the north central region of Osaka prefecture. However,
the atmosphere over the target region was more unstable in
the URBAN case than in the U2PAD case, and therefore the
convection in the former case was much deeper. As a result,
clouds formed and developed by the enhanced convection
increased precipitation in the target region. There were other
similar cases in which the urbanization caused local-scale
precipitation associated with convective clouds in the target
region from afternoon to evening.

Figure 7 shows frequency distribution of hourly precipi-
tation intensity at each grid cell in the URBAN and U2PAD
cases in the target region and period. The frequency in the
URBAN case was higher than that in the U2PAD case in
every precipitation intensity class. The mean frequencies at
grid cell in the target region and period for precipitation ≥0.5
and≥10mmh−1 were 2.68 and 0.36% in the URBAN case and
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Figure 4: Diurnal variations of simulated mean ground-level meteorological variables in URBAN and U2PAD cases in the target region and
period for the evaluation of the impact of urbanization.
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2.17 and 0.25% in theU2PADcase, respectively.Therefore, the
urbanization increased not only precipitation intensity but
also precipitation duration.

4. Conclusion

This study evaluated the impact of urbanization on sum-
mertime precipitation in Osaka, Japan, by comparing the
WRF simulations for August of five years from 2006 to 2010.
The urbanization impact was evaluated by comparing the
URBAN case with the present land use and the U2PAD case

withmodified land use data inwhich “Urban”was replaced by
“Paddy.”The target region for the evaluation was the “Urban”
dominant grid cells in the URBAN case. The target period
was the WRF simulation periods except for days with the
synoptic-scale precipitation.TheURBAN case well simulated
the meteorological fields in Osaka, characterized by high
temperature andhumidity and relatively strong southwesterly
sea breeze and weak northeasterly land breeze circulations.

The urbanization increased mean air temperature in the
target region and period by 2.1∘C because of the increased
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period for the evaluation of the impact of urbanization.

sensible heat flux. At the same time, the urbanization
decreased mean humidity in the target region and period
by 0.8 g kg−1 because of the decreased latent heat flux. The
impact of urbanization on mean wind speed was not clear
compared to air temperature and humidity. This is because
the effect of increased surface drag was compensated by the
enhanced sea breeze circulation. The urbanization caused an
increase of precipitation in the target region and a decrease
in the surrounding region. The mean precipitation in the
target region and period was increased by 20mm month−1,
which was equivalent to 27% of the total amount without
the synoptic-scale precipitation. In addition, the frequency
in the URBAN case was higher than that in the U2PAD
case in every precipitation intensity class, indicating that
the urbanization increased not only precipitation intensity
but also precipitation duration in the target region. The
precipitation increase was generally due to the enhancement
of the formation and development of convective clouds from
afternoon to evening by the increased sensible heat flux.
The results indicate that, in the target region, in which
substantial amount of moisture is supplied from the ocean,
the sensible heat flux plays a much more important role in
summertime local precipitation than the evaporation from
the ground surface.This study showed that the urban areas of
Osaka substantially affected spatial and temporal distribution
patterns of summertime precipitation and evaporation and
consequently the water cycle in and around the areas.
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This study conducted a comprehensive evaluation of three satellite precipitation products (TRMM (Tropical Rainfall Measuring
Mission) 3B42, CMORPH (the Climate Prediction Center (CPC)Morphing algorithm), and PERSIANN (Precipitation Estimation
from Remotely Sensed Information using Artificial Neural Networks)) using data from 52 rain gauge stations over the Meichuan
watershed, which is a representative watershed of the Poyang Lake Basin in China. All the three products were compared and
evaluated during a 9-year period at different spatial (grid and watershed) and temporal (daily, monthly, and annual) scales. The
results showed that at daily scale, CMORPH had the best performance with coefficients of determination (𝑅2) of 0.61 at grid scale
and 0.74 at watershed scale. For precipitation intensities larger than or equal to 25mm, RMSE%ofCMORPHandTRMM3B42were
less than 50%, indicating CMORPH and TRMM 3B42 might be useful for hydrological applications at daily scale. At monthly and
annual temporal scales, TRMM3B42 had the best performances, with high𝑅2 ranging from 0.93 to 0.99, and thus was deemed to be
reliable and had good potential for hydrological applications at monthly and annual scales. PERSIANN had the worst performance
among the three products at all cases.

1. Introduction

Precipitation plays an important role in hydrological cycling
and is indispensable forcing data for hydrological modelling.
Because precipitation has high spatial heterogeneity and tem-
poral variability, conventional precipitation measurements at
point-based gauge stations usually cannot provide enough
information for hydrological applications (e.g., distributed
hydrological modelling) especially in areas with sparse sta-
tions [1, 2]. In contrast, satellite remote sensing can provide
the spatial precipitation data over large areas in a tempo-
rally continuous way. In recent years, satellite precipitation

products have been developing rapidly and become a new and
promising precipitation data source for various hydrological
studies.

Currently there are several quasi-global high-resolution
satellite precipitation products including TRMM (tropical
rainfall measuring mission) multisatellite precipitation anal-
ysis (TMPA) [3], CMORPH (the climate prediction center
(CPC) morphing algorithm) [4, 5], and PERSIANN (precip-
itation estimation from remotely sensed information using
artificial neural networks) [6, 7]. Because such products
have global (or quasi-global) orientation, the performances
of satellite precipitation products are expected to vary from
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place to place. It is thus necessary to evaluate the perfor-
mances of satellite precipitation products with local rain
gauge data before these products can be used with high
confidence in a specific study area. Such evaluation and
intercomparison can also help to identify the most accurate
and appropriate satellite precipitation product among various
alternatives.

A few studies have been done to evaluate the perfor-
mances of satellite precipitation products in different regions.
For example, Xue et al. [8] evaluated two versions of TRMM
3B42 (V6 and V7) products in the mountainous Wangchu
Basin of Bhutan using rain gauge data. The results showed
that TRMM 3B42 V7 products have a significant upgrade
from the 3B42 V6 products in precipitation accuracy and
can serve as inputs to distributed hydrological modelling in
that study area. Stampoulis et al. [9] analysed the errors of
the CMORPH and PERSIANN precipitation products using
rainfall data derived from weather radar rainfall estimates
over the Mediterranean during heavy precipitation events
and found that CMORPH exhibited better performance than
PERSIANN.

In this study, we mainly focus on the performances of
satellite precipitation data in the Poyang Lake Basin of China,
which is an important tributary of the Yangtze River. Li
et al. [10] evaluated the TRMM 3B42 V6 product in Xinjiang
catchment of Poyang Lake Basin. However, they used only
five rain gauge stations for the 15,500 km2 catchment, which is
too sparse to generate a comprehensive evaluation of satellite
precipitation product in such a large area. Hu et al. [11]
compared the performances of six satellite rainfall products,
including TRMM 3B43 V6, TRMM 3B42RT V6, CMORPH,
GSMaP MWR+, GSMaP MVK+, and PERSIANN, with
ground rain gauges located in the Ganjiang watershed of the
Poyang Lake Basin, but their evaluation was only performed
at the monthly scale. Liu et al. [12] evaluated both V6
and V7 of TRMM 3B42 precipitation products using rain
gauge data over the Meichuan watershed of the Poyang
Lake Basin at multitemporal scales (daily, monthly, and
annual). Nevertheless, multitemporal scale evaluations of
other commonly used satellite precipitation products such as
CMORPHandPERSIANNhave not been conducted yet.This
work is necessary to provide a comprehensive evaluation of
various commonly used satellite precipitation products in the
Poyang Lake Basin.

In addition, the grid-based satellite precipitation products
were usually directly compared with the point-based rain
gauge data in most existing studies [10, 11]. However, there
exists a significant discrepancy of spatial scales between
pointed-based rain gauges and satellite grid pixels (e.g., 0.25∘
spatial resolution), and precipitation could vary across a sin-
gle satellite pixel. The scale discrepancy between grid-based
and pointed-based data might lead to errors in evaluation
[13]. Therefore, scale transformation should be conducted to
make the scales of rain gauge data and satellite precipitation
data consistent.

This paper aims to evaluate the performances of three
commonly used satellite precipitation products (TRMM
3B42, CMORPH, and PERSIANN) in a representative

watershed of the Poyang Lake Basin using dense rain gauge
data at consistent temporal and spatial scales. Section 2
introduces the study area and the datasets. Section 3 presents
the methods used in this study. Section 4 describes and
discusses the evaluation results. Section 5 concludes and
discusses the future research directions.

2. Study Area and Datasets

2.1. Study Area. The Meichuan watershed, a representative
watershed of Poyang lake basin, was selected as the study
area due to the availability of dense rain gauge network. It is
located within 26∘0–27∘8N and 115∘36–116∘38E (Figure 1).
The total drainage area is 6366 km2 and the elevation ranges
from 151 to 1425m. The average slope over the watershed
is 9%. This watershed is characterized by subtropical wet
climate with an annual mean air temperature of 17∘C and
annual mean precipitation of 1706mm.

2.2. Datasets

2.2.1. Rain Gauge Data. There are 52 rain gauge stations
around the Meichuan watershed. The measured daily pre-
cipitation data from these 52 gauges were obtained from the
Hydrologic Yearbooks published by the Hydrographic Office
of Jiangxi Province in China. The available time period for
daily precipitation data is 9 years covering 2001–2005 and
2007–2010 due to the data missing in 2006. These rain gauge
data were considered as ground truth for evaluation of three
satellite precipitation products in this study.

2.2.2. TRMM 3B42 Precipitation Products. The TMPA prod-
ucts provide precipitation for the spatial coverage of 50∘N-S
at the 0.25∘ × 0.25∘ latitude-longitude resolution.The TRMM
3B42 product is one type of the TMPA products, and it is
calibrated and merged with monthly rain gauge data. More
detailed information regarding the processing and generation
of on TRMM 3B42 can be found in [14]. The temporal
resolution of TRMM 3B42 is 3-hourly, thus allowing us to
obtain daily precipitation for evaluation. The latest Version 7
TRMM 3B42 products can be freely downloaded from God-
dard Earth Sciences Data and Information Services Center
(http://mirador.gsfc.nasa.gov).There are two kinds of TRMM
3B42 data available, 3-hourly precipitation (corresponding to
the eight time period per day, i.e., UTC 00, 03, 06, 09, 12,
15, 18, and 21) and daily aggregated precipitation. The daily
aggregated precipitation is obtained by summing all 8 sets of
3-hourly precipitation totals for a given day. Fortunately, the
daily rain gauge stations measured precipitation during the
same period as daily aggregated TRMMproducts (fromUTC
00 to UTC 24). Therefore, the daily aggregated TRMM 3B42
products were directly used in this study.

2.2.3. CMORPH Precipitation Products. The CMORPH
products provide precipitation for the spatial coverage
of 60∘N-S. The previous CMORPH is a pure satellite
precipitation product using only satellite observation data
[4]. In the latest CMORPH Version 1.0, bias correction
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Figure 1: Location map of the study area.

was conducted by adjusting the satellite estimates against
a daily rain gauge analysis [5]. The Version 1.0 CMORPH
products can be accessed from the following website
ftp://ftp.cpc.ncep.noaa.gov/precip/global CMORPH. Three
spatial and temporal resolutions can be selected: 8 km-
30min, 0.25∘-3 hourly, and 0.25∘-daily. In this study, the
0.25∘-daily bias-corrected Version 1.0 CMORPH data were
used.

2.2.4. PERSIANN Precipitation Products. The PERSIANN
products use the artificial neural network technique to
estimate rainfall rate from satellite observations and
have spatial quasi-global coverage of 60∘N-S [6]. Both
raw PERSIANN product and bias-corrected PERSIANN
product can be obtained from its product website. The
bias-corrected PERSIANN precipitation maintains total
monthly precipitation estimates to be consistent with
GPCP (global precipitation climatology project) product.
In this study, the bias-corrected PERSIANN data at the
spatial resolution of 0.25∘ and temporal resolution of
3-hourly were download from the following website
http://fire.eng.uci.edu/PERSIANN/adj persiann 3hr.html.
The 3-hour data were then aggregated into daily values.

3. Methodology

For comprehensive evaluation, the comparison between the
satellite precipitation data and the rain gauge data was con-
ducted at two spatial scales: the grid scale and the watershed

scale. For each spatial scale, three temporal scales (i.e., daily,
monthly, and annual) were further performed for evaluation.
For the evaluation at grid scale, the upscaling procedure
was adopted to solve the scale discrepancy between the
point-based rain gauge data and the grid-based satellite
precipitation data. The rain gauge data were transformed
into the areal precipitation at the same scale as satellite
precipitation products (i.e., 0.25∘ in this study). To achieve
such transformation, many interpolation methods can be
used, such as Thiessen polygon, IDW (inverse distance
weighting), and Kriging. Since theThiessen polygon method
has been reported to be simple and robust [15], it was thus
adopted in this study. In order to estimate the precipitation of
each satellite grid from rain gauge data, theThiessen polygons
were then intersectedwith the satellite grid polygons. Figure 2
depicts the intersected polygons computed from Thiessen
polygons and satellite precipitation grids. The grid-scale
precipitation values were computed using the area weighted
sum method from the rain gauge data, as shown in (1):

𝑉
𝑔
=

𝑛

∑

𝑖=1

𝑤
𝑖
𝑉
𝑠𝑖
, (1)

where 𝑉
𝑔
is the aggregated grid-scale precipitation, 𝑛 is the

number of intersected Thiessen polygons within a grid, 𝑤
𝑖
is

the percentage of area for intersected Thiessen polygon 𝑖 in
the grid, and 𝑉

𝑠𝑖
is the precipitation value of the intersected

Thiessen polygon 𝑖.
After the scale transformation, grid-scale areal precip-

itation from rain gauge data was obtained and then used
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Figure 2: Intersection of Thiessen polygons (grey lines) with 0.25∘ × 0.25∘ satellite grids, which are shown in different colors.

as ground truth for comparison with satellite precipitation
data at a consistent scale. For the watershed-based evaluation,
we first calculated the areal average precipitation of the
whole watershed (i.e., average values of all the grids in the
watershed) from satellite precipitation data and the rain
gauge data, respectively. Then the comparison between these
datasets was conducted.

Four statistical indictors were computed for the evalua-
tion, that is, the coefficient of determination (𝑅2), the bias,
the root mean square error (RMSE), and the relative RMSE
(labeled as RMSE%). The 𝑅2 represents the proportion of
variability in one variable that is accounted for by another
variable. For a linear regression model, 𝑅2 is simply the
square of the correlation coefficient between two variables.
The bias reflects the degree to which the measured value is
over- or underestimated [16]. The RMSE is a frequently used
measure of differences between two variables. The RMSE%
is computed as RMSE divided by the mean precipitation of
rain gauge data, and it can be used to evaluate the reliability
of satellite precipitation product. When RMSE% is less than
50%, the satellite precipitation data are considered to be

reliable, while they are unreliable when RMSE% is equal to
or is greater than 50% [17].The formulas of the four indictors
are described as follows:

𝑅
2

=

[
[
[

[

∑
𝑛

𝑖=1

(𝑀
𝑖
−𝑀) (𝑃

𝑖
− 𝑃)

√∑
𝑛

𝑖=1

(𝑀
𝑖
−𝑀)

2

√∑
𝑛

𝑖=1

(𝑃
𝑖
− 𝑃)

2

]
]
]

]

2

,

Bias =
∑
𝑛

𝑖=1

𝑃
𝑖

∑
𝑛

𝑖=1

𝑀
𝑖

− 1,

RMSE = √
∑
𝑛

𝑖=1

(𝑃
𝑖
−𝑀
𝑖
)
2

𝑛

,

RMSE% = RMSE
𝑀

,

(2)

where 𝑃
𝑖
is grid scale or aggregated watershed scale precipita-

tion from the satellite precipitation data,𝑀
𝑖
is the aggregated

grid scale or watershed scale precipitation from rain gauge
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data, 𝑛 is the total number of data; 𝑖 is the index of data, 𝑃 is
the average value of 𝑃

𝑖
, and𝑀 is the average value of𝑀

𝑖
.

4. Results and Discussion

4.1. Evaluation Results at Daily Scale

4.1.1. Overall Performance. Three satellite precipitation prod-
ucts (TRMM 3B42, CMORPH, and PERSIANN) were com-
pared with the data of rain gauges at both the grid scale and
the watershed scale. Figure 3 shows the scatter plots of data
from rain gauge stations versus three satellite precipitation
products at two spatial scales. There is no missing value in
the TRMM 3B42 and CMORPH products, with 59166 data
points for the grid-based evaluation and 3287 points for
the watershed-based evaluation during the nine-year period.
However, some missing values exist in the PERSIANN
product, and there were no daily data available over the
entire watershed during 17 days, leading to slightly fewer data
points (Figure 3). The statistical indicators are also included
in Figure 3.

TRMM 3B42 overestimated precipitation on the whole
with a bias value of 0.04, while CMORPH and PERSIANN
underestimated precipitation with a bias value of −0.07 and
−0.12, respectively. At the grid scale, the CMORPH product
had the best overall performance with 𝑅2 of 0.61 and RMSE
of 6.67mm/day, and TRMM 3B42 (𝑅2 of 0.52 and RMSE of
9.16mm/day) had better performance than PERSIANN (𝑅2
of 0.39 and RMSE of 9.91mm/day). This is perhaps because
that the CMORPH product was calibrated using daily rain
gauge analysis, while both TRMM 3B42 and PERSIANN
products were calibrated usingmonthly precipitation data. At
the watershed scale, as expected, these three types of satellite
precipitation data showed a better agreement with the rain
gauge data, with 𝑅2 of 0.74 for CMORPH, 0.69 for TRMM
3B42, and 0.49 for PERSIANN, respectively.

Since the performance of satellite estimates for relatively
short time period (e.g., daily) often appears as a function of
precipitation intensity [18], RMSE% for different precipita-
tion intensities (divided according to rain gauge data) was
plotted in Figure 4. Generally, RMSE% decreased with the
increase of precipitation intensity for all the three precipita-
tion products at both grid and watershed scales. At the grid
scale, for precipitation less than 10mm, RMSE% of all the
three products was all high (larger than 350), while for precip-
itation larger than 10mm, RMSE% all decreased dramatically
(less than 100). RMSE% at the watershed scale had similar
trends to those at the grid scale and the RMSE% values were
smaller. CMORPH had the best performance among these
three products, and TRMM 3B42 had better performance
than PERSIANN. Although satellite precipitation products
had relatively large errors for small precipitation, when
precipitation intensities were larger than 50mm, the RMSE%
values of CMORPH and TRMM 3B42 at grid scale were close
to or less than 50% (47.64 and 50.21 for CMORPH, 53.60
and 50.26 for TRMM 3B42 when precipitation intensities
were 50–100mm and >100mm, resp.). When precipitation
intensities were larger than 25mm, the RMSE% values of

CMORPH and TRMM 3B42 at watershed scale were also less
than 50% (45.85 and 36.5 for CMORPH, 45.86 and 40.2 for
TRMM 3B42 when precipitation intensities were 25–50mm
and >50mm, resp.). These results indicated that CMORPH
and TRMM 3B42 might have potential for daily hydrological
applications.

4.1.2. The Performance of Capturing Storms. There were
frequent severe floods in the recent decades over the Poyang
Lake Basin, including the study area. Accurate estimation
of extreme storms is of great importance for flood control
and watershed management in this region. Therefore, it is
necessary to evaluate the performance of the three satellite
precipitation products in capturing storms. The Heidke skill
score was adopted to evaluate the performance of different
satellite precipitation products in capturing storms higher
than a threshold [19]. Satellite precipitation estimations were
divided into four cases according to whether they captured
storms correctly: true positives (both satellite and rain gauge
precipitation were higher than the threshold), false positives
(satellite precipitation was higher than the threshold, while
rain gauge precipitation was lower than the threshold), false
negatives (satellite precipitationwas lower than the threshold,
while rain gauge precipitationwas higher than the threshold),
and true negatives (both satellite and rain gauge precipitation
were lower than the threshold). The Heidke skill score (HSS)
can be computed as

HSS =
𝑝 − 𝑟std
1 − 𝑟std
, (3)

where 𝑟std = ((𝑎 + 𝑐)/𝑛)((𝑎 + 𝑏)/𝑛) + ((𝑏 + 𝑑)/𝑛)((𝑐 + 𝑑)/𝑛),
𝑝 = (𝑎 + 𝑑)/𝑛, and 𝑛 = 𝑎 + 𝑏 + 𝑐 + 𝑑, 𝑎, 𝑏, 𝑐, 𝑑 means
the numbers of occurrences of the above four cases (true
positives, false positives, false negatives, and true negatives).
The range of the HSS is −𝑡 to 1. A perfect set of predictions
would be scored as 1.0, a set of random predictions would
have an excepted score of zero, and sets of predictions having
fewer hits than what would be excepted by chance would
have negative scores. The HSS of three satellite precipitation
products for storm thresholds ranging from 10mmto 100mm
was plotted in Figure 5. Generally, the HSS decreased with
the increase of storm threshold, and CMORPH had the best
performance. At the grid scale, the HSS ranged from 0.2 to
0.6, indicating that all satellite precipitation estimations at
grid scale are better than chance performance. When the
storm threshold was less than or equal to 60mm, the HSS
of CMORPH were larger than 0.4, indicating that CMORPH
captured moderate storms effectively. At the watershed scale,
when the storm threshold was less than or equal to 80mm,
the HSS of both CMORPH and TRMM was also larger
than 0.4. But for the storm threshold of 100m, all the three
products have HSS of around zero. This suggested that all
the three satellite precipitation products could not capture
extreme storms effectively, especially at watershed scale.

In order to further analyze the performance of satellite
precipitation products in capturing extreme storms, the
annual maximum daily precipitation and 5-day areal average
precipitation at the watershed scale were computed from the
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Figure 3: Scatter plots of daily precipitation from rain gauge stations versus three satellite products at grid and watershed scales.
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grid scale and (b) at watershed scale.
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Figure 5: The Heidke skill score of three satellite precipitation products (TRMM 3B42, CMORPH and PERSIANN) for storm thresholds
ranging from 10mm to 100mm (a) at grid scale and (b) at watershed scale.

rain gauge data and the three satellite precipitation products.
As shown in Figure 6, there are obvious differences between
the results obtained from the rain gauge data and the three
satellite precipitation products. The statistics of the errors of
maximumdaily precipitation and 5-day satellite precipitation
are shown in Table 1. TRMM 3B42 had the smallest average
errors in estimating maximum daily precipitation, while
CMORPHhas the smallest average errors in estimatingmaxi-
mum 5-day precipitation. In terms of the maximum errors of

both maximum daily precipitation and 5-day precipitation,
TRMM 3B42 showed the best performance and CMORH
had better performance than PERSIANN. However, even in
the best case, the relative maximum errors reached 32.92%
and 34.34% for the maximum daily precipitation and 5-day
satellite precipitation, respectively. Therefore, all the three
satellite precipitation products were deemed to have limited
capabilities in capturing extreme storms because of their large
relative errors.
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Table 1: The statistics of the errors of maximum daily and 5-day satellite precipitation during the nine-year period. The “relative (%)” in the
table is equal to absolute error divided by the corresponding precipitation of the rain gauge data.

Index Product Minimum error Maximum error Average error
Absolute (mm) Relative (%) Absolute (mm) Relative (%) Absolute (mm) Relative (%)

Max. daily precipitation
TRMM 3B42 2.13 2.29 29.75 32.92 13.31 15.41
CMORPH 0.38 0.46 39.78 42.74 17.05 19.74
PERSIANN 7.94 9.58 55.99 99.65 30.46 35.27

Max. 5-day precipitation
TRMM 3B42 4.58 3.64 123.94 34.34 43.01 22.97
CMORPH 4.74 1.84 160.56 44.48 39.83 21.28
PERSIANN 6.08 5.24 167.83 46.5 58.59 31.3
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Figure 6: (a) Annual maximal daily and (b) maximal 5-day areal average precipitation at the watershed scale.
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and PERSIANN) at the daily and grid scale.
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Figure 8: Scatter plots of monthly precipitation from rain gauge stations versus three satellite products at grid and watershed scales.
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The results shown in Table 1 suggested that CMORPH
and TRMM 3B42 might be useful for hydrological applica-
tions at daily scale. However, since all the three products had
poor performances in the estimation of small precipitation
values and extreme storms, local calibration with rain gauge
(or ground radar) data using data assimilation methods (e.g.,
optimum interpolation) [18, 20, 21] should be carried out
to further improve the daily precipitation estimations before
they are used in real-world hydrological applications at daily
scale.

4.1.3. Seasonal Variation of Daily Accuracy. Figure 7 plots
the seasonal variation of accuracy for these three satellite
precipitation products (TRMM 3B42, CMORPH, and PER-
SIANN) at daily and grid scales. It is found that both RMSE%
and absolute value of bias showed seasonal fluctuations. In
spring and summer,when it rains relativelymore, theRMSE%
values were lower and the absolute values of bias were smaller.
CMORPH had the smallest RMSE%, and TRMM 3B42 had
smaller RMSE% than PERSIANN. The fluctuations of the
accuracy of the PERSIANN product were the largest among
the three satellite precipitation products, with very high
RMSE% values and absolute values of bias in the winter.

4.2. Evaluation Results at Monthly Scale

4.2.1. Overall Performance. The daily precipitation data were
accumulated to monthly total precipitation for the rain gauge
data and three satellite precipitation products (TRMM 3B42,
CMORPH, and PERSIANN).Themonthly total precipitation
data from four datasets were compared at both the grid scale
and the watershed scale.The results with statistical indicators
are shown in Figure 6. There are totally 1944 comparison
points at the grid scale and 108 points at the watershed
scale during the nine-year period. Good agreements with
the rain gauge data were observed for all the three satellite
precipitation products at the grid scale, with 𝑅2 of 0.93 for
TRMM 3B42, 0.89 for CMORPH, and 0.83 for PERSIANN,
respectively. As expected, such agreements are even better at
the watershed scale with 𝑅2 of 0.98 for TRMM 3B42, 0.94 for
CMORPH, and 0.88 for PERSIANN. The higher accuracy at
monthly scale than at daily scale is due to the fact that the
errors at daily scale were nearly symmetrical (see Figure 3)
and thus could cancel each other out after the aggregation. In
terms of all four statistical indicators (Figure 8), TRMM3B42
had the best performance at monthly scale, and PERSIANN
had the largest errors.

4.2.2. Seasonal Variation of Monthly Accuracy. Figure 9 plots
the seasonal variation of RMSE% of three satellite precipita-
tion products (TRMM 3B42, CMORPH, and PERSIANN) at
monthly and grid scales. The results show that the RMSE%
values of all the three satellite precipitation products show
seasonal fluctuations, with smaller RMSE% values in spring
and summer when the precipitation is relatively high. TRMM
3B42 had the smallest RMSE% at monthly scale, and the
RMSE% values of TRMM 3B42 in April, May, and June
were all below 20%. The RMSE% values of TRMM 3B42
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Figure 9: Seasonal variation of RMSE% of three satellite precip-
itation products (TRMM 3B42, CMORPH, and PERSIANN) at
monthly and grid scales.

and CMORPH in all months were below 50%, indicating
that these two satellite precipitation products have stable
and acceptable accuracy and thus can be used in real-world
hydrological applications at monthly scale. In all 12 months,
PERSIANN had the largest errors among the three satellite
precipitation products.

4.3. Evaluation Results at Annual Scale. The accumulated
monthly precipitation data were further accumulated to
annual total precipitation for the rain gauge data and the three
types of satellite precipitation data. The annual precipitation
data from the three satellite precipitation products (TRMM
3B42, CMORPH, and PERSIANN) are plotted versus those
from the rain gauge data at two spatial scales in Figure 8.
There are totally 162 data points at the grid scale and only
9 data points at the watershed scale during the nine-year
period.The degree of reliability was improved as the aggrega-
tion in the temporal scale. All the three satellite precipitation
products had high 𝑅2 (0.84–0.99) and small relative RMSE
(4%–14%). TRMM 3B42 had the best performance, and
CMORPHhadbetter performance thanPERSIANN. It can be
concluded that the annual accumulated precipitations from
all three satellite precipitation products, especially TRMM
3B42, are reliable at both the grid scale and the watershed
scale. However, Figure 10 clearly shows the tendency for
overestimation by TRMM 3B42 but underestimation by both
CMORPH and PERSIANN.

5. Conclusions

In this study, three satellite precipitation products (TRMM
3B42, CMORPH, and PERSIANN) were evaluated against
rain gauge data during a nine-year period over the Meichuan
watershed inChina during a nine-year period.The evaluation
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Figure 10: Scatter plots of annual precipitation from rain gauge stations versus three satellite products at grid and watershed scales.
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was conducted at grid and watershed spatial scales and at
daily,monthly, and annual temporal scales. For the evaluation
at the grid scale, the point-based rain gauge data were first
transformed to the consistent grid scale using the Thiessen
polygon method for the grid versus grid comparison. At the
watershed scale, average areal precipitation of the watershed
was calculated by averaging values of all the grids in the
watershed.

Comparisons with rain gauge data showed that, at daily
scale, three satellite precipitation products had 𝑅2 ranging
from 0.39 to 0.61 at grid scale and ranging from 0.49 to
0.74 at watershed scale. For the precipitation intensities
less than 25mm/d, RMSE% of all the three precipitation
products exceeded 50% at watershed scale, while for precip-
itation intensities larger than or equal to 25mm, RMSE% of
CMORPH and TRMM 3B42 was less than 50%. As far as the
capability in capturing storms is concerned, all three products
performed poorly in capturing extreme storms larger than
100mm/d. However, the moderate to large storms (<80mm)
can be well captured by CMORPH and TRMM 3B42. These
results suggested that CMORPH and TRMM 3B42 might be
useful for hydrological applications at daily scale. However,
because they had relatively poor performances in estimating
small precipitation and extreme storms, local calibrationwith
rain gauge or ground radar data should be carried out to
further improve the daily precipitation estimates before they
are used in real-world hydrological applications at daily scale.
As the temporal scales increase, the performances of all
the three satellite precipitation products were improved. At
monthly and annual temporal scales, TRMM 3B42 had the
best performances with high 𝑅2 values ranging from 0.93 to
0.99 and low relative RMSE% values ranging from 4% to 23%.
CMORPH and PERSIANN also had good performances at
monthly and annual scales, all with 𝑅2 values larger than 0.83
and RMSE% values smaller than 38%. Therefore, it can be
concluded that satellite precipitation products, especially the
TRMM 3B42 product, are reliable and have good potential
for hydrological applications when they are used at monthly
and annual scales. In addition, there were obvious seasonal
fluctuations in the accuracies of all three precipitation prod-
ucts, with higher accuracies in wet seasons than in dry
seasons. These seasonal fluctuations of accuracies should be
considered when these satellite precipitation products are
used in real-world applications.

In the future, hydrological simulations using satellite
precipitation data as inputs should also be conducted in the
Poyang Lake Basin to investigate whether the errors in satel-
lite precipitation products can be tolerated by hydrological
models.
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This work investigates the physical characteristics of raindrop size distribution (DSD) in an equatorial heavy rain region based on
three years of disdrometer observations carried out at Universiti Teknologi Malaysia’s (UTM’s) campus in Kuala Lumpur, Malaysia.
The natural characteristics of DSD are deduced, and the statistical results are found to be in accordance with the findings obtained
from others disdrometer measurements. Moreover, the parameters of the Gamma distribution and the normalized Gamma model
are also derived by means of method of moment (MoM) and maximum likelihood estimation (MLE). Their performances are
subsequently validated using the rain rate estimation accuracy: the normalized Gamma model with the MLE-generated shape
parameter 𝜇 was found to provide better accuracy in terms of long-term rainfall rate statistics, which reflects the peculiarities of
the local climatology in this heavy rain region. These results not only offer a better understanding of the microphysical nature
of precipitation in this heavy rain region but also provide essential information that may be useful for the scientific community
regarding remote sensing and radio propagation.

1. Introduction

Raindrop size distribution (DSD) has received much atten-
tion over the past few decades due to its shape of distribution,
which reflects the fundamental microphysics of rain [1, 2].
In fact, the knowledge of DSD not only plays an important
role in the atmospheric science/meteorology communities
[3], which describe the processes that transform condensed
water into rain, but is also important for the remote sensing of
precipitation and radio-link propagation performance. Rain-
fall measurement via ground-based weather radar or space-
borne satellite observation requires the characteristics of the
raindrop spectra for the development of rainfall retrieval
algorithms [4, 5], while in satellite communication links,DSD
is the dominant parameter that causes attenuation, which
leads to significant performance degradation for frequencies
above 10GHz [6, 7].

To this end, in order to accurately estimate precipitation
rate, much progress has been made in representing the natu-
ral variation ofDSD. Startingwith early groundmeasurement
using the flour method [2] and filter paper [1], followed
by impact-type disdrometer [8] and advanced 2DVD video
disdrometer [9], a great deal of effort has been devoted to the
modeling of DSD from the observation of real DSD. Initially,
based on the experimental measurements, Law and Parson
proposed an exponential distribution [2] to represent DSD:

𝑁(𝐷) = 𝑁
𝑜
exp (−Λ𝐷) , (1)

where 𝑁 is the number of drops per unit volume per unit
interval of drop diameter 𝐷, 𝑁

𝑜
is the intercept parameter,

and Λ is the slope parameter. Then, Marshall and Palmer [1]
suggested a fixed value for 𝑁

𝑜
of 8000m−3mm−1, while Λ =

4.1𝑅0.21 can be deduced from the relationshipwith the rainfall
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rate 𝑅 in mm/h. Subsequently, the Gamma distribution has
been introduced to better account for the shape of the
distributionwith respect to the high rainfall rate.TheGamma
model can be written as [3].

𝑁(𝐷) = 𝑁
𝑜
𝐷
𝜇 exp (−Λ𝐷) , (2)

where 𝜇 is the shape parameter (dimensionless). The three
parameters (𝑁

𝑜
, 𝜇, andΛ) can be deduced from themeasured

DSD by means of the method of moments, which has been
widely accepted in the meteorology community [10, 11].
In addition to the above mentioned models, the modified
Gamma [12] and the lognormal models [13] are also worth
underlining as alternatives.

Nevertheless, based on the evidence from several DSD
measurements carried out in various locations across differ-
ent regions, it is generally accepted that DSD is best modeled
via aGammadistribution, as pointed out byUlbrich [3]. Since
then, extensive studies have been focused on identifying the
bestmatchingmoments, such as 2nd, 3rd, 4th, (MM234), 4th,
5th, and 6th (MM456) or 3rd, 4th, and 6th (MM346), with
which one can infer the Gamma distribution parameters.
Due to the insensitivity of impact disdrometer in detecting
smaller drop, most of the authors chose to employ central
moments. Tokay and Short [10] and Kozu and Nakamura
[11] used MM346 to model the Gamma DSD, while Timothy
et al. [14] used the same moments to model lognormal
DSD in the Singapore region. Other authors tend to use
the MM234 [15] and MM246 [4] moments. Caracciolo et
al. [16] prefer to work with higher-order moments, such as
MM456, with the aim of reducing the dependency on small
drops during heavy rain events. However, Smith and Kliche
[17] highlighted the possibility of a strong bias with the use
of higher-order moments. As a matter of fact, any of these
moments can be used for DSD parameterization, and the
choice usually depends on the desired rainfall parameter.
For instance, higher-order moments should be used for the
estimation of the rain rate 𝑅 and the radar reflectivity factor
𝑍 because𝑅 is proportional to the 3.67thmoment, whereas𝑍
is the 6thmoment of the drop spectrum. In addition, there are
also some efforts focused on empirically relating any two of
the Gamma parameters, with the aim of reducing the three-
parameter function to a two-parameter function [18, 19].

In the past few years, the radar meteorology community
and remote sensing researchers have tended to represent
the DSD via a normalized model due to its clear physical
representation ofDSDparameterswith respect to theGamma
model.The normalized concept was first introduced byWillis
[20] and further adapted by Testud et al. and Illingworth and
Blackman [21, 22] for the precipitation radar applications.
As mentioned previously, the three Gamma parameters (𝑁o,
𝜇, and Λ), are physically meaningless [21], and the concepts
of the normalized model overcome such drawbacks by
removing the dependence of𝑁

𝑜
-Λ and representing the DSD

parameters with physically meaningful parameters, such as
the total liquid water content and the mean drop size.

One relevant issue for DSD modeling is the variability
of natural DSD, which depends on the interaction between
kinematic, microphysical, and dynamic processes [3, 23].

This intrinsic variability may even be noted across different
climatologically conditions and geographical areas [24]. For
this reason, many field studies were carried out at various
locations throughout the world to observe the peculiar
characteristics of DSD via ground or aircraft measurement.
These observations cover a variety of climatic regions, from
mid-latitude [25, 26], maritime, continental [27], and tropical
[10, 28–32] to equatorial environments [33, 34]. In fact,
findings from these studies are crucial for the modeling
of DSD and the retrieval algorithms for remote sensing at
different geographical areas. This is even more critical in the
equatorial areas, where the precipitation mechanism exhibits
localized features rather than regional features [35]. Indeed,
additional findings or studies with respect to the natural
DSD characteristics in equatorial areas should lead to a better
understanding of DSD in these particular areas.

With the aim of improving the understanding of DSD
in this extremely heavy rain area, this work presents the
natural characteristics of DSD in equatorial Malaysia by
exploiting three years of long-term measurements collected
via disdrometer in Kuala Lumpur, Malaysia. In addition, the
driving parameters of the Gamma and normalized Gamma
models are also inferred from this dataset, and their statistical
features are duly discussed, together with their empirical
relationship. Eventually, the effectiveness of both models is
evaluated through rainfall estimation.

The remainder of the paper is organized as follows.
Section 2 describes the disdrometer measurement details.
Afterwards, the unique characteristics of equatorial precipi-
tation are briefly explained in Section 3.The core of the paper
lies in Section 4,where the features of naturalDSD in this area
are first presented. In the same section, the statistical results
of the DSD parameters from the Gamma and normalized
Gamma models are demonstrated. The relationship between
these parameters is subsequently derived from disdrome-
ter observations and the performance of the Gamma and
normalized Gamma models in estimating the rain rate for
equatorial Malaysia is evaluated. Finally, a summary of the
results and conclusions are given in Section 5.

2. Measurement Details

A Joss-Waldvogel disdrometer (JWD, RD-69) was installed
on a roof of a 15m building (at an altitude of 35m above
mean sea level) located on the Universiti Teknologi Malaysia
(UTM) campus in Kuala Lumpur, Malaysia, situated at
3.08∘N and 101.42∘ E. The measurements were taken from
January 1992 to December 1994; the disdrometer recorded
about 100,512 rainy minutes with a 1-minute integration time,
which represented 30,960mm of rainfall over 781 rain events.
Each event was identified using a clear sky duration of at least
60 minutes between one event and the following one. The
measurement system of the RD-69 is illustrated in Figure 1.

The RD-69 disdrometer measurement system mainly
consists of three units, namely, the disdrometer (transducer),
which is located outdoors and is connected to the processor
and the analog-to-digital converter (ADA-90), which are
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Figure 1: Measurement system for Joss-Waldvogel disdrometer (JWD, RD-69) installed at Universiti Teknologi Malaysia (UTM) campus in
Kuala Lumpur, Malaysia.

indoors. This transducer of the disdrometer transforms the
verticalmomentumof amechanical impulse into an electrical
pulse whose amplitude is a function of the drop diameter.
The processor unit then filters out the acoustic noise affecting
the transducer and processes the electrical signal from the
raindrops. The ADA-90 accepts the drop pulses from the
transducer and converts them into a digital signal.

The disdrometer has a cross-sectional sampling area of
S = 5000mm2 and classifies drops into 20 classes ranging
from 0.3 to 5.3mm based on their size. The rainfall rate
observed via the JW disdrometer (expressed in mm/hr) can
be calculated using (1), which involves a simple summation
over the various drop size classes [36]:

𝑅 =

3600𝜋

6𝑆𝑇

20

∑

𝑖=1

𝐷
3

𝑖

𝑛
𝑖
, (3)

where 𝑛
𝑖
is the number of raindrops whose diameters fall

within the 𝑖th class (with mean diameters𝐷
𝑖
).

The measured rain drop size distribution 𝑁(𝐷
𝑖
) (m−3 ⋅

mm−1) is calculated as [36]

𝑁(𝐷
𝑖
) =

𝑛
𝑖
× 10
6

𝜐 (𝐷
𝑖
) × 𝑆 × 𝑇 × Δ𝐷

𝑖

, (4)

where Δ𝐷
𝑖
represents the width of each drop-size class and

𝜐(𝐷
𝑖
) is the terminal velocity of the rain drops in m/s, which

has been extracted from the work of Gunn and Kinzer [37].
In order to obtain appreciable and reliable data for this

work, each minute of raindrop spectra has been carefully
processed, and to avoid sampling problems, each one-minute
sample containing fewer than 10 drops or having a rain rate
less than 0.1mm/h has been excluded and disregarded as
noise [10]. It is worth mentioning that these raindrop spectra
are analyzed without considering their seasonal or diurnal
variations, with the aim of preserving the overall character-
istics of the raindrop spectra in this region and achieving
reliable statistical results. In addition, the ratio between the

Table 1: Recorded-to-total time ratio in percent on a yearly basis for
the period 1992 to 1994 in Kuala Lumpur.

Time period Recorded-to-time ratio [%]
1992 99.6
1993 99.3
1994 99.3
1992–1994 99.4

number of minutes corresponding to the recorded rainfall
rate and the total number of minutes in the observation
period has been calculated as an index of data availability,
which is referred to as recorded-to-total time, as shown
in Table 1 on the yearly basis. For the complete three-year
period, a recorded-to-time ratio of 99.4% has been achieved.

In addition, a well-known issue of the JWD RD-69
disdrometer in measuring the DSD is the reduced sensitivity
at drops smaller than 1mm under heavy rain conditions, due
to the so-called “disdrometer dead time.” In the present study,
dead time correction has been applied based on the empirical
algorithm of an in-house software package proposed by
Sheppard and Joe [38]. The algorithm aims to improve the
accuracy by up to 10%. Moreover, environmental sources
of error, such as acoustic noise and wind turbulence, are
minimized via installing the instrument on the rooftop of a
low building.

Based on the data processing and quality assessment pro-
cedures underlined above, the DSD database is now believed
to be reliable and fully representative of real raindrop spectra
in this region, making it useful for the characterization and
modeling of the DSD.

3. Rainfall Characteristics in
the Peninsula Malaysia

As previously mentioned, geographical area is one of the
factors affecting the intrinsic variability of the DSD. This
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Figure 2: CCDF of rainfall rate from different climatology regions:
Kuala Lumpur (1992–1994) equatorial, Miami (40 Year) subtropical,
and Spino d’Adda (1994–2000) temperate.

phenomenon is particularly significant in equatorial areas
where the characteristics features of the DSD are influenced
by the peculiarities of the local climatology and topography.
Malaysia has such an equatorial climate; it is characterized by
high humidity, a uniform temperature, and lavish rainfall as
compared to temperate and subtropical regions, as evidenced
by Figure 2. This figure compares the complementary cumu-
lative distribution functions (CCDFs) of the rain rates
from three climatological regions, namely, the equatorial
(Kuala Lumpur), subtropical (Miami), and temperate regions
(Milan, Italy). The figure depicts an extremely high rainfall
amount for the equatorial region as compared to the other
two regions.

Even though there is no alternation of summer and win-
ter, as in temperate regions, due to the uniform temperature
throughout the year, the climate of Peninsula Malaysia has
a seasonal rhythm caused by changes in airstream direction
and speed across Peninsula Malaysia. The year can generally
be categorized into two monsoonal and two transitional
seasons: the north-east monsoon (December to March), the
south-west monsoon (June to September), and two inter-
monsoon seasons (April to May and October to Novem-
ber). Such features are clearly illustrated in Figure 3. The
comparison of mean monthly rainfall accumulation between
the long-term rain gauge measurements of the Malaysian
Meteorological Department and that from the disdrometer
database used in this work confirmed the seasonal pattern in
this location.

Nevertheless, as far as the DSD is concerned, seasonal
variations in this particular area are beyond the scope of this
work because the main objective is to focus on the general
features of the DSD. However, detailed work related to this
topic can be found in [29].
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Figure 3: Comparison of monthly rainfall accumulation between
disdrometers: (1992–1994) and meteorological rain gauge (1993–
2000).

4. Results and Discussion

This section presents the natural DSD characteristics in equa-
torial Kuala Lumpur, followed by the statistical properties of
the Gamma and normalized Gamma model parameteriza-
tions in order to identify the most adequate distributions that
can properly model the DSD’s main features in this particular
region. Finally, the validity of those models has been assessed
by means of a comparison of rain rates that were calculated
directly from the disdrometer data and the models.

4.1. Disdrometer Observation. The summary of the average
measured drop counts at different bins for rain rates ranging
from 0.1 to 200mm/h is listed, along with the thresholds
for the drop size bins, in Table 2. As can be observed in
this table, the rain drops tend to increase in number from
the lower-drop-size bins to the higher-drop-size bins, which
corresponds to the larger diameter of rain drops as the rain
rate increases, as evidenced by Figure 4. In fact, the same
characteristic has also been observed in results reported
in Singapore [7]. Moreover, Ulbrich [3] also pointed out
the rarity of small rain drops in tropical rainfall, which
is not caused solely by the dead time problem of JWD
or the insufficient natural correction for acoustic noise, as
highlighted by Zawadzki and De Agostinho Antonio [32].

Figure 5 further illustrates an example of the average drop
size density distribution as a function of the average rain rate.

4.2. DSDModels and the Statistical Properties of Their Param-
eters. The DSD model implies choosing a DSD profile that
describes the distribution of drop size and thus rain intensity
in a simple way. In this respect, the most widely used models
are the Gamma model and the normalized Gamma model.
In fact, a key feature of a DSD model is that it should
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Figure 5: Average drop size distribution as a function of rain rate.

be able to reproduce the statistical properties of local DSD
parameters in order to assess the same parameters when they
are inferred from remote sensing instruments, such as ground
weather radar or space-borne radar. This subsection presents
the results regarding the statistical properties of both model
parameters derived from the Kuala Lumpur disdrometer as
well as the relationships between these parameters.

4.2.1. Gamma Model. As stated earlier, the Gamma distri-
bution model [3] is the most commonly accepted model
in describing the natural variation of the DSD. In fact,
with three parameters (𝑁

𝑜
, 𝜇, and Λ), the Gamma model

is capable of describing a broader variation in rain drop

spectra than any other distribution (i.e., exponential). These
parameters can be identified through curve fitting,maximum
likelihood estimation (MLE), or method of moment (MoM)
[15]. In this work, MoM is considered due to its ability to fit
proportionally to the moment of integral rainfall parameters
(i.e., the rain rate is proportional to the 3.67th moment,
while radar reflectivity factor is the 6th moment of the
drop spectrum). Various combinations of the moments are
available for the DSD parameter estimation, as mentioned
above. Due to the degraded sensitivity of the disdrometer, this
study employed three moments (3rd, 4th, and 6th moments)
to model the DSD in this region, following most of the
researchers in heavy rain regions [7, 10–12]. In general, the
xth moment of the DSD,𝑀

𝑥
, is expressed as

𝑀
𝑥
=

𝑁
𝑜

Λ
𝜇+𝑥+1

Γ (𝜇 + 𝑥 + 1) , (5)

where Γ(𝑥) is the complete Gamma function. In this work,
𝑀
𝑥
is obtained through the experimental data

𝑀
𝑥
=

𝑁
𝑡

𝑛

𝑛

∑

𝑖=1

𝐷
𝑥

𝑖

, (6)

where 𝑛 corresponds to the number of samples and𝑁
𝑡
is the

particle number concentration.
By using 𝑥

1
= 3, 𝑥

2
= 4, 𝑥

3
= 6, the three Gamma

parameters may be obtained as [11]

𝜇 =

11𝐺 − 8 + √𝐺 (𝐺 + 8)

2 (1 − 𝐺)

with 𝐺 =
𝑀
3

4

𝑀
2

3

𝑀
6

, (7)

Λ = (𝜇 + 4)

𝑀
3

𝑀
4

, (8)

𝑁
𝑜
=

Λ
𝜇+4

𝑀
3

Γ (𝜇 + 4)

. (9)

Figure 6 shows the histograms of the shape parameter 𝜇 for
the Gamma model derived from (7) over the three years of
disdrometer data. As can be observed from the figures, the
mean value for the shape parameter 𝜇 obtained for the three
years of DSD data in Kuala Lumpur is 6.76. This value is
consistent with the results of [39] in Japan; their mean 𝜇 value
is 6.71. In fact, this is also close agreement with the result
obtained in Singapore (about 350 km from Kuala Lumpur)
[33], which suggested the choice of a 𝜇 value ranging from
3 to 5. However, Tokay and Short [10] found a mean 𝜇 value
of 9.82 for the tropical ocean of Kapingamarangi. It should
be noted that the estimation of 𝜇 is the most critical because
it is strongly affected by disdrometer data quality [40]. Such
consistent results in several locations from other parts of the
world indirectly confirm the validity of the database used in
this study.

The slope parameter Λ (see Figure 7) and the intercept
parameter log

10

𝑁o (see Figure 8) also follow the same trend
of observation as observed in [39]. The mean value of
Λ is 7.33, which is very similar to the result obtained in
Japan, a value of 7.74 [39], but a slightly higher value was
obtained in the tropical ocean of Kapingamarangi, a mean



Advances in Meteorology 7

0 5 10 15 20 25 30

0

200

400

600

800

C
ou

nt

Shape parameter, 𝜇

Figure 6: Histogram of estimated shape parameter 𝜇 for Gamma
model.

0 10 20 30

0

200

400

600

800

C
ou

nt

40

Slope parameter, Λ (mm−1)

Figure 7: Histogram of estimated slope parameter Λ for Gamma
model.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

0

400

800

1200

1600

2000

C
ou

nt

log10No

Figure 8: Histogram of estimated log
10

𝑁
𝑜

parameter for Gamma
model.

value of 10.6mm−1 [10]. In addition, as shown in Figure 8,
the intercept parameter log

10
𝑁
𝑜
reported a mean value of

5.39mm−1m−3, which is also close to the mean value of
6.09mm−1m−3 obtained by Kozu [39].

Apart from the statistical results, the relationships
between the three parameters of Gamma DSD are also
evaluated. Figures 9(a)–9(c) show the scatter plots of their
relationships, together with the corresponding fitting. In
the past, several studies have investigated the slope-shape
relationship for Gamma DSD with the aim of changing it
from a three-parameter to a two-parameter model [4, 18, 19].

Recently, an empirical 𝜇-Λ relationship from Singapore
was reported in [33] as follows:

Λ = 0.036𝜇
2

+ 0.432𝜇 + 1.507. (10)

In addition, it should be noted that several empirical 𝜇-Λ
relationships are proposed based on the DSD observations
in their respective locations. However, in this work, we
only compared our results with the empirical relationship
from Singapore, which is in the same climatic area and is
near to our observation sites, as plotted in Figure 9(a). The
corresponding equation is given by

Λ = 0.041𝜇
2

+ 0.310𝜇 + 1.740. (11)

As can be observed from Figure 9(a), the trends of the 𝜇-
Λ fit in Malaysia and Singapore are very similar which
could be explained by both sites being located in the same
climatological region becausemost rain events considered are
convective events. Furthermore, the relationships of between
𝑁
𝑜
along with the relationships of 𝜇 and Λ are also plotted in

Figures 9(b) and 9(c). Obviously, the log
10
𝑁
𝑜
-𝜇 relationship

is also found via the second-degree polynomial fitting, given
as

log
10

𝑁
𝑜
= 0.0197𝜇

2

+ 0.1197𝜇 + 3.649. (12)

In addition, it is clear from Figure 9(c) that the log
10
𝑁
𝑜
-Λ

relationship can be described by a linear relation using the
following expression:

log
10

𝑁
𝑜
= 0.4638Λ + 2.716. (13)

4.2.2. Normalized Gamma Model. The normalized Gamma
distribution has been widely accepted in the meteorology
community due to the fact that its parameters (𝑁

𝑤
, 𝜇, and

𝐷
𝑚
) are independent parameters that provide the most phys-

ical based estimation of the DSD, specifically representing
the concentration, the width of the drop shape, and the
mass-weighted mean diameter. In fact, the most significant
advantage of this normalization approach is its ability to
neglect the assumption of the shape of the raindrop spectra
while effectively describing the volumetric size distribution
of raindrops for wide range of rain rates [21, 22]. This model
can be described as [22]

𝑁(𝐷) = 𝑁
𝑤
⋅ 𝑓 (𝜇) ⋅ (

𝐷

𝐷
𝑚

)

𝜇

⋅ 𝑒
[−(4+𝜇)⋅(𝐷/𝐷

𝑚
)]

, (14)
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where𝑁
𝑤
(units per cubic meter per millimeter), 𝜇, and 𝐷

𝑚

(mm) are the intercepts, the shape, and the mass weighted
mean diameter parameters, respectively, and 𝑓(𝜇) is given by

𝑓 (𝜇) =

6

4
4

⋅ [

(4 + 𝜇)
(4+𝜇)

Γ (4 + 𝜇)

] . (15)

𝐷
𝑚
can be calculated as the ratio between the fourth and third

empirical moments of the DSD:

𝐷
𝑚
=

𝑀
4

𝑀
3

(16)

while𝑁
𝑤
can be derived as

𝑁
𝑤
=

256

6

⋅

𝑀
5

3

𝑀
4

4

. (17)

The parameters 𝑁
𝑤
and 𝐷

𝑚
are estimated by the Gamma

MoMmethod [15], whereas 𝜇 can be inferred either bymeans
of the Gamma MoM method or the MLE method [40].
Specifically, the𝜇 of theGammaMoMmethod can be derived
as follows:

𝜇MoM =
(7 − 11𝜂) − √(7 − 11𝜂)

2

− 4 ⋅ (𝜂 − 1) ⋅ (30𝜂 − 12)

2 ⋅ (𝜂 − 1)

,

(18)
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where 𝜂 can be defined from the moments M2, M4, and M6
via the procedure suggested by [15]

𝜂 =

𝑀
2

4

𝑀
2
⋅ 𝑀
6

. (19)

As a further motivation to understand the DSD’s fit with
the normalized Gamma model, the superimposition of the 𝜇
values on the scaled data,𝑁

𝑚
(𝐷)/𝑁

𝑤
, versus the normalized

drop diameter, 𝐷/𝐷
𝑚
, is shown in Figure 10. The range of 𝜇

is bounded by the family of normalized Gamma functions,
which implies the effectiveness of theDSDfit [24].The results
clearly indicate that the measured DSDs are well bounded
by the scaled Gamma functions because the superimposed
𝜇 varies over a range from −3 to 30, which is consistent with
the findings reported by [24, 40, 41]. In particular, analyses
carried out in heavy rain areas, such as Sumatra, suggest the
same range of 𝜇 values, while Montopoli et al. [40], who
analyzed a large dataset of DSDmeasurements collected with
JWD in the UK, Greece, Japan, and the US, reported that
values of 𝜇 varied over a range of−3 to 10. Bringi et al. [24]
suggested a range of 𝜇 that is slightly wider, spanning from
−3 to 15, which was observed through the South China Sea
Monsoon Experiment.

Apart from the Gamma MoM estimation, as mentioned
earlier, 𝜇 also can be estimated by the MLE method, which
minimizes the absolute deviation between the measured
DSDs and the normalizedGammadistribution usingwith the
following expression [40]:

𝜇MLE = min
𝜇

{

20

∑

𝑖=1

[𝑁
𝑚
(𝐷
𝑖
) − 𝑁 (𝐷

𝑖
, 𝜇)]
2

} . (20)

In order to have a clearer view of the range of 𝜇, the
histogram distribution of this parameter was obtained by
means of the MoM and MLE methods and illustrated in
Figures 11(a) and 11(b), respectively. It is worth noting that

these plots tend to agree with each other fairly well, even
though the distributions ofMLE𝜇 values have a slightly larger
spread than theMoM 𝜇 values, with themean 𝜇 and standard
deviation 𝜎 values equal to 7.95 and 5.13, respectively, while
𝜇 = 6.14 and 𝜎 = 4.53 for the MoM 𝜇.

In addition to 𝜇, Figures 12 and 13 show the histograms
of the parameters 𝐷

𝑚
and log

10
Nw, which were estimated by

the Gamma MoM from (16) and (17), respectively.
From the histogram of𝐷m, it is evident that the diameters

of the drop spectra are dominated by a medium drop size,
which was distributed from 1mm to 2.5mmwith amean𝐷𝑚
of 1.74mm and a 𝜎 of 0.59. This result is slightly larger than
the observation made by Tokay and Short [10] in the tropical
ocean (𝐷m = 1.41mm).

In addition to the statistical distribution, to further
understand the relationship between these normalized
Gamma parameters, scatter plots of 𝐷

𝑚
versus log

10
Nw,

𝐷
𝑚

versus 𝜇, and log
10
Nw versus 𝜇 are shown in Figures

14(a)–14(c), respectively. We noticed that the 𝐷
𝑚

values
are somewhat inversely proportional to the log

10
Nw values,

which seems to be in good agreement with scatter plots from
the large set of disdrometer measurements collected in other
parts of the world [40].The other two scatter plots (𝐷

𝑚
-𝜇 and

log
10
Nw-𝜇) show little correlation.
The summarized major statistical quantities of these two

DSD models’ parameters are listed in Table 3 for the sake of
clarity.

As can be seen from the statistics indicators in Table 3,
low positive skewness values have been observed for all DSD
parameters, which indicates thatmost of the parameter values
tend to be distributed to the left of the mean values. On
the other hand, the moderate kurtosis values for all model
parameters confirmed that the datasets were aggregated near
the mean, except for the shape parameter Λ in the Gamma
model, which shows a higher kurtosis value, indicating the
higher variability of this parameter.

In addition, it is worth noticing the values of the statistic
indicators for the normalized Gamma model, which are
consistent with those found by Montopoli et al. [41] (i.e., in
their work, themean of shape parameter 𝜇 is equal to 7.59, the
mean of𝐷

𝑚
is 1.76, the skewness𝐷

𝑚
is 1.83, and the mean of

log
10
Nw is 3.96, which are pretty close to the values found in

this study).

4.3. Rain Rate Estimation. One of the main objectives in
estimating and modeling the DSDs is to improve the esti-
mation accuracy of meteorological quantities such as rain
rate estimation and the radar reflectivity factor. In this
subsection, the performances of the three-parameter Gamma
and normalized Gamma models are assessed by means of
comparing the estimated rain ratewith the rain ratemeasured
from the disdrometer.

In order to quantitatively assess the performance of the
models in estimating the rain rate, the following error figure
is considered:

𝜀 = 100

𝑅
𝑒
− 𝑅
𝑚

𝑅
𝑚

, (21)
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Table 3: Statistics of DSD parameters derived from disdrometer data (January 1992–December 1994, 1 min rain rate data, total number of
data = 61384).

Model Parameter Mean SD Min Max Kurtosis Skewness

Gamma
log𝑁

𝑜

5.39 2.04 1.02 14.95 5.06 1.27
Λ 7.34 4.89 0.79 59.19 12.39 2.28
𝜇 6.76 4.56 −2.60 24.98 4.47 1.15

Normalized Gamma

log𝑁
𝑤

3.52 0.50 0.81 4.87 4.56 −0.76
𝐷
𝑚

1.74 0.59 0.67 4.95 5.59 1.33
𝜇 (GM) 6.14 4.53 −2.17 31.95 7.07 1.67
𝜇 (MLE) 7.95 5.13 −4.91 31.75 4.63 0.80
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where 𝑅
𝑒
and 𝑅

𝑚
are the rain rate values from the estimate

and disdrometer measurement, respectively. Table 4 summa-
rizes the overall performance results from each minute of
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estimated rain rate, along with the calculated mean 𝜀mean,
standard deviation 𝜀std, and root mean square 𝜀rms errors.

As expected, the results clearly show the excellent per-
formance of the normalized Gamma model when the shape
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Table 4: Result of test on rain rate estimation from various DSD
models (𝜀 in %).

Model 𝜀mean 𝜀std 𝜀rms

Gamma 0.65 12.19 12.21
Normalized Gamma (Gamma moment) 0.40 12.05 12.05
Normalized Gamma (maximum likelihood) 0.10 6.30 6.30

parameter 𝜇 is obtained by the MLE method. Indeed, the
MLE method is a more accurate technique than the Gamma
Moment method, which has already been proven by the
analysis of the three years of disdrometer measurements
from Chilbolton, UK [26]. The remaining models show
comparable performance, with slight differences in terms of
𝜀rms. It should also be noted that the estimation of 𝜇 is critical
as it depends on the dominant rainfall-generatingmechanism
associated with local climatologic features, as well as the
quality of the data collected from the disdrometer.

Examples of the model fitting of the disdrometer-
measured DSD in Kuala Lumpur are shown in Figures 15(a)
and 15(b) for two different rain rates.

5. Conclusions and Future Works

Three years of disdrometer measurements, collected in the
equatorial region of Kuala Lumpur, Malaysia, have been
analyzed to investigate the physical characteristics of natural
DSD, and the governing parameters of the Gamma and nor-
malized Gamma models have been estimated. In particular,
the gamma DSD parameters have been derived by means of
the MoM method using three higher-order moments (3rd,
4th, and 6th) whereas the parameters of the normalized
Gammadistribution have been inferred through theMoM(𝜇,
Nw, and𝐷𝑚) andMLEmethods (𝜇).The statistical properties
of these parameters are then demonstrated, along with the
relationships between them.
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Figure 15: (a) Examples of various models fitting of measured DSD at 21.34mm/h. (b) As in (a), but for rain rate 60.29mm/h.

The empirical𝜇-Λ relationship derived from the observed
DSD in Kuala Lumpur is very close to that inferred from
the Singapore DSD, which clearly implies the typical char-
acteristics of DSDs in this convective equatorial climate.
In addition to this feature, our observations revealed that
medium drops diameter dominated over the large sample of
observed DSD data; the mean of the mass-weighted mean
diameter is 1.74mm, with a standard deviation of 0.59mm,
and this mass weighted mean diameter is found to have an
inverse correlation with the log

10
Nw parameter.

Finally, the performances of the Gamma and the nor-
malized Gammamodels with two different shape parameters
(𝜇MoM and 𝜇MLE) have been evaluated in terms of rain
rate estimation. The calculated rain rates from the models
are compared with the rain rate derived directly from the
measured DSD. As expected, the normalized Gamma model
with 𝜇MLE clearly shows excellent performance as compared
to the other models.

The results presented in this study are unique in the sense
of the equatorial areas examined, and they could thus provide
crucial information regarding the application of remote
sensing or the propagation community in this particular area.
In fact, it is worthmentioning that such results are of practical
relevance to providing crucial assessment parameters for the
Global Precipitation Measurement (GPM) ongoing mission
[42]. This mission, which aims to provide quantification of
precipitation on a global scale from the satellite/space-borne
radar observation, required the knowledge of precipitation
microphysics process at ground level specifically focusing on
the spatial variability of DSD [43–46].

Beside this, ground based weather radars, such as single
polarization radar, polarimetric radars, and dual-frequency
precipitation radar onboard the GPM core satellites, also
rely on parameterizations of DSD model [47–49]. Hence,
the results provided in this work offer a clear physical

interpretation of rain microphysics in this particular heavy
rain region for the above purposes.
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A new algorithm is derived for rain rate (RR) estimation from Advanced Microwave Sounding Radiometer 2 (AMSR2)
measurements taken at 6.9, 7.3, and 10.65GHz.The algorithm is based on the numerical simulation of brightness temperatures (𝑇

𝐵

)
for AMSR2 lower frequency channels, using a simplified radiation transfer model. Simultaneous meteorological and hydrological
observations, supplemented with modeled values of cloud liquid water content and rain rate values, are used for the calculation
of an ensemble of AMSR2 𝑇

𝐵

s and RRs. Ice clouds are not taken into account. AMSR2 brightness temperature differences at C-
and X-band channels are then used as inputs to train a neural network (NN) function for RR retrieval. Validation is performed
against Tropical Rain Measurement Mission (TRMM) Microwave Instrument (TMI) RR products. For colocated AMSR2-TMI
measurements, obtained within 10min intervals, errors are about 1mm/h.The new algorithm is applicable for RR estimation up to
20mm/h. For RR < 2mm/h the retrieval error is 0.3mm/h. For RR > 10mm/h the algorithm significantly underestimates TMI
RR.

1. Introduction

Rain gauges and meteorological radars still remain to be
the most precise tools for precipitation measurements, but
their coverage is obviously insufficient for climate studies
and to understand changes in the global hydrological cycle
[1]. In turn, satellite instruments are the most appropri-
ate means to measure precipitation over the ocean where
in situ data are scarce. Effective in terms of global and
regular coverage, satellite measurements typically provide
precipitation estimates at low spatial resolution with often
questionable accuracy. Over land, estimates are based on
ice scattering at high microwave frequencies, whereas over
oceans microwave emission of hydrometeors at lower fre-
quencies is mostly used [2, 3]. Some studies describe the
use of infrared (IR) sensors to estimate precipitation [4,
5]. Most are based on statistical methods, using regression
between passive microwave estimates and coincident IR pixel
data. Geostationary satellites can provide this high temporal
and relatively high spatial resolution but are reported to

be inaccurate in warm rains [6]. Moreover, IR data are
limited to cloud-top information, and precise rain rate (RR)
estimation from these data is not feasible.Nowadays, themost
direct precipitation measurements from space are provided
by precipitation radars. Since 1997 Precipitation Radar (PR)
aboard the Tropical Rainfall Measuring Mission (TRMM)
performed advanced retrievals of RRs over tropics [7]. Since
2006 the Cloud Profiling Radar (CPR) aboard CloudSat
satellite expanded radar capabilities to sense very light rains
[8]. Further progresses in precipitation measurement science
are associated with combined precipitation products, making
use of different sensors [6, 9–12], with the analysis of
inherent instrument errors [13]. At last, the launch of the
new Global Precipitation Mission (GPM) in February 2014,
similar to TRMM in combining passive microwave instru-
ment, GPMMicrowave Imager (GMI), andmicrowave radar,
Dual-Frequency Precipitation Radar (DPR), but with an
extended (∼±65∘) latitude coverage, opens new possibilities
for calibration and combined use of active and pas-
sive microwave instruments for advanced precipitation
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studies [14]. GPM global observations will expand the data
records started with previous precipitation missions and
improve precipitation estimates around the globe.

In spite of low spatial resolution and limitations com-
pared with precipitation radars, satellite passive microwave
measurements remain valuable regular source of global infor-
mation on precipitation. Ability to infer accurate precipita-
tion estimates from these measurements has been repeatedly
proven in numerous studies [1, 2, 15–17]. High quality pre-
cipitationmeasurements by polar orbiting passivemicrowave
instruments started with the launch of the first Special Sensor
Microwave Imager (SSM/I) in 1987. Since then, many efforts
have been undertaken for the development of algorithms for
precipitation parameter retrievals. Most of the studies relate
to RR retrievals over the oceans. High land emission and its
great inhomogeneity complicate RR retrievals over the land
[3]. Though, recent studies devoted to the estimation of land
emissivities without a need for ancillary data [18] can help to
improve these retrievals. Satellite passive microwave sensors
allowing emission-based RR retrievals over the ocean include
SSM/I and Special Sensor Microwave Imager and Sounder
(SSMIS), TRMM Microwave Instrument (TMI), Advanced
Microwave Scanning Radiometer-Earth (AMSR-E) Observ-
ing System and its successor AMSR2, and Polarimetric
Radiometer WindSat. A number of methods to derive differ-
ent precipitation parameters (rain rate, precipitation vertical
structure) from these instruments have been developed [3, 15,
19–22], including the Goddard Profiling algorithm (GPROF)
[23], the Unified Microwave Ocean Retrieval Algorithm
(UMORA) [17, 24], and the NOAA/NESDIS algorithm [25].
The longest-available passive microwave rain rate product,
produced operationally by Remote Sensing Systems (RSS)
based on SSM/I (SSMIS) data, is derived using an ocean-only
RR retrieval withUMORA algorithm. Large efforts have been
made by RSS for satellite intercalibration to cover almost 3
decades, and discontinuities in the product are minimized
[26].

Most of the listed rain retrieval algorithms are physically
based, exploring the sensitivity of microwave brightness
temperatures to the changes in cloud and rain microphysical
properties [27–29]. Little, if any, study, related to rain,
concerned C- or X-band. These bands are typically used for
the ocean parameter retrievals as the atmosphere is almost
transparent for the radiation at such microwave frequencies,
even under heavy clouds and light rains (up to 2mm/h)
[30]. At the rain rate of 2mm/h, the optical depth of the
atmosphere, with the total atmospheric water vapor content
of 26 kg/m2, total liquid water content of 0.26 kg/m2, and rain
layer thickness of 1.35 km, is about ∼0.025 at 6.9GHz and
∼0.027 at 10.65GHz.

Microwave brightness temperature simulation further
shows that the brightness temperature (𝑇

𝐵
) increases towards

a maximum and then drops off as rainfall rates increase
further [31]. Figure 1 shows the results of the numeri-
cal calculations of 𝑇

𝐵
of the atmosphere-ocean system

with fixed hydrological and meteorological parameters for
horizontally polarized AMSR2 channels at 6.9 and 10.65GHz
for different values of rain rates.These calculations have been
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Figure 1: Simulated horizontally polarized brightness temperature
as a function of rain rate for 6.9GHz (upper curve) and for
10.65GHz (lower curve). All the other meteorological and hydro-
logical parameters are fixed. Total atmospheric water vapor content
is 26 kg/m2, total cloud liquid water content is 0.26 kg/m2, rain layer
thickness is 1.35 km, sea surface wind speed is 5m/s, and sea surface
temperature is 10∘C.

performed with limitations discussed later. For rain retrieval
methods, the most important difference between microwave
radiometer channel frequencies is the range of the rain rates
for which 𝑇

𝐵
increases (emission range) and the range for

which 𝑇
𝐵
decreases (scattering range). 𝑇

𝐵
at low frequencies

including C- and X-bands tends to increase over most of the
rainfall range, thus enabling the use of emission-only type
schemes. 𝑇

𝐵
at higher frequencies saturates quickly and then

decreases for most of the rainfall range [31]. The higher the
channel frequency, the more important the vertical structure
of precipitation in𝑇

𝐵
modeling, in particular the height of the

freezing level and the hydrometeor size and form distribu-
tions along the height [32]. Therefore, RR retrievals at higher
frequencies need a priori knowledge of hydrometeor profile.
Separation between atmospheric scattering and emission
presents another problem which is solved in some studies
using polarization sensitivity of measurements [17, 21]. But
in the case of strongly polarized signals from the ocean
surface, hard to be theoretically modeled [33], especially for
high winds, the radiative transfer equation simplifications
discussed in these studies can lead to errors.

C- and X-band 𝑇
𝐵
measurements are far from RR satura-

tion range and thus attractive for RR algorithm development.
In May 2012, the new Japan passive microwave radiome-

ter AMSR2 was launched on GCOM-W1 satellite. Starting
from August 2012 calibrated Level 1B brightness tempera-
tures are available for the scientific community. This unique
instrument replaced the similar AMSR-E on Aqua satellite
which stopped its performance in October 2011 after about 9
years of successful functioning.The newAMSR2 has not only
improved calibration and spatial resolution compared with
its predecessor but also includes two new channels working
in C-band [34]. These channels are specifically intended
for the detection of pixels contaminated by radio frequency
interference (RFI). In this study, the measurements at these
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additional channels in C-band are suggested to be used for
rain rate estimation, exploring similar dependence of 𝑇

𝐵
at

C- and X-band frequencies on such oceanic parameters as
sea surface temperature and sea surface wind speed. The
algorithm for RR retrievals from AMSR2 C- and X-band
channel measurements is based on the physical modeling of
brightness temperatures over the oceans with their following
inversion using neural networks (NNs). The validation of the
algorithm for AMSR2 Level 1B data is done against TRMM
rain rate product based on TMI measurements provided by
RSS.

Numerical simulation of the brightness temperatures of
the ocean-atmosphere system is done using the parameteri-
zation of [35] to calculate the atmospheric attenuation due to
liquidwater.The attenuation of rain is parameterized by Liebe
and Layton in [35] using Mie formulas. Simplification of the
radiation transfer equation is done using the attenuation coef-
ficient instead of the absorption one. Such a simplification
allows accounting for the negative effect of scattering but
underestimates its positive effect due to scattering forward
[36]. One of the essential simplifications of the current study
is to dismiss ice particles in themodel. Icewater interacts with
microwave radiation essentially via scattering process [37].
Though low frequency passive microwave measurements are
insensitive to some ice clouds [38], heavy rains are often
associated with strong convection and large ice particles in
clouds and precipitation in the form of hail and graupel. The
size of such frozen water particles easily reaches the values
comparable with the wavelengths of low frequency AMSR2
channels.

Computer simulations of the brightness temperatures are
carried out for the dataset of meteorological and hydrological
data measurements, complemented by modeled liquid water
content and rain parameter data. The dataset, used for 𝑇

𝐵

calculations, is described in detail in Section 2. The geophys-
ical model, establishing the relationship between the total
brightness temperature and the atmospheric and oceanic
parameters, is described in Section 3.1. After 𝑇

𝐵
calculation,

NNs inversion algorithm has been trained on the ensemble
of simulated 𝑇

𝐵
values and rain rates. Four differences in

AMSR2 measurements at six lower frequency channels in
C- and X-bands have been used as NNs inputs, and only
one parameter, RR, as an NNs output. At 10.65GHz 𝑇

𝐵
is

far from saturation even for tropical atmospheres with high
values of atmospheric water vapor content, cloud liquid water
content, and rain layer thickness up to 20mm/h rain rates
(RR). So we limited the data by the maximum RR value
of 20mm/h. NNs configuration is described in Section 3.2.
After having been trained, the algorithm has been applied
to actual AMSR2 measurements for the period of 2012-
2013 and validated against the Tropical Rain Measurement
Mission (TRMM) Microwave Instrument (TMI) rain rate
product downloaded from the Remote Sensing System Data
Center. The validation procedure is described in Section 4.
The algorithm performance relative to TMI RR product was
also compared with the consistency of AMSR2-TMI RSS RR
products. The validation results are discussed in Section 5,
followed with conclusions in Section 6.

2. Data for Numerical Simulation

Radiosonde (r/s), meteorological, wind speed, forms,
and amount of clouds (percentage of cloud cover), and
hydrophysical (seasurface temperature and salinity)
simultaneous measurements were used for brightness
temperature calculations. High latitude part of this dataset
was used, for example, in [39] for the development of the
regional Arctic algorithms for total atmospheric water
vapor content (Q) and total cloud liquid water content (W)
retrievals from SSM/I and AMSR-E data. The dataset was
significantly extended by addition ofmeasurements in tropics
and subtropics.Themeasurements were taken by the research
vessels of the Far Eastern Research Hydrometeorological
Institute (USSR/Russia) during the period of 1966–1993. The
dataset included about 3000 radiosondes with simultaneous
seasurface temperature and salinity measurements. Wind
speed data, as they are not correlated with the other
geophysical parameters, were added artificially, randomly
varying from 0 up to 50m/s.

R/s profiles of air temperature, humidity, and pressure
were complimented by cloud liquid water content (𝜔) pro-
files, modeled in accordance with [40]. Forms and amount
of clouds were determined by experienced meteorologists
during the radiosonde launch. Relative humidity is the
variable which governs the physical processes in the atmo-
sphere relating to different phases of water. Upper and
lower boundaries of cloudiness were estimated using relative
humidity and temperature profiles. Uniform liquid water
content profiles were taken for the clouds with thickness less
than 1 km with typical liquid water content values of 0.05–
0.10 g/m3. For clouds with thickness greater than 1 km, 𝜔
profiles were described by triangle function. In this case 𝜔
maximum was located at the one-third of thickness below
the upper boundary of cloudiness. This maximum increases
with the increase of the cloud thickness. A linear relation
was assumed between 𝜔 and the cloud amount. The decrease
of liquid water content values with the decrease of cloud
temperature for the observed form of clouds was also taken
into account, based on the statistical data, describing liquid
water content distribution in the clouds of different forms and
temperatures. Precipitation originates as a statistical event
within the clouds suspended in saturated air [35]. Its vertical
distribution is separated into two regions by the height of
the 0∘C isotherm which can vary between 6 km and the
ground level seasonally and regionally dependent. The lower
part is mostly liquid drops, and the upper part consists of
frozen particles with occasional supercooled droplets. For
those data, where modeled total liquid water content did not
exceed 0.3 kg/m2, the absence of rain drops was imposed.
For those cloudy data, where the total liquid water content
exceeded 0.3 kg/m2, uniformly distributing point rain rates
were added randomly with RR from 0 up to 20mm/h
within the rain depth of 0.5–4.5 km dependently on the
humidity and temperature profiles. No ice modeling was
carried out. The resulting dataset consisted of about 25000
data with different values of geophysical parameters govern-
ing microwave brightness temperature of the atmosphere—
open ocean system—atmospheric water vapor content, cloud
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liquid water content, rain rate, sea surface wind speed, sea
surface salinity, and sea surface temperature.

3. Methods

3.1. GeophysicalModel for Brightness Temperature Calculation.
The geophysical model relates geophysical parameters to
observed brightness temperatures. An accurate specification
of the geophysical model is the crucial step in develop-
ing geophysical parameter retrieval algorithms. A detailed
description of the cloud-free part of the model, including
recently developed ocean emission model with an advanced
emissivity dependence on sea surface wind speed, is given in
[41]. This model consists of the ocean emission model and
the atmospheric absorptionmodel, accounting for molecular
water vapor and oxygen absorption.The study, carried out in
[41], made it possible not only to establish the oceanic and
clear-sky constituents of the microwave radiation but also to
derive constant calibration additions to transform modeled
brightness temperature into measured ones.

Under clear-sky conditions, the atmospheric constituents
of the total microwave radiation are the functions of the
vertical profiles of air pressure, temperature, and humidity.
These functions are evaluated using widely used and inten-
sively validated models, [35] for molecular oxygen and [42]
for water vapor absorption. The ocean microwave radiation
is governed by the ocean emissivity (depending on the
polarization state) which for calm sea conditions is a function
of frequency, incidence angle, sea surface temperature, and
salinity. Modeling of the wind induced component of the
ocean emissivity has undergone significant changes during
the last several years [33].Themost important outcome of the
findings is that the wind induced emissivity is almost twice
larger as compared with the one used previously. Moreover,
the sensitivity of the oceanic 𝑇

𝐵
to the wind speed increases

rapidly starting from some threshold value, and this is proba-
bly associated with the foam property changes.The use of the
new wind induced emissivity model allowed developing an
AMSR2 SWS retrieval algorithm, highly accurate even under
extreme wind conditions [43].

The complex dielectric permittivity of water, used in the
model both in the sea surface emissivity and reflectivity
formulation and in the emissivity of the cloud droplet fresh
water, was parameterized using model [44], since this model
is extensively validated and valid for the frequencies up to
at least 90GHz for fresh water in the temperature range of
−20∘C÷+40∘C including supercooledwater and for seawater
in the temperature range of −2∘C ÷ +29∘C.

Liquid water content absorption and rain rate attenuation
were calculated using [35]. The last was parameterized by
Liebe and Layton in [35] using a regression fit over the
drop shape and size distributions of Laws and Parsons
[45]. This parameterization resulted into simple frequency
dependent formulation of the rain attenuation coefficient:
𝛼 = 0.182⋅f ⋅a⋅RR𝑏 (dB/km), where a = 2.31⋅10−4⋅f 1.42; b =
0.851⋅f 0.158 for 6.9GHz; b = 1.41⋅f −0.0779 for 10.65GHz; 𝑓 is
frequency in GHz, and RR is rain rate in mm/h.

After all the models for the microwave radiation inter-
action with the atmosphere-ocean system were defined, the

brightness temperatures for frequencies, polarization, and
angles of incidence of AMSR2 instrument were calculated
for the dataset, described in Section 2. Normally distributed
radiometric noise with 0.5 K equivalent temperature was
added to the resulting 𝑇

𝐵
values. The whole matched up

dataset of geophysical parameters and AMSR2 𝑇
𝐵
served

as a base for the inverse problem solution, for RR retrieval
algorithm development.

3.2. Neural Network-Based Inversion. Aneural network (NN)
was trained to invert the simulated AMSR2 brightness tem-
peratures back to the rain rates. Supposing that𝑇

𝐵
differences

at C- and X-band AMSR2 channel are less dependent on sea
surface emission than 𝑇

𝐵
values, we used 4NN inputs for RR

retrievals:Δ𝑇
𝐵

V
7,6

= 𝑇
𝐵07

V
−𝑇
𝐵06

V,Δ𝑇
𝐵

V
10,7

= 𝑇
𝐵10

V
−𝑇
𝐵07

V,
Δ𝑇
𝐵

H
7,6

= 𝑇
𝐵07

H
− 𝑇
𝐵06

H, and Δ𝑇
𝐵

H
10,7

= 𝑇
𝐵10

H
− 𝑇
𝐵07

H,
where 𝑇

𝐵06

V, 𝑇
𝐵06

H, 𝑇
𝐵07

V, 𝑇
𝐵07

H, 𝑇
𝐵10

V, and 𝑇
𝐵10

H -AMSR2
brightness temperaturesmeasured at 6.9, 7.3 and 10.65GHz at
vertical and horizontal polarizations correspondingly.

The main advantage of a neural network as an inversion
function is that it does not require the a priori knowledge
of a transfer function, which is nonlinear and not known
in advance. NN was trained using randomly selected half of
the dataset of the simulated brightness temperatures and the
corresponding rain rates. Then it was tested using the other
half to which NN algorithm was applied. This was done to
avoid overtraining NN, meaning the loss of generalization
features.

Standard neural network of multilayer perceptron (MLP)
type with feedforward backpropagation of errors was used
to connect the simulated brightness temperature differences
with the RRs. MLP neural network is a processing block in
which input parameters of the task (in our case four Δ𝑇

𝐵
)

relate to its output parameter (RR) through the system of
neurons at hidden layers [46]. The MLP configuration with
a single hidden layer was used since in the tasks of the best
approximation any continuous on a finite interval function
can be approximated by a neural network of MLP type with
one hidden layer. The numerical experiments with other
configurations confirmed that including additional layers led
to rapid loss of the generalization capabilities, especially for
noisy data [47].

Training was carried out via supervised learning and
feedforward backpropagation of errors, starting from various
random initial weights to avoid getting localminima.TheNN
configuration was complicated until the testing error started
to increase. It was found that a simple NN configuration
consisting of a single hidden layer of 15 neurons ensured the
least retrieval error of 1.5mm/h both for training and testing
datasets. The scatterplot of retrieved RR values versus in situ
ones is presented in Figure 2. By saying “in situ” here we
mean not measured but modeled RRs used for the brightness
temperature simulation. The greatest error in the rain rate
retrievals is observed for low RR values: for RR < 2mm/h
the root mean square error 𝜎RR = 2.5mm/h. The exclusion
of clear sky data from consideration leads to the increase
in the retrieval accuracy. Thus, when we used accurate
estimation of the atmospheric absorption at 10.65GHz as
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Figure 2: Scatterplot of retrieved rain rate values versus modeled
rain rates for testing dataset.

a criterion to identify the rain pixels, we obtained 𝜎RR of
0.7mm/h.

Also it can be seen that the information from 4 brightness
temperature differences is not sufficient to properly resolve
the similarity between cloud liquid water and rain drop
influence upon the brightness temperature. Large scatter of
the retrieved rain rates from in situ ones for the whole
dataset is inherently caused by the geophysical model and
use of low microwave frequencies: all kinds of liquid drops
lead to brightness temperature increase. Since ice clouds
and ice precipitation in the form of snow, graupel, and
hail are not modeled, their presence will lead to additional
large rain rate retrieval errors. Nevertheless the use of low
frequency measurements for rain rate retrievals is not so
much influenced by ice and rain precipitation parameters as
the use of higher frequency passivemicrowavemeasurements
[27].

3.3. Radio Frequency Interference Handling. Before the algo-
rithm validation using AMSR2 measurement data, it was
necessary to exclude from the consideration the pixels con-
taminated by radio frequency interference (RFI). Low level
RFI contamination is difficult to be identified over oceans
[48]. At the same time for suggested algorithm application
it is absolutely imperative since some RFI types manifest
themselves identically to precipitation. Figure 3 illustrates
two simultaneous RFI in the field of Δ𝑇

𝐵

H
10,7

, the differ-
ence in AMSR2 measurements at 10.65GHz and 7.3GHz,
horizontal polarization (H), on 3 September 2012 at ∼3:20
UTC. Areas 1 and 2 indicate the observable increases of 𝑇

𝐵

at 10.65GHz relative to 𝑇
𝐵
at 7.3 GHz. The reasons of these

increases are different: area 1 corresponds to rain, whereas
area 2 corresponds to the RFI at 10.65GHz on horizontal
polarization.There is onemore type of RFI clearly observable
in area 3, RFI at 7.3 GHz on horizontal polarization. The
method to discriminate RFI contaminated pixels from rain
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Figure 3: Field of Δ𝑇
𝐵

H
10,7

; difference in AMSR2 measurements at
10.65GHz and 7.3GHz, horizontal polarization (H), on 3 September
2012 3:20 UTC. 1, area of precipitation, 2, RFI at 10.65GHzH, and 3,
RFI at 7.3 GHzH.

is based on the analysis of the modeled 𝑇
𝐵
values and

their combinations. This analysis allowed suggesting several
functions of AMSR2 𝑇

𝐵
at C- and X-band channels, the

threshold values of which could be the indicators of the
corresponding RFI. This method is planned to be published
and not described here since it goes beyond the scope of
this paper. Nevertheless during the validation it was applied
to AMSR2 measurement data to remove RFI contaminated
pixels from consideration.

4. Validation Procedure

The validation of the suggested algorithm was carried out
on the base of the comparison of the rain rates retrieved
from AMSR2 measurement data with TRMM Level 2 RR
product downloaded from the Remote Sensing System (RSS)
web site (http://www.remss.com/missions/tmi), based on the
measurements of passive microwave instrument TMI. TMI
operates on the TRMM satellite in a semiequatorial orbit,
measuring microwave radiation in a wide swath of 850 km
and covering a global region from 40S to 40N at a pixel
resolution of 0.25 deg (∼25 km). TMI products are produced
by RSS and sponsored by the NASA Earth Science MEa-
SUREs DISCOVER Project. RSS TMI data are provided as
daily gridded data, separated into ascending and descending
orbit segments. RSS rain rate products are derived using the
algorithm described in [17]. The unique highest quality of all
RSS products is ensured by permanent calibration and algo-
rithm upgrading taking into account the newest knowledge
and data available. The validation of the last (Version-7) rain
rate products is given in [49]. TMI rain rate estimates are also
considered to be mostly reliable since TRMM mission was
specifically planned for rainmeasurements. Beside TMI there
is also an active microwave instrument, precipitation radar,



6 Advances in Meteorology

0 16
AMSR2 rain rate (mm/h)

−40
∘

+40
∘

Figure 4: AMSR2 rain rates (mm/h), retrieved with the new
algorithm, collocated within 10-minute time difference with RSS
TRMMMicrowave Imager rain rates. 25 August 2012.

onboard the TRMM. It measures radar backscatter from rain
drops during pushbrooming instantmeasurements with high
accuracy andmuch higher resolution (∼5 km) than that of the
radiometer in a narrower swath [7].

Since the TRMM has a nonsun synchronous orbit, TMI
data are mostly appropriate for the creation of global collo-
cated in time and space with AMSR2 measurements dataset.

Calibrated Level 1B brightness temperature data
from AMSR2 are available starting from August 2012
through GCOM-W1 Data Providing Service (https://gcom-
w1.jaxa.jp/). The spatial resolution depends on the channel
frequency but the pixel size for C- and X-band channel
measurements is the same (∼10 km).

For the collocation with the gridded TRMMRR product,
AMSR2 Level 1B swathmeasurement data for 2012–2014were
gridded onto the same grid using Delaunay triangulation
and triangle-based linear interpolation [50]. Both ascending
and descending orbits were gridded within the geographical
region 40S ÷ 40N at a pixel resolution of 0.25 deg. After
gridding, time collocation was applied to select only those
pixels where AMSR2 and TMI measurement times were
within 10 minutes. Tight time collocation criterion was set
due to fast changing atmospheric state. TMI RR product daily
averaging did not present a problem since at higher latitudes
orbit segments overlapwithin local regions andwithin a short
measurement time. AMSR2 orbits do not overlap within 40S
÷ 40N.

After the collocation the developed algorithmwas applied
to AMSR2 measurement differences at C- and X-band chan-
nels. The last were calculated after the calibration additions
had been added to AMSR2 measurement data. These addi-
tions had been derived recently as a result of the comparison
between simulated brightness temperature values and mea-
sured 𝑇

𝐵
s [41]. They can be considered as a bridge between

modeled and measured AMSR2 𝑇
𝐵
s accounting jointly for

the geophysical model inconsistencies and the calibration
uncertainties. An example of daily coverage of the collocated
rain rates is shown in Figure 4. The strips of the collocated
pixels move from day to day, during several months filling in
the whole zone from 40S to 40N. Five-month coverage for
2012 is shown in Figure 5.

Following the results of the numerical experiment (low
performance of AMSR2 RR retrieval algorithm at low rain
rates), we did not validate the algorithm for RR = 0. For the
algorithm validation only those data were selected where RSS
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Figure 5: A 5-month AMSR2 rain rates (mm/h), retrieved with the
new algorithm, collocated within 10-minute time difference with
RSS TRMMMicrowave Imager rain rates for 2012.
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Figure 6: Distribution of rain rates in the TMI validation dataset for
the time period of August 2012–April 2014.

RR were not equal to zero. The resulting datasets included
90432 data for the 5months of 2012, 200521 data for the whole
year of 2013, and 73214 data for the first 4 months of 2014.
Totally 364167 data with nonzero rain rates comprised the
whole validation dataset.

The maximum value of the TMI RR in the validation
dataset was 23.5mm/h. 93.4% of all data were less than
5mm/h and only remaining 6.6% exceeded 5mm/h. TMI RR
distribution in the validation dataset is presented in Figure 6.

To compare the algorithm performance relative to TMI
RR product with another algorithm performance we vali-
dated also AMSR2 RSS RR product against the same TMI
dataset. It was expected that since all Remote Sensing Systems
passive microwave products had been accurately intercali-
brated the two different RSS RR products should demonstrate
high correlation. At the same time we supposed it was more
reasonable to useTMIRRproduct for the validation since this
product is being constantly calibrated with the precipitation
radar rain rates which can be considered as in situ RR data.

5. Results and Discussion

The results of the comparison of the RRs, retrieved from
AMSR2 data, with TMI RRs for the whole RR range are
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presented in the scatter plot in Figure 7. Color in the Figure 7
denotes the number of the data contributing to the scatter
plots. The total retrieval error, calculated as a root mean
square difference for the whole match-up dataset, is 𝜎 =
1mm/h. The correlation coefficient Rc = 0.8; the equation of
the linear trend is 𝑦 = 0.8𝑥 + 0.3.

It can be seen that most of AMSR2 retrievals (94%) do
not scatter from TMI rain rates larger than ±2𝜎. Only 6%
of all AMSR2 retrieved rain rates differ from those of TMI
by more than 2mm/h. These large differences can be due to
many reasons. One of the most probable sources of the errors
is the difficulty for the algorithm to distinguish between high
total cloud liquid water contents and rain rates, following the
simplest parameterization of used liquid cloud, rain model
and the absence of any ancillary data. Another important
reason is not accounting for ice clouds. Some large errors can
also be caused by nonzero time difference between TMI and
AMSR2 measurements.

The error for the range of rain rates less than 5mm/h is
0.6mm/h, Rc = 0.6, and for those rains where RR < 2 (80%
of all data) 𝜎 = 0.3mm/h, Rc = 0.4; so for low rain rates the
algorithm performs worse (the relative error is larger) than
for the whole RR range. We suppose that an attempt can
be undertaken to overcome this inadequacy in the future by
means of the combined use of C- and X-band measurements
and higher frequency measurements at 22–37GHz range
allowing accurate total cloud liquid water content retrievals
under light rains. Such a possibility yet needs to be studied
using more advanced forward modeling.

For the rain rates higher than 10mm/h the retrieval error
is 2.3mm/h. After the exclusion of large error rare cases (15%
of all data with RR > 10mm/h with more than 2𝜎 deviation),
probably associated with fast changing atmospheric state and
nonzero time difference in measurements, the retrieval error
totaled 1.1m/s.

High rain rate retrievals are the subject of special con-
sideration since the complexity of the precipitation modeling
under heavy rains definitely cannot be captured by the
simple parameterization used in this study. Nonuniform
hydrometeor parameter distribution, changing with height
and within a footprint, as well as ice clouds and precipita-
tion should be taken into account. Rain rate retrievals in
heavy rains, accompanying such extreme events as tropical
hurricanes, need to be studied separately since intensive rains
modify dramatically both the atmospheric properties and the
emissivity of the ocean surface. Under hurricane-force winds
the new object appears in the atmosphere close to the ocean
surface—the spray layer, generated by breaking waves. This
layer of large-scale salt hydrometeors significantly changes
the microwave radiation and its polarization state and its
influence should be modeled along with rain effect.

Moreover, heavy rains are associated with heavy convec-
tion, correlated with large cloud ice particles such as hail.
Under conditions of deep convection there may exist large
precipitation systems of the spatial scales from 40 to 500 km
or larger. Such mesoscale convective systems are long-lived,
cause intense precipitation, and with high probability pro-
duce hail [51]. The size of hail and graupel particles in such
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Figure 7: Scatter plot of rain rate, retrieved from GCOM-W1
AMSR2 using newly developed algorithm, versus TMI rain rate
(Remote Sensing Systems daily product) for the period of August
2012–April 2014. Time collocation is within 10 minutes.

precipitation systems reaches several centimeters [52] which
ismuchmore than the wave lengths of low frequency AMSR2
channels. Radiative transfermodel in this case cannot be used
in its simplified version and its solution requires full Mie
multiple scattering computations. In such a case not taking
into account ice scattering introduces nonnegligible errors in
numerical modeling and following algorithm development.

Analyzing satellite passive microwave rain rate fields we
need to have in mind that the highest rain rates occur over
the regions with comparatively small areas. Low resolution
passive microwave measurements are smoothed; high RR
values are averaged with low and zero RRs prevailing over
the most part of a pixel. Thus, actual rain rates can be
considerably larger than indicated by passive microwave
products. This important aspect of spatial smoothing also
needs to be considered in any validation studies which use
the measurements of different spatial scales.

Figure 8 illustrates this difference in rain rate estimates
by TRMM Microwave Imager (TMI RR) and by TRMM
Precipitation Radar (PR RR) for the hurricane Danas on
7 October 2013. The maximum TMI RR in the RR field
presented in Figure 8 is 15.7mm/h, whereas themaximumPR
RR for the same field, simultaneouslymeasured in a narrower
PR swath, is 184.3mm/h. PR data were downloaded from
NASA’s Goddard Earth Sciences (GES)Data and Information
Services Center (DISC). This specific case is a rare case of
quasisynchronous imaging of the typhoon (associated with
heavy rain) by TMI and AMSR2 instruments. We built RR
fields both for TMI RR product and for AMSR2 RR estimated
with the algorithm, developed in this study. Figure 9 shows
both fields and the difference between them. Since the
difference in these satellite measurements is about 1 hour and
20 minutes, the direct pixel-to-pixel comparison is supposed
to be impossible. To calculate and build the difference, all
AMSR2 data were spatially shifted so that the center of the
typhoon, observed by AMSR2, coincided with its center,
observed by TMI. This rather inaccurate procedure allowed
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Figure 8: TRMM rain rate fields (mm/h) for the typhoon Danas on 7 October 2013 ∼18:40 UTC: (a) TMI RR product from Remote Sensing
Systems and (b) PR RR product from NASA/Goddard Space Flight Center.

nevertheless illustrating the underestimation of rain rates by
AMSR2 newly developed algorithm compared with TMI rain
rates. Such an underestimation also results from the total
validation for high RR values.

To support this validation study we also compared
independent AMSR2 rain rate retrievals made by RSS [17]
with TMI RR product. Since the fundamentals for TMI and
AMSR2 rain rates are the same, we suppose that it makes
sense. AMSR2 RSS rain rate product was not used for the
algorithm validation since TMI RR product was calibrated
against highly accurate precipitation radar measurements,
whereas AMSR2 was not. The corresponding scatter plot of
RSS AMSR2 RR versus TMI RR is shown in Figure 10(a). In
Figure 10(b) the scatter plot of AMSR2 RR, retrieved with the
new algorithm, versus TMI RR is shown again to stress the
difference.

It can be seen that RSS AMSR2 rain rates are unbiased
compared with TMI rain rates. No underestimation of high
RR values is observed. The total retrieval error for the whole
dataset is a little bit lower, 0.9mm/h as compared to 1mm/h,
ensured by the usage of the new algorithm. The correlation
coefficient Rc = 0.8; the equation of the linear trend is 𝑦 =
1𝑥 + 0.1. We found that for RSS AMSR2 product the root
mean square error for the range of rain rates less than 5mm/h
was 0.8mm/h, and for the rain rates less than 2mm/h 𝜎
was 0.6mm/h, 2 times higher than with the usage of newly
developed AMSR2 algorithm. So, some advantage in the
range of low (<2mm/h) rain rates for the new algorithm
can be stated compared with the standard AMSR2 RSS RR
product. Though for both AMSR2 retrieved RR and RSS RR
product the correlation with TMI RR under light rains is far
from satisfactory.

6. Conclusions

The new algorithm for rain rate (RR) retrievals from the data
of Advanced Microwave Sounding Radiometer 2 (AMSR2)
onboard GCOM-W1 is developed using 6 low frequency
channel measurements at 6.9, 7.3, and 10.65GHz. The algo-
rithm is based on the numerical modeling of brightness
temperatures with their following inversion into RR using
neural network-based method. The general approximations
of forwardmodeling include a simplified formof the radiative
transfer equation, not taking into account ice clouds and
precipitation and a simple uniformly distributed rain profile.
The validation of the new algorithm is carried out through the
comparison of the results of its application to AMSR2 Level
1B brightness temperature data with Remote Sensing Systems
(RSS) rain rate product, based onTropical RainMeasurement
Mission (TRMM) Microwave Imager (TMI) measurements
for the period of August 2012–April 2014. Spatial collocation
is ensured by gridding AMSR2 data onto TMI RR grid;
time collocation is within 10-minute interval. The root mean
square error 𝜎, calculated for the whole dataset, is about
∼1mm/h which is 0.1mm/h greater than 𝜎 for RSS AMSR2
product. RSS AMSR2 RR product is also validated against
the same TMI RR product for the comparison between the
performances of RSS and newly developed algorithms.

It is found that the new algorithm outperforms the RSS
algorithm for RR < 2mm/h. For this low RR range the error
of the new algorithm is 0.3mm/h compared to 0.6mm/h
for RSS algorithm. At the same time the new algorithm
significantly underestimates rain rates for RR > 10mm/h,
whereas RSS AMSR2 rain rates are highly correlated and
unbiased comparedwith RSS TMI rain rates for the whole RR
range. This significant underestimation is obviously inherent



Advances in Meteorology 9

Ra
in

 ra
te

 (m
m

/h
)

0

16

2

4

6

8

10

12

14

36
∘

24
∘

122
∘

132
∘

(a)

Ra
in

 ra
te

 (m
m

/h
)

0

16

2

4

6

8

10

12

14

36
∘

24
∘

122
∘

132
∘

(b)

D
iff

er
en

ce
 in

 ra
in

 ra
te

 (m
m

/h
)

+1

+2

+3

+4

+536
∘

24
∘

122
∘

132
∘

−5

−4

−3

−2

−1

0

(c)

Figure 9: (a) TMI gridded (10 km × 10 km) RR field (mm/h), 7 October 2013, 18:36 UTC; (b) AMSR2 derived gridded (10 km × 10 km) RR
field (mm/h), 7 October 17:14 UTC, shifted to superpose the typhoon center with that of TMI; (c) RRAMSR2-RRTMI (mm/h).

to the simplified radiation transfer model (RTM), starting to
differ from the full RTMat high rain rates, and not accounting
for different forms of ice in the atmosphere.

The new algorithm only needs AMSR2 brightness tem-
perature measurement data without any ancillary informa-
tion and can be used for RR retrievals up to 20mm/h, with
a retrieval accuracy of 1mm/h, degrading for RR higher than
10mm/h to 2.3mm/h.

Further work is needed for the algorithm improvement
both at very low and high rain rates.This work should include
accurate ice modeling and usage of the full RTM. This shall
improve the algorithm performance for RR > 10mm/h and
expand the applicability of the algorithm for the estimation

of rain rates higher than 20mm/h with reasonable retrieval
accuracy.
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Figure 10: Scatter plot of AMSR2 rain rates versus TMI RSS rain rates for the period of August 2012–April 2014. Time collocation is within
10 minutes: (a) Remote Sensing Systems AMSR2 rain rate product and (b) rain rates, derived from AMSR2 Level 1B brightness temperatures
with the new algorithm.
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Estimation of the flow generated in the Brahmaputra river basin is important for establishing an effective flood prediction and
warning services as well as for water resources assessment and management. But this is a data scarce region with few and
unevenly distributed hydrometeorological stations. Five high-resolution satellite rainfall products (CPC RFE2.0, RFE2.0-Modified,
CMORPH, GSMaP, and TRMM 3B42) were evaluated at different spatial and temporal resolutions (daily, dekadal, monthly, and
seasonal) with observed rain gauge data from 2004 to 2006 to determine their ability to fill the data gap and suitability for use in
hydrological and water resources management applications. Grid-to-grid (G-G) and catchment-to-catchment (C-C) comparisons
were performed using the verification methods developed by the International Precipitation Working Group (IPWG). Comparing
different products, RFE2.0-Modified, TRMM 3B42, and CMORPH performed best; they all detected heavy, moderate, and low
rainfall but still significantly underestimatedmagnitude of rainfall, particularly in orographically influenced areas. Overall, RFE2.0-
Modified performed best showing a high correlation coefficient with observed data and lowmean absolute error, root mean square
error, and multiple bias and is reasonably good at detecting the occurrence of rainfall. TRMM 3B42 showed the second best
performance. The study demonstrates that there is a potential use of satellite rainfall in a data scarce region.

1. Introduction

Spatial distribution and the amount of rainfall are important
for water resources assessment and for establishing an effec-
tive floodprediction andwarning services and droughtmoni-
toring.However, inmany regions the number of groundmea-
suring stations is very limited and unevenly distributed,mak-
ing water resources assessment and flood prediction difficult
[1]. In mountainous areas with a limited or no rain gauge
network, as in the Himalayan region, satellite-based rainfall
estimation can provide information on rainfall occurrence,
amount, and distribution [2–4]. Several high-resolution
global and regional satellite-based rainfall products are
available from different operational agencies and research
and academic institutions [5–7]. They include the National

Oceanic and Atmospheric Administration (NOAA) Climate
Prediction Centre Rainfall Estimates Version 2.0 (CPC-
RFE2.0) [8], NOAA CPC Morphing Technique (CMORPH)
[9], Global Satellite Mapping of Precipitation (GSMaP) [10],
and Tropical Rainfall MeasuringMission (TRMM) [6, 11–13],
which are available at a high spatial and temporal resolution.
These products provide an opportunity to develop near real-
time flood predictions and other water resourcemanagement
applications in data sparse regions using rainfall estimates.
However, satellite-based rainfall data have uncertainty and
this affects the accuracy of predictions when they are used
in rainfall-runoff models for flow simulation [14, 15].

Satellite rainfall estimates (SRE) from different products
have been extensively validated with ground data around
the world [7, 16, 17], including the Hindu Kush Himalayan

Hindawi Publishing Corporation
Advances in Meteorology
Volume 2015, Article ID 398687, 17 pages
http://dx.doi.org/10.1155/2015/398687

http://dx.doi.org/10.1155/2015/398687


2 Advances in Meteorology

(HKH) region [18, 19]. The spatial distribution of NOAA’s
CPC-RFE2.0 SRE has been verified separately for the eastern
part of the HKH (governed by the summer monsoon) and
the western part (governed by the winter monsoon) [18], and
country and basinwide verifications have been done forNepal
[1], Bangladesh [20], and India. Verification at three levels
(country, physiographic, and basin) at 176 rainfall stations has
shown that CPC-RFE2.0 and GSMaP MVK+ underestimate
rainfall over Nepal [19]. Islam et al. [21] compared TRMM
product with observed rainfall data on a daily basis and
found that the trend with TRMM was similar to the trend
with observed rainfall, but the actual rainfall was generally
underestimated in most days although also overestimated
in a few days. Duncan and Biggs [22] assessed the seasonal
accuracy of satellite-derived precipitation estimates (TRMM-
3B42) over Nepal and showed that the SRE underperformed
in estimating extreme rainfall events and did not detect
rainy days well. Although most of the satellite-based rainfall
products have been verified in this region individually [18,
19, 21, 22], very few studies included an intercomparison of
different satellite products. Apart from that, studies evalu-
ating the performance of SRE over complex topography of
Brahmaputra river basin are still very limited.

SRE products are still an emerging capability; although
they are improving, they are generally not yet precise enough
for many hydrological applications because of their certain
limitations [16, 23]. The comparison between different satel-
lite rainfall products at the same spatiotemporal resolution
can give significantly different results in terms of hydrological
modelling application so each satellite product must be
evaluated individually in order to be used for hydrological
application [24]. In some cases, the products may require
additional local improvement (for example, ingestion of rain
gauge data or bias correction according to topography) to
become useful in hydrological applications. Local adjust-
ments were found to be essential in several studies [1, 25–27].

The Brahmaputra basin was chosen because it has intense
seasonal rainfall with rugged terrain, large unpopulated
areas, complex transboundary issues with fewmeteorological
stations, and real-time rain gauge data which are scarce,
unevenly distributed, and poorlymaintained [3].The analysis
was done both for the whole Brahmaputra river basin as a
homogenous region and for individual catchments. Inves-
tigation of the performance of SRE at catchment level is
important because the conceptual and (semi-) distributed
hydrological model relies on subbasin or catchment average
of hourly or daily rainfall [28].The final aimwas to determine
the operational viability of products within the basin and
identify a product that could fill the data gap resulting from
the scarcity of ground observations and be used in water
resources assessment and hydrological applications.

This paper describes the performance of SRE product
(RFE2.0-Modified) modified at the International Centre for
Integrated Mountain Development (ICIMOD) by merging
CDC RFE2.0 with local ground observed data. Altogether,
three different global and two regional satellite rainfall prod-
ucts (CMORPH, GSMaP, CPC-RFE2.0, RFE2.0-Modified,
and TRMM 3B42) were compared over the Brahmaputra
basin using the satellite precipitation verification metrics
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Figure 1: The Brahmaputra river basin (note: country boundary
according to ESRI data).

developed by the IPWG [5]. Each of the products was ver-
ified individually by comparison with the gauge-observed-
interpolated rainfall data over a three-year period, and
then the performance of the different estimates was com-
pared. Three spatial verification methods (visual verification,
continuous statistics, and categorical statistics) and two
approaches, G-G and C-C [20, 23, 29], were applied in the
comparisons. The remaining of this paper is organized as
follows. Section 2 introduces the data and methods, study
area, preparation of RFE2.0 Modified, and rainfall data
including a brief description of observed and satellite rainfall
products, followed by preparation of data for validation
and verification of satellite rainfall estimates. The results are
discussed in Section 3 and Section 4 concludes the overall
findings of this paper.

2. Data and Methods

This section of the paper describes the study area aswell as the
approaches that have been taken for this study.Themain steps
in the approach were (a) preparation of RFE2.0-Modified; (b)
rainfall data; (c) and data for comparison and (d) verification
of satellite rainfall.

2.1. Study Area. The Brahmaputra basin is one of the largest
river basins in the world and extends across parts of four
countries: China, India, Bhutan, and Bangladesh. The river
originates as the Yarlung Tsangpo from the great glacier
mass of Chemayungdung in the Kailas range in the southern
part of Tibet Autonomous Region in China at an elevation
of 5,300masl and travels 1,995 km through China, 983 km
through India, and 432 km through Bangladesh, before it
empties into the Bay of Bengal through a joint channel with
the Ganges and the Meghna [30] (Figure 1).

The Brahmaputra river drains an area of around
573,000 sq.km [31] including the territory of Tibet of China
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(50.50%), Bhutan (7.80%), India (33.60%), and Bangladesh
(8.10%) [30]. The tributaries that originate in Bhutan join the
main trunk in India. In China, the river passes through the
Yarlung Tsangpo Canyon, which is thought to be the deepest
canyon in the world (source: http://en.wikipedia.org/wiki/
Yarlung Tsangpo Grand Canyon; http://www.china.org.cn/
english/MATERIAL/185555.htm). As the river enters India,
it makes a very rapid descent to the plains where it becomes
very wide, in places as wide as 10 km. After entering
Bangladesh, the Brahmaputra splits into two branches near
Bahadurabad. The much larger branch continues south with
the name Jamuna and meets with the Ganges river near
Aricha; the smaller branch, which was the main channel
in the past, flows southeast to join the Meghna river near
Dhaka.

The basin comprises such diverse environments as the
cold dry plateau of Tibet, the rain-drenched Himalayan
slopes, the landlocked alluvial plains of Assam, and the
vast deltaic lowlands of Bangladesh [32]. Immerzeel [33]
categorized the Brahmaputra basin into three different phys-
iographic zones: Tibetan Plateau (>3,500 mean sea level
(masl), 44.4%), Himalayan belt (100–3500masl, 28.6%), and
floodplain (<100masl, 27%). These physical features play a
significant role in the climate and rainfall pattern of the
basin. The basin has a mean elevation of 3944m above
masl with the highest/lowest elevations at 8586masl (peak
of Kanchenjunga)/0masl. The Brahmaputra basin, excluding
the Tibetan portion, forms an integral part of the southeast
Asian monsoon regime with a mean annual rainfall of
2,300mm. Distribution of rainfall over the basin varies from
1,200mm in parts of Nagaland to over 6,000mm on the
southern slopes of the Himalaya [30]. This basin is heavily
influenced by monsoon rainfall. Around 70–80% of annual
rainfall falls during the monsoon season (June to September)
and 15–20% during the premonsoon season (March to May).
The basin has a large north-south precipitation gradient with
annual rainfall in 2004 ranging from 284mm in the north
at Jiangxi in China to 11,039mm in the south at Dorokha in
Bhutan.

The average annual and flood peak discharge of the Brah-
maputra, observed at Bahadurabad, are about 20,200m3/s
and 70,000m3/s, respectively [31] (Table 1). The peak dis-
charge can reach about 120,000m3/s in a catastrophic flood
season.

2.2. Preparation of RFE2.0-Modified. Themerging algorithm
of CPC-RFE2.0 defines the analysis of daily precipitation
in two steps. First, to reduce the random error inherent in
the individual data sources, the three kinds of satellite data
(GPI cloud-top IR, SSM/I, and AMSU) are combined linearly
through the Maximum Likelihood Estimation Method, in
which the weighting coefficients are inversely proportional
to the individual error variance. This provides the shape
of precipitation. Since the shape of precipitation contains
bias passed through from original individual satellite data, a
second step is introduced to remove the bias by blending the
shape of precipitation with the gauge data using the method
of Reynolds [34]. In this blending process, the gauge data are
used to define the magnitude of the precipitation field [35].

Table 1: Key hydrological characteristics of the Brahmaputra.

River basin
Basin area (×103 km2) 573
Average annual rainfall (mm) 1,900

Characteristics at Bahadurabad
Average annual discharge (m3/s) 20,200
Discharge (m3/s)

Average flood 70,000
Average low flow 4,250

Water level
(m from reference level)

Average maximum 19.1
Average minimum 13.6

Source: Sarker et al., 2003 [31].

Currently, the operational CPC-RFE2.0 algorithm uses
less than 10 rain gauge stations from global telecommunica-
tion system (GTS) networks for the Brahmaputra basin. An
improved version of CPC-RFE2.0 was developed at ICIMOD
by blending 24 hours of accumulated rainfall data of 33
gauge stations of the Brahmaputra basin in the CPC-RFE2.0,
including 3 stations in Bangladesh, 7 in India, 11 in China,
and 12 in Bhutan.We selected these 33 stations from available
90 stations according to the criteria of minimum density
of precipitation given by WMO [36] to ensure a consis-
tent distribution of stations in each country. For blending,
detailed information about each local gauge station (name,
latitude, longitude, elevation, and others) was added to a
master NOAA GTS rain gauge file to calculate the gauge-
to-gauge distances and update the number of new local
stations in the master file. Finally, the program was run
to blend the daily precipitation data from local stations for
final precipitation estimates. The final precipitation estimates
retain the station’s rain gauge value, while, as distance from a
station increases, the estimates rely more heavily on satellite
derived precipitation. This indicates that the spatial pattern
of the CPC-RFE2.0 does not change, only the magnitude of
the CPC-RFE2.0 changes. If short-term convective rainfall
events which were not well observed by the CPC-RFE2.0
were measured at a particular station, this would be included
in the RFE2.0-Modified. This improved CPC-RFE2.0 (final
precipitation estimates) which is called RFE2.0-Modified.
The reader is referred to the CPC-RFE2.0 training manual
[37] for more details about these methods. The effect of
additional local gauges on the products was clear (Figure 2).

2.3. Rainfall Data. Gauge-observed rainfall data of the study
area for the period 2004 to 2006 was provided by the
regional partners in the “Application of satellite rainfall
estimations in the HKH region” project [38]. Based on
continuous observed data availability, 2004–2006 period was
selected for the present study. Altogether, 90 gauge stations
(8 in Bangladesh, 41 in Bhutan, 19 in China, and 22 in
India) were used (Figure 1). For the general evaluation with
densities of contributing gauges per basin ranging from one



4 Advances in Meteorology

0.1

1

2

5

10

15

20

30

40

50

75

(m
m

)

(a) RFE2.0-Modified from 2006-05-12

0.1

1

2

5

10

15

20

30

40

50

75

(m
m

)

(b) CPC-RFE2.0 from 2006-05-12

Figure 2: Comparison of RFE2.0-Modified (a) and CPC-RFE2.0 (b) at the 0.1∘ (24 hours) spatial (temporal) resolution for May 12, 2006.

station per 1328 km2 to 6814 km2, daily observed rainfalls
were averaged over basin by using inverse distance weighted
(IDW) interpolation technique.

Five satellite rainfall products were used in the study:
CMORPH, GSMaP, CPC-RFE2.0, RFE2.0-Modified, and
TRMM3B42.Three of these products are fromNOAA. CPC-
RFE2.0 produces 24 hours of precipitation estimates on a 0.1∘
latitude/longitude grid over South Asia (70∘E–110∘E; 5∘N–
35∘N) in a real-time basis. It is based on the combination
of daily GTS rain gauge data, advanced microwave sounding
unit (AMSU) satellite precipitation estimates, special sensor
microwave/imager (SSM/I) satellite rainfall estimates, and
geostationary operational environmental satellite (GOES)
Precipitation Index (GPI) cloud top infrared (IR) temper-
ature precipitation estimates. The three satellite estimates
are first combined linearly using predetermined weighting
coefficients and then merged with station data to determine
the final rainfall. The CPC technique is capable of estimating
rainfall from convective (cold) as well as stratified (warm)
clouds [35, 39]. RFE2.0-Modified is the modified version of
CPC-RFE2.0, obtained by merging CPC-RFE2.0 with locally
observed rain gauge data. CMORPHuses high quality passive
microwave satellite sensors, which are then propagated by
motion vectors derived from more frequent geostationary
satellite IR data. In effect, IR data are used as a means
to transport the microwave-derived precipitation features
during periods when microwave data are not available at
a location [9]. The spatial and temporal resolutions of
CMORPH are 0.1∘ and 30 minutes (half hourly). In this
study, half hourly data was summed to daily to match the
frequency and magnitude of observed rainfall product and
other satellite rainfall products.

Another satellite rainfall product that we considered in
our study is TRMM 3B42. The National Aeronautics and
Space Administration (NASA) produces this product and
is available at 3 hourly intervals to the research commu-
nity. This product contains the output of TRMM Algo-
rithm 3B42, which is to produce tropical rainfall measuring
mission (TRMM) merged high quality (HQ)/infrared (IR)
precipitation and root-mean-square (RMS) precipitation-
error estimates. The combined instrument rain calibration
algorithm (3B-42) uses an optimal combination of 2B-31,

2A-12, SSMI, AMSR, and AMSU precipitation estimates
(referred to as HQ) to adjust IR estimates from geostationary
IR observations. The 3B-42 estimates are scaled to match the
monthly rain gauge analyses used in 3B-43 [6]. The output
is rainfall for 0.25 × 0.25 degree for every 3 hours. In this
study, TRMM Version 6 has been used (ftp://trmmopen
.gsfc.nasa.gov/pub/merged/; http://gcmd.nasa.gov/records/
GCMD GES DISC TRMM 3B42 daily V6.html) and 3
hourly TRMM 3B42-V6 data was summed to a daily interval
to match the observed rainfall product and other satellite
rainfall products.

In this study, we used GSMaP (the GSMaP MVK+
product) which is a JAXA product. The GSMaP MVK(+)
algorithm is a combination of the CMORPH technique
and Kalman filter. The IR data are used as a means to
move the precipitation estimates from microwave observa-
tion during periods when microwave data are not avail-
able at a location. The microwave sensors which used are
TRMM/TMI, Aqua/AMSR-E, and DMSP/SSMI (F13, 14, 15)
for the GSMaP MVK product; in addition to these, AMSU-
Bs are included in the GSMaP MVK+ product [10, 40]. The
spatial and temporal resolutions of GSMaP are 0.1∘ and 60
minutes (hourly). In this study, hourly GSMaP data was
summed to a daily total to match the observed rainfall
product and other satellite rainfall products. These products
are described briefly in Table 2.

2.4. Data Preparation. Satellite rainfall products are very
important for regional and global hydrological studies,
particularly for remote regions and developing countries
[1, 14, 24, 29] because they provide large area coverage,
high temporal and spatial resolution, and free access to
near real-time data through the internet [25]. To better
understand the impact of precipitation inputs on hydrological
applications, the accuracy of satellite precipitation should be
assessed against the reference data considering basin average
precipitation [23] (in our term catchment-to-catchment or
C-C) and G-G comparison [29]. Considering this aspect
and to determine the performance of G-G and catchment
wise rainfall, the point observed rainfall was converted to a
continuous rain gauge-based gridded rainfall product using
IDW interpolation techniques through ArcGIS. Tong et al.
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Grid-to-grid analysis 

4602 grids)
- Giving daily performance over 
whole basin (i.e, basin-wide daily 
performance)
- Averaging daily performance 
over month and season to 
calculate month and season-wise 
daily performance

Catchment-to-catchment analysis

catchment average daily rainfall of 
217 catchments)
- Giving daily performance over 
whole basin (i.e., basin-wide daily 
performance)
- Averaging daily performance over 
month and season to calculate month 
and season-wise daily performance 

Rainfall station
Catchment boundary
Raster rainfall grid

- Sample number = 217 (subbasin or

- Sample number = 4602 (daily data at

Figure 3: Illustration of data preparation method and method applied in verification.

[41] elucidates that IDW is themost widely used interpolation
technique in the rainfall surface preparation and it returns
closer magnitude of the observed rainfall data at the gauge
location without extensive efforts; hence, we considered it
to be suitable for our present analysis. Thiemig et al. [42]
highlighted that the IDW precipitation field showed a rather
homogeneous distribution ranging over the whole basin.
During IDW interpolation, we took variable radius of 200 km
as maximum distance search radius with at least 6 rain gauge
stations needed and power of 2 for the exponent in the rela-
tionship of weights. Hence, IDW generated gridded rainfall
data was used for the present verification and comparison
and two types of data were prepared from the observed and
satellite rainfall gridded data for G-G comparison and data
for C-C comparison.

(i) Data for Grid-to-Grid Comparison. The spatial resolution
of products other than TRMM is 0.1∘× 0.1∘ while the res-
olution of TRMM is 0.25∘× 0.25∘ in world geodetic system
(WGS) 1984 coordinate system.The binary format of satellite
rainfall estimates were converted to raster rainfall data and
projected in Lambert Azimuthal Equal Area projection sys-
tem.The projection gave different spatial resolution in meter
distance for different products. Using the spatial analyst tool
in ArcGIS, all SRE were resized for consistency, to the same
resolution as CPC-RFE2.0 (10,728m) so that all products
maintained the same number of grids in the study area (4,602
grids, each 115 km2) in the Lambert projection system. The
resizing of the resolution was done in a way such that any
grid or raster cell of a particular satellite product completely
coincideswith the corresponding grid or raster cell of another
product, that is, maintaining the same analysis extension in
ArcGIS. It should be noted here that the same resolution

and extension were also maintained for the interpolated
gridded surface rainfall of gauge data. After completing
these background tasks, including gauge data interpolation,
converting binary rainfall data to raster data followed by
resizing all gridded data into a same resolution, rainfall value
at the centre of each grid was extracted from all data sets
(observed-interpolated and satellite rainfall data). So there
were a total of 4,602 grid rainfall data for each day for each
data set available for the verification purpose. Each satellite
data set was then verified with observed-interpolated data
on a daily basis followed by a summarization over month
and season by means of averaging daily performance and
the performance of each product was compared with one
another. This is how the G-G analysis was done and the
process is illustrated in Figure 3.

(ii) Data for Catchment-to-Catchment Comparison. To deter-
mine the performance of the satellite-based rainfall estimates
over the subbasin or catchment scale in the Brahmaputra
Basin, catchment average daily, dekadal (10 daily accumu-
lation), and monthly satellite-based rainfall were compared
with gauge interpolated rainfall.

Mei et al. [23] stated that catchment average rainfall
approach allows a more direct inference on the hydrological
impact of the satellite rainfall estimation error and, simi-
larly, size of catchments also influences the satellite rainfall
errors. A total of 217 subbasins or catchments (Figure 1)
were delineated in the study area using the shuttle radar
topography mission (SRTM) derived DEM data and an
ArcGIS hydrological analysis tool.Theminimum,maximum,
and average sizes of those catchments were 98, 8,982, and
2,401 km2, respectively. The ArcGIS spatial analyst tool was
used to generate the average daily rainfall in each catchment
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from the gauge interpolated rainfall and satellite rainfall data
sets as well. The analysis was based on basin average rainfall
rather than the usual pixel-based comparison as elucidated
by Mei et al. [23]. The conceptual and (semi-) distributed
hydrological model relies on catchment average rainfall data;
comparison of catchment average rainfall thus gives an idea
of how useful the selected satellite rainfall products are
in a hydrological modelling study. The catchment average
comparison between observed and satellite rainfall data has
been referred to as C-C comparison in this paper.

2.5. Verification of Satellite Rainfall Estimates. There aremany
methods of spatial verification available that can be used to
compare rain gauge measurements with SRE. In this study,
the statistical measures used to compare the satellite estima-
tionswith the ground truth (rain gauge) data were taken from
the results of the 3rd Algorithm Intercomparison Project of
theGlobal PrecipitationClimatology Project (GPCP) ([5, 43–
45]; http://cawcr.gov.au/projects/verification/). The spatial
verification methods included visual verification, continuous
statistics (MAE, RMSE, 𝑟 and Mbias), and categorical statis-
tics (PODandFAR) andwere based ondaily, dekadal (10 daily
accumulation), monthly, and seasonal accumulation rain
gauge and satellite estimated data. The continuous statistics
were used to evaluate the performance of the satellite prod-
ucts in estimating the amount of rainfall whereas categorical
statistics were used to access rain detection capabilities.
These categorical statistics are very much important if SRE
products will be used in modelling of floods because of
precipitation detection. Both POD (hits) and FAR (misses)
help to understand the hydrological consequences of the
sources of errors in SRE products [16].

Both G-G and C-C verification were carried out as shown
in Figure 3. G-G analysis was carried out using daily,monthly,
and seasonal rainfall over the entire study area whereas C-
C analysis was carried out using daily, dekadal, and monthly
average rainfall in each catchment.

3. Results

3.1. Visual Comparison of Daily Rainfall Estimates. Despite
being subjective in nature, simple visual comparison of
mapped estimates and observations (eyeball verification)
is one of the most effective verification methods [5]. The
basinwide daily rainfall distribution of SRE and observed-
interpolated rainfall map was compared visually for June 14,
July 8, August 21, and September 2, 2004. The dates were
chosen to test the performance of the SRE in times of heavy
rainfall and correspond to the days withmaximumbasinwide
rainfall in monsoon months in 2004. Figure 4 shows the
rainfall distribution maps for July 8, the heaviest rainfall day
in the heaviest monsoon, as an example.

In general, there was a good detection of rainfall distribu-
tion for most of the verified days despite some discrepancies;
this can be attributed to the fact that most of high altitude
areas suffer most from the rain gauge insufficiency problem
[17]. Stisen and Sandholt [25] elucidate that this might be the
issue of interpolation uncertainty due to low gauge density
that could not properly capture rainfall pattern influenced by

orography. Another possible source of error is that all daily
precipitation stations in this domain are measured at 03Z to
03Z which is not consistent with the SRE daily accumulation.
This generates a 3:15-hour bias of the rainfall accumulation.
Close analysis showed that all SRE rainfall patterns were con-
sistent with the observed rainfall in as much as heavy rainfall
was detected in the southwestern, central, central-south, and
southeastern parts of the basin andmoderate to low rainfall in
the north-central and northwestern part of the basin. RFE2.0-
Modified and TRMM 3B42 corresponded significantly well
with the observed-interpolated data in terms of distribution,
followed by CMORPH, CPC-RFE2.0, and GSMaP showing
large discrepancies with the observed daily rainfall map. All
the satellite rainfall maps showed a clear underestimation
of daily rainfall (Figure 4). One of the possible explanations
of this underestimation of the SRE product is due to warm
orographic rainfall that cannot be detected by microwave
(MW) and IR sensor. Furthermore, IR cannot solve the
multiple layers of raining clouds during monsoon [16]. One
of the possible reasons for this behaviour of the SRE product
could be the surface snow and ice screening procedure
embedded in the algorithm [9]. MW sensors largely fail to
discriminate between frozen hydrometers and surface snow
and ice [46, 47]. Nevertheless, the SRE products show the
distribution of the daily rainfall reasonably well.

3.2. Grid-to-Grid Comparison. In order to get an impression
of the spatial distribution of the differences between the SRE
and the interpolated rain gauge in the entire basin and not
only at the gauge pixels, the different SRE were compared
from the validation images on a pixel to pixel basis [17]. Under
this comparison, the whole Brahmaputra was considered as a
single homogenous region.

(i) Daily Rainfall. Table 3 shows the results of comparison
of the different SRE products over Brahmaputra basin on
July 8, 2004; RFE2.0-Modified performed best among all the
satellite rainfall products. In terms of rainfall detection, it
can be seen from Table 3 that CMORPH has the lowest POD
(0.74) performance among the SRE products indicating slight
rainfall detection problem compared to other SRE products.
But FAR is zero for all SRE products.

(ii) Monthly Average of Daily Rainfall Error Statistics. The
daily error found in continuous statistical analysis for the
gridded rainfall was averaged over a month, and the results
for the same month in the three consecutive years again
were averaged to give averagemonthly statistics for the whole
period (monthly average). The monthly average of the daily
error statistics for the different satellite products from 2004
to 2006 are shown in Figure 5.

RFE2.0-Modified showed the lowest daily root mean
square error (RMSE)with values between 7.3 and 11.7mm/day,
an average of 9.7mm/day during monsoon (June to Septem-
ber) with 11.5, 12, 11.4, and 13.3mm/day for CPC-RFE2.0,
CMORPH, GSMaP, and TRMM 3B42, respectively (upper
right panel of Figure 5).The lower left panel of Figure 5 shows
the monthly average correlation coefficient of all considered
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(b) CPC-RFE2.0
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(c) RFE2.0-Modified
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Figure 4: Rainfall distribution maps from six different products over the Brahmaputra Basin on July 8, 2004.
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Table 3: Daily error statistics of satellite rainfall on July 8, 2004.

Parameter July 8, 2004 (G-G)
CPC-RFE2.0 RFE2.0-Modified CMORPH GSMaP TRMM 3B42

MAE (mm/day) 18 12 18 19 18
RMSE (mm/day) 37 24 32 36 33
𝑟 0.3 0.8 0.6 0.4 0.5
Mbias 0.53 0.95 0.53 0.5 0.83
POD 0.99 0.99 0.74 0.91 0.92
FAR 0 0 0 0 0
MAE:mean absolute error; RMSE: root mean square error; 𝑟: correlation coefficient; Mbias: multiplicative bias; POD: probability of detection; FAR: false alarm
ratio.
Note: bold indicates best value among the five products.
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Figure 5: Monthly average of daily error statistics of different satellite products (G-G analysis).

SRE products. Again, RFE2.0-Modified is clearly the best
product suggesting that the daily rainfall of this product
corresponds well with the observed rainfall. The correlation
coefficient is equal to or more than 0.4 in the premonsoon,
monsoon, and postmonsoon (April to October) season,
though it drops to 0.3 or even less during the dry season
for RFE2.0-Modified. The correlation coefficient for other
products does not exceed 0.4 in any month of the year.
The monthly average multiplicative bias (Mbias) for RFE2.0-
Modified for March to September is on average 0.86 (lower
right panel of Figure 5) suggesting that RFE2.0-Modified
underestimated daily rainfall in comparison with observed
data by 14% during March to September. This was the best
result, that is, least underestimation of actual rainfall among

all satellite products. High Mbias during dry season for all
satellite products is the result of very low rainfall amount
detection in comparison to observed data. In this analysis, the
gauge corrected TRMM 3B42 daily product did not perform
well; possibly because of the very limited access to observed
rain-gauge data in this region. However, the monthly and
seasonal estimates performed well compared to CPC RFE2.0,
CMORPH, and GSMaP. In summary, TRMM 3B42 is a better
productwhen a long termaverage is considered, a finding that
is consistent with the findings of previous studies [16, 29].

The daily error categorical statistics for the gridded
rainfall were also averaged over a month, and the results
for the same month in the three consecutive years were
averaged to calculate average monthly statistics for the whole



10 Advances in Meteorology

0

0.2

0.4

0.6

0.8

1

POD

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

CPC-RFE2.0
CMORPH
TRMM 3B42

RFE2.0-Modified
GSMaP

0

0.2

0.4

0.6

0.8

1

FAR

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

CPC-RFE2.0
CMORPH
TRMM 3B42

RFE2.0-Modified
GSMaP

Figure 6: Month average of daily error categorical statistics of satellite rainfall for 2004 to 2006 (G-G analysis).

0

50

100

150

200

MAE (mm/month)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
0

100

200

300

400

RMSE (mm/month)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

0

5

10

15

20

Mbias

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

CPC-RFE2.0
CMORPH
TRMM 3B42

RFE2.0-Modified
GSMaP

0

0.2

0.4

0.6

0.8

1

Correlation coefficient (r)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

CPC-RFE2.0
CMORPH
TRMM 3B42

RFE2.0-Modified
GSMaP

Figure 7: Monthly rainfall error statistics of different satellite products for 2004 to 2006 (G-G analysis).

period (monthly average). The monthly average of the daily
error categorical statistics values for the different products
is shown in Figure 6. CPC-RFE2.0 and RFE2.0-Modified
gave relatively similar results, with overall average daily POD
values of 0.66 and 0.64, respectively, during monsoon; the
other three products were somewhat different. TRMM 3B42
performed slightly better than CMORPH and GSMaP. One
possible reason for the slightly better performance could
be that TRMM 3B42 used gauge data compared to SRE
products that used only remote sensing data. All satellite
products had more or less similar results for FAR. The FAR

was as expectedly less in June to September than in the other
months.

(iii) Error Statistics of Monthly Rainfall. A direct analysis
of monthly rainfall was also carried out by summing daily
rainfall data to provide the monthly value, analysing the
monthly error statistics, and averaging the results for the
samemonth over the three years (2004–2006).The results are
shown in Figure 7.

The pattern of variation of the correlation coefficient (𝑟)
andMbias over the yearwas similar for all five satellite rainfall
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products, although there were clear differences in overall
performance. Again, RFE2.0-Modified provided the best esti-
mates by a considerable margin. The correlation coefficient
for RFE2.0-Modified, TRMM3B42, and CMORPHwas fairly
consistent from April to October with average values of 0.83,
0.70, and 0.68, respectively (lower left panel of Figure 7). The
performance of CPC-RFE2.0 and GSMaP was less consistent,
dropping during July and August and increasing again in
September and October being 0.58 and 0.63, respectively.
With the exception of CPC-RFE2.0, remaining four products
provided correlation coefficient of about 0.5-0.6 in March
where RFE2.0-Modified and TRMM 3B42 provided highest
(0.6). In February correlation coefficient range between 0.3–
0.6 where TRMM 3B42 showed better performance than
other satellite rainfall products. This analysis shows that
TRMM 3B42 provides a consistent correlation coefficient
of monthly rainfall during February to October of 0.6 or
higher, which was quite exceptional in comparison to other
products. The correlation coefficient was markedly lower
during November to January for all products except RFE2.0-
Modified.The monthly rainfall of RFE2.0-Modified also per-
formed best in terms of MAE, RMSE, andMbias and TRMM
3B42 performed second best. However, the performance of
these two products during premonsoon and monsoon (April
to September) was close, providing the sameMbias of 0.8 and
RMSE of 107 and 139mm/month, respectively. CPC-RFE2.0
also provided Mbias of 0.8, but the RMSE was considerably
high in amonth, 156mm.The least performing products were
CMORPHandGSMaPwhich provided the sameMbias of 0.6
but the RMSE was 158 and 169mm/month.

(iv) Evaluation of Seasonal G-G Rainfall.Themonsoon season
was the primary focus in this study as more than 80% of
annual rainfall falls during this period, and it is the most
important season for flood prediction and warning [3]. The
monsoon or rainy season is important from the agriculture
point of view in terms of paddy cultivation. Figure 8 shows
the spatial distribution of observed-interpolated and satellite
estimated average monsoon rainfall over the period of 2004
to 2006 (overall average of the monsoon season value in
each of the three years). The distribution pattern of heavy,
moderate, and low rainfall areas shown by RFE2.0-Modified,
CMORPH, and TRMM 3B42 corresponded fairly well with
that of the observed-interpolated data, but there was an
underestimation of the amount. CPC-RFE2.0 and GSMaP
were also able to capture the heavy,moderate, and low rainfall
areas, but overall correspondence with observed rainfall was
very poor. RFE2.0-Modified and CPC-RFE2.0 tended to
overestimate the rainfall in the rain shadow areas in the
northern part of the basin, but the other SRE products
underestimated the rainfall in these areas.

Figure 9 shows the results of analysis with continuous
statistics of the seasonal rainfall given by the different prod-
ucts. RFE2.0-Modified was the best product for estimating
monsoon rainfall with an average RMSE of 434mm/season,
correlation coefficient of 0.85, and Mbias of 0.84. TRMM
3B42 was the next best product followed by CMORPH, CPC-
RFE2.0, and GSMaP. Although CMORPH had a relatively
good correlation coefficient value (0.84), the values of other

parameters showed that it did not provide good estimates of
monsoon rainfall.

3.3. Catchment-to-Catchment Comparison (C-C). Evaluating
the error propagation of satellite rainfall through the prism
of surface hydrology is a very challenging task because it
relates too many factors, which include (i) specifications of
the satellite rainfall products and its resolution, (ii) scale of
the basin, (iii) spatiotemporal scale of the hydrologic variable
of interest, (iv) the level of complexity and physical processes
represented by the hydrologic model used, and (v) regional
characteristics [28]. The C-C analysis aimed to evaluate the
performance of satellite products in estimating the amount
of rainfall in individual catchments and thus capturing the
spatial variation resulting from the complex topography,
significant elevation change, and scale rather than the usual
pixel-based comparison [23, 25].These results are particularly
useful for understanding the applicability of satellite rainfall
for developing hydrological applications.

(i) Evaluation of Daily Rainfall. As the main focus was on
the monsoon season and heavy rainfall that might lead to
flooding, the analysis compared the performance of catch-
ment values from SRE products compared to the observed
rain gauge product on July 8, 2004. The results are shown
in Table 4. RFE2.0-Modified performed better than all other
satellite rainfall products for all parameters except FAR.
Some values (RMSE, Mbias) were better than in the G-
G comparison. There was little difference in performance
among the other products.

(ii)Monthly Average of Daily Rainfall Error Statistics.Thedaily
error continuous statistics for average daily rainfall in each
of the 217 catchments were averaged over a month, and the
results for the same month in the three consecutive years
again were averaged to give average monthly statistics for
the whole period (monthly average). The monthly averages
of the daily error statistics for the different satellite products
from 2004 to 2006 are shown in Figure 10. RFE2.0-Modified
performed the best, followed by TRMM 3B42, but all the
SRE showed the same trend of low errors in the dry months
and high errors in the wet months. The categorical statistical
method is not appropriate for C-C analysis, hence not done
for this C-C analysis.

The results of C-C analysis in monthly average of daily
error statistics gave almost the same result as G-G analysis.
However, C-C analysis provided slightly lower MAE and
RMSE for all products than G-G analysis, indicating that
averaging rainfall over a larger area (i.e., from grid to catch-
ment) tends to minimize the errors in magnitude, though the
changes may happen in big margin and depending on the
size of the catchments. On the other hand, the changes in
correlation coefficient and Mbias from G-G to C-C analysis
in daily rainfall analysis was not significant at all.

(iii) Evaluation of Average Dekadal C-C Rainfall. Herman et
al. [39] evaluated 10-day (dekadal) African rainfall estimates
created for famine early warning systems and highlighted
that 10-day precipitation estimates are generated for drought
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Figure 8: Average monsoon rainfall distribution in the Brahmaputra basin in 2004 to 2006.
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Figure 9: Seasonal error statistics of different satellite products for 2004 to 2006 (G-G analysis).

Table 4: Daily catchment error statistics of satellite rainfall on July 8, 2004.

Parameter July 8, 2004 (C-C)
CPC-RFE2.0 RFE2.0-Modified CMORPH GSMaP TRMM 3B42

MAE (mm/day) 18 13 14 17 15
RMSE (mm/day) 27 17 21 26 23
𝑟 0.3 0.8 0.7 0.5 0.6
Mbias 0.61 1.04 0.58 0.58 0.94
POD 1 1 0.77 0.95 0.95
FAR 0.02 0.02 0.02 0.02 0
MAE:mean absolute error; RMSE; root mean square error; 𝑟: correlation coefficient; Mbias: multiplicative bias; POD: probability of detection; FAR: false alarm
ratio. Note: bold indicates best value among the five products.

monitoring purpose, a standard period defined by famine
early warning systems and considered appropriate for hydro-
logical applications. Also, to demonstrate the utility in flood
forecasting, because depending on upstream basin size, flood
routing lag time may vary from daily to dekadal or so.
Visual and statistical comparisons were made of gauge-
observed and satellite-based catchment average dekadal
rainfall estimates (catchment wide 10-daily accumulation)
over the period 2004 to 2006. The results are shown in
Figure 11. There was general agreement in the overall pattern
of rainfall distribution between observed and satellite esti-
mated data, with SRE following the same trend of high and
low rainfall intensity as the observed-interpolated rainfall.
However, the amount of rainfall was generally underesti-
mated.TheRFE2.0-Modified satellite rainfall showed the best

correspondence with observed rainfall. The statistical analy-
sis also showed that RFE2.0-Modified provides much better
estimates of catchment-wise dekadal rainfall than the other
products, with a coefficient of determination (𝑟2) of 0.96,
compared to 0.83, 0.84, 0.86, and 0.88 for CPC-RFE2.0,
GSMaP, CMORPH, and TRMM 3B42, respectively. Symeon-
akis et al. [17] highlighted that dekadal sums yielded better
results than the respective daily data, which is in agreement
with the findings of this study.

4. Discussion and Conclusion

The evolution of regional and global SRE products with
high temporal and spatial resolution has opened up new
opportunities for hydrological applications in data sparse
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satellite rainfall products from 2004 to 2006.

regions. The main purpose of the present study was to
evaluate the estimates from three global and two regional
SRE products in comparison with observed rain gauge data
in the Brahmaputra river basin, in order to determine their
operational viability for use in hydrological applications in a
region with sensitivity to orographic effects. The evaluation

was carried out at daily, dekadal, monthly, and season
temporal scales for the period 2004 to 2006 using G-G and
C-C approaches, with visual analysis, continuous verification
statistics, and categorical verification statistics.

The estimates from the five SRE products generally
showed a qualitative agreement with observed rain-gauge
data and rainfall events but differences in quantitative values.
One possible reason for underestimation of rainfall amount
is mainly attributable to warm orographic rain which cannot
be detected by the IR as well as MW sensors. IR algo-
rithms use cloud-top temperature thresholds that are too
cold for the orographic clouds; leading to underestimation
of orographic rain. Passive microwave (PM) algorithms
underestimate rainfall from orographic rain, which may
not produce much ice aloft [47]. CPC-RFE2.0 and RFE2.0-
Modified performed better in the categorical verification
statistics and showed good rain/no-rain detection; the other
three products performed less accurately in POD and FAR.
The average daily Mbias from 2004 to 2006 for RFE2.0-
Modified using G-G comparison was 0.86; that is, RFE2.0-
Modified underestimates rainfall by 14% on average. RFE2.0-
Modified had the lowest values for daily RMSE.The seasonal
average error statistics for RFE2.0-Modified showed that
rainfall occurrence was underestimated by about 16% in the
monsoon, 20% in premonsoon, not at all postmonsoon, and
only 0.03% in winter; CMORPH, TRMM 3B42, and CPC-
RFE2.0 overestimated rainfall slightly in postmonsoon. CPC-
RFE2.0 and RFE2.0-Modified had a positive bias in the rain
shadow areas of the trans-Himalaya, one of the possible
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reasons for overestimation of rainfall amount is that the MW
sensor used by CPC-RFE2.0 presumed very cold surfaces
and ice cover mountain tops as a rain cloud [47]. Further,
IR based techniques may overestimate of rainfall due to
misidentification of some cold clouds, such as cirrus, that
may not generate any rainfall [16], whereas GSMaP, TRMM
3B42, and CMORPH underestimated the rainfall amount in
these areas. One of the possible reasons for this behaviour of
SRE products could be the surface snow and ice screening
procedure embedded in the algorithm due to the fact that
MW sensors largely fail to discriminate between frozen
hydrometeors and surface snow and ice, another possible
reason for limitations in spatial and temporal sampling by the
MW sensors [16].

The SRE estimates were slightly better when the river
basin was divided into catchments rather than considering
whole Brahmaputra as a single unit (Grid-to-Grid). Time
series comparison of C-C basin average dekadal rainfall from
2004 to 2006 showed strong agreement between RFE2.0-
Modified and the observed data with a correlation coefficient
of 0.96.The potential of RFE2.0-Modified has been shown in
a small catchment (the Narayani and the Bagmati river basin)
where it was found to be suitable for use in hydrological
applications [1, 48]. The other SRE products also performed
better but still underestimated the rainfall amount.

In summary, the results indicate that SRE provides
reasonable rainfall estimates over the Brahmaputra river
basin. RFE2.0-Modified showed the best correspondence
with observed rainfall and was the best product in the cur-
rent evaluation followed by TRMM 3B42, CMORPH, CPC-
RFE2.0, andGSMaP. Overall, in the rugged topography of the
Brahmaputra river basin, SRE products which incorporated
gauge data performed better than the products that only used
remotely sensed data.The effect of additional local gauges on
the quality of the products was clear in the present study. It
also revealed that evaluation of SRE products at monthly and
seasonal temporal resolution provided better results which
could be considered as useful for overall water resource
assessment of the basin.
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The numerical weather prediction (NWP) is gaining more attention in providing high-resolution rainfall forecasts in the arid and
semiarid region. However, the modeling accuracy is negatively affected by errors in the initial conditions. Here we investigate
the potential of data assimilation in improving the NWP rainfall forecasts in the northeastern Tibetan Plateau. Three of three-
dimensional variational (3DVar) data assimilation experiments were designed on running the advanced research weather research
forecast (WRF) model. Two heavy rain events selected with different rainfall distribution in space and time are utilized to examine
the improvement for rainfall forecast after data assimilation. For the spatial distribution, the improvement of rainfall accumulation
and area is obvious for the both two events. But for the temporal variation, the improvement is more obvious for the event with
even rainfall distribution in time, while the effect of data assimilation is not ideal for the rainfall event with uneven distribution
in space and time. It is noteworthy that, for both the spatial and temporal distribution of rainfall, satellite radiances have greater
effect on rainfall forecasts than surface and upper-air meteorological observations in this high-altitude region. Moreover, the data
assimilation experiments provide more detail information to the initial fields.

1. Introduction

Precipitation is a crucial component in the hydrological cycle
of the Earth and has a profound influence on climate and
hydrology at regional to global scales [1]. A high-resolution
heavy rainfall forecast plays an important role in accurate
flood forecasting andwater resource regulation [2], especially
in the arid and semiarid region of northwest China where
precipitation is crucial for water resources, and the heavy rain
often results in flash flood in summer. Therefore, providing
accurate rainfall forecasts over northwest China using the
numerical weather prediction (NWP) is of prime importance.
Weather research and forecast (WRF) is the latest generation
mesoscale NWP model. Recent studies have shown that
the WRF model has good potential in capturing rainfall
features such as rainfall timing, location, and evolution [3–5].

However, for producing accurate values for rainfall quantities,
the results are not ideal due to the low-quality initial condi-
tions [6], which can be improved by data assimilation [7].

With the improvement of the NWP models, several
data assimilation skills, such as three and four-dimensional
variational methods (3DVar/4DVar), ensemble Kalman filers
(EnKF), and latent heat nudging (LHN) have been developed
in the methods of variational and ensemble [8, 9]. Although
the 4D-Var and EnKF methods show great potential, they
still suffer from unaffordable computer costs for operational
NWPs. In continuous cycling mode, 3DVar performs better
in producing rational analyses of hydrometeorological fields
with greater computational efficiency than 4DVar, EnKF, and
LHN [10, 11].

Real-time observations have generally been used in
the assimilation systems and shown to improve markedly
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Figure 1: Domains for the ARW-WRF forecasts. The outer box is the coarse grid with a resolution of 12 km (d01); the inner box is the nested
grid (d02) with a resolution of 4 km.

the performance of NWP models, in spite of the poor initial
conditions provided by the global NWP models [12]. In the
case of high temporal and spatial resolution satellite data,
the European Center for Medium-Range Weather Forecasts
(ECMWF) pioneered the direct assimilation of microwave
radiance data affected by precipitation, first in a 1 + 4Dvar
assimilation approach [13, 14] and later in an implementation
of all-sky radiance assimilation in the operational 4Dvar
system [15, 16]. Additionally, many investigations have shown
that rainfall forecasts from theNWPmodels can be improved
noticeably with the assimilation of radar reflectivity [17–19]
or radar-derived precipitation data [20, 21]. Nevertheless, the
remote sensing data need to be validated against ground truth
[22], and surface observations have a wealth of information
that can be used to simulate mesoscale weather phenomena
[23]. Therefore, the assimilation of surface observations in a
NWP model is likely to improve the model performance as
well. Previous studies have beenmade to improve simulations
of weather parameters by using direct or modeled surface
observations. These include the assimilation of tempera-
ture, water vapor, mixing ratio and winds [24], and 2m
potential temperature, 2m dew point temperature, and 10m
wind observations [25] into the NWP model, to determine
planetary boundary layer (PBL) profiles and to analyse the
surface cold pool, respectively. The results show a marked
improvement in the model simulations after the assimilation.
In the WRF assimilation system, previous research has
also shown that, by assimilating only the satellite data, the
improvement in precipitation forecasts is not as great as when
the assimilation of satellite data is combined with that of
surface observations [26, 27].

In this study, the WRF-3Dvar system is used to explore
the effect of the assimilation of NCAR surface and upper-
air observations and of AMSU-A and AMSU-B microwave
radiance data on forecasts of heavy precipitation on the
northeastern Tibetan Plateau. Two heavy rain events that
occurred in June, 2013, were selected in order to evaluate

the improvement for rainfall forecast after data assimilation.
The paper is organized as follows. Section 2 gives a concise
overview of the method and experiment design. Section 3
provides information on the study area and the data. The
results of the data assimilation experiments are presented and
evaluated in Section 4, and conclusions are given in Section 5.

2. Method and Experimental Design

2.1. WRF Model Set-Up. The numerical data assimilation
experiments in this study are conducted using the Advanced
Research WRF model Version 3.5. WRF is a nonhydrostatic,
primitive-equation, mesoscale meteorological model with
advanced dynamics, physics, and numerical schemes (details
of the model is at http://www.mmm.ucar.edu/). As shown in
Figure 1, the model domains are two-way nested with 12 km
(208 × 182) and 4 km (235 × 182) horizontal spacing. Each
domain has 28 vertical pressure levels with the top level
set at 50 hPa. The WRF physical parameterization schemes
used in this study include the Purdue Lin microphysical
parameterization, Rapid Radiative Transfer Model (RRTM)
longwave radiation, Dudhia shortwave radiation, Monin-
Obukhov surface layer, Noah land surface, Mellor-Yamada-
Janjic (MYJ) planetary boundary layer scheme, and Grell-
Devenyi (GD) cumulus scheme. The projection method is
Lambert.

2.2. 3D-Var Data Assimilation. Data assimilation is the tech-
nique by which observations are combined with a NWP
product (called the first guess or background field) and
their respective error statistics to provide an improved esti-
mate (the analysis) of the atmospheric (or oceanic) state.
Variational (Var) data assimilation achieves this through
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the iterative minimization of a prescribed cost (or penalty)
function [28]:
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where 𝑥 is the analysis to be found that minimizes the
cost function 𝐽(𝑥), 𝑥𝑏 is the first guess of the NWP model,
𝑦
0 is the assimilated observation, and 𝑦 = 𝐻(𝑥) is the

model-derived observation transformed from the analysis 𝑥
by the observation operator 𝐻 for comparison against 𝑦0.
The solution for the cost function given by (1) represents
a posteriori maximum likelihood (minimum variance) esti-
mate of the true state given the two sources of a priori data:
the first guess 𝑥𝑏 and the observation 𝑦0 [29]. The fit to
individual observation points is weighted by the estimates
of their errors, that is, 𝐵 and 𝑅, which are the background
error covariance matrix and the observation error covariance
matrix, respectively.

The WRF-3DVar system developed by Barker et al. [10]
is used in this study in tandem with the WRF model for
assimilating the satellite radiance data and the traditional
observations. The performance of the data-assimilation sys-
tem largely depends on the plausibility of the background
error covariance (BE), that is, thematrix𝐵 in (1). In this study,
the “CV5” background error option is used with the control
variables of stream function, unbalanced temperature, unbal-
anced potential velocity, unbalanced surface pressure, and
pseudo relative humidity. The background error covariance
matrix is generated via the National Meteorological Center
(NMC) method [30] for our own forecasting domain.

2.3. Experimental Design. Four sets of experiments have been
conducted using two domains. As shown in Table 1, the
model simulation without data assimilation will be referred
to as the control experiment (CTRL). Three assimilation
experiments are designed using different observation param-
eters from different data sources. In the DA-OBS experiment,
measurements of pressure, geopotential height, temperature,
dewpoint temperature, wind direction, and speed from
NCARare assimilated, while in theDA-SAT experiment, only
satellite radiance data are assimilated. Finally, in the DA-
BOTH experiment, both NCAR observations and AMSU-A
(B) radiance data are assimilated.

3. Study Area and Data

As shown in Figure 2, the northeastern of the Tibetan
Plateau (94∘39–103∘27E, 35∘51–40∘31N) range of elevation
between 758m and 5725m a.s.l is the head of many inland
rivers, which play an important role in the hydrology and
agriculture in the downstream arid region. A total of 43
national observation stations have been used to verify the
spatial distribution of the simulated precipitation, among
which the Wulan station has the highest elevation of 3800m
andDunhuang has the lowest altitude of 1137m.Theobserved

Table 1: Details of the observed data used in the assimilation
experiments.

Experiment name Assimilated data
CTRL No data assimilation

DA-OBS NCAR surface and upper-air
observation

DA-SAT AMSU-A and AMSU-B radiance
data

DA-BOTH NCAR observation and
AMSU-A (B) radiance data

precipitation at Laohugou station (elevation 4200m) has
been used to evaluate the temporal variations of the simulated
rainfall, which is measured by T200B every half hour.

The initial and boundary conditions necessary to run the
WRF are the ERA-Interim data at 1∘ × 1∘ grid resolution
obtained from the European Centre for Medium-Range
Weather Forecasts (ECMWF), rather than the NCEP-NCAR
Final Analysis (FNL) data. This is because several studies
have demonstrated that the reliability of ERA-Reanalysis data
is higher than the NCEP data in China [31, 32]. In the
model integration, the coordinates of the central point are
38.1∘N and 98.9∘E. WRF-3DVar experiments have been con-
ducted with modified initial conditions which were obtained
by assimilating other measured data. The assimilated data
includes NCAR surface and upper-air observations and
AMSUA and AMSUB radiance data. The surface and upper-
air data assimilated in this study are obtained from the
“ds337.0” in the NCAR archives, which contain measure-
ments of pressure, geopotential height, temperature, dew
point temperature, wind direction, and speed from fixed and
mobile land/sea stations. The data are initially downloaded
in PREPBUFR format and can be assimilated directly into
WRFDA. The AMSU-A and AMSU-B satellite radiance data
(NOAA-15/16/17/18/19) from theNOAAATOVS instruments
can be read in WRFDA via CRTM2.0.2, which is in BUFR
format.

4. Results and Discussion

4.1. Impacts of Data Assimilation on the Precipitation Forecast

4.1.1. Rainfall Event. In June 2013, two heavy rain events
occurred in the northeast of the Tibetan Plateau. The
durations of the events and the maximum/mean rainfall
accumulation observed by rain gauge network are shown
in Table 2. The two events are of different types according
to the evenness of rainfall distribution in time and space.
Figure 3 illustrates the spatial distribution of the rainfall
accumulation for the durations of the two events, while
Figure 4 presents the time series bars and the cumulative
curves of the observed precipitation for the two events at
Laohugou station. By comparing the evenness of the rainfall
distribution in time and space in Figures 3 and 4, it can be
found that Event A has even rainfall distribution neither in
space nor in time. The rainfall distribution of Event B is also
uneven in space, but continuous and almost constant in time.
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Table 2: Durations, maximum/mean rainfall accumulation, and spatial/temporal evenness of the heavy rain events.

Event ID Start time End time Spatial evenness Temporal evenness Maximum precipitation Mean precipitation
A 18/6/2013 0:00 19/6/2013 24:00 1.46 1.44 42.5 6.7
B 7/6/2013 0:00 7/6/2013 24:00 1.15 0.63 23.5 5.3
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Figure 2: Location map showing the northeastern edge of the Tibetan Plateau and 44 observation stations.
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Figure 3: Spatial distribution of the rainfall accumulation for the durations of the two events shown in Thiessen polygons: (a) Event A; (b)
Event B.

As for the meteorological characteristics of the storm events
according to the weather analysis charts, Event A is likely
caused by very strong local convections, and Event B may be
a stratiform storm.

The rainfall evenness/unevenness of the two heavy rain
events can be further verified quantitatively by using the
coefficient of variability (CV):

CV = √ 1
𝑁

𝑁

∑

𝑖=1

(

𝑥
𝑖

𝑥

− 1)

2

, (2)

where 𝑥
𝑖
is the rainfall accumulation of each rain gauge 𝑖

(when calculating the evenness in space) or the average areal

rainfall at each time step 𝑖 (for the evenness in time), 𝑥 is
the mean value of 𝑥

𝑖
, and 𝑁 is the total number of rain

gauges or the total number of the time steps. The results of
the two rainfall events are also shown in Table 2. A larger
CV value represents higher variability thus less even rainfall
distribution. The CV value of the spatial evenness for Event
A is larger than that for Event B, which means Event A has
higher variability in space.

4.1.2. Spatial Distribution of Precipitation. In Figure 5, com-
pared with CTRL experiment (Figure 5(a)), the forecasts of
precipitation area and accumulation are increased notice-
ably depending on different data assimilation. The CTRL
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Figure 4:The time series bars and the cumulative curves of the observed precipitation for the two heavy rainfall events at Laohugou station:
(a) Event A; (b) Event B.
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Figure 5: The forecast precipitation for Event A from the different numerical experiments: (a) CTRL; (b) DA-SAT; (c) DA-OBS; (d) DA-
BOTH.
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Figure 6: The forecast precipitation for Event B from the different numerical experiments: (a) CTRL; (b) DA-SAT; (c) DA-OBS; (d) DA-
BOTH.

experiment predicts only a small amount of rainfall on the
northwestern of the study area, while in DA-SAT experiment
precipitation area extends to the central and southern regions
of the study area and rainfall accumulation increases sig-
nificantly (Figure 5(b)). But in the northwest of the region,
the rainfall accumulation for DA-SAT experiment is similar
with that shown in Figure 5(a). In DA-OBS experiment
(Figure 5(c)), precipitation accumulation on the northwest-
ern of the region is greater than that in CTRL experiment,
but the precipitation area is similar in both experiments.
Figure 5(d) shows the result of DA-BOTH experiment, in
which the precipitation area is the largest and accumulation
is the biggest compared with the other three experiments.

The results for Event B are shown in Figure 6. The
precipitation area on the northwestern of the study region is
significantly increased by DA-SAT experiment (Figure 6(b))
relative to that in CTRL experiment. In Figure 6(c),

the precipitation area in DA-OBS experiment is same as
that in Figure 6(a), but the precipitation accumulation is
obviously decreased on the southeastern of the region.
Figure 6(d) shows the DA-BOTH experiment result, which
has the similar precipitation area and accumulation as shown
in DA-SAT experiment.

To sum up, the data assimilation has important influence
on the precipitation forecast with significantly changes of the
rainfall area and accumulation. It should be noticed that the
effects of the forecast depends on the different rainfall event.

The rain-gauge data were used to analyze the changed
precipitation area and accumulation after data assimilation
experiments. Figure 7 compares the measured and mod-
eled results in the rainfall Event A. In CTRL experiment
(Figure 7(a)), almost all the triangles lie below the line 𝑦 = 𝑥.
However, in DA-SAT experiment, the green triangles which
represent the observation sites (Qilian, Yeniugou, Tuole,
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Figure 7: Differences between rainfall values measured at the sites and those from the numerical experiments for Event A: (a) CTRL; (b)
DA-SAT; (c) DA-OBS; (d) DA-BOTH.

and Wulan) in the central and southern regions of the study
area are closer to the line 𝑦 = 𝑥 (Figure 7(b)). That is to
say, DA-SAT experiment improves the predicted accuracy for
the central and southern regions of the study area, through
providing greater precipitation accumulation. Similarly, in
Figure 7(c) for DA-OBS experiment, the red triangles which
represent the observation sites (Jiuquan, Yumenzheng, Anxi,
and Dunhuang) in northwestern of the region are closer to
the line𝑦 = 𝑥 than that is shown inCTRL experiment. InDA-
BOTH experiment, all the red and green triangles are closest
to the line 𝑦 = 𝑥 (Figure 7(d)).

It is noticed that, in Figure 8, many more triangles for
Event B lie above the 𝑦 = 𝑥 line than Event A. As
shown in CTRL experiment (Figure 8(a)), the green triangles
which represent observation sites (Hezuo, Lintao, linxia, and
Yuzhong) on the southeastern of the study area are lie above
and far away from the 𝑦 = 𝑥 line. After data assimilation,
the green triangles in three data assimilation experiments
are closer to the 𝑦 = 𝑥 line in Figures 8(b)–8(d). The
red triangles represent the observation sites (Jiuquan, Tuole,

Dingxin, and Jinta) in the northwestern of the study area.
In DA-SAT experiment (Figure 8(b)), two red triangles with
more than 10mm of rainfall are closer to the 𝑦 = 𝑥 line, while
in DA-OBS experiment (Figure 8(c)), other two red triangles
with less than 5mm of rainfall are closer to the 𝑦 = 𝑥 line,
compared with that in Figure 8(a). In DA-BOTH experiment
(Figure 8(d)), the results are similar to that as shown in DA-
SAT experiment, except the red triangles are closer to the
𝑦 = 𝑥 line.

The above results suggest that data assimilation have
positive effects on the rainfall forecast, through changing
the rainfall area and accumulation for the study area. And
for the two events with different evenness in time and
space, the results after data assimilation are different. For
Event A, data assimilation experiments provide larger rainfall
areas and accumulation to improve the predicted accuracy.
And for Event B, data assimilation experiments improve the
accuracy on the southeastern of the study area by providing
smaller precipitation accumulation. This means that CTRL
experiment underestimates the convective rainfall for Event
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Figure 8: Differences between rainfall values measured at the sites and those from the numerical experiments for Event B: (a) CTRL; (b)
DA-SAT; (c) DA-OBS; (d) DA-BOTH.

A and overestimates the stratiform rainfall of Event B on the
southeastern of the region.

In order to evaluate quantitatively the impact of data
assimilation experiments which have positive effects on the
rainfall forecast, rain-gauge data from 43 sites were used.
Table 3 shows the comparison between the measured and
modeled results. The CTRL experiments have the lowest
precision of simulation for both Event A and Event B, whose
𝑅
2 are the smallest and RMSE are the biggest compared with

three data assimilation experiments. The greatest improve-
ment appears in DA-BOTH experiment for the two events.
For Event A, the 𝑅2 for DA-BOTH experiment is increased
by 0.46 and its RMSE is reduced by 4.7, and for Event B,
the 𝑅2 for DA-BOTH experiment is increased by 0.32 and
its RMSE is reduced by 0.6. Additionally, it is found that in
DA-SAT experiment the improvement is bigger than DA-
OBS experiment.TheME of rainfall accumulation shows that
for the entire rainfall range it has positives value for Event A
but has negative value for Event B. This means that the four
experiments produce underestimated rainfall accumulations
for Event A, but overestimated rainfall accumulations for

Event B.That is because in the precipitation ranges of 0–5mm
and 5–10mm, almost all the ME values are positive for Event
A and all the ME are negative for Event B.

In this section for the two events, it is found that the
forecast precision in DA-SAT experiment is higher than that
in DA-OBS experiment. This may be because there are few
stations located on the high-altitude region of northeastern
Tibetan Plateau. DA-BOTH experiment has the biggest
precision compared with the other two data assimilation
experiments, which means that the improvement after the
assimilation of the satellite radiances combined with surface
and upper-air meteorological observations is greater than
that after only assimilating satellite radiances.

4.1.3. Temporal Variations of Precipitation. The greater dif-
ference between Event A and Event B is the rainfall dis-
tribution in time. Figure 9(a) shows the rainfall intensities
and cumulative curves of the measured and modeled results
for Event A at Laohugou station. The cumulative curves
of CTRL experiment are lie below and far away from that
of the measured values. However, during the period from
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Table 3: Differences between observation and numerical experiments.

Event ID Experiments 𝑅
2 RMSE 0–5mm ME

5–10mm 10–42.5 (23.5) 0–42.5 (23.5)

Event A

CTRL 0.24 10.5 −0.15 4.2 21.6 5.6
DA-SAT 0.43 8.1 1.2 3.1 17.2 3.5
DA-OBS 0.33 9.2 0.4 3.9 18.9 4.6
DA-BOTH 0.70 5.8 −0.3 1.1 9.5 1.8

Event B

CTRL 0.32 5.5 −2.8 −1.4 8.4 −0.2
DA-SAT 0.59 5.0 −2.4 −1.6 5.4 −0.5
DA-OBS 0.48 5.4 −1.9 −2.3 4.6 −0.7
DA-BOTH 0.64 4.9 −2.5 −1.3 5.0 −0.6
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Figure 9:The rainfall intensities and cumulative curves of the values measured at the sites and the simulated results from the four numerical
experiments: (a) Event A; (b) Event B.

0:00 to 24:00 on July 19, the cumulative curves for DA-SAT
and DA-SAT experiments are closer to that of the measured
values compared with the other two experiments. This may
be because the maximum precipitation intensities simulated
by DA-BOTH and DA-SAT experiments are closer to the
observed values from 6:00 to 9:00 on July 19.

In Figure 9(b) for event B, the precipitation intensity
in CTRL experiment is significantly larger than the mea-
sured values in first 6 hours. Therefore, the cumulative
curve in the CTRL experiment is far above that of the
measured values, due to the inaccurate initial field. After
data assimilation, the rainfall intensities in DA-SAT and DA-
BOTH experiments are closer to the observations in first 6
hours, while the rainfall intensity in DA-OBS experiment is
much less than the observations. As a result, the cumulative
curve in DA-BOTH experiment is closest to the curve

of the observed values, DA-SAT experiment is next, and
DA-OBS experiment is farthest. It is noteworthy that for
Event B the cumulative curve in DA-SAT experiment is
closer to that of the observed values, in comparison with
Event A.

The absolute error (AE) has been calculated for both
EventA andEvent B. In Figure 10(a) for EventA, theAEof the
numerical experiments becomes bigger and bigger with the
increase of rainfall intensity, while the values in DA-BOTH
andDA-SAT experiments are relatively smaller. Itmeans that,
for the convective rainfall like Event A, WRF model fails
in capturing the whole process of the event. However, in
Figure 10(b) for Event B with even distribution in time, the
AE of the numerical experiments is relatively constant, while
the values for CTRL and DA-OBS experiments are relatively
larger.
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Figure 10:TheAEof rainfall intensity between the valuesmeasured at the sites and the simulated results from the four numerical experiments:
(a) Event A; (b) Event B.

The results shows that for the temporal variation of
rainfall, the improvement in DA-SAT experiment is better
than that in DA-OBS experiment due to the lack of ground
observational data at high-altitude region. And for Event B,
the improvement in DA-SAT is greater than Event A.

4.2. Impacts of Data Assimilation on the Initial Field. From
the above analysis, it is clear that data assimilation exper-
iments can improve rainfall forecast. The purpose of data
assimilation is to acquire accurate initial fields for numerical
models. To reveal the impact of data assimilation experiments
on the initial fields, EventA is chosen as an example to analyze
the difference in the initial fields between data assimilation
and control experiments. The geopotential height and mois-
ture flux at 850 hPa are selected for analysis.

Figure 11 shows the geopotential height differences
between data assimilation and control experiments.
Compared with CTRL experiment (Figure 11(a)), there
is no evident change of geopotential height in DA-
OBS experiment (Figure 11(b)) or DA-SAT experiment
(Figure 11(c)). Figure 8(d) shows the geopotential height
for DA-BOTH experiment, which is much smaller than
the values from CTRL experiment. The region with the
largest changes is mainly located in Qinghai Province
and the northwest of Gansu Province, which is consistent
with the improved forecasts of precipitation area and
accumulation in DA-BOTH experiment. As can be seen in
Figure 12, after data assimilation the moisture flux change
noticeably in the study area, in comparison with the control
experiment (Figure 12(a)). The moisture flux of DA-SAT
experiment is markedly increased in the north of the study
area (Figure 12(b)). It may bring more precipitation in the

northeast of Qinghai Province. In Figure 12(c), there is a
clear flow of moisture to the northwestern part of Gansu
Province which results in the heavy rain. The biggest change
of moisture flux occurs in Figure 12(d) for DA-BOTH
experiment, which covers the largest area compared with
other numerical experiments, and it could give greatest
estimated precipitation in northeastern Tibetan Plateau.

5. Conclusions

In this study, the 3DVar assimilation system is used to
improve the forecasting of heavy rain in spatial and time
distribution in northeastern Tibetan Plateau. A control and
three data assimilation experiments were designed. These
experiments demonstrate that the rain forecast is significantly
improved after data assimilation, through enhancing the
accuracy of the initial field. Two heavy rainfall events with
different evenness in space and time are used to examine the
improvement for rainfall forecast.

For the spatial distribution, data assimilation experiments
changed significantly the rainfall area and accumulation
for the study area. For Event A, the data assimilation
experiments provide larger rainfall areas and accumulation,
while for Event B the data assimilation experiments provide
smaller precipitation accumulation on the southeastern of
the study area. Rain-gauge data from 43 sites were used
to evaluate the impact after data assimilation. The results
shows that DA-BOTH experiment has the highest prediction
accuracy, followed by the DA-SAT experiment and then
DA-OBS experiment, while the CTRL experiment has the
lowest accuracy. For the temporal variation, the forecast
results have great differences between Event A and Event B.
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Figure 11: Geopotential height initial field for the CTRL and DA experiments: (a) CTRL; (b) DA-SAT; (c) DA-OBS; (d) DA-BOTH.

The satellite radiances for Event B have greater positive effect
than that for Event A. For the two events, the cumulative
curve in DA-BOTH experiment is closest to the curve
of the measured values, while in DA-OBS experiment the
accumulation curves are far below to the curve of the
measured values, due to the lack of ground observations in
the high-altitude region. In conclusion, both for the spatial
and temporal distribution of rainfall, the satellite radiances
have greater effect than surface and upper-air meteorological
observations in high-latitude regions of the northeastern
edge, and the improvement for the assimilation of satellite
radiances together with surface and upper-air meteorological
observations is greater than that for assimilating either satel-
lite radiances ormeteorology observations. Event A is chosen
to evaluate the impact of data assimilation on the initial
fields. It is found that better and more detailed information
is added to the initial fields (e.g., geopotential height and
moisture flux), especially on the northwest of Gansu Province

andQinghai Province, where the forecasts of precipitation are
improved significantly.

It should be mentioned that many other assimilation
techniques, such as 4DVar, EnKF, and so forth, need to be
tested in this study. These approaches have great potential,
although they currently suffer from unaffordable computer
costs. Meanwhile, we need to analyse the impact of different
parameterization schemes on the WRF model after data
assimilation, because in this study the conclusions drawn are
subject to the specific parameterization schemes used here.

Appendix

Statistic Calculation

The coefficient of determination (𝑅2), root mean square
deviation (RMSE), mean error (ME), and absolute error (AE)
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Figure 12: Moisture flux initial field for the CTRL and DA experiments: (a) CTRL; (b) DA-SAT; (c) DA-OBS; (d) DA-BOTH.

were used to evaluate the impact of the DA experiments in
this study. They are defined as
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Here, 𝐹 is simulated value; 𝑂 is observed value; 𝑁 is the
number of sites.
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28 years (1980–2007) of station and gridded reanalysis data were used to investigate the effects of El Niño/Southern Oscillation
(ENSO) on autumn rainfall in the Extended Central Vietnam (ECV) region. Results show that, under El Niño conditions, autumn
rainfall in Central Vietnam is reduced by about 10 to 30%. This reduction seems to be caused by a weakening of the North East
monsoon circulation, which appears to be linked to an anomalous anticyclonic vortex and a positive sea level pressure anomaly over
the East Sea. In addition, the disappearance of a secondary moisture source over the southern region of the East Sea also favors the
reduction in rainfall over this region. Conversely, during LaNiña, the total autumn rainfall in the ECV region increases by about 9 to
19%.The strengthening of the North East monsoon, with a cyclonic wind anomaly over the East Sea, helps to increase the moisture
supply to the area by about 10 to 20%, resulting in enhanced rainfall in the ECV. It is also found that the La Niña conditions do
not only cause an increase in rainfall, but also change the temporal distribution of the monthly rainfall over the region, with more
rainfall in the latter months of the year.

1. Introduction

Rainfall regimes in Vietnam are controlled by the monsoon
system and tropical disturbances in the Intertropical Conver-
gence Zone (ITCZ). While northern and southern Vietnam
have maximum rainfall in the summer (June-July-August,
JJA), Central Vietnam (CV) has its maximum monthly
rainfall in autumn (September-October-November, SON). At
some stations in CV, the annual rainfall can reach between
3600mm (Hue station) and 4000mm (Ba To station) [1].

Rainfall distributions and rainy seasons in CV are signif-
icantly controlled by cold surges and tropical cyclones [2, 3].
Chen et al. [2] studied the weather patterns associated with
heavy rain events in the CV region and suggested that two-
thirds of the heavy rainfall events are caused by tropical
cyclones. The remaining events are mostly related to the
interaction between cold surges and tropical cyclones.

The El Niño/Southern Oscillation (ENSO) has noticeable
effects on the variability of annual rainfall [2, 4–7]. Over CV,
there is a significant increase in the annual rainfall in La
Niña years and a significant reduction in annual rainfall in

El Niño years [2, 5, 6, 8–10]. Nguyen [9, 10] reported that,
during El Niño years, the frequency of extreme daily rainfall
in CV decreases, while during La Niña years, the frequency
increases. Using rainfall data at Hue station for the period
1906–2006, Nguyen [11] stated that there is a decrease in
the annual rainfall of more than 10% during most of the El
Niño years. In contrast, the station experiences an increase
in rainfall of about 13% or more during most La Niña years.
Chen et al. [2] showed that maximum rainfall in CV in late
autumn increases about 174% under La Niña conditions and
decreases about −52% under El Niño conditions. They also
suggested that the late autumn rainfall maximum over the
CV region is controlled by changes in the tropical cyclonic
shear flow over the southeast Asia Pacific area in response
to changes in sea surface temperature (SST) anomalies in the
Niño-3.4 region [2].

In this paper, the role of local circulations and moisture
transport over the East Sea on autumn (SON) rainfall over
the Extended Central Vietnam (ECV) region, defined as the
part of Vietnam ranging from 120∘N to 19∘N (Figure 1),
during ENSO is investigated further using high resolution
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Figure 1: Terrain height (m, shaded) and locations of the 13 coastal
stations (red dots). The two black bars indicate the northern and
southern boundaries of the ECV region.

(0.5 degrees)Climate Forecast SystemReanalysis (CFSR) data
and station observations. In addition to the effects of ENSO
on total rainfall, the effects of ENSO on shifting the rainfall
season in the ECV region are also investigated.The objectives
of this work are to investigate (i) the changes in local circu-
lation over the East Sea and their effects on autumn rainfall
over the ECV region; (ii) the role of moisture sources and
their changes during ENSO on rainfall variability; and (iii)
the effects of ENSO on the temporal distribution of monthly
rainfall over the ECV under different ENSO conditions. The
data sources and methods are presented in Section 2. Results
are shown in Section 3. A summary and discussion are given
in Section 4.

2. Data and Method

Monthly rainfall at stations, gridded rainfall data, and reanal-
ysis data from 1980 to 2007 are used to investigate the effect of
ENSO on autumn rainfall over the ECV region. Of the total
of 27 stations over the ECV region, the 13 coastal stations
(Table 1, Figure 1) are studied more comprehensively in the
statistics and analyses, because autumn rainfall in the ECV
region is mainly caused by moist air flows from the East
Sea interacting with terrain and landmass. The station data
are from the Vietnam Hydrometeorological Data Central
(HMDC), Ministry of Natural Resources and Environment
(MONRE). All station data have been quality controlled by
the HMDC.

The gridded data include the Asian Precipitation Highly
ResolvedObservational Data Integration Towards Evaluation
(APHRODITE) rainfall data (http://www.chikyu.ac.jp/) with

Table 1: Names and coordinates of the 13 coastal stations. The first
column is station ID. The second column is station name. The third
column is longitude. The fourth column is latitude.

Number Station name Longitude (∘E) Latitude (∘N)
1 Ha Tinh 105.9 18.35
2 Ky Anh 106.28 18.08
3 Dong Hoi 106.6 17.48
4 Dong Ha 107.08 16.85
5 Hue 107.58 16.43
6 Da Nang 108.2 16.03
7 Tam Ky 108.46 15.56
8 Tra My 108.25 15.33
9 Quang Ngai 108.8 15.11
10 Ba To 108.73 14.76
11 Quy Nhon 109.21 13.76
12 Tuy Hoa 109.28 13.08
13 Nha Trang 109.2 12.21

a resolution of 0.25∘× 0.25∘, sea-level pressure (SLP) and zonal
and meridional winds at 10m and 850 hPa levels from CFSR
data from theNational Centers for Environmental Prediction
(NCEP) with a resolution of 0.5∘× 0.5∘. The total moisture
transport vectors used to investigate the moisture sources
affecting autumn rainfall over ECV are computed fromwinds
and specific humidity at 1000, 925, 850, 700, 600, 500, 400,
and 300 hPa levels obtained from the NCEP reanalysis data
at a resolution of 2.5∘× 2.5∘. The method used to compute
moisture transport vectors is from Sminov and Moor [12].

El Niño and La Niña conditions are determined using
NOAA operational definitions based on the Oceanic Niño
Index (ONI). The ONI is the three-month running mean of
the SST anomaly (SSTA) from the climatological SST over the
Niño 3.4 region (5∘N-5∘S, 120∘W–170∘W). An El Niño occurs
when there are at least five consecutivemonthswith a positive
ONI greater than or equal to 0.5∘Cand a LaNiña occurswhen
there are at least five consecutivemonths with a negative ONI
less than or equal to −0.5∘C [13]. In this work, only the years
in which ENSO occurs in autumn are considered. Based on
the above criteria, during the period from 1980 to 2007 there
are nine El Niño autumns and ten LaNiña autumns (Table 2).

3. Results

3.1. Characteristics of Autumn Rainfall and Circulation Pat-
terns. The long-term (1980–2007) mean of autumn (SON)
rainfall in ECV is shown in Figure 2. It can be seen that
the mean ranges from about 800 to 2400mm. The four local
rainfall maxima are at Ky Anh (1740mm), Hue (1887mm),
Tra My (2429mm), and Ba To (2094mm) (Figure 2). The
local maxima are located on the windward sides of the local
terrain maxima (Figure 1). From this it can be inferred that
terrain plays an important role in rainfall distribution over
the ECV region.
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Table 2: The autumn El Niño and La Niña years during the 1980–
2007 period.

El Niño years La Niña years
1982 1983
1986 1984
1987 1985
1991 1988
1994 1995
1997 1998
2002 1999
2004 2000
2006 2005

2007

Figure 3 shows the long-term mean of September, Octo-
ber, and November rainfall, computed from station rainfall
data for the period 1980–2007. In September, the northern
regions of ECV, from Nghe An to Da Nang, have rainfall of
350 to 400mm. There is another local maximum (500mm)
of rainfall at Ky Anh station (18.08N, 106.26 E), whereas the
coastal regions from Quang Ngai to Khanh Hoa have total
rainfall of less than 300mm (Figure 3(a)).

In October, rainfall increases significantly in the ECV
region compared to that in September, with most of the
monthly rainfall values ranging from 300 to 700mm (Fig-
ure 3(b)).There are three local rainfall maxima located at Hue
(832mm), TraMy (1005mm), and BaTo (834mm). Two local
rainfall minima, with rainfall of less than 300mm, occur at
Khanh Hoa and Nghe An (Figure 3(b)). In November, the
rainfall regime is similar to that in October. However, the
rainfall amounts in November are less than those in October
except for the rainfall maximum in the central region near
Tra My station (Figure 3(c)).

The rainy season in the ECV region is regulated by the
North East monsoon, tropical cyclones, tropical disturbances
in the ITCZ, and cold surges, or a combination of these
factors [2, 3] in the presence of high terrain in the Truong
Son Mountain range to the west of ECV (Figure 1). The long-
term mean of low-level wind vectors (Figure 4) shows that
during the autumn months there are regions with strong
10m northeasterly (Figure 4(a)) and easterly winds at the
850 hPa level (Figure 4(b)) over the northeast portion of the
East Sea. The wind vectors are almost perpendicular to the
northeast-southwest direction of the Truong Son Mountain
range (Figure 1). As discussed, the locations of the local
rainfall maxima are almost consistent with the local maxima
in the terrain heights.The interaction between theNorth East
monsoon and the terrain may be one of the important factors
controlling the autumn rainfall regime in the ECV region.

In addition to the instability caused by orographic forcing
and blocking, moisture is also required for the formation of
the observed rainfall over the ECV. The distribution of the
total moisture transport vector in Figure 5 shows that, during
the autumn months, abundant moisture is channeled into
the East Sea from the Western Pacific. Therefore, the rainfall
distribution over the ECV region is strongly influenced by

20N
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Figure 2: Long-term (1980–2007) means of autumn rainfall (mm).

Table 3: The rainfall anomalies during El Niño conditions at 13
coastal stations. The first column is station name. The second
column is the rainfall anomaly (%) for autumn. Columns 3, 4, and
5 indicate the rainfall anomaly (%) for September, October, and
November, respectively.

Stations Autumn Sep. Oct. Nov.
Ha Tinh −7.3 −22.2 −13.3 32.5
Ky Anh −11.0 5.6 −34.0 12.7
Dong Hoi −8.2 −9.8 −15.7 9.3
Dong Ha −3.9 −5.2 −15.4 16.0
Hue −17.9 −7.1 −27.0 −12.9
Da Nang −20.8 −4.7 −26.0 −23.6
Tam Ky −26.4 13.8 −32.9 −38.2
Tra My −25.7 19.8 −37.7 −30.8
Quang Ngai −23.0 24.9 −33.8 −33.6
Ba To −23.4 30.4 −45.7 −21.4
Quy Nhon −16.5 15.7 −30.0 −16.1
Tuy Hoa −23.2 14.0 −44.0 −15.7
Nha Trang −30.3 7.1 −41.9 −37.2

the activity of the North East monsoon. The variability in
strength and direction of the monsoon flows and moisture
availability during the ENSO cycle may affect the rainfall
distribution and amount over the ECV region. This will be
further investigated in the next section of this paper.

3.2. Effects of ENSO on Autumn Rainfall in the ECV Region

3.2.1. Effects of El Niño. To investigate the effect of El Niño
on rainfall over the ECV region, rainfall anomalies for the
autumn months in the El Niño years (Table 2) at 13 coastal
stations are computed from 28 years (1980 to 2007) of station
data (Table 3). Table 3 shows that all 13 coastal stations
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Figure 3: Long-term (1980–2007) means of monthly rainfall (mm) in ECV for (a) September, (b) October, and (c) November.
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Figure 4: Long-term (1980–2007) means of wind vectors (m s−1) computed from CFSR data for the (a) 10m and (b) 850 hPa levels during
three autumn months (SON).

experience decreased autumn rainfall under the El Niño
conditions.The reduction in rainfall is from −3.9% (DongHa
station) to −30.3% (Nha Trang). More significant reductions
in rainfall occur at stations in Central Vietnam including
Hue, Da Nang, Tam Ky, Tra My, and Quang Ngai. The
reductions in total three-month rainfall at the four stations
are about −17.9% (329mm) or higher (Table 3).

Student’s 𝑡-test has been performed to examine the statis-
tical significance of the differences in mean states of the three
different ENSO conditions (El Niño, La Niña, and ENSO-
neutral) compared with the rainfall climatological means at

the 13 stations. To perform the tests, rainfall at the 13 coastal
stations for the three autumn months (SON) are first used
to compute the regional average rainfall for each of the 28
years in the data set. The data sets from nine El Niño, ten La
Niña, and nine ENSO-neutral years are then compared to the
28-year climatology data set. The 95% and 90% confidence
levels are selected to examine the statistical significance of
the differences of each of the ENSO conditions with the
climatology. Results in Table 4 show that the differences
in rainfall between the ENSO-neutral condition and the
climatology are not significant at either the 95% or 90%



Advances in Meteorology 5

Table 4:Theprobability (𝑃 value) associatedwith Student’s 𝑡-test for ElNiño, LaNiña, andENSO-neutral conditions compared to climatology
for rainfall, relative vorticity, and sea level pressure. Columns 4 and 5 indicate the statistical significance at 95% and 90% confidence levels,
respectively. A YES means that the difference between mean values in an ENSO condition and climatology is statistically significant.

Variables Condition 𝑃 value 95% level 90% level

Regional average rainfall
El Niño 0.007 YES YES
La Niña 0.100 no YES
Neutral 0.146 no no

Relative vorticity at 10m level
El Niño 0.013 YES YES
La Niña 0.019 YES YES
Neutral 0.465 no no

Relative vorticity at 850 hPa level
El Niño 0.019 YES YES
La Niña 0.022 YES YES
Neutral 0.491 no no

Sea level pressure
El Niño 0.009 YES YES
La Niña 0.021 YES YES
Neutral 0.346 no no
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Figure 5: Long-term (1980–2007)means of total moisture transport
vectors during three autumn months (SON). The magnitude of the
moisture transport vectors (kgm−1 s−1) is shown by shading.

confidence levels. The difference in rainfall between the El
Niño condition and the climatology is statistically significant
at both the 95% and 90% confidence levels.The differences in
rainfall between the La Niña condition and the climatology
are not statistically significant at the 95% confidence level
but are statistically significant at the 90% confidence level
(Table 4).

The negative rainfall anomalies during El Niño years are
largest in October. In October, all 13 coastal stations have
anomalies ranging from−13% to−40% compared to the long-
term means (Table 3). The station with the largest rainfall
reduction in October is Ba To (−45.7%). In September and
November, the reductions in rainfall do not occur at all
stations. In September, most of the northern stations (except
Ky Anh) in the ECV region have negative rainfall anomalies,

while the stations located in southern ECV have positive
rainfall anomalies. In November, the spatial distribution of
rainfall anomalies is opposite to that in September, with
the stations in the northern part of the ECV region having
positive rainfall anomalies ranging from 9% to 32%, while the
stations in the southern part of the ECV region have negative
rainfall anomalies ranging from −13% to −38% (Table 3).

The spatial distribution of rainfall reduction in El Niño
can be summarized as follows. First, a deficit of rainfall
occurs over the northern stations in September. It then
extends to all coastal stations in October, with the largest
reductions of −13% to −40% occurring during this month.
In November, the negative anomalous rainfall is only seen at
the southern stations (Table 3). Rainfall anomalies computed
from APHRODITE data (Figure 6) also show a noticeable
rainfall reduction of about −20mm to −80mm.

Moisture transports and atmospheric circulation patterns
under ENSO conditions are known to have significant effects
on rainfall distribution over some regions [7, 14–18]. In this
work, low-level winds, SLP, and total moisture transport
are analyzed to investigate the mechanism for the rainfall
reduction in the ECV region. Wind vector anomalies at the
10m (Figure 7(a)) and 850 hPa (Figure 7(b)) levels show that,
during El Niño, there is an anticyclonic circulation centered
in the East Sea. The anticyclonic wind circulation in Figure 7
is consistent with the SLP anomaly field in Figure 8, with
an anomalous high pressure over the region. The presence
of the anticyclone results in weakening of the North East
monsoon over the East Sea as well as weakening of the large-
scale circulation, which brings abundant moist air from the
Western North Pacific (WNP) to the East Sea regions.

Student’s 𝑡-test is again used to investigate the statistical
significance of the anomalies in low-level wind circulations
and SLP.Themeans of relative vorticity and SLP within a box
covering 8∘–21∘N and 108∘–120∘E over the East Sea (Figures
7 and 8) are computed for every year in the data set. Three
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Figure 6: Rainfall anomalies (mm) during El Niño conditions for
the three autumn months from APHRODITE data.

subsets, for El Niño, La Niña, and ENSO-neutral conditions,
are used to test against the 28-year climatology data set. The
results in Table 4 show that the differences in anomalies
of 850 hPa relative vorticity, 10m relative vorticity, and SLP
between the ENSO-neutral condition and the climatology are
not statistically significant. For both El Niño and La Niña
conditions, the differences in anomalies of low-level wind
circulations and SLP are all statistically significant at the 95%
confidence level (Table 4).

The total moisture transport during the autumn season
under El Niño conditions (Figure 9(a)) shows a signif-
icant reduction in moisture transport over the East Sea
(Figure 9(a)) compared to the long-term mean (Figure 5).
In particular, the long-term mean over the center of the
East Sea (Figure 5) is about 210–240 kgm−1 s−1 compared
to 180–210 kgm−1 s−1 during El Niño (Figure 9(a)). The
anomalous moisture transport regime (Figure 9(b)) over
ECV shows a significant easterly moisture transport. There is
a −10% (∼20 kgm−1 s−1) to −35% (∼40 kgm−1 s−1) reduction
in moisture transport into the region (Figure 9). There are
reductions in the two moisture channels, which may have
negative effects on rainfall amounts over the ECV region in
El Niño conditions. One is located in the WNP located to
the north of the East Sea region, and the other is located
over the low latitudes, reducing moisture transport from the
low latitudes and the Southern Hemisphere to the East Sea
(Figure 9(b)).

In summary, the reduction in rainfall over ECV in the
El Niño condition relates to the formation of an anomalous
anticyclone associated with the high SLP anomaly over

Table 5: Same as Table 3 but for La Niña conditions.

Stations Autumn Sep. Oct. Nov.
Ha Tinh −3.6 −16.8 8.9 −14.7
Ky Anh 4.6 −22.4 23.6 0.8
Dong Hoi 5.2 −5.6 16.8 −5.4
Dong Ha 0.3 −10.4 10.1 −5.4
Hue 19.5 −19.7 16.1 45.2
Da Nang 16.7 −8.8 18.4 30.6
Tam Ky 17.8 −17.8 11.0 43.3
Tra My 11.4 −11.9 −1.0 32.6
Quang Ngai 16.4 −14.4 10.3 38.1
Ba To 9.5 −17.9 −2.9 30.2
Quy Nhon 8.7 −17.6 4.1 27.9
Tuy Hoa 9.9 −5.2 −8.1 39.7
Nha Trang 14.8 −13.2 14.9 28.3

the East Sea region.The anomalous anticyclone is related to a
weakening of the North East monsoon over the East Sea and
associated weakening of the moisture transport into the East
Sea and the ECV regions.

3.2.2. Effects of La Niña. Similar to the El Niño condition
discussed above, the mean rainfall at 13 coastal stations for
the autumn months during the La Niña years (Table 2)
is compared with the 28-year mean rainfall. Results from
Table 5 show that most (12 out of 13) of the coastal stations
experience increased rainfall in La Niña conditions, except
Ha Tinh station, which is located on the northern tip of ECV.
Here, the decrease in rainfall is about−4%.The largest rainfall
increase (19.5%) is at Hue station (Table 5). The increased
rainfall in the ECV region during Niña conditions can be
seen from APHRODITE data (Figure 10). The figure shows
that the entire region south of 17∘N, including SouthVietnam,
experiences increased rainfall in autumn during La Niña
years. In contrast, the region north of 18∘N, including North
Vietnam, shows a decrease in rainfall (Figure 10).

Although the total autumn rainfall increases at most sta-
tions, the September mean rainfall for all stations decreases
by −5% to −22%. In October, an increase in rainfall occurs
at the northern stations, while some southern stations (Tra
My, Ba To, Tuy Hoa) still experience a decrease in rainfall.
In November, ten out of 13 coastal stations have increased
rainfall (20% to 40%). All stations located south of ECV also
have rainfall increases, whereas stations located north of ECV
experience rainfall decreases (Table 5). This study indicates
that rainfall in ECV is influenced by the local terrain of the
Truong Son Range and is not always increased under La Niña
conditions.

Overall, autumn rainfall is increased during the La
Niña conditions. The positive anomalous rainfall starts at
the northern stations in October and then moves to the
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Figure 7: Wind vector anomalies (m s−1) for the El Niño autumn months for the (a) 10m level and (b) 850 hPa level. The red box (8∘–21∘N,
108∘–120∘E) is the area used to compute vorticity and SLP anomaly indices.
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Figure 8: Anomalies of sea level pressure (hPa) during El Niño
autumn months.

southern stations in November. However, a decrease in
rainfall is observed at all stations in September, at some
southern stations inOctober and at some northern stations in
November.

The increase in autumn rainfall in ECV during La Niña
conditions may be associated with anomalous circulations
(Figure 11). A near-surface (10m) anomalous cyclonic cir-
culation (Figure 11(a)) extends to the 850 hPa level (Fig-
ure 11(b)). This wind regime is associated with anomalous
low SLP located over the East Sea (Figure 12).The anomalous
winds are associated with enhancement of the North East
monsoon during La Niña conditions.

The distribution of total moisture transport in Figure 13
shows that total atmospheric moisture over the East Sea
region mainly comes from the western and central Pacific.
There is another moisture source from the north of Malaysia
which enhances the moisture availability in the East Sea

region (Figure 13(a)). The latter is absent during El Niño
conditions (Figure 9(a)).The totalmoisture increases over the
East Sea region by about 10% to 20% (15–25 kgm−1 s−1). It is
important to note that the enhanced moisture channels over
the East Sea region during La Niña conditions are extended
inland, covering the ECV region (Figure 13(b)), where the
positive rainfall anomalies are observed (Figure 10). It can be
inferred that the increase in rainfall over the ECV region is
associated with the enhancement of the North East monsoon
and the moisture transport.

To investigate the physical mechanisms involved in the
formation of the anomalous anticyclone during El Niño and
cyclone during La Niña years, the means of SSTA within
the box over the East Sea (Figure 8) for all El Niño years
and La Niña years were computed. The mean for El Niño
years was positive, while that for La Niña years was negative.
The results agree with Wu et al. [19] (their Figures 3(a) and
3(b)). The positive (negative) SSTA in El Niño (La Niña)
years may imply that the anomalous anticyclone (cyclone)
in El Niño (La Niña) years may not be thermally driven
by the local SSTA in the East Sea region. The formation of
the anomalous anticyclone/cyclone in the East Sea may be
dynamically driven by large-scale circulations.

For La Niña conditions, the stronger winter monsoon
over the northern part of the East Sea (Figure 14(a)) is
associated with a negative large-scale SSTA (Wu at al. [19],
their Figure 3) and a large-scale anomalous high pressure
(Wu at al. [19], their Figure 1). The stronger-than-normal
Northeast winter monsoon over the northern part of the
East Sea results in the formation of the northern part of
the anomalous cyclone in the East Sea (Figure 11). The
southern part of the anomalous cyclone in the East Sea
may be associated with strengthening of the cross-equator
flow over the northeast portion of the Indian Ocean. During
La Niña conditions, the cross-equator flows from 80∘E to
100∘E (Figure 14(a)) are stronger than during El Niño con-
ditions (Figure 14(b)) and in the climatology (Figure 14(c)).
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Figure 9: (a)Mean and (b) anomalies of total moisture transport vectors (kgm−1 s−1) for El Niño autumnmonths.Themagnitude ofmoisture
transport vectors (kgm−1 s−1) is shown by shading.
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Figure 10: Rainfall anomalies (mm) during La Niña conditions for
the three autumn months from APHRODITE data.

The stronger southwest flow in the region from 0 to 10∘N in
the Indian Ocean enhances southwest flow in the southern
East Sea (Figure 14(a)) during La Niña conditions to form
the southern portion of the anomalous cyclone in the East
Sea (Figure 11). For El Niño conditions, the formation of the
anomalous anticyclone in the East Sea (Figure 7) may follow
the same mechanism as during La Niña conditions but with
the opposite effects of weakening both the northeast winter

monsoon over the northern portion of the East Sea and the
southwest flows in the region from 0∘–10∘N in the Indian
Ocean.

In this paper, we also found that there is an asymmetry in
the impacts of El Niño and La Niña, as mentioned by study of
Wu et al. [19].The negative rainfall anomalies during El Niño
years in the ECV region are apparently larger than the positive
anomalies during La Niña years. The mean of station rainfall
anomalies in El Niño (La Niña) years is −335 (134)mm.
The magnitude of rainfall anomalies in El Niño years is
about 34% larger than in La Niña years. The asymmetry in
rainfall is in agreement with the asymmetry in wind and SLP
pressure anomalies. The magnitudes of the mean anomalies
in the box covering 8∘–21∘N and 108∘–120∘E (Figures 7(a)
and 8) of SLP and vorticities at the 10m and 850 hPa levels
were computed to further investigate the asymmetry. The
magnitudes of anomalies in El Niño years are 37.8%, 34%, and
58% larger than those in La Niña years for SLP and vorticities
at 10m and 850 hPa levels, respectively. The asymmetry has
been shown to be related to SSTA. Wu at al. [19] suggested
that the amplitudes of cold SSTA during El Niño years are
significantly greater than those of warm SSTA during La
Niña years. The larger SSTA during El Niño years may result
in more significant effects during El Niño conditions than
during La Niña conditions.

In summary, under the influence of La Niña, the increase
in total autumn rainfall in the ECV region compared to the
long-term mean is related to (1) the stronger North East
monsoonwith the cyclonic wind anomalies over the East Sea;
(2) the increase of the two moisture sources, that is, the one
from the Central and Western Pacific and the other from the
low latitudes north of Malaysia.

To investigate the effect of ENSO conditions on the
temporal variation of rainfall distribution over the ECV
region, the average monthly rainfall is computed for the 13
coastal stations for El Niño and La Niña years between 1980
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Figure 11: Vectors of wind anomalies (m s−1) during the La Niña autumn months for the (a) 10m and (b) 850 hPa levels.
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Figure 12: Anomalies of sea level pressure (hPa) during La Niña
autumn months.

and 2007 (Figure 15). It can be seen from Figure 15 that, in
September, the El Niño phase causes an increase in rainfall,
whereas the La Niña phase causes a decrease in rainfall
over the ECV region. In October and November there are
significant decreases in rainfall during the El Niño phase and
increases during the La Niña phase occur. Overall, in the La
Niña years, the total autumn rainfall in ECV increases and the
rainfall distribution is more concentrated in the later months
(Oct., Nov.) (Figure 15), which suggests that the rainy season
shifts toward later months during the LaNiña years. Figure 15
also shows that a significant decrease inApril andMay rainfall
over ECV occurs during the El Niño years.

4. Summary and Discussion

In this study, 28 years (1980–2007) of data were used to
investigate the effects of ENSO on the autumn (SON) rainfall
over the ECV region. The data include rainfall at stations,

gridded APHRODITE rainfall, and reanalysis data from
NCEP.

The results show that, during El Niño condition, autumn
rainfall inCentral Vietnam is reduced by about−10% to−30%
at most stations. In contrast, during La Niña conditions, the
total autumn rainfall is increased by about 9% to 19% at most
stations.These results are in agreement with previous studies.
In this study, we found that, in addition to increase in rainfall,
the La Niña conditions also clearly affect the temporal
distribution of the monthly rainfall over the ECV region.The
rainy season shifts toward October and November and less
rain occurs in September during the La Niña years.

The decrease in the autumn rainfall over Central Vietnam
during El Niño years seems to be linked to the weakening
of the North East monsoon circulation and the weakening
of the cross-equatorial flows over the Indian Ocean. During
El Niño years, there is an anticyclonic circulation, which is
associated with the positive anomalous SLP over the East Sea.
In contrast, during La Niña years, the North East monsoon
strengthens and a cyclonic wind anomaly is formed over the
East Sea. As a result, there is an increase in the moisture
supply to the region of about 10% to 20% and therefore
an increase in rainfall over ECV. The locations of the local
rainfall maxima are almost consistent with the locations of
the local maximum terrain heights. This indicates that the
interaction between the North East monsoon winds and
the elevated terrain may be one of the important factors
in regulating the rainfall regime in the ECV region. This is
illustrated by Figure 16.The important factors controlling the
rainfall regime include the Truong Son Mountain range, the
North East monsoon, and the moisture sources. The most
significant differences between El Niño and La Niña condi-
tions are that (1) the North East monsoon is weaker during
El Niño conditions compared to La Niña conditions; (2) the
secondary moisture source over the southern region of the
East Sea is absent during El Niño conditions (Figure 16(a));
and (3) during El Niño, there is an anticyclonic wind anomaly
over the East Sea (Figure 16(a)), while there is a cyclonic wind
anomaly there during La Niña (Figure 16(b)).



10 Advances in Meteorology

40N
35N
30N
25N
20N
15N
10N
5N
EQ
5S

10S

6
0

E

7
0

E

8
0

E

9
0

E

1
0
0

E

1
1
0

E

1
2
0

E

1
3
0

E

1
4
0

E

1
5
0

E

1
6
0

E

30 60 90 120 150 180 210 240 270 330300

300

(a)

40N
35N
30N
25N
20N
15N
10N
5N
EQ
5S

10S

6
0

E

7
0

E

8
0

E

9
0

E

1
0
0

E

1
1
0

E

1
2
0

E

1
3
0

E

1
4
0

E

1
5
0

E

1
6
0

E

25 3020105 15 35 40 50 60 70 80 90 100

100

(b)

Figure 13: (a)Mean and (b) anomalies of totalmoisture transport vectors (kgm−1 s−1) for LaNiña autumnmonths.Themagnitude ofmoisture
transport vectors (kgm−1 s−1) is shown by shading.
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Figure 14: Means of the three autumn months (SON) of wind vectors and speed (contours, m s−1) at 10m levels for (a) La Niña, (b) El Niño,
and (c) climatology (1980–2007) conditions.
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Using outputs from 10 CMIP5 models with fixed sea surface temperature, we investigate the fast response of the East Asian
summer monsoon (EASM) and summer precipitation in East China to anthropogenic aerosols. To address this topic, we employ
two commonly used EASM indices that can represent zonal and meridional land-sea thermal contrast, respectively. The results
reveal that the notion of a weakened EASM in response to increased anthropogenic aerosols is a robust one, as well as decreased
precipitation in East China.The ensemble mean of decreased precipitation in the aerosol run was about 6.6% in comparison to the
CTL run and could be enlarged to 8.3% by excluding the experiments with the aerosol direct effect only. Convective precipitation
was found to be the primary contributor (>80%) to the reduction of total precipitation. The combination of direct and indirect
effects of aerosols can decrease solar radiation reaching the Earth’s surface and eventually modulate large-scale EASM circulation
and suppress summer precipitation in East China.The uncertainties and discrepancies among the models highlight the complexity
of interaction in aerosol-precipitation processes when investigating present and future changes of the EASM.

1. Introduction

The East Asian summer monsoon (EASM) has tremen-
dous impacts on socioeconomic development throughout
East Asia [1]. The intensity of the EASM has undergone a
weakening trend since the late 1970s, and there have been
many efforts made to predict its variation and the underlying
mechanisms involved [2]. Previous studies indicate that the
EASM is affected by numerous factors, including the sea
surface temperature (SST) over the Indian and Pacific Ocean
and the snow cover on the Tibetan Plateau [3], land use
change [4], and increased concentrations of greenhouse gases
and atmospheric aerosols [5]. With an increasing aerosol
loading in East Asia during recent years, the climatic effects
of atmospheric aerosols over this region have received con-
siderable research interest [6].

It is generally recognized that aerosols affect climate
change through a reduction of solar radiation (direct effect)

and interactionswith cloudmicrophysical processes (indirect
effect) [6]. Aerosol effects are likely to cause inhomogeneous
land-sea heating and pressure gradients and induce changes
in large-scale atmospheric circulation and precipitation in
East Asia. However, the aerosol indirect effect is still con-
sidered to be an uncertain factor in anthropogenic forc-
ing, and uncertainties relating to aerosol-induced radiative
forcing remain large due to the complexity of aerosol-cloud
interaction [7, 8]. In addition, aerosol effects on precipitation
processes are even more uncertain; much of the interaction
that takes place between aerosols and precipitation is not well
understood [6, 9].

Numerical models with improved skill provide advances
in detecting the climatological features induced by anthro-
pogenic aerosols. The climate response to aerosol forcing is
more localized over land [10], and many researchers have
investigated the effects of anthropogenic aerosols on East
Asian climate variability. Based on the NCAR Community
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Table 1: List of the CMIP5 models used in this study.

Model name Atmospheric component Resolution
(Lat × Lon, Lev)

Aerosol
(effects) Country/center

BCC-CSM1.1 BCC-AGCM2.1 64 × 128, L17 Prescribed
(DE) China/BCC

CanESM2 CanAM4 64 × 128, L17 Prescribed
(DE + IDE) Canada/CCCMA

CSIRO-Mk3.6.0 Mk3.6 atmosphere
component 96 × 192, L18 Online

(DE + IDE) Australia/CSIRO

FGOALS-s2 SAMIL2 108 × 128, L17 Prescribed
(DE) China/LASG-IAP

GFDL-CM3 AM3p9 90 × 144, L23 Prescribed
(DE + IDE) USA/NOAA

HadGEM2-A HadGAM2 144 × 192, L17 Online
(DE + IDE) UK/MOHC

IPSL-CM5A-LR LMDZ4 v5 96 × 96, L17 Online
(DE + IDE) France/IPSL

MIROC5 CCSR/NIES/FRCGC
AGCM 128 × 256, L17 Online

(DE + IDE) Japan/MIROC

MRI-CGCM3 GSMUV 160 × 320, L23 Online
(DE + IDE) Japan/MRI

NorESM1-M CAM4-Oslo 96 × 144, L17 Online
(DE + IDE) Norwegian/NCC

DE, direct effect; IDE, indirect effect.

Atmosphere Model, Liu et al. [11] reported a prominent
decline in rainfall over East China due to the effect of
all anthropogenic aerosols, and similar results were also
revealed by Jiang et al. [12]. Song et al. [13] pointed out
that anthropogenic aerosols cannot be ignored when consid-
ering the weakening of the EASM with ocean-atmosphere
coupled models. It is known that the climate response to
anthropogenic aerosols involves both slow and fast processes
[14]; adjustments of the ocean to aerosols (slow response)
take place on time scales that are much longer than those
involved in the impact of aerosols on radiation (fast response)
[8]. To the best of our knowledge, previous studies have
mostly been based on a single model, and the fast response
of the EASM to anthropogenic aerosols using a multimodel
approach remains poorly investigated.

In contrast to previous studies, we focus on the fast
response of the EASM and summer precipitation over East
China to anthropogenic aerosols. The main purpose of
this study is to verify whether the weakening effect of
anthropogenic aerosols on the EASM is a robust feature. The
remainder of the paper is organized as follows. The model
simulations and methodologies used in this study are intro-
duced in Section 2. The fast response of the anthropogenic
aerosols effect on the EASM is revealed using simulation
results from the Coupled Model Intercomparison Program
phase 5 (CMIP5) models in Section 3. A summary and
discussion of the key findings are provided in Section 4.

2. Data and Methodology

2.1. Model Description. We use the simulation results from 10
models that participated inCMIP5.There are two sets of fixed

SST experiments for eachmodel: one is designedwith natural
aerosols only at the 1850AD level (control run; hereafter CTL
run) and the other with both anthropogenic and natural
aerosols at the 2000AD level (hereafter aerosol run). The
climate variations response to the effect of anthropogenic
aerosols is illuminated by the difference between the aerosol
run and CTL run (the aerosol run minus the CTL run). In
order to extract the effect of anthropogenic aerosols, other
boundary conditions and forcing agents (greenhouse gas
concentrations, solar radiative forcing, and SST) are fixed at
1850AD levels in both experiments. Among these simula-
tions, eight models run with the direct and indirect effects of
aerosols together, while the other two models (BCC-CSM1.1
and FGOALS-s2) only take the aerosol direct effect into
account. Six models simulate aerosol chemistry and physics
online, while the other four models utilize prescribed aerosol
fields. The model simulations use horizontal resolutions of
64 × 128 to 160 × 320, with vertical layers varying from
17 to 23 levels in the atmosphere. Each of these models
is run for 30–60 years, and 30 years of simulations are
used in our analysis. Although these models are developed
as atmosphere-ocean coupled models, as the SST is fixed
in the simulations, they can be considered as atmospheric
models here. As we focus our assessment on the fast response
of the EASM to anthropogenic aerosols, these simulations,
excluding the impacts of aerosol-SST interactions, provide us
with the means to explore this issue. Detailed information on
the atmospheric components, resolutions, aerosol schemes,
and the modeling centers responsible for the development of
the models is provided in Table 1.

All the model simulations are interpolated onto a 2.5∘ ×
2.5∘ grid via bilinear interpolation. The ensemble result is



Advances in Meteorology 3

Table 2: The EASMI calculated by the Guo and Han indices in the CTL and aerosol runs.

Model Guo index (CTL run) Guo index (aerosol run) Han index (CTL run) Han index (aerosol run)
BCC-CSM1.1 −31.41 −30.93 −4.82 −5.03
CanESM2 −48.66 −46.92∗ −7.99 −8.76∗∗

CSIRO-Mk3.6.0 −55.31 −53.48∗ −9.13 −9.31
FGOALS-s2 −39.86 −39.29 −4.44 −5.10
GFDL-CM3 Null −28.84 −9.40 −10.89∗∗

HadGEM2-A −47.21 −46.66∗ −3.47 −4.76∗∗

IPSL-CM5A-LR −31.07 −30.80 −13.50 −13.40
MIROC5 −54.13 −49.09∗∗ −5.40 −7.31∗∗

MRI-CGCM3 −21.10 −20.68 −13.98 −14.48∗

NorESM1-M −44.02 −42.74 −5.62 −6.98∗∗

Ensemble results −41.00 −39.47∗∗ −7.10 −7.79∗∗
∗Significant at the 0.10 level; ∗∗significant at the 0.01 level; “Null” indicates that the SLP data in the GFDL-CM3 CTL run are missing.
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Figure 1: Spatial distribution of the 550 nm aerosol optical depth
difference between two experiments for summer (JJA) derived from
the CSIRO-Mk3.6.0 model. The purple box represents the study
region (East China; 25∘–45∘N, 105∘–120∘E).

achieved by averaging the 10 simulations with equivalent
weight. To assess the overall performance of the climate
models in simulating summer climatology, we examine the
mean sea level pressure (SLP), 200 hPa zonal wind, and
850 hPa winds between the CTL run from the multimodel
ensemble and ECMWF 40-year reanalysis data (ERA40) [15]
(see Figure S1 in Supplementary Material available online
at http://dx.doi.org/10.1155/2015/397395) and calculate the
spatial correlation coefficients of the mentioned circulation
fields between the outputs from CTL run of the 10 models
and ERA40 (Table S1). It is found that the models can
reproduce reasonably well the land-sea difference of SLP, the
distributions of zonal winds at 200 hPa, and the southerly
winds that bring moisture from the oceans at the 850 hPa
level. The results suggest that the circulation climatology of
East Asia in the CTL run is comparable to ERA40.

2.2. Study Region. Due to rapid industrialization in recent
decades, East Asia has become one of the dominant emission
sources of anthropogenic aerosols in the world. Figure 1
shows the climatological distribution of aerosol optical depth
(AOD) difference between two experiments for summer, and
all themodelswith online aerosols show a similar distribution

of AOD in East Asia (figures are omitted). Our study region is
located in East China, which is an area with large AOD. Our
aim is to identify the circulation pattern of the EASM and
the concomitant precipitation change over the study region
in response to anthropogenic aerosols.

2.3. Choice of East Asian Summer Monsoon Index (EASMI).
Since the EASM encompasses the tropics, subtropics, and
midlatitudes, it is difficult to measure its strength due to
its complex spatiotemporal structures [16]. Based on the
notion that the EASMmay be determined by the land-ocean
thermal contrast, we use two monsoon indices defined by
Guo [17] and by Han and Wang [18] (hereafter Guo index
and Han index, resp.). The Guo index is constructed by the
summation of summer SLP difference in the area (10∘–50∘N,
110∘–160∘E) and represents the east-west thermal contrast.
The Han index is defined by vertical shear of zonal winds
between 850 hPa and 200 hPa averaged over (20∘–40∘N, 110∘–
140∘E) and emphasizes the importance of the north-south
thermal contrast [19].

3. Results

3.1. The Weakened EASM Effect of Anthropogenic Aerosols.
We calculate the EASMI with simulations from 10 models
using theGuo andHan indices.Themonsoon indices derived
from all the models shown in Table 2 are the climatological
mean and without standardization. The intensity of EASM
variation affected by anthropogenic aerosols is estimated by
the original value. By definition, a smaller (larger) negative
value of the Guo index (Han index) means a smaller dif-
ference of zonal (meridional) thermal contrast and reflects
a weaker EASM. From Table 2, a weakened variation in the
EASM with increasing anthropogenic aerosols is apparent in
almost all the models, except IPSL-CM5A-LR. Furthermore,
in order to test the significance of the difference between
the two simulations, Student’s 𝑡-test is employed. The results
show that the weakened variations of the ensemble mean
due to the effect of anthropogenic aerosols are statistically
significant at the 𝑃 < 0.01 level. It is interesting to note
that most models reflecting the weakened variation show



4 Advances in Meteorology

8

6

4

2

0

Pr (CTL run)
Pr (aerosol run)

BC
C-

CS
M
1
.1

Ca
nE

SM
2

CS
IR

O
-M

k3
.6

.0

FG
O

A
LS

-s
2

G
FD

L-
CM

3

H
ad

G
EM

2
-A

IP
SL

-C
M
5

A-
LR

M
IR

O
C5

M
RI

-C
G

CM
3

N
or

ES
M
1

-M

En
se

m
bl

e

(m
m

/d
ay

)

(a)

0

−0.3

−0.6

−0.9

−1.2

BC
C-

CS
M
1
.1

Ca
nE

SM
2

CS
IR

O
-M

k3
.6

.0

FG
O

A
LS

-s
2

G
FD

L-
CM

3

H
ad

G
EM

2
-A

IP
SL

-C
M
5

A-
LR

M
IR

O
C5

M
RI

-C
G

CM
3

N
or

ES
M
1

-M

En
se

m
bl

e

Difference in Pr

(m
m

/d
ay

)

(b)

0

−5

−10

−15

−20

BC
C-

CS
M
1
.1

Ca
nE

SM
2

CS
IR

O
-M

k3
.6

.0

FG
O

A
LS

-s
2

G
FD

L-
CM

3

H
ad

G
EM

2
-A

IP
SL

-C
M
5

A-
LR

M
IR

O
C5

M
RI

-C
G

CM
3

N
or

ES
M
1

-M

En
se

m
bl

e

(%
)

DPr (%)

(c)

Figure 2: (a) Summer precipitation of the aerosol run (red bars) and CTL run (black bars) for each model over East China. (b) Same as (a),
except for the precipitation difference between the aerosol run and CTL run (aerosol minus CTL). (c) Ratio of precipitation differences in
(b) to the CTL run in each model. The far right bar and purple line in each panel are the ensemble mean and standard deviation from all
simulations, respectively.

significance at the 𝑃 < 0.10 level, based on the experiments
with direct and indirect effects (except IPSL-CM5A-LR),
while neither of the two indices in the experiments with the
direct effect only pass the significance test, implying that the
indirect effect may play a more important role in the EASM’s
circulation. Among the experiments with both direct and
indirect aerosol effects, the significant tests of the EASMI
do not show any clear distinction between the experiments
with prescribed and online aerosol schemes. Therefore, from
the east-west and north-south thermal contrast viewpoints, a
weakened EASM as a result of anthropogenic aerosols is an
apparent feature.

3.2. Variation of Summer Precipitation over East China. Pre-
cipitation is one of the main regimes of the monsoon climate.
The summer precipitation in East China is largely contributed
to the intensity of the EASM [1]. From the regional average
summer precipitation, we find that the precipitation from the
aerosol run is decreased in comparison to the CTL run in
all the models. The range of the decreased precipitation is
from 0.01 to 0.89mm/day, and the ensemble mean indicates
that the reduction is circa 0.34mm/day and 6.6% compared
to the CTL run (Figure 2). It is noted that the precipitation
decreased slightly in the experiments with the aerosol direct
effect only, being about 0.01mm/day for BCC-CSM1.1 and
FGOALS-s2. This result may imply the importance of the
aerosol indirect effect. The precipitation can be decreased by
8.3% in the experiments without BCC-CSM1.1 and FGOALS-
s2. Additionally, there also exists much uncertainty and dis-
crepancy in the aerosol-induced precipitation change among

the eight models with aerosol direct and indirect effects,
likely due to the complex interaction of aerosol-precipitation
processes [20].

The precipitation can be divided into convective pre-
cipitation and large-scale precipitation by the producing
mechanisms in themodel simulation.The range of convective
precipitation reduction is from 0.016 to 0.73mm/day in the
aerosol run in comparison to the CTL run, and the decrease
in large-scale precipitation is relatively less (Table 3). By
contrast, a striking proportion of the decrease (82.4%) is
attributed to changes in convective precipitation on average,
while just 17.6% of the decrease is ascribed to variations in
large-scale precipitation. Convective precipitation and large-
scale precipitation are repressed in the experiments with both
the aerosol direct and indirect effects, while the experiments
with direct effects only show an increase in large-scale
precipitation. In short, more than 80% of the decrease of
precipitation is mainly due to convective precipitation.

3.3. Change of Large-Scale Circulation. Based on the above
analysis, we know that the EASM can be weakened by the
effect of anthropogenic aerosols and induced precipitation
decrease in East China.The EASM is a subtropical monsoon;
the low-level winds reverse primarily from southerlies [21].
But how do the models represent the relevant circulation
difference? Figure 3 shows the multimodel ensemble mean of
the circulation difference. It is clear that increasing anthro-
pogenic aerosols results in a decreasing of the continental
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Table 3: Convective precipitation (PRCC) and large-scale precipitation (PRCL) difference between the aerosol run and CTL run and the
ratio of the difference to the total precipitation decrease.

Model name Total decrease (mm/day) PRCC PRCL
Decrease (mm/day) Percentage (%) Decrease (mm/day) Percentage (%)

BCC-CSM1.1 −0.01 −0.016 153.3 0.006 −53.3
CanESM2 −0.4 −0.24 58.8 −0.16 41.2
CSIRO-Mk3.6.0 −0.5 −0.47 94.0 −0.03 6.0
FGOALS-s2 −0.01 −0.03 300.0 0.02 −200.0
GFDL-CM3 −0.88 −0.72 81.8 −0.16 18.2
HadGEM2-A −0.2 −0.12 57.9 −0.08 42.1
IPSL-CM5A-LR −0.17 −0.27 160.1 0.10 −60.1
MIROC5 −0.89 −0.73 82.5 −0.16 17.5
MRI-CGCM3 −0.15 −0.08 55.1 −0.07 44.9
NorESM1-M −0.17 −0.15 88.2 −0.02 11.8
Ensemble −0.34 −0.28 82.4 −0.06 17.6

Table 4: Comparisons between the aerosol run and the CTL run in East China in terms of specific humidity, moisture flux, and
convergence/divergence at 850 hPa.

Model name Specific humidity (g/kg) Water vapor flux (g/(hPa⋅m⋅s)) Convergence/divergence (10−5 g/(hPa⋅m2
⋅s))

CTL Aerosol Aerosol−CTL CTL Aerosol Aerosol−CTL CTL Aerosol Aerosol−CTL
BCC-CSM1.1 9.33 9.37 0.04 32.63 31.58 −1.05 −0.75 −0.69 0.06
CanESM2 11.79 11.54 −0.24 31.69 29.13 −2.56 −0.66 −0.56 0.10
CSIRO-Mk3.6.0 12.30 12.16 −0.14 26.50 23.74 −2.76 −0.21 −0.07 0.14
FGOALS-s2 8.60 8.70 0.10 40.70 39.09 −1.61 −0.77 −0.81 −0.04
GFDL-CM3 10.05 9.66 −0.38 21.78 19.10 −2.68 −0.03 0.18 0.21
HadGEM2-A 10.90 10.76 −0.14 23.38 20.12 −3.26 −0.91 −0.91 0.00
IPSL-CM5A-LR 9.10 9.07 −0.03 15.85 15.03 −0.82 −0.35 −0.31 0.04
MIROC5 11.50 11.10 −0.40 37.65 33.77 −3.88 −1.53 −1.08 0.45
MRI-CGCM3 7.25 7.33 0.08 24.19 23.92 −0.27 0.28 0.33 0.05
NorESM1-M 11.08 10.89 −0.19 43.00 36.05 −6.94 −0.44 −0.32 0.12
Ensemble 10.19 10.06 −0.13 29.74 27.15 −2.59 −0.54 −0.42 0.12
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Figure 3: Multimodel climatological mean (30 years) of the differ-
ence (aerosol run minus CTL run) of summer surface temperature
(shading; units: K), SLP (contours; units: hPa), and 850 hPa winds
(vectors; units: m/s).

East Asian surface temperature, leading to a reduction of the
land-sea thermal contrast and the east-west pressure gradi-
ent.The lowered southerly winds are subsequently weakened,

thus restraining the passage of water vapor from the ocean. In
summary, the decreased precipitation in East China is closely
associated with the weakening of the EASM induced by
the effect of anthropogenic aerosols. Anthropogenic aerosols
weaken the monsoon circulation through reducing the land-
sea thermal contrast and the horizontal pressure gradient,
weakening the southerly winds, and suppressing the flux of
water vapor from the ocean into East Asia, thus reducing
rainfall in East China.This result confirms the findings of Lau
et al. [6].

During summer, East China is dominated by southerly
winds at 850 hPa, bringing moisture from the ocean. To
examine how the decreased precipitation is affected by
regional circulation over East China, we calculate regionally
averaged values of specific humidity and moisture flux vari-
ables at 850 hPa and compare the results between the aerosol
run and CTL run (Table 4). The specific humidity is reduced
in almost all of themodels except BCC-CSM1.1 andFGOALS-
s2. All the models clearly indicate decreased water vapor
transfer to the study region with the anthropogenic aerosols
effect. Almost all of the models indicate suppression of
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Figure 4: Difference between the aerosol run and CTL run in East China of (a) summer surface (a) temperature; (b) total radiation (black),
shortwave radiation (red), and longwave radiation (blue) of aerosol forcing; and (c) direct (red) and indirect (blue) radiation of aerosol forcing.
The far right bar and purple line in each panel are the ensemble mean and standard deviation from all simulations, respectively.

convergence, a weakening of water vapor flux, a stabilization
of the atmosphere, and reduced precipitation. In summary,
based on our analyses of the large-scale circulation regimes
and moisture flux, we can conclude that inhomogeneous
land-sea cooling reduces the meridional heating gradient,
decreasing lower-tropospheric northwardmoisture transport
and causing a reduction in precipitation over East China.

3.4. Aerosol-Induced Radiative Forcing and Surface Temper-
ature Variations. Aerosols can perturb the energy balance
of the earth by scattering and absorbing sunlight and by
modifying clouds, hence inducing climate change [8]. In
order to illustrate the linkage between anthropogenic aerosols
and EASM precipitation, we calculate the regional average
temperature and radiative forcing in East China.

In general, the surface temperature decreased in response
to the aerosol effect in East China, except in theMRI-CGCM3
model.The decrease ranges from 0.1 to 0.3 K, with the average
cooling in the 10 models being about 0.15 K (Figure 4(a)).
A decrease in land surface temperature can abate the land-
sea thermal contrast on the one hand and may enhance the
stability of the lower atmosphere and restrain air convection
on the other hand, thereby suppressing rainfall [11].

Themodels produce a surface shortwave radiative forcing
(RF) estimate from aerosol of −4.2 (−7.8 to −3.0)W/m2,
while the longwave RF estimate from aerosol of +0.5 (+0.1
to +1.2)W/m2 partially offsets the changes in shortwave RF

(Figure 4(b)). The shortwave (longwave) radiation usually
tends to cool (warm) the Earth’s surface. It is noted that the
shortwave radiation contributes to the total radiation more
significantly than the longwave radiation, and the cooling
effect on the surface temperature over East China is mainly
because of shortwave radiation. For the total surface short-
waveRF, one can further distinguish it into direct and indirect
parts. Figure 4(c) indicates that the ensemblemean of surface
direct (indirect) RF is about−3.9W/m2 (−1.2W/m2), varying
from −7.2 to −0.9W/m2 (−4.5 to 0.5W/m2), and most of
the indirect RFs are negative except in the CSIRO-Mk3.6.0
model. The values of RF show large differences among all the
models, and this can be attributed to the intricate aerosol-
cloud-radiation interactions.

In summary, direct and indirect RF impact the shortwave
and longwave radiative effect together, leading to a cooling
of East China, inducing a decrease of the land-sea thermal
contrast, and thus weakening the EASM and reducing pre-
cipitation in East China.

4. Conclusion and Discussion

By analyzing simulations from 10 CMIP5 models, we found
that the weakening effect of the EASM and the reduction
in precipitation over East China with increased anthro-
pogenic aerosols are robust. The combination of direct
and indirect effects of anthropogenic aerosols can reduce
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surface total radiative forcing and cool continental East
Asia. Subsequently, the decreased land-sea thermal contrast
and SLP gradients can modulate the large-scale meridional
circulation, decreasing moisture transport into East China
and eventually suppressing precipitation in this region.There
exists the weakening trend of the EASM and the decreasing
of precipitation in East China since late 1970s [2, 22], and, at
this period of time, aerosol concentrations began to increase
rapidly in East Asia; hence, it is shown that the impact
of anthropogenic aerosols may play a nonnegligible role in
driving the weakened EASM [6]. Our results confirm that an
increase in anthropogenic aerosols can lead to a weakening
of the EASM and a decrease in precipitation in East China.

The weakening of the EASM’s intensity and the con-
comitant reduction in precipitation are more significant in
experiments that consider both the aerosol direct and indirect
effects, rather than with the aerosol direct effect only. The
ensemble mean of decreased precipitation in the aerosol run
was circa 0.34mm/day (6.6%) in comparison to CTL run,
and the reduction could be enlarged to 8.3% except in the
experiments with the direct effect only. This may indicate an
important role of the aerosol indirect effect in the EASM’s
circulation and local precipitation. Additionally, more than
80% of the decreased precipitation could be attributed to
convective precipitation, which is consistent with the findings
of Guo et al. [23].

However, we also found large discrepancies among the
spatial distributions of aerosol-induced summer precipita-
tion in the 10 models, despite the common feature that
precipitation was reduced by anthropogenic aerosols over
East China (Figure S2). It is possible that the uncertainties
and discrepancies of the simulated precipitation are due to
the complexity of aerosol-precipitation processes and model
limitations in representing the features of precipitation in
East China. There is great potential for improvement in the
parameterizations of aerosol-cloud-precipitation interaction,
as well as model skill in simulating the precipitation distribu-
tion over East China.

Finally, it is important to note that we focused on the
fast component of anthropogenic aerosols in this study and
did not pay attention to the slow response of SST change.
Ganguly et al. [14] pointed out the importance of the slow
response to aerosols for monsoon and precipitation.The slow
response of the EASM and precipitation in East China to
anthropogenic aerosols also needs to be fully explored with
multimodel simulations in future.
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This study aims to construct a typhoon precipitation forecast model providing forecasts one to six hours in advance using optimal
model parameters and structures retrieved from a combination of the adaptive network-based fuzzy inference system (ANFIS)
and artificial intelligence. To enhance the accuracy of the precipitation forecast, two structures were then used to establish the
precipitation forecast model for a specific lead-time: a single-model structure and a dual-model hybrid structure where the forecast
models of higher and lower precipitation were integrated. In order to rapidly, automatically, and accurately retrieve the optimal
parameters and structures of the ANFIS-based precipitation forecast model, a tabu search was applied to identify the adjacent
radius in subtractive clustering when constructing the ANFIS structure. The coupled structure was also employed to establish a
precipitation forecast model across short and long lead-times in order to improve the accuracy of long-term precipitation forecasts.
The study area is the Shimen Reservoir, and the analyzed period is from 2001 to 2009. Results showed that the optimal initial
ANFIS parameters selected by the tabu search, combined with the dual-model hybrid method and the coupled structure, provided
the favors in computation efficiency and high-reliability predictions in typhoon precipitation forecasts regarding short to long
lead-time forecasting horizons.

1. Introduction

Taiwan is located in the path of typhoons as they move
in from the Western Pacific, and as a result, three to five
typhoons hit Taiwan annually. Conventional methods used
in disaster prevention mainly include engineered structures,
but thesemethods have been proven to bemostly palliative, as
typhoons are capable of damaging the hydraulic structures if
their associated rainfall and flood discharge exceed the design
limit. Therefore, effective methods of ameliorating typhoon-
related disasters need to include nonengineered disaster
prevention programs, such as effective disaster forewarning
and associated response mechanisms, which include the
ability to identify the disaster before it occurs. One such
method is the regional Quantitative Precipitation Forecast

(QPF) information system. In the output of QPF, an accurate
forecast of the duration of rainfall and its location is equally
as important as the forecasted amount of precipitation. Infor-
mation related to forecast precipitation can provide the public
(and meteorological or water conservation departments) an
estimate of expected precipitation in particular catchment
areas, in addition to the ability to forewarn of potential
debris flow hazards or of the need to employ flood control
operations in reservoirs. Therefore, the QPF is crucial for use
in disaster forewarning and associated responses.

Due to the powerful capability of artificial neural network
(ANNs) to model nonlinear systems without the need to
make any assumptions, in recent years ANNs have been
used increasingly in applications for modeling hydrological
processes, including precipitation forecasts (Govindaraju, [1];
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Lin and Wu, [2]). The advantages of using ANNs include
the ability to derive accurate short-term forecasts with low
building costs, while the disadvantages are (1) unsatisfactory
long-term precipitation forecasts with a significant time delay
and (2) lower forecast accuracy in relation to higher amounts
of precipitation.

Research related to the use of ANNs is summarized as fol-
lows. Hsu et al. [3] developed amodified counter propagation
artificial neural network for transforming satellite infrared
images to precipitation over a watershed, and Kuligowski
and Barros [4] developed a feedforward neural network
(FFNN) architecture with upper atmospheric wind direction
and antecedent observed rainfall data to forecast short-term
(0–6 h) precipitation for a specific location. Luk et al. [5]
employed backpropagation neural networks (BPNN) in a
short-term precipitation forecast in urban catchment areas,
focusing on the effects of temporal and spatial information
on the precipitation forecast. This study found that there
was high forecast accuracy along with a reduced time delay
when the input of the neural network included data from
a certain number of adjacent rainfall stations. Grecu and
Krajewski [6] applied BPNN and a statistical method to
radar echo data in QPF and discussed the differences in
results arising from the different spatial resolutions and echo
sizes. Toth et al. [7] used the linear autoregressive model,
BPNN, and nonparametric nearest-neighbors method for
rainfall prediction by taking precipitation as the only input
of the model; the results showed a significant improvement
in long-term precipitation forecast using the ANN. Luk et al.
[8] studied the performance of multilayer feedforward neural
networks, partial recurrent neural networks, and time delay
neural networks in precipitation forecasts within urban
catchment areas. Results showed that the three models were
all effective in precipitation forecasts and further indicated
that precipitation time series were characterized with a short-
term memory and that the predicted precipitation presented
time delays under large lead-times. Liu et al. [9] proposed
a scheme of instantaneous rainfall estimation based on the
radial basis function neural network trained with WSR-
88D Doppler radar observations. Lin and Chen [10] applied
the ANN to typhoon rainfall forecast, and their results
showed that precipitation was significantly underestimated
when the model input only included typhoon characteristic
parameters but that the forecast accuracy was improved
by adding appropriate data from adjacent rainfall stations.
Valverde Ramı́rez [11] developed two precipitation forecast
models in São Paulo State, Brazil. Their results showed
that a better performance can be achieved with the ANN
model compared to the multiple linear regressions (MLR)
model, particularly when using nonlinear phenomenon such
as precipitation forecasting. Hong [12] developed a hybrid
model of RNNs (recurrent artificial neural networks) and
SVMs (support vector machines), namely, RSVR, to fore-
cast typhoon precipitation, where a chaotic particle swarm
optimization algorithm (CPSO) was employed to choose the
parameters of the SVR model. The results showed that the
proposedmodel yielded a good forecasting performance. Lin
andWu [2] combined the self-organizingmap (SOM) and the
multilayer perceptron network (MLPN) to develop a hybrid

typhoon precipitation forecastmodel. In the proposedmodel,
a data analysis technique was developed based on the SOM,
which is able to perform cluster analysis and discrimination
analysis in one step, and the MLPN is used as a nonlinear
regression technique to construct the relationship between
the input and output data. The results showed the proposed
model to deliver a more precise forecast than the model
developed using a conventional neural network approach.

Based on this previous research, there is an evident lack
of studies related to instantaneous typhoon precipitation
forecasts using ANN techniques. However, the accurate
forecast of rainfall during typhoons is extremely difficult
because of the variable tracks of typhoons and the compli-
cated interaction between typhoon circulations and diverse
terrain (Huang et al., [13]). As a result, the accurate and
effective application of ANN techniques (within the field
of artificial intelligence) in precipitation forecasts for mul-
tiple lead-times during typhoons is a subject that urgently
requires development and scientific breakthrough. Typhoon
precipitation is characterized by a fuzzy, chaotic, and highly
uncertain nonlinear system. The adaptive network-based
fuzzy inference system (ANFIS) which is widely used as
solution for various real world problems contains fuzzy
logic reasoning and learning, and is therefore considered
to be a promising candidate technique for use in typhoon
precipitation forecasts. Current available literature related to
ANNs shows that the selection of network architecture (both
input selection parameters and network architecture) and
its efficient training are very time consuming, and major
obstacles are inherent in its day to day applications (Nasseri
et al., [14]). The most commonly used method to retrieve the
parameters and structures of ANNs is a random trial-and-
error method, which is time consuming and proves difficult
in retrieving the optimal parameters, and there is only
limited previous research performed on the optimization of
parameters and structures of ANNs. Of these researches, El-
Fallahi et al. [15] employed the generalized reduced gradient
(GRG) method to optimally select initial weights and bias
values of BPNN. Results showed that the GRG method was
able to effectively search the optimal weights and bias values
within a reasonable computing time. In addition, Nasseri et
al. [14] established the precipitation forecast model based on
FFNN and used the back propagation learning algorithm and
the genetic algorithm in network training and optimization,
respectively. Results showed the superior performance of the
genetic algorithm in precipitation forecasting by selecting
optimal network inputs, compared with randomly selected
inputs. Furthermore, Leahy et al. [16] applied a simulated
annealing algorithm and tabu search to adjust the weights
and the number of nodes of the network; results showed
that the optimal ANN structures and parameters selected by
the simulated annealing algorithm, along with a tabu search,
significantly reduced the error and network complexity. In
addition, this technique yielded promising forecast results.

However, these above-mentioned studies have not
addressed the problems regarding optimization of the
parameters and structures of ANFIS. The objective of this
study, therefore, is to develop multiple mechanisms and
methods for building a typhoon precipitation forecast model
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Figure 1: Flowchart of the methodology.

based on ANFIS and BPNN, and to compare their respective
advantages and disadvantages. Through the study of various
methods, which include the optimal selection of the ANFIS
parameters and structures based on a merging of tabu
search and subtractive clustering, a precipitation forecast
for a specific lead-time using a single-model structure
and dual-model hybrid structure, and a multiple lead-
time precipitation forecast using coupled and noncoupled
structures, we aim to improve the modeling efficiency for
ANFIS, ameliorate the forecasted ability for high intensity
precipitation, and enhance the forecasted accuracy for longer
lead-time, respectively.

2. Development of Methodology

2.1. Procedures. Theprocedures used in this study are divided
into four steps as shown in Figure 1. The detailed procedures
are thoroughly described as follows.

Step 1. The optimal inputs for the typhoon precipitation
forecast model were selected. A nonparametric statistical
correlation analysis was applied to data related to meteoro-
logical and precipitation factors during previous typhoons.
After determining threshold values, the variables with higher
correlation coefficients were selected as the model inputs.
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Step 2. The optimal construction mechanism of ANFIS
was determined (Section 2.3). Fuzzy subtractive clustering
approach (Section 2.3.2) was used to determine the number
of membership functions in the fuzzy rule base as well as
the function parameters during the model construction. The
initial adjacent radius in fuzzy subtractive clustering was
selected using two methods: the conventional random trial-
and-error method and the tabu search algorithm, in order
to rapidly, automatically, and accurately retrieve the optimal
parameters and structures of ANFIS (Section 2.3.4).

Step 3. The optimal forecast model structure for a specific
lead-time was retrieved. Precipitation forecast models based
on ANFIS and BPNN were separately constructed using a
dual-model hybrid structure for a future period from 1 to 6
hours. The dual-model hybrid structure was created by con-
structing and combining the higher and lower precipitation
models. The single-model structure and dual-model hybrid
structure were then compared to determine whichmodel was
superior.

Step 4. The optimal structure for the multiple lead-time pre-
cipitation forecast model was retrieved. Precipitation forecast
models at different lead-times were coupled and compared
with the noncoupled structure.

2.2. Selection of Model Inputs

2.2.1. Candidate Predictor. Three types of predictors were
used in this study.

(1) Typhoon factor: longitude, latitude, central wind
speed, central pressure, grade 7 typhoon radius, grade
10 typhoon radius, and typhoon movement speed.

(2) Rainfall station factor: rainfall at the forecasting
ground station and rainfall from adjacent stations.

(3) Factors calculated from the typhoon factors using
fundamental meteorological formulae as follows.

(1) The distance between the typhoon and the
forecasting station (𝑑(𝑡)): this distance can be
obtained using a conversion formula from lon-
gitude/latitude to distance:

𝑦 (𝑡) = 111.1 × (lat
𝑐
(𝑡) − latfos (𝑡))

𝑥 (𝑡) = 111.1 × (lon
𝑐
(𝑡) − lonfos (𝑡))

× cos(
lat
𝑐
(𝑡) + latfos (𝑡)

2

)

𝑑 (𝑡) = √(𝑥 (𝑡))
2

+ (𝑦 (𝑡))
2

,

(1)

where lat
𝑐
(𝑡) and latfos(𝑡) are the latitudes of the

typhoon center and the forecasting station at
time 𝑡 and lon

𝑐
(𝑡) and lonfos(𝑡) are longitudes of

the typhoon center and the forecasting station at
time 𝑡.

(2) The upper wind speed at the rainfall station
(V(𝑡)): the observed instantaneous grade 7 and
grade 10 typhoon speed and radius were used
in the present study to calculate the circulation
precipitation in typhoon model. The relation-
ship between wind speed and the distance from
typhoon center is described by

V (𝑡) 𝑑(𝑡)𝑎 = 𝑐, (2)

where 𝑎 is an empirical value that varies with
location; 𝑐 is a constant number; and 𝑑(𝑡) is the
distance between the typhoon and the forecast-
ing station at time 𝑡.The values of 𝑎 and 𝑐 can be
solved from the known speed and radius values
of grade 7 and grade 10 typhoons. The upper
wind speed at the rainfall station V(𝑡) is then
obtained by substituting the distance between
the typhoon and the station into (2).

(3) Typhoon characteristic parameter (𝐺(𝑡)): the
typhoon characteristic parameter is calculated
from the radius and radial speed of grade 7 and
grade 10 typhoons using the following formula:

𝐺 (𝑡) =

(𝑟
7
(𝑡) 𝑉
7
(𝑡) − 𝑟

10
(𝑡) 𝑉
10

(𝑡))

𝑟
2

7

− 𝑟
2

10

, (3)

where 𝑟
7
(𝑡) and 𝑟

10
(𝑡) are grade 7 and grade 10

typhoon radii, respectively, at time 𝑡 and 𝑉
7
(𝑡)

and𝑉
10
(𝑡) are radial wind speeds of grade 7 and

grade 10 typhoon, respectively, at time 𝑡.

2.2.2. Selection of Model Inputs. In this study, the favorable
inputs used in the forecast model use correlation analysis for
decision making, and Spearman’s rank correlation coefficient
(Spearman, [17]) is adopted as an analysis index.The analysis
mechanism used for the correlation depends on the rank
relationship of the time series of two variables, and hence this
analysis can determine the correlation and suitability of input,
regardless of the kind of relationship that exists between the
candidate input and output; that is,

𝑟rank = 1 −

6∑
𝑛

𝑖=1

𝐷
2

𝑖

𝑛 (𝑛
2

− 1)

𝐷
2

𝑖

= (Rank
𝑥
𝑖

− Rank
𝑦
𝑖

)

2

,

(4)

where 𝑟rank is Spearman’s rank correlation coefficient, 𝑛 is
the number of data, 𝑥 is the candidate input of the forecast
model (predictor), 𝑦 is the model output also known as the
predictant (future precipitation for forecasted lead-time 𝑡 + 1

to 𝑡 + 6), and Rank
𝑥
𝑖

and Rank
𝑦
𝑖

are the sort values of 𝑥
𝑖
and

𝑦
𝑖
in their individual time series of the variable, respectively.

2.2.3. Assessment Index of Forecast Models. The performance
of the forecast models was primarily evaluated using the
mean absolute error (MAE) criterion in the present study.The
root mean square error (RMSE), correlation coefficient (CC),
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Figure 2: Flowchart of the developed methodology for determining the optimal parameter and structure of ANFIS.
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and 𝐺bench were used to verify the suitability of the solution
selected by MAE:
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, (7)

where �̂�(𝑡) is the forecasted value at time 𝑡; 𝑌(𝑡) is the
measured value at time t; 𝑌bench(𝑡) is the benchmark time
series; and 𝑛 is the number of data.

Smaller values of MAE and RMSE imply a higher accu-
racy of the forecast model, and larger CC values indicate a
closer coupling between the forecasted and measured series.
The 𝐺bench value enables the effectiveness of the model to
be more realistic and for the model to be formularized gen-
erally (which is particularly useful for hydrological forecast
models). Precipitation is characterized by a continuous time
system, in which precipitation at time 𝑡 can be shifted along
𝑛 time units to form a benchmark value at time 𝑡 + 𝑛, and
in this way a benchmark series 𝑌bench can be constructed.
Errors of the forecasted series and the benchmark series
were both calculated from the measured values using (7).
A negative value of 𝐺bench indicates a poorer performance
of the forecast model compared with the benchmark series;
𝐺bench = 0 shows an equivalent performance of the forecast
model and the benchmark series; and a positive 𝐺bench value
means that the forecast model is superior to the benchmark
series.

2.3. Establishment of the Optimal ANFIS Construction Mech-
anism. The most commonly used method for retrieving
ANN parameters and structure is merging the random trial-
and-error method with conventional parametric searching
algorithm, which is used to identify the most appropriate
initial structural parameters and train the best data-driven
parameters under the random set up structure. However, the
random trial-and-error method is time consuming, and the
retrieval of the optimal parameters and structure becomes
difficult if the initial solutions are set improperly and if the
modeled system is enormous. Therefore, the optimization
method was employed in the present study to retrieve the
optimal parameters and structures of ANFIS. Specifically, the
tabu searchwas first applied to optimize the adjacent radius in
the subtractive clustering algorithm, and subtractive cluster-
ing was then used to determine the fuzzy membership func-
tion parameters and network structures of ANFIS. Finally,
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Figure 3: Structure of an ANFIS.

the parameters of the consequent layer were estimated by the
least squares estimator to complete the ANFIS model. The
model identifiedwas tested at a lead-time of 𝑡+1 in the present
study, as shown in Figure 2. ANFIS, subtractive clustering,
and the tabu search used in the tests are described in detail
below.

2.3.1. Introduction of ANFIS. ANFIS was proposed by Jang
(1993) [18] and is based on a fuzzy inference system con-
structed by combining the self-organization characteristics
of a neural network. Hence, ANFIS integrates two algo-
rithms to improve its accuracy and solves for the best
parameters by employing capabilities of learning and self-
adaption. ANFIS is composed of an input layer, a rule
layer, a normalization layer, a consequent layer, and an
output layer, as shown in Figure 3. The modeling tool
can transform the fuzzy-complex process and phenomenon
into artificial logic language that therefore is a poten-
tial approach for typhoon precipitation forecast. The com-
putation and transmission of each layer is described as
follows.

(1) Input Layer. This layer projects input to a group of
fuzzy sets and estimates the values of a group of member-
ship functions. We adopt a group of Gaussian functions
as the membership functions, which can be expressed as
follows:

𝑂
1,𝑗𝑖

= 𝑢
𝑗𝑖
(𝑥
𝑖
) = exp(−






𝑥
𝑖
− 𝑐
𝑗𝑖







2

2𝜎
2

𝑗𝑖

)

𝑖 = 1, 2, . . . , 𝑁 𝑗 = 1, 2, . . . ,𝑀
𝑖
,

(8)

where 𝑢
𝑗𝑖
(𝑥
𝑖
) is the membership function, 𝑐

𝑗𝑖
and 𝜎

𝑗𝑖
are the

antecedent parameters, 𝑁 is the number of inputs, and 𝑀
𝑖
is

the number of the fuzzy membership functions of input i.
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(2) Rule Layer. This layer precedes the antecedent match of
the fuzzy logic rule between variables and then applies a T-
norm product operation to obtain the weighted value of each
rule; that is,

𝑂
2,𝑝

= 𝑤
𝑝
=

𝑁

∏

𝑖=1

𝑢
𝑝𝑖

(𝑥
𝑖
) 𝑝 = 1, . . . , 𝑃, (9)

where 𝑤
𝑝
is the weighted value and 𝑃 is the number of rules.

(3) Normalization Layer. The node of this layer computes the
output ratio between the node and all other nodes; that is,

𝑂
3,𝑝

= 𝑤
𝑝
=

𝑤
𝑝

∑
𝑃

𝑝=1

𝑤
𝑝

. (10)

(4) Consequent Layer. The output of the consequent layer
node is the product of the outputs of the normalization layer
and the Sugeno fuzzy model (Takagi and Sugeno, [19]); that
is,

𝑂
4,𝑝

= 𝑤
𝑝
𝑓
𝑝
= 𝑤
𝑝
(

𝑁

∑
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𝑟
𝑝𝑖
𝑥
𝑖
) , (11)

where 𝑟
𝑝𝑖

represents the consequent parameters and 𝑥
0
is

equal to 1.

(5) Output Layer. This layer sums the outputs of the previous
layer to compute the model output; that is,

𝑂
5,𝑝

=

𝑃

∑

𝑝=1

𝑤
𝑝
𝑓
𝑝
=
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𝑤
𝑝

. (12)

ANFIS is a feedforward neural network and is con-
structed by supervised learning.The network parameters can
be divided into antecedent parameters (nonlinear parame-
ters: 𝑐

𝑗𝑖
, 𝜎
𝑗𝑖
) and consequent parameters (linear parameters:

𝑟
𝑝𝑖
), and the model structure is determined by setting the

number of membership functions in the input layer and the
number of nodes of the rule layer. In tradition, the model
structure and initial parameters are determined by random
trial-and-error method, and the calibrated parameters after
data-driven training are retrieved by least square estimator
(LSE) and gradient steepest descent method.

To decrease the time for model construction in obtaining
the best network structures and parameters, this study con-
structs ANFIS using hybrid algorithms including subtractive
clustering (SC) and a least square estimator (LSE). The
input and output vectors were first classified by subtractive
clustering before training the model. The number of clusters
obtained from the classification was set as the number of
membership functions for node fuzzification at the various
input layers and the number of nodes of the rule layers,
and the 𝑖th membership function node of each input layer
node was connected to the corresponding 𝑖th rule layer node.
After determining the network structures, the center point
and standard deviation of each cluster were taken as the
initial parameters of the input layer membership functions

(Gaussian function). The training data were then fed into
the network with the consequent linear parameter set and
the antecedent nonlinear parameter set solved by the least
squares estimator and the gradient steepest descent method,
respectively. The corresponding algorithm flowchart of the
model construction is shown in Figure 4; this composite
constructionmechanism only requires the setting of adjacent
radius in subtractive clustering and the subsequent training
of network structures and parameters are automatically com-
pleted. The network structure significantly reduces the time
required to retrieve the optimal number of fuzzymembership
functions, number of rules, and network parameters, and the
optimal network structure and parameters can be obtained
after simply setting the adjacent radius between 0 and 1 (Jang,
[18]; Jang et al., [20]).

2.3.2. Introduction of Subtractive Clustering. Subtractive clus-
tering was employed in the present study to construct fuzzy
if-then rules in order to reduce the number of parameters
of the fuzzy membership function in the ANFIS model.
This was performed to establish a suitable rule base in the
fuzzy inference system. Subtractive clustering was proposed
by Chiu [21], in which every data point is treated as the
candidate of the cluster center. Subtractive clustering is a
fast and independent clustering method: the computational
complexity is proportional to the number of data and is inde-
pendent from the system dimension. For example, 𝑥

𝑖
(𝑖 =

1, 2, . . . , 𝑛) are 𝑛 sets of data in an 𝑀-dimensional space and
the corresponding density measures𝐷 are defined as

𝐷
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𝑛
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exp(−
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where the adjacent radius 𝑟
𝑎
is a positive number representing

the distance near the center, and the data points outside
the radius have minimum impact on the density measure.
The density measure is calculated for each data point (𝑥

𝑖
),

and the one with the highest density (𝐷
𝑐1
) is selected as the

first cluster center (𝑥
𝑐1
). The definition of density measure

is then modified to select the next cluster center. Assuming
that 𝑥

𝑐𝑘
is the cluster center selected at the 𝑘th round, and the

corresponding density measure is 𝐷
𝑐𝑘
, the modified formula

is as follows:
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𝑖
− 𝐷
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exp(−
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𝑏
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where radius 𝑟
𝑏
has the same definition as 𝑟

𝑎
and is usually

set as 1.5𝑟
𝑎
so that the selected center will not be too close to

that of the previous one.The above procedure of cluster center
selection is repeated until a termination condition is reached
or there are a sufficient number of cluster centers.

2.3.3. Establishment of the Optimal Model. In this study, the
tabu search was used in the present study to optimize the
adjacent radius in subtractive clustering to obtain the optimal
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ANFIS parameters and structures. The objective function
minimizing the forecast error is as follows:

Min𝑍 =
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.
(15)

A smaller value of the objective function (𝑍 value)
indicates a higher accuracy of the forecast model. The value
of the adjacent radius is confined to between 0 and 1, and
the calculations across the layers of ANFIS that all belong to
constraints are shown as follows:

S.T.

{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{

{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{

{

0 < 𝑟 < 1

𝑢
𝑗𝑖
(𝑥
𝑖
) = exp(−






𝑥
𝑖
− 𝑐
𝑗𝑖







2

2𝜎
2

𝑗𝑖

)

for 𝑖 = 1, 2, . . . , 𝑁;

𝑗 = 1, 2, . . . ,𝑀𝑖

𝑖, 𝑗,𝑁,𝑀 ∈ 𝑁

𝑤
𝑝
=

𝑁

∏

𝑖=1

𝑢
𝑝𝑖

(𝑥
𝑖
)

for 𝑝 = 1, . . . , 𝑃 𝑝, 𝑃 ∈ 𝑁

𝑤
𝑝
=

𝑤
𝑝

∑
𝑃

𝑝=1

𝑤
𝑝

𝑤
𝑝
𝑓
𝑝
= 𝑤
𝑝
(

𝑁

∑

𝑖=0

𝑟
𝑝𝑖
𝑥
𝑖
)

𝑦 =

𝑃

∑

𝑝=1

𝑤
𝑝
𝑓
𝑝
=

∑
𝑃

𝑝=1

𝑤
𝑝
𝑓
𝑝

∑
𝑃

𝑝=1

𝑤
𝑝

,

(16)

where 𝑟 is the adjacent radius. In order to improve the
forecast accuracy, single forecast models were constructed
for each lead-time with no connections between them and
were classified as noncoupled structures, wherein the single-
model structure and the dual-model hybrid structure were
first compared to determine the subsequent research topic
regarding forecast model structure for a specific lead-time
(the multiple lead-time precipitation forecast models based
on coupled and noncoupled structures are described in
Section 2.5).

2.3.4. Introduction of Tabu Search. The tabu search was
proposed by Glover [22] and Glover and Laguna [23] and
guides the search direction and region using different types of
memory. During the search, a search direction or region can
be favored or prohibited according to the memory and rules.
Additionally, the search can exit at a local optimum region
and avoid repeated searches through the definition of a tabu
list that includes the type and length of the search variables
and the associated objective function value, where every
iteration only searches to find the best candidate solution.
Hence, this searchmechanism is not only able to significantly
improve the search efficiency and accuracy but also able
to obtain the best global solution. The tabu search was
thus applied to optimize the adjacent radius in subtractive
clustering, as required in the ANFIS model construction. A
diagram of the method is illustrated in Figure 2.

2.4. Retrieval of the Optimal Forecast Model Structure for a
Specific Lead-Time. During typhoons, an accurate forecast
of higher amounts of precipitation is considered to be
much more important than amounts of lower precipitation.
According to previous research, precipitation has often been
underestimated in higher rainfall, indicating different under-
lying mechanisms involved in higher and lower precipitation
(Luk et al. [5]; Lin and Chen [10]; Lin andWu [2]). To address
this issue, the present study optimized the forecast of higher
precipitation to reduce the forecast error. In addition, it was
expected that the forecast error of higher precipitation would
be lower than that obtained from the single-model structure.

According to the Central Weather Bureau in Taiwan, a
heavy rainfall is defined as 24-hour accumulated rainfall of
50mm or above, during which time there is at least one hour
where precipitation amounts to 15mm or above. In this study
therefore, high precipitation was defined as an amount of
15mm/hr or above.The dual-model hybridmethod proposed
in the present study constructs both lower and higher pre-
cipitation forecast models that can be subsequently selected
within instantaneous forecasting. The lower precipitation
model is usually initially applied, and if the forecasted pre-
cipitation is less than 15mm/hr, the forecast value is directly
accepted. However, if the forecasted precipitation is greater
than 15mm/hr, the higher precipitationmodel is used instead
to obtain the corresponding forecast value. In this section,
the single-model method and the dual-model hybridmethod
are first compared within noncoupled structures in order to
determine the model construction for a specific lead-time in
the combined multiple lead-time forecast model, based on
noncoupled and coupled structures (see Section 2.5).

2.5. Combined Multiple Lead-Time Precipitation Forecast
Model Based on Coupled and Noncoupled Structures. Due to
the complexity and uncertainty of the relationship between
the atmosphere and physiography, the accuracy of any
precipitation forecast decreases with any increase in the
forecast lead-time. In this present study, two structures are
proposed to improve the accuracy of long-term precipitation
forecasts by constructing a multiple lead-time precipitation
forecast model. The first structure is a noncoupled model,
where the inputs of the forecast models for different lead-
times are all instantaneous observed data, and the outputs of
forecast models at each lead-time are not coupled with the
model inputs at the next lead-time. The second structure is
a coupled model, which better characterizes the relationship
between series and provides enhanced forecasting informa-
tion. The coupled structure is therefore expected to provide
a more accurate precipitation forecast for a longer lead-time.
Observed information includes the typhoon factors that are
input and the meteorological and physical factors, whereas
the precipitation factor couples both observed and forecast
information. Taking the present study as an example, forecast
precipitation at 𝑡 + 1 is required for the 𝑡 + 2 coupled model,
where the forecast precipitation at 𝑡 + 1 replaces the input
precipitation at 𝑡 in the 𝑡 + 2model, the forecast precipitation
at 𝑡 replaces the input precipitation at 𝑡 − 1 in the 𝑡 + 2model,
and so on.The noncoupled and coupled structures are shown
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Set the adjacent radius in subtractive clustering

Classify the input and output vectors using subtractive clustering

Obtain the number
of clusters

Obtain the center point and
standard deviation of each cluster

Retrieve the number of
membership functions and rule

Retrieve the network structure

Take the center point and standard deviation of
each cluster as the initial parameters of the input
layer membership functions (Gaussian function)

Enter the training data into the network

Propagate to the consequent layer

Solve the consequent linear
parameter set using the least

squares estimator

Target outputs
of training data

Compute the error between the model output and target output

Solve the antecedent nonlinear parameter set
using the gradient steepest descent method

Does training achieve convergent standard?

Complete the training algorithm

Yes

No

Figure 4: Flowchart of training the optimal parameters and structure of ANFIS by combining subtractive clustering, least squares estimator,
and gradient steepest descent method.

in Figure 5. After model training, it will then be intended to
investigate the performance of the two structures in practical
applications using model verification and assessment indices
from the testing stage.

2.6. Introduction of BPNN. Themost commonly used BPNN
was employed in the present study to construct models
based on a noncoupled single-model and dual-model hybrid
methods, as well as a coupled structure. The BPNN-based
forecast performance was then compared with that of the
newly developed ANFIS model. BPNN, developed by Rosen-
blatt [24], is a single-layer perceptron with no hidden layers
and is therefore incapable of solving certain problems. The
conception of a multilayer neural network was not realized
until the well-known back propagation learning method
was proposed by Rumelhart and McClelland [25], which

developed an effective strategy for solving large amount of
node weights.

The BPNN structure is composed of multilayer percep-
tron (MLP) and generally employs the error back propagation
(EBP, also abbreviated as back propagation (BP)) algorithm
as the learning algorithm. The combination of MLP and
EBP is known as BPNN. The BP algorithm is classified as
a multilayer FFNN, and the nonlinear mapping between
inputs and outputs is handled by supervised learning. The
commonly adopted BPNN structure is shown in Figure 6
and includes an input layer, a hidden layer, and an output
layer. The input and output layers represent the input and
output values with the number of nodes determined by the
type of problem to be solved. The number of hidden nodes
is generally retrieved using the trial-and-error method. In
addition, the number of hidden layers can be increased from
one tomultiple layers based on the complexity of the problem.
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Observed information includes the typhoon factors that are input
and the meteorological-physical and precipitation factors

Noncoupled structure between
short and long lead-times

Coupled structure across 
short and long lead-times

t + 1 t + 2 t + 3 t + 4 t + 5 t + 6 t + 1 t + 2 t + 3 t + 4 t + 5 t + 6

Figure 5: Noncoupled and coupled structures for precipitation forecast regarding short to long lead-time forecasting horizons.

1

2

i

1

2

j

1

k

b

Input layer Hidden layer Output layer

X1

X1

X2

X2

Xi

Xi

XN1

XN1

N1
N2

N3

Y1

Yk

Yj

YN3

Σ ∫

Figure 6: Structure of a BPNN.

Thenodes of different layers are connected by relatedweights.
The input values are directly transmitted to the hidden layer
through the input layer and converted into the outputs by the
activation functions after weighted summation. The output
values are fed back into the input layer in the same manner.
In BPNN, the output of the jth node in the 𝑛th layer is the
conversion function of the node outputs in the 𝑛 − 1th layer:

𝑦
𝑛

𝑗

= 𝑓 (net𝑛
𝑗

) , (17)

where 𝑦
𝑛

𝑗

represents the jth node output in the 𝑛th layer,
which is the input for the first layer. 𝑓 is the activation
function and net𝑛

𝑗

is the weighted summation of the outputs
from the 𝑛 − 1th layer:

net𝑛
𝑗

= ∑

𝑖

𝑤
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𝑗𝑖

𝑦
𝑛−1

𝑖

− 𝑏
𝑛

𝑗

, (18)

where 𝑤
𝑛

𝑗𝑖

is the node weight connecting the jth node in
the 𝑛th layer and the 𝑖th node in the 𝑛 − 1th layer and

𝑏
𝑛

𝑗

is the bias value of the jth node in the 𝑛th layer. In
the present study, the activation functions at the BPNN
hidden layer and output layer were set as the hyperbolic
function and the linear activation function, respectively. As a
supervised learning network, the BPNN aims to reduce the
difference between network outputs and objective outputs.
The objective function (i.e., cost function) E is defined as
follows:

𝐸 = (

1

2

)∑

𝑘

(𝑑
𝑘
− 𝑦
𝑘
)
2

, (19)

where 𝑑
𝑘
is the target output value of the kth node and 𝑦

𝑘

is the network output value of the kth node. Therefore, the
network learning process is a process that minimizes the
objective function 𝐸. In the present study, the optimization
of BPNN parameters was handled by the conjugate gradient
method to search for the minimum value of the objective
function E.



Advances in Meteorology 11

Table 1: The adopted typhoon events among training, validation, and testing stage.

Typhoon name Time period of typhoon warning Total precipitation (mm) Data number Total data number

Training

Utor 2001/07/03∼2001/07/05 92 46

804

Toraji 2001/07/28∼2001/07/31 51 75
Lekima 2001/09/24∼2001/09/28 167 91
Haiyan 2001/10/15∼2001/10/16 150 27
Sinlaku 2002/09/05∼2002/09/08 355 73
Haitang 2005/07/16∼2005/07/20 399 75
Matsa 2005/08/04∼2005/08/06 1271 54
Talim 2005/08/30∼2005/09/01 328 51
Khanun 2005/09/10∼2005/09/11 132 27
Sepat 2007/08/16∼2007/08/19 218 66
Wipha 2007/09/17∼2007/09/19 504 42
Krosa 2007/10/05∼2007/10/07 709 63

Fung-Wong 2008/07/27∼2008/07/29 120 57
Jangmi 2008/09/27∼2008/09/29 249 57

Validation

Nari 2001/09/15∼2001/09/19 937 111

421

Dujuan 2003/08/31∼2003/09/02 80 42
Rananim 2004/08/11∼2004/08/12 424 36
Aere 2004/08/23∼2004/08/26 1559 69

Nock-Ten 2004/10/24∼2004/10/25 286 42
Nanmadol 2004/12/03∼2004/12/04 115 24
Longwang 2005/10/01∼2005/10/03 172 51
Kalmaegi 2008/07/17∼2008/07/18 67 46

Testing
Mindulle 2004/06/29∼2004/07/02 74 72

252Sinlaku 2008/09/12∼2008/09/15 1084 87
Morakot 2009/08/06∼2009/08/10 493 93

3. Application

3.1. Study Area. The methodology proposed in the present
study was applied to the Shimen Reservoir catchment area,
which measures approximately 763.4 km2. The main stream
within this area is the Dahan Creek, which is the upper
stream of the Tamsui River. Rainfall stations in the Shimen
Reservoir catchment area used in the present study were set
up by the Northern Region Water Resources Office at the
Water Resources Agency of Ministry of Economic Affairs
and include locations in Shimen, Hsia-Yun, Gao-Yi, Ba-Ling,
Galahe, Yu-Feng, Bai-Shi, Zhenxibao, Siciouish Mountain,
and Chi-Duan (Figure 7).

3.2. Data Used in Model Construction. This study used
instantaneous observed information, such as rainfall and
typhoon characteristics, to forecast precipitation for six lead-
times from 𝑡 + 1 to 𝑡 + 6. The output variables were taken as
the precipitation forecast of the two rainfall stations of 𝑡 + 1

to 𝑡 + 6 in the Shimen Reservoir catchment area: Yu-Feng
and Hsia-Yun stations. A total of 25 typhoons were selected
in the present study based on the criterion that a typhoon
land warning was issued and the corresponding cumulated
precipitation was greater than 50mm. The model construc-
tion included three stages, namely, a training, validation, and
testing stage (Table 1).

3.3. Results and Discussion

3.3.1. Model Inputs Selection. Correlation analysis was
applied in the present study to assess the correlation
coefficient between each input factor and the precipitation
at each lead-time for each rainfall station. The selected
model inputs and corresponding correlation coefficients
for Yu-Feng station and Hsia-Yun station are shown
in Tables 2 and 3, respectively. Research conducted
by Lin and Chen [10] revealed that excessive model
inputs could introduce additional noise into the model,
therefore 10 input factors were selected based on the
correlation coefficients and subsequent tests were used
to avoid excessive inputs while retaining the forecasting
information necessary for the model. In addition, we aimed
to include certain typhoon factors as the model inputs
in order to supplement information (Lin and Chen [10];
Lin and Wu [2]) that could not be represented by the
rainfall stations, and therefore three typhoon factors and
seven rainfall station factors were selected as the inputs.
The results showed that the forecast factor mostly used
was precipitation information, and that typhoon factors
and calculated physical factors were also indispensable.
These parameters are considered to be essential for
use in eliminating the time lag and for characterizing
rainfall.
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Table 2: The selected model inputs and corresponding correlation coefficients for Yu-Feng station.

Forecasted lead-time 𝑡 + 1 𝑡 + 2 𝑡 + 3 𝑡 + 4 𝑡 + 5 𝑡 + 6
Typhoon central longitude X 0.450 0.472 0.492
Typhoon central maximum wind speed 0.436 0.439 0.443 0.446 0.45 0.453
Typhoon central atmospheric pressure 0.451 0.452 0.457 0.46 0.465 0.469
The upper wind speed at Yu-Feng station 0.46 0.454 0.432 X
Hsia-Yun precipitation at time 𝑡 0.894 0.867 0.819 0.819 0.795 0.773
Gao-Yi precipitation at time 𝑡 0.908 0.882 0.831 0.831 0.809 0.788
Ba-Ling precipitation at time 𝑡 0.895 0.869 0.820 0.820 0.799 0.778
Zhenxibao precipitation at time 𝑡 0.884 0.858 0.812 0.812 0.791 0.761
Bai-Shi precipitation at time 𝑡 0.895 0.872 0.819 0.819 0.797 0.772
Yu-Feng precipitation at time 𝑡 0.917 0.89 0.839 0.839 0.819 0.792
Yu-Feng precipitation at time 𝑡 − 1 0.890 0.871 0.822 0.822 0.797 0.777

3.3.2. Determination of the Optimal ANFIS Construction
Mechanism. The present study combined a tabu search and
subtractive clustering to determine the optimal structures
and parameters of ANFIS. The adjacent radius in subtractive
clustering was optimized using two methods: the traditional
random trial-and-error method and the tabu search. The

MAE values of the forecasted precipitation at 𝑡 + 1 during
validation were used to compare the two methods and to
identify the superior model. The 10 inputs and one output (11
variables in total) were included in the proposed model, and,
therefore, the number of decision variables for the adjacent
radius was set as 11.
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Table 3: The selected model inputs and corresponding correlation coefficients for Hsia-Yun station.

𝑡 + 1 𝑡 + 2 𝑡 + 3 𝑡 + 4 𝑡 + 5 𝑡 + 6
Typhoon central longitude X 0.423 0.447 0.465
Typhoon central maximum wind speed X 0.415 X 0.424 0.428
Typhoon central atmospheric pressure 0.419 0.423 0.429 0.434 0.439 0.444
Distance between observed station and typhoon center 0.437 0.419 X
The upper wind speed at Hsia-Yun station 0.483 0.467 0.449 0.432 X
Gao-Yi precipitation at time 𝑡 0.857 0.825 0.809 X 0.772
Ba-Ling precipitation at time 𝑡 0.896 0.863 0.846 0.825 0.806 0.791
Gao-Yi precipitation at time 𝑡 0.872 0.844 0.824 0.809 0.794 0.776
Yu-Feng precipitation at time 𝑡 0.884 0.857 0.838 0.825 0.806 0.793
Zhenxibao precipitation at time 𝑡 X 0.798 0.784 X
Bai-Shi precipitation at time 𝑡 0.864 0.838 0.824 0.806 0.791 0.777
Hsia-Yun precipitation at time 𝑡 − 1 0.872 0.84 0.818 0.802 0.78 0.764
Hsia-Yun precipitation at time 𝑡 0.912 0.872 0.842 0.819 0.803 0.783

Table 4: Comparison of the value of assessment indices by applying tabu search and trial-and-error method for retrieving the optimal
parameter and structure of ANFIS on testing stage.

Testing value of random trial-and-error method Testing value of tabu search
Yu-Feng station Hsia-Yun station Yu-Feng station Hsia-Yun station

MAE 3.84 3.944 3.798 3.532
RMSE 6.834 6.329 6.626 6.075
CC 0.682 0.651 0.709 0.682
𝐺bench 0.185 0.089 0.234 0.161

The random trial-and-error method generated 11 random
numbers between 0 and 1 each time for the value of adjacent
radius in subtractive clustering, followed bymodel parameter
training using LSE and the gradient steepest descent method.
A total of 1000 models were generated and trained, and the
one with the smallest MAE value was selected as the optimal
model in the random trial-and-errormethod.The tabu search
first generated 50 sets of random solutions for training and
then selected the one with the smallest MAE value as the
initial solution of the tabu search. The optimal solution was
then obtained by conducting an additional 20 iterations of the
tabu search, with a step shift of the decision variables set at
0.05.

The adjacent radius in subtractive clustering was found
using the tabu search, and validation of the MAE values of
the precipitation forecast model at 𝑡 + 1 at Yu-Feng station
and Hsia-Yun station is illustrated in Figure 8. These figures
show that theMAE values of the constructed forecast models
significantly decreasedwith an increase in the number of iter-
ations. In addition, the optimal MAE values were markedly
lower than those from the random trial-and-error method.
Furthermore, the tabu search required only 490 iterations,
which was less than half of the computation amount and
time required by the random trial-and-error method. The
testing results shown in Table 4 also indicate that the tabu

search was able to retrieve the optimal ANFIS parameters
and structures more efficiently than the random trial-and-
error method. The lower testing values of MAE and RMSE
and higher testing value of CC and 𝐺bench received from
the tabu search approach represent that the constructed
ANFIS-based precipitation forecast model using the tabu
search approach is more accurate, stable, and effective than
the random trial-and-error method. Therefore, the tabu
search was selected for determining the optimal adjacent
radius.

3.3.3. Retrieval of Optimal Forecast Model Structure for
a Specific Lead-Time

(1) ANFIS-Based Single and Hybrid Precipitation Forecast
Model for a Specific Lead-Time. In this section, the noncou-
pled single-model structure and the dual-model hybrid struc-
ture were compared for each lead-time. The construction
method used for the optimal model was the same as that
used for constructing the coupled model for each lead-time.
The forecast performance of the single and hybrid models
at Yu-Feng and Hsia-Yun stations are compared in Figures
9 and 10. Based on the lower MAE value of assessment
index of dual-model hybrid structure than single-model,
the results show that the hybrid model effectively improves
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Figure 8: Comparison of MAE of validation between tabu search approach and random trial-and-error method for construction of ANFIS-
based precipitation forecast model: (a) Yu-Feng station; (b) Hsia-Yun station.
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Figure 9: Comparison of the forecast performance of the single and hybrid ANFIS-based models at Yu-Feng station: (a) validation; (b)
testing.
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Figure 10: Comparison of the forecast performance of the single and hybrid ANFIS-based models at Hsia-Yun station: (a) validation; (b)
testing.

the forecast accuracy especially for high intensity precipita-
tion by between 𝑡 + 1 and 𝑡 + 5. The validated and testing
results of Yu-Feng station and Hsia-Yun station all can be
verified. However, lower forecast accuracy at Yu-Feng station
at 𝑡+6was observed because the forecast at a greater lead-time
was prone to a time lag, and when using a combination of
the higher and lower precipitation models, the precipitation
forecast by the lower precipitationmodelwas actually forecast
by the higher precipitation model, which increased the
forecast error. Based on test results, the dual-model hybrid
structure of the ANFIS forecast model outperformed that
of the single-model structure and was therefore selected to
construct the coupled forecast model for multiple lead-times.

(2) BPNN-Based Single and Hybrid Precipitation Forecast
Models for a Specific Lead-Time. The BPNN-based single
model was constructed using one model at each forecasted
lead-time (𝑡 + 1 ∼ 𝑡 + 6). The number of hidden nodes
was identified using the following procedure: node numbers
from 2 to 10 were first separately trained for 10 times with
5000 iterations each time.The three node numbers giving the
smallest average MAE values were then selected to receive
an additional 1000 iterations of training. Finally, the node
number with the smallest MAE value was determined as
the optimal model for a specific lead-time. A comparison
of the validation and testing of MAE values at Yu-Feng
and Hsia-Yun stations showed that the performance of the
BPNN-based hybrid and single models were comparable,
as shown in Figures 11 and 12. However, when the hybrid
model outperformed the single model, the MAE values of

the hybrid model were much smaller than those of the
single model.Therefore, the dual-model hybrid structure was
selected to construct the coupled multiple lead-time forecast
model.

3.3.4. Retrieval of the Optimal Precipitation Forecast Model
Structure for Multiple Lead-Times. In this section, four
multiple lead-time forecast models based on the hybrid
model structurewere compared (BPNN-noncoupled, BPNN-
coupled, ANFIS-noncoupled, and ANFIS-coupled). In addi-
tion to the validation and testing of the MAE value, the
efficiency and convenience of the model construction were
also considered as criterions for model performance assess-
ment. The validation MAE values of the models at multiple
forecast lead-times at Yu-Feng and Hsia-Yun stations are
shown in Figure 13, and the testing index values of the
models at Yu-Feng station and Hsia-Yun station are shown
in Figures 14 and 15, respectively. The results showed that
the ANFIS-coupled model almost consistently outperformed
theANFIS-noncoupledmodel at both Yu-Feng andHsia-Yun
stations. In particular, the ANFIS-coupled model achieved
a greater improvement of forecast accuracy at a greater
lead-time based on the values of MAE, RMSE, CC, and
𝐺bench, indicating a true improvement of the ANFIS-coupled
model at a larger lead-time. However, changes in the forecast
performance were insignificant between the BPNN-coupled
and BPNN-noncoupled models, implying that the BPNN
precipitation forecast model based on the coupled structure
was no better than the one based on the noncoupled structure
for multiple lead-time forecasting. It represents that because
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Figure 11: Comparison of the forecast performance of the single and hybrid BPNN-based models at Yu-Feng station: (a) validation; (b)
testing.
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Figure 12: Comparison of the forecast performance of the single and hybrid BPNN-based models at Hsia-Yun station: (a) validation; (b)
testing.
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Figure 13: The validation MAE values of the models at multiple forecast lead-times: (a)Yu-Feng station; (b) Hsia-Yun station.
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Figure 14: The testing index values of the coupled and noncoupled models at Yu-Feng station: (a) MAE and RMSE; (b) CC and 𝐺bench.
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Figure 15: The testing index values of the coupled and noncoupled models at Hsia-Yun station: (a) MAE and RMSE; (b) CC and 𝐺bench.

the simulated mechanism of ANFIS owns the higher ability
of tolerance and adaption for the transmitted error based on
the fuzzy-adaptive routing structure, the coupled structure of
ANFIS can perform better forecasted accuracy, stability, and
effectiveness than BPNN.

The number of nodes in hidden layer of the optimal
BPNN-noncoupled precipitation forecast model for Yu-Feng
station from lead-time 1 hour to 6 hours is 8, 8, 9, 9, 9, and
9, respectively, and, for Hsia-Yun station, is 8, 8, 9, 9, 10,
and 10, respectively. In BPNN-noncoupled forecast model,
the optimal activation function of hidden layer for shorter
lead-time 1 hour to 3 hours is hyperbolic function, but, for
longer lead-time 4 hours to 6 hours, the optimal activation
function is linear function. It represents that the real-time
observedmeteorological rainfall information can retrieve the
future precipitation mechanism, and linear activation func-
tion can better solve the problem of underestimating future
precipitation in longer lead-time. Moreover, the number of
rules derived from the optimal ANFIS-coupled precipitation
forecast model for Yu-Feng station from lead-time 1 hour to
6 hours is 6, 7, 7, 8, 8, and 8, respectively, and for Hsia-Yun
station is 7, 8, 8, 8, 9 and 9, respectively. The optimal model
structure no matter ANFIS or BPNN all would be getting
more complex along the increase of forecasted lead-time both
for Yu-Feng station and for Hsia-Yun station. It represents
that because the rainfall uncertainty of longer forecasted

lead-time is too high, the forecast model including ANFIS
and BPNN needs more rules and network connections,
respectively, to retrieve the typhoon-rainfall mechanism.
Furthermore, because the location of Hsia-Yun station is
more near at marginal basin than Yu-Feng station, under
the effect of terrain and lower representative information
offered by adjacent observation station, the forecast model
forHsia-Yun station includingANFIS and BPNNneedsmore
complex rules and network structures than Yu-Feng station,
respectively, to retrieve the typhoon-rainfall mechanism.

From the perspective of model construction time, the
ANFIS model was found to be significantly better than the
BPNN model. Based on the computer computation in the
present study, it took BPNN approximately 40000 seconds
to construct a forecast model for a single lead-time, while
the ANFIS only required approximately 1800 seconds. This
means that without parallel computation using multiple
computers, BPNN will require three days to complete the
model construction from 𝑡 + 1 to 𝑡 + 6, and ANFIS will
only require three hours. As a result, the ANFIS-based
precipitation forecast model is considered to be superior
based on its construction speed and convenience that can
solve the time-consuming problem. Additionally, the overall
performance of the models at each forecast lead-time pre-
sented little difference, and most of the validation and testing
results of the ANFIS-coupled model were close to optimum.
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Figure 16: The validation and testing precipitation forecast results at 𝑡 + 1 of the ANFIS-based hybrid dual-model at Yu-Feng station: (a)
validation; (b) testing.
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Figure 17: The validation and testing precipitation forecast results at 𝑡 + 1 of the ANFIS-based hybrid dual-model at Hsia-Yun station: (a)
validation; (b) testing.

Therefore, from the perspective of stability and reliability, the
ANFIS-coupled model structure is a more favorable choice
for typhoon precipitation forecast at multiple lead-times.
The validation and testing precipitation forecast results at
𝑡 + 1 of the ANFIS-based noncoupled hybrid model at Yu-
Feng and Hsia-Yun stations are shown in Figures 16 and 17,
respectively, and those of 𝑡+2 are shown in Figures 18 and 19,
respectively.

4. Conclusion

Typhoon precipitation is characterized as a chaotic, fuzzy,
highly uncertain, and nonlinear system. The adaptive
network-based fuzzy inference system (ANFIS) has the
ability to reason and learn using fuzzy logic. Therefore,
the present study applied ANFIS, combined with multiple
artificial intelligence techniques, to develop the optimal
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Figure 18:The validation and testing precipitation forecast results at 𝑡+2 of the ANFIS-based coupled hybrid dual-model at Yu-Feng station:
(a) validation; (b) testing.
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Figure 19:The validation and testing precipitation forecast results at 𝑡+2 of the ANFIS-based coupled hybrid dual-model at Hsia-Yun station:
(a) validation; (b) testing.

construction mechanism using model parameters and struc-
tures for a typhoon precipitation forecast model of one-
to six-hour lead-time. The proposed system was evaluated
by a comparison with the most commonly used back
propagation neural networks (BPNN). The present study
first employed nonparametric correlation analysis to assess
the correlation between multiple observed and forecasted
variables (typhoon factors, calculated physical factors, and
precipitation information from adjacent rainfall stations)

and the precipitation of the forecasting station, so that the
most appropriate input variables at each lead-time were
identified. In order to effectively and accurately retrieve
the optimal parameters and structure of the ANFIS-based
precipitation forecast model, the tabu search was applied to
identify the adjacent radius in subtractive clustering when
constructing the ANFIS structure. The results of the tabu
search were further compared with the random trial-and-
error method to obtain a fast and automatic solution. To
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improve the forecast accuracy of higher precipitation, the
single-model method and the dual-model hybrid method
were used in the present study to forecast higher and lower
precipitation for a specific lead-time. In addition, coupled
structures were adopted for the construction ofmultiple lead-
time precipitation forecast model to improve the accuracy of
long-term precipitation forecast. Lastly, four forecast models
for multiple lead-times were compared, including ANFIS-
coupled, ANFIS-noncoupled, BPNN-coupled, and BPNN-
noncoupled.

The proposed method was applied to the Taiwan Shimen
Reservoir catchment area with a study period from 2001
to 2009. The results showed that (1) subtractive cluster-
ing was able to effectively simplify the construction and
algorithm parameters of ANFIS and the tabu search was
able to effectively optimize the parameters in subtractive
clustering and hence retrieve the optimal ANFIS parameters
and structures. Compared with the random trial-and-error
method, the tabu search significantly provided the favors
in computation efficiency and high-reliability predictions in
typhoon precipitation forecasts. (2) Due to different precip-
itation mechanisms occurring regarding short to long lead-
time forecasting horizons, the present study combined the
forecast results from higher and lower precipitation models
and predicted typhoon precipitation for a specific lead-time
based on the current precipitation level. The results showed
that the dual-model hybrid method is superior to the single-
model structure in overall MAE and forecasting accuracy
during maximum precipitation. (3) The ANFIS model not
only outperformed the BPNN model in model construction
efficiency, but its forecast accuracy was also equal to that
of the BPNN model. The ANFIS model showed a favorable
performance in characterizing the highly complex nonlinear
relationship between atmosphere and precipitation during
typhoons. Therefore, the use of coupling between the inputs
and outputs of the ANFIS forecast model at different lead-
times was able to effectively improve the accuracy of long-
term precipitation forecasts.The forecast performance barely
changed between theBPNN-coupled andBPNN-noncoupled
structures for multiple lead-times forecasting, indicating
that the BPNN model was relatively insensitive to updated
precipitation values, and that the error tolerance of the BPNN
algorithm mechanism was relatively low.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgments

This research was partially supported by the National Science
Council, Taiwan (Grant no. NSC 102-2625-M-002-005). In
addition, the authors are indebted to the reviewers for their
valuable comments and suggestions.

References

[1] R. S. Govindaraju, “Artificial neural networks in hydrology. I:
preliminary concepts,” Journal of Hydrologic Engineering, vol. 5,
no. 2, pp. 115–123, 2000.

[2] G.-F. Lin and M.-C. Wu, “A hybrid neural network model for
typhoon-rainfall forecasting,” Journal of Hydrology, vol. 375, no.
3-4, pp. 450–458, 2009.

[3] K. L.Hsu, X.Gao, S. Sorooshian, andH.V.Gupta, “Precipitation
estimation from remotely sensed information using artificial
neural networks,” Journal of Applied Meteorology, vol. 36, no. 9,
pp. 1176–1190, 1997.

[4] R. J. Kuligowski and A. P. Barros, “Experiments in short-
term precipitation forecasting using artificial neural networks,”
Monthly Weather Review, vol. 126, no. 2, pp. 470–482, 1998.

[5] K. C. Luk, J. E. Ball, and A. Sharma, “A study of optimal model
lag and spatial inputs to artificial neural network for rainfall
forecasting,” Journal of Hydrology, vol. 227, no. 1–4, pp. 56–65,
2000.

[6] M. Grecu and W. F. Krajewski, “A large-sample investigation of
statistical procedures for radar based short-term quantitative
precipitation forecasting,” Journal ofHydrology, vol. 239, no. 1–4,
pp. 69–84, 2000.

[7] E. Toth, A. Brath, and A. Montanari, “Comparison of short-
term rainfall predictionmodels for real-time flood forecasting,”
Journal of Hydrology, vol. 239, no. 1–4, pp. 132–147, 2000.

[8] K. C. Luk, J. E. Ball, and A. Sharma, “An application of artificial
neural networks for rainfall forecasting,” Mathematical and
Computer Modelling, vol. 33, no. 6-7, pp. 683–693, 2001.

[9] H. Liu, V. Chandrasekar, and G. Xu, “An adaptive neural
network scheme for radar rainfall estimation from WSR-88D
observations,” Journal of AppliedMeteorology, vol. 40, no. 11, pp.
2038–2050, 2001.

[10] G.-F. Lin and L.-H. Chen, “Application of an artificial neural
network to typhoon rainfall forecasting,”Hydrological Processes,
vol. 19, no. 9, pp. 1825–1837, 2005.

[11] M. C. Valverde Ramı́rez, H. F. de Campos Velho, and N. J.
Ferreira, “Artificial neural network technique for rainfall fore-
casting applied to the São Paulo region,” Journal of Hydrology,
vol. 301, no. 1–4, pp. 146–162, 2005.

[12] W.-C. Hong, “Rainfall forecasting by technological machine
learning models,” Applied Mathematics and Computation, vol.
200, no. 1, pp. 41–57, 2008.

[13] J.-C. Huang, C.-K. Yu, J.-Y. Lee, L.-W. Cheng, T.-Y. Lee, and
S.-J. Kao, “Linking typhoon tracks and spatial rainfall patterns
for improving flood lead time predictions over a mesoscale
mountainous watershed,”Water Resources Research, vol. 48, no.
9, Article IDW09540, 2012.

[14] M. Nasseri, K. Asghari, andM. J. Abedini, “Optimized scenario
for rainfall forecasting using genetic algorithm coupled with
artificial neural network,” Expert Systems with Applications, vol.
35, no. 3, pp. 1415–1421, 2008.

[15] A. El-Fallahi, R.Mart́ı, and L. Lasdon, “Path relinking andGRG
for artificial neural networks,” European Journal of Operational
Research, vol. 169, no. 2, pp. 508–519, 2006.

[16] P. Leahy, G. Kiely, and G. Corcoran, “Structural optimisation
and input selection of an artificial neural network for river level
prediction,” Journal of Hydrology, vol. 355, no. 1–4, pp. 192–201,
2008.

[17] C. Spearman, “The proof and measurement of association
between two things,” The American Journal of Psychology, vol.
100, no. 3-4, pp. 441–471, 1987.



22 Advances in Meteorology

[18] J.-S. R. Jang, “ANFIS: adaptive-network-based fuzzy inference
system,” IEEE Transactions on Systems, Man and Cybernetics,
vol. 23, no. 3, pp. 665–685, 1993.

[19] T. Takagi and M. Sugeno, “Derivation of fuzzy control rules
from human operator's control actions,” in Proceedings of the
IFAC Conference on Fuzzy Information, vol. 1, pp. 55–60,
Marseille, France, 1983.

[20] J. S. R. Jang, C. T. Sun, and E. Mizutani, Neuro-Fuzzy and
Soft Computing: A Computational Approach to Learning and
Machine Intelligence, Matlab Curriculum Series, Prentice Hall,
Upper Saddle River, NJ, USA, 1997.

[21] S. L. Chiu, “Fuzzy model identification based on cluster estima-
tion,” Journal of Intelligent and Fuzzy Systems, vol. 2, no. 3, pp.
267–278, 1994.

[22] F. Glover, “Future paths for integer programming and links to
artificial intelligence,”Computers &Operations Research, vol. 13,
no. 5, pp. 533–549, 1986.

[23] F. Glover and M. Laguna, Tabu Search, Kluwer Academic
Publishers, Boston, Tex, USA, 1997.

[24] F. Rosenblatt, “The perceptron: a probabilistic model for infor-
mation storage and organization in the brain,” Psychological
Review, vol. 65, no. 6, pp. 386–408, 1958.

[25] D. E. Rumelhart and J. L. McClelland, Parallel Distributed
Processing: Explorations in the Microstructure of Cognition, vol.
1, MIT Press, Cambridge, Mass, USA, 1986.



Research Article
Precipitation Regime and Temporal Changes in
the Central Danubian Lowland Region

Dana Halmova,1 Pavla Pekarova,1 Juraj Olbrimek,2 Pavol Miklanek,1 and Jan Pekar3

1 Institute of Hydrology, Slovak Academy of Sciences, Racianska 75, 83102 Bratislava, Slovakia
2Faculty of Civil Engineering, Slovak University of Technology in Bratislava, Radlinskeho 11, 81368 Bratislava, Slovakia
3Department of Applied Mathematics and Statistics, Faculty of Mathematics, Physics and Informatics, Comenius University,
84248 Bratislava, Slovakia

Correspondence should be addressed to Dana Halmova; halmova@uh.savba.sk

Received 11 April 2014; Revised 13 July 2014; Accepted 28 August 2014

Academic Editor: Francisco J. Tapiador

Copyright © 2015 Dana Halmova et al.This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

The aim of this paper is to investigate the statistical aspects of multiannual variability of precipitation at the Hurbanovo station,
Slovakia, over 140 years (1872–2011). We compare the long-term variability of annual precipitation for Hurbanovo (Slovakia),
Brno (Czech Republic), Vienna (Austria), and Mosonmagyarovar (Hungary) stations using autocorrelation and spectral analysis
methods. From the long-term point of view, there is no consistent trend in the annual precipitation; only a multiannual variability
has been detected. Consequently we identify changes in the distribution of annual maximum daily precipitation for Hurbanovo
during different periods for winter-spring and summer-autumn seasons using histograms, empirical exceedance curves, and
frequency curves of daily precipitation. Next, we calculate the periods of days without precipitation exceeding 29 days between
1872 and 2011. The longest period of days without precipitation was 83 days in 1947. The statistical analysis does not confirm our
initial hypothesis that neither high daily precipitation (over 51.2mm per day) nor long dry periods (more than 50 days without
precipitation) would occur more frequently nowadays. We assume that the decrease in annual precipitation over the period 1942–
2011 (compared to 1872–1941) is caused by the less frequent occurrence of daily precipitation between 0.4 and 25.6mm.

1. Introduction

The issue of hydrological and meteorological extremes
(floods and droughts) has received much attention in recent
years. After catastrophic floods in Central Europe during the
last 15 years (1997—Morava River, 2002, Czech Republic and
Upper Danube River, 2008, Ukraine, 2010, Slovakia, 2013,
Danube River) we need to focus on precipitation and flood
risk assessment in this region [1–4]. On the other hand, in
the course of the last decade 2001–2010, the year 2003 was
extremely dry, with Central, South-Eastern, and Northern
Europe being affected the most (Slovakia, Spain, Portugal,
Switzerland, France, Italy, Netherlands, and Norway). This
drought led to economic losses in agricultural production
and extensive forest fires. The summer of 2010 was extremely
dry in Russia, attended by a high number of wild fires
directly around the capital Moscow. Simultaneously, the
summer of 2010 was extremely wet in Slovakia. The regions

of Central and South-Eastern Europe (including the whole
Danube River basin) were affected by the extreme drought
in the autumn of 2011 again. Mean annual precipitation from
territory of Slovakia in the year 2003 was 573mmwhile in the
year 2010 was 1255mm.

It is globally observed that air temperature parallels the
increasing concentration of greenhouse gasses in the atmo-
sphere, which is consequently reflected in the extremality in
meteorological and hydrologic data. According to IPCC 2013
[5], in the long term, global precipitation will increase with
increased globalmean surface temperature. Global mean pre-
cipitationwill increase at a rate per degree celsius smaller than
that of atmospheric water vapour. Changes in average precip-
itation in a warmer world will exhibit substantial spatial vari-
ation. Some regions will experience increases, other regions
will experience decreases, and yet others will not experience
significant changes at all. There is high confidence that the
contrast of annual mean precipitation between dry and wet
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regions and that the contrast between wet and dry seasons
will increase over most of the globe as temperature increases.
For exampleHanel et al. [6] analyzed changes in seasonal pre-
cipitation extremes using a number of transient regional cli-
matemodels in the Czech Republic.Their results substantiate
the hypothesis that climate change will be accompanied with
a considerable increase in 1-day precipitation maxima and
therefore also with the increasing severity of floods caused by
precipitation of this duration. Klein Tank et al. [7] presented
a dataset of climatic time series with a daily resolution that
had been compiled for the European Climate Assessment
& Dataset project (ECA&D). This ECA&D dataset contains
199 series of daily mean, minimum, and maximum tem-
perature; 195 series of daily precipitation were observed at
meteorological stations throughout Europe and the Middle
East. Almost all series cover the standard normal period 1961–
1990, and about 50% of them extend back to at least 1925.The
study shows that the winter (October–March) warming in
Europe between 1976 and 1999was accompanied by a positive
trend in the number of warm-spell days at most stations, but
not by a negative trend in the number of cold-spell days.
Instead, the number of cold-spell days increases over entire
Europe. As for precipitation changes concerned, the mean
precipitation depth per wet day predominantly increases over
Europe between 1946 and 1999, both at stations with positive
and negative trends in total winter precipitation amount.
Boni et al. [8] analyzed the historical records of annual
rainfall maxima recorded in Northern Italy, cumulated over
time windows (durations) of 1 hr and 24 hrs, and considered
paradigmatic descriptions of storms of both short and long
durations and the probability of occurrence of extraordinary
events over a period of one year. Their results confirmed the
existence of a four-month dominant season that maximizes
the occurrences of annual rainfall maxima. Their results also
show how the seasonality of extraordinary events changes
whenever a different duration of events is considered.

When evaluating long-term trends the used time series
should be as long as possible. The study of Brunetti et al.
[9] is aimed at describing precipitation behaviour over the
last two centuries in a wide region centered on the European
Alps. Moreover, it describes what can be analyzed if the
full capacity of existing instrumental data is used, for a
relatively small but climatologically interesting region at the
border between different continental-scale European climate
regimes. Auer and Böhm [10] and Auer et al. [11, 12] observed
for Austria an increase in wet conditions in winter over the
last 150 years and no uniform behaviour in the other seasons.
On a yearly basis, they observed two separate tendencies
in western and eastern parts of Austria; the former being
characterized by an increase in wet conditions, while the
latter being characterized by an increase in dry conditions.
This behaviour is consistent with our results, since Austrian
stations are split into both northern (NE) and southern
(SW, and SE) regions, which have opposite precipitation
tendencies.

Törnros [13] investigated how the detection of precipita-
tion trends depends on the length of the chosen time period.
Dahamsheh and Aksoy [14] analyzed annual precipitation
data in Jordan, but did not find any trends at the 13

stations investigated for the years 1953–2002. Zhang et al.
[15] concluded that precipitation trends in the Middle East
are weak and not very significant. Samaj et al. [16] estimated
the relationships between the North Atlantic Oscillation
(NAO) index and precipitation and river flow over Northeast
Turkey. It has been suggested that NAO may have a notice-
able influence further east over the Mediterranean region.
In Europe, a signal of disproportionately large changes in
precipitation extremes has been apparent at stations where
the annual mean precipitation increased during the latter
half of the 20th century [17]. On the larger scale, in recent
decades, those areas of the Earth’s continents suffering from
either very dry or very wet conditions have been increasing.
According to New et al. [18], trends in observed annual and
seasonal precipitation in Europe differ between northern and
southern parts of the continent. Over the 20th century, the
mean annual precipitation has increased in northern Europe
and has decreased in southern Europe. They studied the
precipitation variability and changes in the greater Alpine
region over the 1800–2003 period, too. Pronounced increase
in autumn and winter precipitation in the latter part of the
20th century has been observed over northern Europe and
western Russia.

The research presented in this paper is motivated by the
fact that the last complex nation-wide frequency analyses of
precipitation in Slovakia were presented in the 1960s and
mid-1980s [16, 19, 20]. Since then, much broader and reliable
records of daily precipitation have become available and
accessible in the database of the Slovak Hydrometeorological
Institute (SHMI). In the last couple of years, several studies
of precipitation frequency have been published applying the
new regional statistical methods and mostly focusing on
larger catchments in Slovakia, [21–25]. Those authors used
data since 1950, rarely since 1901. For that reason we decided
to complete the daily data series at Hurbanovo station since
1872.

2. Materials

2.1. Description of Study Area and Data. The meteorological
station at Hurbanovo (with its former name Ógyalla) is a
representative station for the relatively arid region of the
Danubian lowland region (Figure 1). The Hurbanovo station
(latitude 47.9∘N; longitude 18.2∘E, 𝐻 = 115m a.s.l.) ranks
among the best meteorological stations in Central Europe
providing sufficiently long, high quality, and homogenous
observations. The meteorological observatory is situated in
the large garden on the northern edge of the small city of
Hurbanovo. Regular measurements of the air temperature
𝑇 [∘C] and precipitation 𝑃 [mm] started in 1876 at this
station [26]. The period 1871–1875 was completed according
to the Komarno station (distance of 20 km fromHurbanovo).
According to Petrovic [26], precipitation totals were mea-
sured by different devices within the limits of observation
errors. Precipitation series since 1871 to 1900 for this study
were acquired from historical archives of the SHMI.The data
covering the period after 1901 (up to 2011) were obtained from
current SHMI database. Additional data series of annual and
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Figure 1: The Danube River basin, location of the meteorological
stations at Hurbanovo, Mosonmagyarovar, Vienna, and Brno. Aver-
age annual precipitation depths throughout the Danube River basin
during the period 1960–1990 according to Petrovic et al. [19].

monthly precipitations were used for the long-term trend
and spectral analysis from other three stations within the
Central Danube region: Brno (1803–2011), Czech Republic;
Vienna (1841–2011), Austria; and Mosonmagyarovar (1861–
2011), Hungary.The historicmonthly precipitation data series
were obtained from the HISTALP database [27].

3. Methods

3.1. Homogeneity Testing. Homogenization of time series is
widely recognized to be an important step in the process
of constructing reliable long-term data sets from original
climate observations. The Hurbanovo meteorological station
is one of the oldest stations in Europe. From among all the
stationswith long series of observations in Slovakia published
in the Catalogue ofWMO [28], the Hurbanovo station is now
the only station with an unaltered original location [29].

We used the AnClim software [30, 31] to test the abso-
lute homogeneity of the annual precipitation series at the
Hurbanovo station (1872–2011). Changes in the mean values
and variance were tested with different tests (Student’s 𝑡-test,
Worsley Likelihood Ratio Test, Mann-Whitney-Pettit Test,
and Standard Normal Homogeneity Test). In Figure 2(a) the
test characteristics Ti of the Standard Normal Homogeneity
Test (SNHT) for shift in mean [32, 33] is shown. The test
characteristic Ti is just above its critical value 9.35 on the 95%
confidence level in year 1966. The test characteristics of the
changes in standard deviation are similar. Actually, “absolute
homogeneity” of long time series is always questionable. The
nonhomogeneity may result from change in the long-term
trend, as it is shown in Figure 2(b).

The relative homogeneity was tested using the Standard
Normal Homogeneity Test for two stations [30, 34, 35]. In
our case, the precipitation series from Mosonmagyarovar,
Vienna, and Brno stations were used as a reference sta-
tion; Hurbanovo precipitation series was used as candidate

stations. The test characteristics Ti of the changes did not
exceed in any case the critical value of 9.35 on the confidence
level 95% (Figure 2(c)). Based on the results of homogeneity
testing, we can declare that the annual precipitation series of
Hurbanovo is homogeneous.

The statistical processing in this study was done using
the software packages EXCEL, STAGRAPHICS, CTPA, and
BestFit [36].

The aim of this study is to apply long-term trend, autocor-
relation, and spectral analysis to annual precipitation series
and frequency analysis to daily precipitation series observed
at the meteorological station Hurbanovo during the period
1872–2011 in order to investigate their long-term trend and
multiannual variability.

3.2. Trends versus Long-Term Variability of Dry and Wet Peri-
ods of Annual Precipitation. Already more than 50 years ago,
during the Nasser (Aswan) dam design on the Nile-Hurst,
[37] expressed the opinion that the whole Earth climatic
system is subject to long-term oscillations. By studying more
than 900 time series of various data (Nile water levels of
more than 790 years, dendrochronological series, sediments
of seas and lakes, etc.), he observed a particular behaviour of
these geophysical time series, which has become known as
the “Hurst phenomenon.”This term refers to the tendency of
the dry and wet years to cluster together intomultiannual dry
and wet periods. The basic mathematical expression of this
phenomenon can be written as

𝑅
𝑛

𝑆
𝑛

= (

𝑛

2

)

ℎ

, (1)

where 𝑅
𝑛
is the range of partial sums of deviations from

the arithmetic mean of a time series, and 𝑆
𝑛
is the standard

deviation of the time series with length 𝑛. Coefficient ℎ
denotes the Hurst coefficient. The Hurst exponent of 0.5 will
correspond to a time series that is truly random. On the basis
of a study of several annual time series, Hurst found ℎ to have
an average value of 0.73 [38].

3.3. Frequency Analysis of the Hurbanovo Daily Precipitation
Series in Different Periods. Frequency analysis is a technique
that is often used to estimate the design values of extreme
hydrological or climatologic events (extraordinary floods,
precipitation depths, drought-meteorological, and hydrologi-
cal), and it has intensively been discussed in the environmen-
tal literature for the last decades.

In the study we are focused on

(i) comparison of daily precipitation for different time
periods,

(ii) analysis of maximum annual 24-hour precipitation
series,

(iii) the assessment of periods without precipitation
longer than 29 days.
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Figure 2: (a) Absolute homogeneity test of annual precipitation series for the Hurbanovo station, changes in the mean level, and values of the
test statistics Ti on 𝑦-axis. (b) Long-term trend for two periods 1872–1966 and 1967–2011. (c) Relative homogeneity test, SNHT for Hurbanovo
and Mosonmagyarovar.
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Figure 3: (a) Daily precipitation measured at the Hurbanovo station, period 1872–2011; (b) deviations from 7-year moving averages of the
annual precipitation.

4. Results

4.1. Trends versus Long-Term Variability of Dry and Wet Peri-
ods of Annual Precipitation. The daily precipitation series for
the Hurbanovo station are shown in Figure 3(a). The graph-
ical depiction of filtered annual precipitation (Figure 3(b))
shows multiannual cycles of dry and wet periods in the
series. Hurst coefficient of the precipitation series for the
Hurbanovo station is 0.697, which endorses the hypothesis of
the existence of a significant long-term periodic component
(Table 1).

The period 1981–1990 was the driest decade in the history
of the precipitation observed at the Hurbanovo station

(Figure 4). The nearby meteorological stations (Mosonmag-
yarovar, Vienna, and Brno) testify that low precipitation peri-
ods occurred before the year 1871 as well.The best example of
precipitation long-term trend is visible in the series from the
meteorological station at Brno (Czech Republic). The time
period between 1803 and 1830 was most likely exceptional
in terms of precipitation in the Danubian lowland region.
We approximated the long-term trend by the linear function
and by polynomial of the 4th degree. Markedly drier periods
occurred after 120–140 years. Comparing to the other three
stations, one could suppose that the precipitation was lower
at the Hurbanovo station before 1870, too. In Slovakia, there
were no observations of precipitationmade prior to 1870, and
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Table 1: Basic characteristics of the annual precipitation series at the Hurbanovo station, 𝑃
𝑎

—mean annual precipitation in mm, st. dev.—
standard deviation, 𝑃min—minimum annual precipitation, 𝑃max—maximum annual precipitation, cs—coefficient of asymmetry, and cv—
coefficient of variation.

𝑃
𝑎

St. dev 𝑃min 𝑃max cs cv Median Hurst coeff.
1872–2011 567 105 333 972 0.73 0.19 553 0.697
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Figure 4: 10-year average of precipitations at Hurbanovo (1872–
2010), Mosonmagyarovar (1861–2009), Vienna (1841–2009), and
Brno (1803–2010); green line is the long-term trend of precipitation
and red curve is the long-term trend by a polynomial of the 4th
degree.

hence we can only speculate if the precipitation was also as
low as at the other three stations in the region. However,
we can support this hypothesis only with the assistance of
historical archives providing information on the occurrence
of especial events.

Generally, while floods occur in wet periods more fre-
quently, a higher number of fire events is noticed in drought
periods. Historical records of fire events in the territory of
Slovakia confirm that the time period 1850–1875 was excep-
tionally dry. After the year 1860, as a consequence of frequent
fire events, voluntary fire brigades in the Austria-Hungary
Empire were established. In 1863, after the large fire events,
additional fire brigades were established in the cities of
Bratislava, Trnava (1868), and Nitra (1869).

4.1.1. Autocorrelation and Spectral Analysis. Multiannual
variability within the annual precipitation series was studied

by means of autocorrelation and spectral analysis [37, 39].
Long periods were identified using Blackman-Tukey power
spectrum, MESA method, and combined periodograms
(Figures 5(a)-5(b)). It is clear from Figure 5(c) that mul-
tiannual wet and dry periods take turns in the series of
precipitation. Significant multiannual cycles of durations
2.35-; 3.64-; 5-; 7-; 12.8-; 21–23; and 60 years were identified
in the precipitation series for the Hurbanovo station. These
cycles were identified in several other data series in Slovakia,
Europe, and elsewhere around the globe [9, 40, 41]. The 22-
year cycle is probably related to the activity of the Sun [42]
and 2.35-year cycle can be related to theQBO(Quasi-Biennial
Oscillation) phenomenon.

4.1.2. Changes in the Variation of Intra-Annual Precipitation.
Changes in the intra-annual distribution of precipitation at
the Hurbanovo station for two time periods, 1871–1940 and
1941–2010, are depicted in Figure 6(a) (left). In [43] we iden-
tified the changes in daily precipitation distribution at Hur-
banovo observatory in different 30-year periods for winter-
spring and summer-autumn seasons using daily precipitation
time series 1901–2005. In this study we compare 20-year
periods rather then 30-year ones as usual, in order to analyze
the last 20-year period from 1992 to 2011. Concurrently we
verify whether we have ever experienced a similar 20-year
period. The shift of monthly precipitation by one month
is apparent between the two periods at Hurbanovo station.
Maximal monthly precipitation did not occur in May, as
was the case for the period 1871–1940, but rather occurred
in June. Monthly average precipitation for two time periods
at the Mosonmagyarovar station is different as opposed to
monthly precipitation in Vienna, which is similar. At the
Brno station, on the other hand, the intra-annual distribution
of precipitation is nearly identical for two 100-year periods
(1806–1905 and 1906–2005). Although the changes at this
station are not significant, the occurrence of maximum
monthly precipitation seems to have changed slightly (from
August in the first 100-year period to July in the second 100-
years period). 200-year series of precipitation at the Brno
station was used because it is the longest available time series
in this region.

Next, we divided each of the precipitation time series
from the four meteorological stations into two seasons:
cold half-year (October to March—X–III) and warm half-
year (April to September—IV–IX). The seasonal moving
averages of precipitation are shown in Figure 6(b) (right),
for summer-autumn and winter-spring seasons. It is evident
that from the long-term point of view there are some cycles
in the precipitation series, which are identical in all selected
stations.
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Figure 5: (a) Autocorrelation coefficients 𝑅, confidence limits 95%; (b) Normalized power spectrum, method MESA, confidence limit 95%.
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for the analyzed stations.

4.2. Frequency Analysis of the Hurbanovo Daily Precipitation
Series in Different Periods

4.2.1. Comparison of Daily Precipitation for Different Time
Periods. We analyzed the time series of daily precipitation
for the Hurbanovo station in terms of the number of days
with no precipitation and days with precipitation depth above
0.1mm and then with respect to the number of days with
various precipitation depths (Figure 7). Two time periods
of daily precipitation were considered (1872–1941 and 1942–
2011). The total number of days with precipitation per year
in the individual classes for the two different time periods
is presented in Table 2. Boundaries (in mm) of each class
were determined according the function: 𝑛

𝑖+1
= 2 ⋅ 𝑛

𝑖
where

𝑛
0
= 0.1; 𝑖 = 0, 1, 2, . . . , 10. The differences between periods

are minimum. We used the Kolmogorov-Smirnov test to
compare the distributions of the two samples. Since the 𝑃
value was greater than 0.05, there is no statistically significant
difference between the two samples at the 95.0% confidence
level.

A comparison of the frequency curves of daily precip-
itation for two time periods is given in Figure 8 for the
Hurbanovo station in the cold half-year and the warm half-
year. The distributions of maximum annual precipitation
change neither in the winter nor in the summer season.

In Table 3 we compare the statistical characteristics of
the period 1992–2011 to other twenty-year periods: 1872–1891;
1892–1911; . . ., 1972–1991. From these characteristics it follows
that the period 1882–1901 has similar characteristics as the
period 1992–2011.
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to September) and cold half-year (October to March) at Hurbanovo, Mosonmagyarovar, Vienna, and Brno precipitation stations.

Table 2: Total number of days with precipitation depths in the
individual classes over two different periods: 1872–1941 and 1942–
2011.

Frequency 1872–1941 1942–2011
<0.1 17112 17196
0.1–<0.2 507 584
0.2–<0.4 663 799
0.4–<0.8 1022 1029
0.8–<1.6 1257 1192
1.6–<3.2 1429 1436
3.2–<6.4 1566 1485
6.4–<12.8 1266 1196
12.6–<25.6 659 564
25.6–<51.2 130 131
51.2–<102 9 8

Finally we tested the null hypothesis that the daily
precipitation in the periods 1892–1911 and 1992–2011 (for
warm half-year and cold half-year) results from the same
distribution. We tested the changes in the mean value and in
the standard deviation. We cannot reject the zero hypothesis
on the 0.05 significance level that both periods have the same
mean value for any of the seasons.

In Slovakia, several authors dealt with areal, regional,
and temporal analysis of precipitation patterns in Slovakia
during the period 1901–2000 [44–46].The theory of increased
daily precipitation extremality has not been clearly proved
by analyses of observed data for the Hurbanovo station, yet.
Brunovsky et al. [2] have studied several methodologies of
defining extreme events. Yearly averages of daily precipitation
totals appear to be stationary; number of rainy days was lower
and rainfalls were heavier at the beginning and at the end
of the last century, and distribution of heavy rainfalls in the
period from 1901 to 2006 is quite uniform. Our results show
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and 50mm. Hurbanovo 1872–2011.

that after the dry period lasting for two decades (1972–1991)
we can consider the period 1992–2011 as a very extreme one.
Our analysis of the precipitation series for the Hurbanovo
station shows that the same precipitation conditions we
experience today were observed in the past at Hurbanovo
(1892–1911) and possibly in the broader region, as well.

4.2.2. Maximum Annual 24-Hour Precipitation Series. Con-
sidering the lengths of daily precipitation data for the
Hurbanovo station (1872–2011), we compared the maxi-
mum annual 24-hour precipitation during the whole period
and separately for the cold half-year and warm half-year,
(Figure 9). The trends indicate a moderate decrease in the
maximum annual 24-hour precipitation series.

In the Figure 10 the changes in theoretical distribution
curves (log-Pearson type III) of maximum daily precipitation
in Hurbanovo station of two 70-year periods are graphi-
cally presented. During the first period (1872–1941) 100-year
precipitation (𝑃

100
) was 99mm and 1000-year precipitation
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(𝑃
1000

) was 62mm. 𝑃
100

in the second period (1942–2011) was
89mm and 𝑃

1000
was 142mm.

4.2.3. The Assessment of Periods without Precipitation Longer
Than 29Days. The last goal of the studywas the assessment of
periods without precipitation longer than 29 days.The Slovak
meteorologists consider this period as a certain threshold of
the drought, at the Central Danube region. In the evaluation
of extreme dry periods we resumed the analysis done by
Petrovic [26]. We calculated the periods of days without
precipitation longer than 29 days in the series of daily pre-
cipitation for the period 1872–2011. The dates of occurrence
of periods without precipitation longer than 29 days and
number of days without precipitation for the Hurbanovo
station are listed in Table 4. Number of periods without
precipitation longer than 29 days in individual decades for
Hurbanovo is presented in Figure 11. The longest period of
days without precipitation was 83 days in 1947. The periods
without precipitation longer than 29 days had occurred
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Table 3: Statistical characteristics of the selected twenty-year periods of the daily precipitation of thewhole year andwarm and cold half-years.

1872–1891 1892–1911 1912–1931 1932–1951 1952–1971 1972–1991 1992–2011
Whole year

Average 5.79 4.49 3.99 3.99 4.12 3.95 4.38
Standard deviation 7.50 6.23 5.78 5.73 6.22 5.55 6.52
Variance 56.25 38.81 33.39 32.82 38.74 30.84 42.48
Maximum 82.50 75.50 88.80 46.20 77.70 43.60 81.80
Skewness 3.20 3.23 3.68 2.65 3.57 2.71 3.53
Kurtosis 16.47 16.87 25.82 8.98 20.09 9.54 19.98
Count 2022 2645 2957 2899 2671 2580 2574

Warm half-year
Average 6.29 5.16 4.72 4.75 4.90 4.64 5.51
Standard deviation 8.44 7.08 6.84 6.72 7.22 6.39 7.92
Variance 71.23 50.15 46.83 45.18 52.11 40.81 62.80
Maximum 82.50 75.50 88.80 46.20 77.70 43.60 81.80
Skewness 3.24 3.20 3.68 2.45 3.35 2.52 3.17
Kurtosis 15.76 16.27 24.18 7.14 17.31 7.75 15.29
Count 1065 1312 1398 1291 1277 1281 1234

Cold half-year
Average 5.23 3.83 3.33 3.38 3.41 3.27 3.33
Standard deviation 6.25 5.18 4.52 4.70 5.05 4.48 4.64
Variance 39.05 26.80 20.46 22.07 25.46 20.11 21.54
Maximum 60.50 41.10 36.70 41.70 47.00 36.10 44.30
Skewness 2.60 2.79 2.58 2.49 3.44 2.59 2.98
Kurtosis 11.13 10.46 8.95 7.95 17.76 8.80 13.17
Count 957 1333 1559 1608 1394 1299 1340

usually 5-6 times in each decade. Dry periods longer than 50
days occurred 7 times during the 130 years of observation.

5. Conclusions

Precipitation is a principal component of the water cycle,
so that understanding its regime may be of profound social
and economic significance. The detection of oscillations in
precipitation time series yields important information for
understanding the climate. From the analysis of precipitation
series at Central Danubian lowland region, it can be con-
cluded that

(i) in theDanubian lowland region, the driest decadewas
between 1981 and 1990, and the wettest decade was
between 1891 and 1900;

(ii) prior to 1870, the climate in the Danubian lowland
regionwas probably even drier than between 1981 and
1990;

(iii) from the long-term point of view (above 180 years),
there is no consistent trend in the annual precipitation
and the trend is increasing or decreasing according
to the time period which is being evaluated and only
a multiannual variability has been detected in the
analyzed time series;

(iv) the precipitation time series contain 3.5, 5, 7, 10, 13, 22,
and 30-year cycles;

(v) the seasonal precipitation fluctuates in multiannual
cycles, too;

(vi) the frequency analysis did not confirm changes in the
statistical characteristics of daily precipitation at the
Hurbanovo station;

(vii) neither high daily precipitation (over 51.2 mm per
day) nor long dry periods (more than 50 days without
precipitation) occur more frequently nowadays;

(viii) the decrease in annual precipitation over the period
1942–2011 (compared to 1872–1941) is caused by
the less frequent occurrence of daily precipitation
between 0.4 and 25.6mm.

According to Slovak climatologists [23, 29] the climate
in the Danubian lowland transformed from warm and dry
to warm and very dry in the 20th century. Recently climate
in this region began to show some features typical for the
Mediterranean region. A more detailed investigation of the
precipitation series, possibly air temperatures as well, has
to be done in order to correctly assess the water runoff in
the future. The analysis of precipitation is useful, but it is
not a substitute for the analysis of stream flow or ground-
water levels.We need to be careful that we do not assume that
observed or projected changes in precipitation will translate
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Table 4: Date of occurrence of periods without precipitation
(above 0.9mm) longer than 29 days and number of days without
precipitation at Hurbanovo station (first column: 1872–1941; second
column: 1942–2011).

Date of
occurrence Duration Date of

occurrence Duration

1872–1941 [day] 1942–2011 [day]
20.XII.1873 46 26.VII.1947 83∗∗

22.XII.1881 58∗ 10.II.1949 33
8.I.1887 42 2.III.1950 32
2.XII.1888 39 6.IV.1952 30
8.II.1889 41 5.III.1953 35
28.I.1890 33 7.XI.1953 50∗

27.X.1892 36 10.I.1959 42
18.I.1896 37 13.IX.1961 35
1.XII.1897 38 30.IX.1965 35
4.II.1913 34 7.IX.1966 36
22.X.1920 30 21.I.1968 35
8.III.1921 38 29.VIII.1969 57∗

19.IX.1921 34 28.VII.1973 30
5.XII.1924 56∗ 25.III.1975 41
24.VIII.1926 34 9.III.1976 44
28.II.1929 31 23.X.1978 35
10.VI.1932 30 6.V.1979 32
3.VIII.1932 50∗ 27.III.1981 31
17.VII.1933 31 18.X.1983 39

10.IX.1985 34
8.X.1988 36
9.I.1989 40
1.I.1991 36
13.II.1991 34
14.VII.1992 49
5.I.1997 38
23.I.1998 41
5.II.2003 59∗

14.X.2005 34
20.IX.2006 34
17.XII.2006 43
25.III.2007 40
25.X.2011 38

simply or directly to changes in stream flow [47]. According
to [48] the reconstruction efforts in climate sciences provide
a template for an effort in hydrologic reconstruction,
which might be anticipated to provide the same benefits to
hydrologists analyzing changing systems: (i) the generation
of baseline data against which to evaluate contemporary
changes; (ii) analysis of natural variability and long-term
cycles affecting hydrological systems; (iii) investigation of
hydrological influence on human societies in historical
contexts; (iv) evaluation of the nature and magnitude of
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Hurbanovo station during the period 1872–2011, whole year, warm
half-year, and cold half-year. The black line is the linear trend of the
maximum annual 24-hour precipitation.
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tion curves of maximum annual 24-hour precipitation; comparison
of two periods 1872–1941 and 1942–2011.

changes that have been imposed on basins over prehistorical
and historical timescales, and assessment of the sensitivity
and response of hydrological systems to these changes; and
(v) generation of data sets against which to evaluate and
improve models of hydrological systems over timescales that
exceed the length of the instrumented record. Even thorough
knowledge of the past can help us in estimating the impact
of climate change on water resources capacity in the future.
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Knowledge of spatial and temporal variations of soil pore-water pressure in a slope is vital in hydrogeological and hillslope
related processes (i.e., slope failure, slope stability analysis, etc.). Measurements of soil pore-water pressure data are challenging,
expensive, time consuming, and difficult task.This paper evaluates the applicability of artificial neural network (ANN) technique for
modeling soil pore-water pressure variations atmultiple soil depths from the knowledge of rainfall patterns. Amultilayer perceptron
neural network model was constructed using Levenberg-Marquardt training algorithm for prediction of soil pore-water pressure
variations. Time series records of rainfall and pore-water pressures at soil depth of 0.5m were used to develop the ANNmodel. To
investigate applicability of the model for prediction of spatial and temporal variations of pore-water pressure, the model was tested
for the time series data of pore-water pressure at multiple soil depths (i.e., 0.5m, 1.1m, 1.7m, 2.3m, and 2.9m). The performance
of the ANN model was evaluated by root mean square error, mean absolute error, coefficient of correlation, and coefficient of
efficiency. The results revealed that the ANN performed satisfactorily implying that the model can be used to examine the spatial
and temporal behavior of time series of pore-water pressures with respect tomultiple soil depths fromknowledge of rainfall patterns
and pore-water pressure with some antecedent conditions.

1. Introduction

Soil pore-water pressure is an important variable contributing
to soil shear strength. In tropical regions unsaturated soil
conditions above the groundwater table contribute to the sta-
bility of a slope due to the additional shear strength provided
by the negative pore-water pressures of the unsaturated soil.
However, the magnitude of the negative pore-water pressure
is largely influenced by the climatic conditions (e.g., rainfall,
evaporation, temperature, daily sunshine hours, etc.). During
dry periods the soil undergoes drying due to evaporation and
transpiration and as a result the pore-water pressure gradually
becomes more negative over time. During wet periods the
soil undergoes wetting due to rainfall and consequently the
pore-water pressure becomes less negative or even positive.
This leads to a decrease in the soil shear strength and may

eventually trigger a slope failure [1]. Time series of soil pore-
water pressures in response to climatic conditions, therefore,
exhibits highly dynamic, nonlinear, and complex behavior
[2].

Knowledge of the variation in soil pore-water pressure
is of prime importance in hydrogeological studies like slope
stability analyses, seepage analyses, engineered slope design,
and studies related to hillslope hydrological responses [1, 3, 4].
However, field instrumentation to get knowledge of pore-
water pressure in a slope is challenging and difficult task.
Usually, pore-water pressure information needed for such
purposes either is obtained from previous field measure-
ments made on a different site or is measured through a
field instrumentation program. Such practices pose some
concerns, like appropriateness of the use of pore-water pres-
sure data from a different site whose climatic and geographic
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settings might be different from the site under consideration,
the time and cost involved in collecting fresh data on pore-
water pressure through a field instrumentation program.

Recently, few studies have been performed to predict
soil pore-water pressure using radial basis function (RBF)
[5] and multilayer perceptron (MLP) [6, 7] neural networks.
Mustafa et al. [5] used time series of pore-water pressure from
one slope during training stage and successfully tested the
RBF model for the time series data of pore-water pressure
at different slope. Mustafa et al. [6] investigated the effect
of antecedent values rainfall and pore-water pressure data
on the prediction of pore-water pressure while using scaled
conjugate training algorithm in MLP neural networks. Later
on, in 2013, Mustafa et al. [7] investigated the effect of
various training algorithms on the performance of pore-
water pressure training algorithms. They compared the per-
formance of four different training algorithms and suggested
that Levenberg-Marquardt (LM) is advantageous due to its
fast convergence and automated ability to adjust learning rate.
All the above mentioned studies showed that artificial neural
network (ANN) techniques have robust ability to predict soil
pore-water pressure variations in a slope. However, according
to authors’ knowledge, no study has been performed to
capture spatial and temporal behavior of soil pore-water
pressure data at multiple soil depths in a slope.

Numerical modeling for prediction or estimation of
hydrogeological variables is common in practice and recently
has been applied to solve different hydrogeological related
issues. Applications of ANN to problems related to hydro-
geological studies are also recent [8]. It has been applied
with success to hydrogeological related problems such as
forecasting, for example, river flow [9, 10], water level [8, 11],
river flood [12], and runoff from rainfall [13], prediction,
for example, river suspended sediment [14–16], hourly and
daily stream flows [17], river flow [18], runoff [19], peak
discharge, and time to peak [20, 21], water quality [22, 23],
and modeling and simulation, for example, stage-discharge
relationship [24], rainfall-runoff process [25–28], and sheet
sediment transport [29].

However, it appears that the aspect of prediction of
time series of pore-water pressure variations in a slope at
multiple soil depths using ANN has not been examined.
Owing to the ability of ANNs to deal with time series data
with nonregular cyclic variations, ANN seems to be an ideal
choice for developing a pore-water pressure predictionmodel
at multiple soil depths in a slope. The objectives of this study
are therefore to (i) examine the applicability of ANN in
modeling spatial and temporal changes of the time series of
fieldmeasured pore-water pressures in a slope at multiple soil
depths and (ii) to identify an appropriate ANN structure and
parameters for modeling the pore-water pressures behavior.

2. Artificial Neural Network Theory

ANNs with different architecture [30] have found application
for the prediction and forecasting of hydrologic variables.
In this study a multilayer perceptron (MLP) feed forward
(FF) neural network structured with Levenberg-Marquardt

training algorithm was established on the premise that MLP-
FF network has been widely used. It has been found to be
ideal for approximating function with a finite number of
discontinued subjects that the learning is sufficient [31]. The
Levenberg-Marquardt training algorithm provides second
order training speed, is a trust region based method, and is
considered the most efficient for training median sized ANN
[32]. Also bymaking only a change in the value of the learning
rate (𝜇) the LM training algorithm can be converted to
gradient descent backpropagation or Quasi-Newton training
algorithm. Mustafa et al. [7] performed a thorough com-
parison between the performances of Levenberg-Marquardt,
scaled conjugate gradient, gradient decent, and gradient
decent with momentum training algorithms for prediction of
soil pore-water pressure and suggested LM is advantageous.

2.1. Network Architecture. Artificial neural networks struc-
ture consists of a set of data processing elements called nodes
(or neurons) arranged in layers. The first and last layers are
named as input and output layers, respectively, whereas the
layers in between are known as hidden layers. The layers
are interconnected via nodes of each layer through weighted
interconnections. The number of nodes in the input layer
depends on the number of inputs to the network and the
number of nodes in the output layer is restricted to the
number of outputs expected from the network. The number
of hidden layers and the number of nodes in the hidden layer
depend on the complexity of the problem.The architecture of
an ANN is designed by weights between the nodes, activation
function, and learning laws [33].

The architecture of a MLP network is explained here
in the context of a generalized case, where a training set
{(𝑥
1
, 𝑧
1
), . . . , (𝑥

𝑝
, 𝑧
𝑝
), . . . , (𝑥

𝑃
, 𝑧
𝑃
)} consisting of 𝑃 ordered

pairs of vectors called the input and target patterns, respec-
tively, is to be mapped through Levenberg-Marquardt train-
ing algorithm in a MLP network with 𝐿 nodes in the input
layer, 𝑁 nodes in the output layer, and 𝑀 nodes in a single
hidden layer. A schematic representation of theMLP network
architecture and activity levels generated by the nodes in
different layers is shown in Figure 1.

The network shown in Figure 1 consists of three layers,
namely, input, hidden, and output. Subscript denotes specific
node from within a layer. Double subscript in connection
weight denotes destination and source nodes, respectively.
Each node in the hidden and output layer is composed of
three units. The first unit denoted by the symbol Σ represents
a linear combiner that adds products of weight’s coefficients
and input signal. The second unit denoted by the symbol 𝑓 is
called the neuron activation function and it realizes function.
As the training algorithm makes use of the gradient of the
error function to update connection weights and minimize
the error function, the activation function to be used at each
node of the network must be continuous and differentiable.
The third unit (optional) denoted by the letter 𝑏 is called
bias. Bias provides a shift in the activation function and
can have a value of either 0 or 1. Biases can be treated
as another weight that is connected to a fictitious input
of either 0 or 1. Bias values provide an additional degree
of freedom to the network and assist in attaining the best
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Figure 1: Schematic representation of a multilayer feed forward (MLP) network showing activity levels generated by the neurons in different
layers.

weights during training stage.The connection weights are real
numbers selected at random.

2.2. Functioning of ANN. There are two stages of ANN appli-
cation, (i) training and (ii) testing. During training when an
input pattern 𝑥

𝑝
from the training set {(𝑥

1
, 𝑧
1
), . . . , (𝑥

𝑝
, 𝑧
𝑝
),

. . . , (𝑥
𝑃
, 𝑧
𝑃
)} is presented to the network, it produces an

output𝑦
𝑝
different in general from the target 𝑧

𝑝
.Theobjective

of training is to make 𝑦
𝑝
and 𝑧

𝑝
identical for, 𝑝 = 1 ⋅ ⋅ ⋅ 𝑃,

pairs of training data by using an errorminimizing rule called
the learning algorithm. More precisely, the objective of the
training is to minimize the global error function 𝐸 of the
network which is based on the squared difference between
the network output and target for all training sets, defined as

𝐸 =

𝑃

∑

𝑝=1

𝐸
𝑝
=

𝑃

∑

𝑝=1

𝑁

∑

𝑘=1

(𝑧
𝑝𝑘

− 𝑦
𝑝𝑘

)

2

, (1)

where 𝑦
𝑝𝑘

is the output of the 𝑘th node in the output layer for
the 𝑝th data pattern, 𝐸

𝑝
is the total output error from all the

nodes in the output layer for the 𝑝th data pattern, and𝐸 is the
global error for 𝑃 pairs of training data.

The learning rule updates connection weights and finds
the local minimum to minimize the error function 𝐸 to a
predefined tolerance. After minimizing the error function
𝐸 for the training set, new unknown input patterns are
presented to the network to produce outputs. This is called
testing. The network must recognize whether a new input
vector is similar to learned patterns and produce a similar
output.

As earlier mentioned, there are several algorithms avail-
able for training a network, namely, (i) gradient descent
backpropagation algorithm, (ii) gradient descent backprop-
agation with momentum algorithm, (iii) conjugate gradient
backpropagation algorithm, (iv) Quasi-Newton algorithm,
and (v) Levenberg-Marquardt training algorithm. However,
the Levenberg-Marquardt training algorithm is receiving
increased popularity because of the ease with which it can

be changed to gradient descent backpropagation or Quasi-
Newton algorithm and also the learning can be made to
adjust automatically once the increment and decrease in the
learning rate are predefined.

MLP networks with Levenberg-Marquardt training algo-
rithm involve five steps for training.These are (i) initialization
of weights, biases, and presenting training pair of input and
target data to the network, (ii) feed forward computation
for network output error, (iii) computation of Jacobian
matrix of network error and weight update using Levenberg-
Marquardt learning rule, (iv) adjustment of learning param-
eter, and (v) repeating step (ii) to step (iv) for all data patterns
until the error is minimized to a predefined tolerance.

2.2.1. Initialization of Network Training Parameters. In this
step the connection weights and biases are initialized and
input pattern 𝑥

𝑝
from the training set {(𝑥

1
, 𝑧
1
), . . . , (𝑥

𝑝
, 𝑧
𝑝
),

. . . , (𝑥
𝑃
, 𝑧
𝑃
)} is presented to the network.

2.2.2. Feed Forward Computation for Network Output Error.
During feed forward computation when a node receives
weighted inputs from all the nodes in the previous layer they
are summed up and the constant bias is added to compute
the net input to the node. The net input is then converted to
an activated value through the activation function to generate
the output of the node.The output of a node is then passed to
the neurons in the next layer. The same operation is repeated
in all nodes of the subsequent layers until the output layer is
reached and output of nodes in the output layer is generated.
This completes the forward pass. The typical nodes, 𝑖 (1 ≤

𝑖 ≤ 𝐿), 𝑗 (1 ≤ 𝑗 ≤ 𝑀), and 𝑘 (1 ≤ 𝑘 ≤ 𝑁), in the input,
hidden, and output layer, respectively (Figure 1), can be used
to explain the feed forward computations. Thus the net input
𝑛
𝑗
to the 𝑗th node in the hidden layer can be expressed as

𝑛
𝑗
=

𝐿

∑

𝑖=1

𝑥
𝑖
𝑤
𝑗𝑖

+ 𝑏
𝑗
. (2)
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The output 𝑦
𝑗
from the 𝑗th node in the hidden layer can be

expressed as

𝑦
𝑗
= 𝑎
𝑗
= 𝑓
𝑗
(𝑛
𝑗
) = 𝑓
𝑗
(

𝐿

∑

𝑖=1

𝑥
𝑖
𝑤
𝑗𝑖

+ 𝑏
𝑗
) . (3)

The net input 𝑛
𝑘

to the 𝑘th node in the output layer can be
expressed as

𝑛


𝑘

=

𝑀

∑

𝑗=1

𝑦
𝑗
𝑤
𝑘𝑗

+ 𝑏
𝑘

=

𝑀
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𝑘𝑗
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(

𝐿
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𝑖
𝑤
𝑗𝑖

+ 𝑏
𝑗
)) + 𝑏

𝑘
.

(4)

Thus the output 𝑦
𝑘
from the 𝑘th node in the output layer can

be expressed as

𝑦
𝑘
= 𝑎


𝑘

= 𝑓
𝑘
(𝑛


𝑘

)

= 𝑓
𝑘
(

𝑀
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(

𝑅

∑

𝑖=1

𝑥
𝑖
𝑤
𝑗𝑖

+ 𝑏
𝑗
)) + 𝑏

𝑘
) .

(5)

The error 𝑒
𝑘
for the 𝑘th node in the output layer can be

expressed as

𝑒
𝑘
= (𝑧
𝑘
− 𝑦
𝑘
)
2

, (6)

where 𝑧
𝑘
and 𝑦

𝑘
are the output and target for the 𝑘th node

in the output layer. The total error from all the nodes in the
output layer for the 𝑝th pattern can be expressed as

𝑒
𝑝
=

𝑁

∑

𝑘=1

(𝑧
𝑝𝑘

− 𝑦
𝑝𝑘

)

2

=

𝑁

∑

𝑘=1

𝑒
𝑝𝑘

. (7)

The global error when all the training patterns are introduced
can be expressed as

𝐸 =

𝑃

∑

𝑝=1

𝑒
𝑝
=

𝑃

∑

𝑝=1

𝑁

∑

𝑘=1
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𝑝𝑘
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𝑝𝑘

)

2

=

𝑃

∑

𝑝=1

𝑁
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𝑒
𝑝𝑘

.

(8)

2.2.3. Computation of Jacobian Matrix Using Levenberg-
Marquardt Algorithm. It is obvious (from (5)) that the output
of each node in the output layer is a function of the
connection weights. To minimize the error function it is
necessary to have

∇𝐸 (𝑤) =

𝜕𝐸 (𝑤)

𝜕𝑤
𝑖

= 0 for all the weights 𝑖. (9)

When the gradient of the network error function ∇𝐸(𝑤
𝑡
) is

expanded using Taylor’s series around the current time 𝑡 + 1

it gives

∇𝐸 (𝑤
𝑡+1

) = ∇𝐸 (𝑤
𝑡
) + [𝑤

𝑡+1
− 𝑤
𝑡
] ∇
2

𝐸 (𝑤
𝑡
) + ⋅ ⋅ ⋅ . (10)

Neglecting higher order terms and solving for the minimum
𝑤, by setting the left hand side of (10) to zero, the weight
update rule for Newton’s method is simplified and leads to

𝑤
𝑡+1

= 𝑤
𝑡
− [∇
2

𝐸 (𝑤
𝑡
)]

−1

∇𝐸 (𝑤
𝑡
) . (11)

Since, from (8), 𝐸(𝑤) = ∑
𝑃

𝑝=1

𝑒
𝑝
(𝑤), it can be shown that

∇𝐸 (𝑤
𝑡
) = J(𝑤

𝑡
)
𝑇e (𝑤
𝑡
) , (12)

∇
2

𝐸 (𝑤) = J(𝑤)
𝑇J (𝑤) +

𝑃
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𝑒
𝑝
∇e
𝑝
(𝑤) . (13)

J(𝑤
𝑡
) is known as the Jacobian matrix of e pertaining 𝑤

calculated at previous iteration, J(𝑤
𝑡
)
𝑇 is the transpose of the

Jacobian matrix calculated at previous iteration, and e(𝑤
𝑡
) is

thematrix of error e(𝑤
𝑡
) = [𝑧

1
−𝑦
1

⋅ ⋅ ⋅ 𝑧
𝑘
−𝑦
𝑘

⋅ ⋅ ⋅ 𝑧
𝑁
−

𝑦
𝑁

⋅ ⋅ ⋅ 𝑧
𝑃
−𝑦
𝑃
]
𝑇 evaluated at previous iteration. In Gauss-

Newton approach it is assumed that ∑
𝑃

𝑖=1

𝑒
𝑝
∇e
𝑝
(𝑤) = 0.

Therefore (13) reduces to

∇
2

𝐸 (𝑤) ≈ J(𝑤)
𝑇J (𝑤) = H. (14)

Substitution of (12) and (14) in (11) results in

𝑤
(𝑡+1)

= 𝑤
𝑡
− [J(𝑤

𝑡
)
𝑇J (𝑤
𝑡
)]

−1

J(𝑤
𝑡
)
𝑇e (𝑤
𝑡
) , (15)

whereH is theHessianmatrix. Equation (15) suggests that the
Hessian matrix H can be obtained from the Jacobian matrix
as J𝑇J without direct calculation for the Hessian matrix. In
fact, (15) is the weight update equation in Gauss-Newton’s
algorithm.When a scalar parameter 𝜇 and an identity matrix
I are introduced to (15) it becomes

𝑤
(𝑡+1)

= 𝑤
𝑡
− [J𝑇 (𝑤

𝑡
) J (𝑤
𝑡
) + 𝜇
𝑡
I]
−1

J𝑇 (𝑤
𝑡
) e (𝑤
𝑡
) , (16)

where𝑤
𝑡+1

is the new connectionweight,𝑤
𝑡
is the connection

weight at the previous iteration, J(𝑤
𝑡
) is the Jacobian matrix

of e with respect to 𝑤 evaluated at previous iteration,
J𝑇(𝑤
𝑡
) is the transpose of the Jacobian matrix evaluated

at previous iteration, e(𝑤
𝑡
) is the matrix of error e(𝑤

𝑡
) =

[𝑧
1
− 𝑦
1

⋅ ⋅ ⋅ 𝑧
𝑘
− 𝑦
𝑘

⋅ ⋅ ⋅ 𝑧
𝑁

− 𝑦
𝑁

⋅ ⋅ ⋅ 𝑧
𝑃
− 𝑦
𝑃
]
𝑇 evaluated

at previous iteration, and I is an identity matrix.
Equation (16) is theweight update equation in Levenberg-

Marquardt training algorithm. The parameter 𝜇 is a scalar
that controls the behavior of the algorithm and is called
the learning rate. For 𝜇 = 0 the Levenberg-Marquardt
algorithm becomes Quasi-Newton algorithm with the use
of appropriate Hessian matrix. For very large value of 𝜇 the
Levenberg-Marquardt algorithm becomes gradient descent
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backpropagation algorithm.The Jacobian matrix of networks
errors can be written as

J (𝑤) =

[
[
[
[
[
[
[
[
[
[
[
[
[
[
[

[
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1
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𝑃
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]
]
]
]
]
]
]
]
]
]
]
]
]
]
]

]

,

(17)

where 𝐿, 𝑀, and 𝑁 are the number of neurons in the input,
hidden, and output layers, 𝑒

1
, 𝑒
2
, . . . , 𝑒

𝑝
are the errors, and𝑤

𝑖𝑗

are the connection weights.

2.2.4. Adjustment of Learning Parameters. Levenberg-Mar-
quardt training algorithm updates the weights by using (16).
The Levenberg-Marquardt training algorithm can be estab-
lished to find learning rate automatically at each iteration by
introducing 𝜇, 𝜇inc, and 𝜇dec parameters. For the LM training
algorithm evaluated in this study 𝜇 = 0.001, 𝜇inc = 10, and
𝜇dec = 0.01 were used.

2.2.5. Repeating Steps (ii) to (iv) until Achieving the Goal.
Since during the forward pass cycle information is passed
in the forward direction through the neurons in the hidden
layer(s) until it reaches the neurons in the output layer
where outputs are generated and errors are computed, such
networks derive the name feed forward (FF) network and
since errors are minimized through updating the connection
weights by a rule where errors are propagated in the backward
direction the learning law derives the name backpropagation
algorithm.

A complete representation of all the training data (input
and target data) is known as epoch. Epochs are repeated
until the network reaches a predefined goal. The learning
rate defines the size of the changes that are made to the
weights and biases at each epoch. Generally, smaller value
of learning rate increases the number of epochs and slows
down the network convergence but produced better accuracy.
Conversely, large value of learning rate leads the network to
fast convergence but with less accuracy.

3. Methodology

3.1. Data Source. Thedata used in this study are synchronized
measurement on time series of rainfall and pore-water
pressure records from 0.5m, 1.1m, 1.7m, 2.3m, and 2.9m soil
depths, of 4 hr resolution during dry periods (no rainfall) and
of 10min resolution during rainfall (wet period). Schematic
arrangement of field instrumentation and location of site
slopes are shown in Figure 2. A trace of the time series of
pore-water at 0.5m soil depth responses to climatic changes
is shown in Figure 3. The data were collected through a field
instrumentation program of a residual soil slope in Yishun,
Singapore [34]. The entire monitoring program ranged over
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Figure 2: Schematic diagram of typical arrangement of instrumen-
tation and location of the study slopes adapted from Mustafa et al.,
2012.
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Figure 3: A trace of time series of rainfall and pore-water pressures
at 0.5m soil depth showing pore-water pressure responses to
climatic changes. (Data ranges used for training and testing of the
ANN model are shown in figure inset.)

a period of three years and included time series of pore-water
pressure and rainfall measurements at 4 different slopes in 2
major geological formations (sedimentary Jurong formation
and Bukit Timah granitic formation) in Singapore [34]. Pore-
water pressure measurements were made at 0.5, 1.1, 1.7, 2.3,
and 2.9m soil depths.Thedatawere primarily collectedwith a
view to understand rainfall-induced slope failure mechanism
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Table 1: Normal statistics of data used for training and validating the ANNmodel (soil depth = 0.5m).

Statistics∗ Model training data Model testing data
Rainfall Pore-water pressure Rainfall Pore-water pressure

𝑁 2995 2995 1000 1000
Max. 44.75 4.85 38.50 5.54
Min. 0.00 −55.90 0.00 −49.63
𝜇 0.45 −3.10 0.47 −2.83
𝜎 1.87 9.69 2.66 9.51
𝜎
2 3.50 93.88 7.09 90.44

CV (%) 411.33 −312.48 572.24 −336.27
∗

𝑁 = number of observations; Max. = maximum; Min. = minimum; 𝜎 = standard deviation; 𝜇 = sample mean; 𝜎2 = variance; CV = coefficient of variation.

and hydrological responses of slopes under tropical climate
[1–4, 35]. The pore-water pressure data from 0.5m soil depth
was used during training the ANN model on the premise
that they were the closest to the ground surface and therefore
likely to show more dynamic behavior to climatic changes
than at greater soil depths, which is deemed necessary to
examine the potential of ANN in predicting the dynamic
behavior of pore-water pressure at multiple soil depths.

3.2. Data Selection for Training and Testing. Achievement
in nonlinear complex behavior identification using ANN
depends largely on the selection of training data which
represents the complexity and nonlinear trend to be learnt
by the ANN during training [36].Therefore, it is necessary to
select an appropriate division of input data for the training
and testing stage of the network. The available time series
of pore-water pressure and rainfall data at 0.5m depth was
divided into two sets; about 70% of the available data (from
October 12, 1998, to July 9, 1999, 9 months) was used for
training and validation and the remaining 30% (from July
10, 1999, to November 20, 1999, 4 months) was used for
testing the network (Figure 3).The training data was selected
on the premise to include maximum variations of the pore-
water pressure pattern and incorporate the highest and lowest
values of the available data set. The testing of pore-water
pressure at multiple soil depths (1.1, 1.7, 2.3, and 2.9m) was
also performed in the same period, that is, from July 10, 1999,
to November 20, 1999, 4 months. The most recent data was
used for testing to evaluate the performance of the model in
predicting pore-water pressures. The statistical characteristic
of the data used for training and testing the ANN model is
shown in Table 1. The time series of rainfall and pore-water
pressure data were scaled in accordance with the limits of
the activation function use in hidden neurons. The data were
normalized in the range of −1 to 1.

3.3. Selection of Input and Output Variable and Dimensions.
Selection of appropriate model input is extremely important
as the input variables would contain complex autocorrelation
structure of the process to be mapped by the ANN. Further-
more, the number of input variables will dictate the number
of nodes in the input layer and hence the ANN architecture.
While too few or inappropriate input variables may lead
to failure of the network to map the underlying function,

too many input variables may lead to a large and inefficient
network in the form of redundancies in the connection
weights of the network. Therefore, it is important to choose
the appropriate input variables. The choice of input variables
is usually based on a priori knowledge of causal variables in
conjunction with inspection of time series plots of potential
inputs and outputs.

In the case of time series of pore-water pressure, it is
recognized that pore-water pressure changes are caused by
rainfall, evaporation, soil properties, and soil depth as well
as antecedent rainfall and antecedent pore-water pressure
condition of the soil [1, 2, 4]. In the absence of data on
other variables, in this study it is presumed that pore-
water pressure is a function of rainfall, antecedent rainfall,
and antecedent pore-water pressures. However, how many
antecedent rainfall and pore-water pressure measurement
events are to be included as input variable needs to be
carefully evaluated. Previous studies [1, 2, 4] on evaluating
the effect of antecedent rainfall on slope stability indicated
that a 5-day antecedent rainfall is needed to lead to the worst
pore-water pressure conditions (zero or positive pore-water
pressure) in the slope.

To identify the appropriate number and type of input vari-
ables, many options including only rainfall, rainfall and some
antecedent rainfall, and rainfall and pore-water pressure with
antecedent conditions were examined. However, rainfall and
pore-water pressure with antecedent conditions were found
to be appropriate. To find appropriate number of antecedent
values the autocorrelation between pore-water pressure data
and cross-correlation between pore-water pressure and rain-
fall were tested. Influence of antecedent rainfall on pore-water
pressure changes was established from an analysis of cross-
correlation between pore-water pressure and rainfall data.
Influence of antecedent pore-water pressures was established
from an analysis of both autocorrelation of pore-water pres-
sure and cross-correlation between pore-water pressure and
rainfall data.

The cross-correlation function (CCF) between pore-water
pressure and rainfall is shown in Figure 4(a). Positive correla-
tion values (rising limbs of CCF) in Figure 4(a) represent that
positive cross-correlation values (rising limbs of CCF) are
associated with rainfall (wetting of soil) while negative cross-
correlation values (falling limbs of CCF) are not associated
with rainfall (no rainfall). Examination of the plot of time
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Figure 4: (a) Cross-correlation between pore-water pressure and rainfall. (b) Autocorrelation of pore-water pressures.

series of pore-water pressure and rainfall (Figure 3) suggested
that changes in pore-water pressure occur both during wet
period (due to rainfall) and during dry period (no rainfall).
The changes in pore-water pressures during positive cross-
correlation were due to the effect of rainfall while changes in
pore-water pressures during negative cross-correlation were
a consequence of drying of the soil due to evaporation and
transpiration.

Furthermore, considering the peak positive and negative
cross-correlation values, the rising limb is associatedwith two
lag observations and the falling limb is associated with five
lag observations. It is perceived that rising limb indicates the
increase in the pore-water pressure and the increase in pore-
water pressure is because of the rainfall values, while falling
limb or the decrease in the pore-water pressure indicates
the dry period when there is no rainfall. Therefore, these
analyses suggest that 2 antecedent rainfall values and 5
antecedent pore-water values would be ideal as model input.
The autocorrelation function (ACF) of pore-water pressure
is shown in Figure 4(b). It is apparent from Figure 4(b)
that pore-water pressures are positively autocorrelated which
implies that as the number of lag observations increases the
autocorrelation between pore-water pressures decreases.

Thus it was concluded that pore-water pressure at the
present time 𝑢

𝑡
can be represented as a function of the present

and two antecedent rainfalls (𝑟
𝑡
, 𝑟
𝑡−1

, 𝑟
𝑡−2

) and five antecedent
pore-water pressures (𝑢

𝑡−1
, 𝑢
𝑡−2

, 𝑢
𝑡−3

, 𝑢
𝑡−4

, 𝑢
𝑡−5

) such that

𝑢
𝑡
= 𝑓 (𝑟

𝑡
, 𝑟
𝑡−1

, 𝑟
𝑡−2

, 𝑢
𝑡−1

, 𝑢
𝑡−2

, 𝑢
𝑡−3

, 𝑢
𝑡−4

, 𝑢
𝑡−5

) . (18)

Therefore, the appropriate number of inputs for the net-
work was decided to be eight which includes five antecedent
pore-water pressures and three rainfall values (1 present and
2 antecedents). Therefore, the total number of input neurons
was selected to be eight.

One hidden layer was found to be sufficient to develop
the required pore-water pressure predictionmodel.Thus, the
complete representation of the model has been expressed by
maximum of three layers, namely, input, hidden, and output.
There is no defined rule for selecting the number of neurons

in the hidden layer. Some studies report the trial number
of neurons in the hidden layer in their studies to follow the
thumb rule, 𝑁

𝐻
= 𝑁
𝐼
+ 1, [22] or 𝑁

𝐻
= (2/3)(𝑁

𝐼
+ 𝑁
𝑂
)

[37], where 𝑁
𝐼
, 𝑁
𝐻
, and 𝑁

𝑂
are the number of neurons in

input, hidden, and output layers, respectively. In the present
study, attempt to achieve good results by appropriate selection
of hidden neurons using any rule of thumb was not found to
be satisfactory. Therefore, the appropriate number of hidden
neurons was established using trial and error procedure [30]
andwas found to be four. Generally, a large number of hidden
neurons cause overfitting problem. Since, this study based
on small number of hidden neurons (i.e., four); therefore,
overfitting problem was not observed during training or
testing stage. Since only pore-water pressure is sought from
themodel; therefore, output neuron is limited to one.Thus, an
MLP network with architecture 8-4-1, representing 8 neurons
in the input layer, 4 neurons in the hidden layer, and 1 neuron
in the output layer, was used in this study.

3.4. Selection of Activation Function. There are a couple
of activation functions which are used in neural network
training like hyperbolic tangent, tangent sigmoid, linear, and
so forth. All these functions have upper and lower bound
limits depending upon their functions. Since the pore-water
pressure data ranges between negative and positive values,
to commensurate with the pore-water pressure ranges, the
hyperbolic tangent sigmoid activation function (also known
as hyperbolic tangent or tansig) whose upper and lower
bound limits lie between −1 and +1 was used for neurons in
the hidden layer and linear activation function (also known
as purelin) was used for neurons in the output layer. The
hyperbolic tangent sigmoid function can generate values
between −1 and +1 and thus when used as an activation
function at the hidden nodes, it causes all points on the
solution surface to fall between these values [38]. Therefore,
using hyperbolic tangent sigmoid type activation functions in
the hidden layer and linear activation functions in the output
layer provides advantage when it is necessary to extrapolate
beyond the range of the training data [30].
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Table 2: Performance statistics of the ANN model during training and testing (soil depth = 0.5m).

Model stage Data span MAE RMSE CE 𝑟
2

Training 12 Oct 1998 to 09 Jul 1999 0.38497 0.88358 0.99168 0.992
Testing 10 Jul 1999 to 20 Nov 1999 0.50933 1.46662 0.97619 0.977

3.5. Model Performance Evaluation. Performance statistics of
hydrological predictionmodels are generally tested by adopt-
ing different efficiency criterion such as coefficient of deter-
mination, Nash-Sutcliffe efficiency, and relative efficiency
criteria. These prediction models are also evaluated by using
different error measures like mean absolute error (MAE),
mean square error, sum of square error, root mean square
error (RMSE), and so forth. In this study, the performance
of the ANN model was evaluated by using three different
standard statistical measures widely used in ANN modeling
of hydrological events, namely, the root mean square error
(see (19)), coefficient of efficiency (CE, see (20)), and mean
absolute error (see (21)). Consider the following.

Root mean square error

RMSE = √

1

𝑛

𝑛

∑

𝑖=1

(𝑢
𝑝
− 𝑢
𝑜
)

2

. (19)

Coefficient of efficiency (Nash and Sutcliffe, [39])

CE = 1 −

∑
𝑛

𝑖=1

(𝑢
𝑜
− 𝑢
𝑝
)

2

∑
𝑛

𝑖=1

(𝑢
𝑜
− 𝑢
𝑜
)
2

. (20)

Mean absolute error

MAE =

1

𝑛

𝑛

∑

𝑖=1






𝑢
𝑝
− 𝑢
𝑜






, (21)

where 𝑢
𝑝
and 𝑢

𝑜
are the predicted and observed values of

pore-water pressures, respectively, 𝑢
𝑜
is the mean of observed

pore-water pressures, and 𝑛 is the number of pore-water
pressure observations for which the error has been computed.

3.6. Stopping Criteria. For the application of the ANNmodel
a program code was written using Matlab toolbox for ANN.
Provision was made in the program code to stop the network
training whenever the maximum number of given epochs is
reached or the sum of mean square error ≤ goal (tolerance),
whichever is satisfied first. A maximum number of 500
epochs and a goal of 0.001 were predefined in the program
code.

4. Results and Discussion

Time series of soil pore-water pressure was trained using data
from 0.5m soil depth and themodel was tested at various soil
depths (i.e., 0.5, 1.1, 1.7, 2.3, and 2.9m soil depths). Therefore,
this section mainly consists of two parts. Initially, time series
of pore-water pressure trained and tested with data of 0.5m
soil depth was demonstrated. Secondly, time series of pore-
water pressure trained with data of 0.5m soil depth but tested
with multiple soil depths was illustrated.
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Figure 5: Comparison between observed and trained time series of
pore-water pressures obtained from training the ANNmodel.

4.1. Prediction of Pore-Water Pressure with Training and
Testing at 0.5m Soil Depth. The ANN model performance
evaluated in terms of various performance measure statistics
is shown in Table 2.TheANNmodel showed very small error
during training (MAE = 0.3850, RMSE = 0.8836) and
testing (MAE = 0.5093, RMSE = 1.4666) stages. The lower
error measures suggest that the ANN model has predicted
pore-water pressures very close to the observed pore-water
pressures. The coefficient of efficiency CE and the coefficient
of correlation 𝑟

2 are also very high for training (CE = 0.992,
𝑟
2

= 0.992) and testing (CE = 0.976, 𝑟2 = 0.977).
A comparison between the time series of observed and

predicted pore-water pressures obtained from the training
and testing exercise of the ANN model is shown in Figures
5 and 6, respectively. Figures 5 and 6 show that, in both
cases, during training and testing, the trends in the trained
and predicted time series of pore-water pressures follow
very closely the trends in time series of observed pore-
water pressures. It is interesting to note that the model input
variables were related to the wetting process of the soil only
(rainfall) which causes the pore-water pressure to rise or
change from negative to positive values (see Figure 6). The
variables related to the drying process (no rainfall, evapora-
tion, evapotranspiration, or temperature) of the soil which
causes the pore-water pressure to decrease change from
positive to negative values or change from negative to more
negative values (see Figure 6) or any physical properties of the
soil which also influence the response of pore-water pressure
to climatic changes were not available to the model as input.
However, the training process enabled the model to learn the
trend in the data set and therefore the model, in addition to
wet conditions, could also generalize the pore-water pressure
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of pore-water pressure obtained using the ANNmodel.

Observed pore-water pressure (kPa)

Pr
ed

ic
te

d 
po

re
-w

at
er

 p
re

ss
ur

e (
kP

a)

Line of perfect agreement

−60

−50

−40

−30

−20

−10

0

10

−60 −50 −40 −30 −20 −10 0 10

Trained (r
2
= 0.992)
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responses during dry climatic conditions (no rainfall) from
antecedent conditions (antecedent rainfall and antecedent
pore-water pressures) which was provided to the network as
additional model input parameters. Thus it appears from the
results (Figures 5 and 6) that the ANN model developed in
this study with its associated network architecture, training
algorithm, and input data type and structure was appropriate
and ideal for predicting the dynamics of pore-water pressure
responses in a slope to climatic changes.

Considering each field observed pore-water pressure data
is event based, a comparison between the field measured
individual pore-water pressures and predicted pore-water
pressures obtained during training and testing of the ANN
model ismade in Figures 7 and 8, respectively.The correlation
between the observed and predicted pore-water pressures is
evaluated using the coefficient of correlation, 𝑟2. The close to
unity 𝑟

2 value (𝑟2 = 0.992 for training, Figure 7, and 𝑟
2

=

0.977 for testing, Figure 8) suggests nearly perfect agreement
between the predicted and observed pore-water pressures

Line of perfect agreement

Pr
ed

ic
te

d 
po

re
-w

at
er

 p
re

ss
ur

e (
kP

a)

−60

−50

−40

−30

−20

−10

0

10

Observed pore-water pressure (kPa)
−60 −50 −40 −30 −20 −10 0 10

Predicted (r
2
= 0.977)

Figure 8: Comparison between observed and predicted pore-water
pressures obtained using the ANNmodel.

0.0

0.2

0.4

0.6

0.8

1 0.1 0.01 0.001 0.0001

MSE

Ti
m

e (
s)

Ep
oc

h

0

2

4

6

8

Time (s)
Epoch

Figure 9: Time and epochs required by the ANN model to reach
desired accuracy.

with few outliers. The occasional few outlier values are not
readily obvious in the time series plots of predicted and
observed pore-water pressures shown in Figures 5 and 6.They
are apparent in Figures 7 and 8. An examination of Figures 5
and 7 and Figures 6 and 8 suggests that these outlier values
resulted from relatively under predictions during sudden and
very rapid change (rise) in pore-water pressure responses
to rainfall after a relatively dry period when the pore-water
pressures are at highly negative values.

Theperformance of themodelwas also judged through an
evaluation of the time and number of epochs required to pro-
duce outputs of desired accuracy (goal/tolerance). Figure 9
shows the time and number of epochs required by the ANN
model to reach an accuracy of 0.001 within a predefined
number of epochs of 500. Figure 9 shows that the network
produced the predictions with 0.42 s computation time and
with 7 epochs only. Furthermore, the MSE versus time and
epoch plot (Figure 9) for the MLP-NN model also suggests
that the network did not suffer from any local minima or
convergence problems. The training algorithm converged to
the solution sharply and rapidly. The initial network error
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Table 3: Performance statistics of ANN at different soil depths during testing stage.

Soil depth (m) Data mean (KPa) MAE RMSE CE 𝑅
2

0.5 −2.83 0.50 1.46 0.9766 0.9775
1.1 −4.44 0.51 1.12 0.9796 0.9800
1.7 −4.90 0.57 1.16 0.9838 0.9851
2.3 −1.26 0.60 1.20 0.9833 0.9848
2.9 4.36 1.71 2.24 0.9383 0.9799

which is of magnitude 0.8 is reduced to 0.001 within 0.42 s
andwith 7 epochs.These results further reinforce the fact that
the network architecture adopted in this study for pore-water
pressure prediction is not only robust but efficient as well.

The model however showed slightly poor performance
during testing compared to the performance during training
as is evident from slightly higher error and lower perfor-
mance indexmeasures during testing (Table 2,MAE = 0.510,
RMSE = 1.467, CE = 0.976, and 𝑟

2

= 0.977 during testing
against MAE = 0.385, RMSE = 0.884, CE = 0.992, and
𝑟
2

= 0.992 during training).
Similar trends in ANNmodel performance during train-

ing and testing were also observed in a number of other
studies [40–42]. The slightly poor performance of the model
during testing compared to the performance during training
revealed from the performance statistics measures in this
study could also be attributed to the higher variability
inherent in the testing data set (CV rainfall = 572.24, CVpore-
water pressure = −336.27 for testing data set as opposed to
CV rainfall = 411.33, and CV pore-water pressure = −312.48
for training data set, Table 1).

TheNash and Sutcliffe [39] model coefficient of efficiency
is commonly used to assess the predictive efficiency of
hydrological models. The coefficient of efficiency (CE, (20))
can range from −∞ to 1. Ideally, the closer the coefficient of
efficiency is to 1, the more accurate the model prediction is.
A coefficient of efficiency, CE = 1, indicates a perfect match
between the predicted and observed data. CE = 0 indicates
that the model predictions are as accurate as the mean of the
observed data, whereas a coefficient of efficiency less than
zero (CE < 0) indicates that themean of the observed data is a
better predictor than themodel and occurs in situationswhen
the residual variance (represented by the numerator in (20))
is larger than the data variance (represented by the denomi-
nator in (20)).The coefficient of efficiency for theANNmodel
evaluated in this study showedCE values which are very close
to unity (training CE = 0.992, testing CE = 0.976) indicating
excellent efficiency of the model and thereby suggesting that
the learning algorithm chosen to predict pore-water pressure
responses to climatic variations is appropriate. Furthermore,
the higher values of model efficiency measure also suggest
that the number and type of input variables derived from
the cross-correlation and autocorrelation analyses among the
dependent and independent variable were appropriate and
therefore resulted in higher model efficiency measures.

4.2. Predictions with Training at 0.5m Data but Testing at
Multiple Depths. The successful prediction of soil pore-
water pressure at the soil depth of 0.5m encouraged testing

the ANN model at different soil depths. Thus, an attempt
was made to train the ANN models with the LM training
algorithm at the 0.5m soil depth, but testing of the model
was performed at different soil depths (0.5m, 1.1m, 1.7m,
2.3m, and 2.9m). It was observed that the trained model in
0.5m of soil is able to predict the soil pore-water pressure at
different soil depths but with slightly different accuracy. The
predicted pore-water pressures at all depths were very close to
the observed pore-water pressure data. The summary of the
performance statistics of the models at different soil depths
during the testing stage of the model is shown in Table 3.

The performance statistics of the ANNmodel for predic-
tion of pore-water pressure at different soil depths indicate
that every testing stage successfully predicted the time series
of the pore-water pressure at all the soil depths (Table 3).
The highest error (MAE = 1.71, RMSE = 2.24) and lowest
coefficient of efficiency (CE = 0.9383) were observed at the
2.9m soil depth. The error and coefficient of efficiency at
0.5m (MAE = 0.50, RMSE = 1.46, and CE = 0.9766), 1.1m
(MAE = 0.51, RMSE = 1.12, and CE = 0.98), 1.7m (MAE =
0.57, RMSE = 1.16, and CE = 0.9838), and 2.3m (MAE = 0.60,
RMSE = 1.20, and CE = 0.9833) are similar and apparent
discrepancies are insignificant. However, the coefficient of
determination (𝑅2) for all soil depths is nearly equal (close to
0.98) which shows a good agreement between the observed
and predicted pore-water pressures with the perfect line of
agreement. Obviously, it is clear from the results that the
ANNmodel trained using the data of the pore-water pressure
at the 0.5m soil depth is able to predict soil pore-water
pressures at multiple soil depths with a slight difference in
accuracy.

The results were also found to be comparable with previ-
ous studies performed for prediction of pore-water pressure
using neural networks [5–7]. Mustafa et al. [5] performed
training using data of Yishun slope and testing at two slopes
Yishun and CSE. The coefficient of determination during
testing stages produced at Yishun was 𝑅

2

= 0.97 and 𝑅
2

=

0.99. Mustafa et al. [7] while investigating the performance of
various training algorithm for prediction of soil pore-water
pressure also produced coefficient of determination close to
one (0.94, 0.97) and 0.98. Therefore, all the results produced
in this study particularly the comparisonmade with previous
studies in terms of coefficient of determination values at
testing stages showed the competence of the presentedmodel.

The results of the ANN model training and testing
demonstrate that the ANN model learned the nonlinear
behavior of pore-water pressure in response to wet (rainfall)
and dry (no rainfall) climatic conditions and produced
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reasonably good prediction results. The model successfully
predicted all the time series of pore-water pressure at mul-
tiple soil depths. Further, the structure/architecture and the
training parameters used for ANN modeling are appropriate
to capture the pattern of pore-water pressure data.The results
also reveal that LM training algorithm is able to adopt the
nonlinear pattern within a very short time, ensured fast
convergence, and reached the goal (0.001) through self-
adjustment of the learning rate.

5. Conclusions

A multilayer perceptron neural network model with Leven-
berg-Marquardt training algorithm has been developed to
predict spatial and temporal behavior of time series of pore-
water pressure responses to rainfall. A network configuration
appropriate for mapping the nonlinear behavior of pore-
water pressure responses (at 0.5m soil depth) to climatic
condition was identified to be 8-4-1. The same configuration
is also able to estimate soil pore-water pressure data at
multiple soil depths.The study indicated that the LM training
algorithm is suitable for application to problems associated
with predictions of nonlinear and complex behavior such
as pore-water pressure variation due to rainfall. Results of
the study also indicated that it is necessary to account
for antecedent pore-water pressure and rainfall in order to
achieve predictions of pore-water pressure with fairly reason-
able accuracy. The study also indicated that the appropriate
number of inputs could be achieved from autocorrelation and
crosscorrelation analyses rather than using a trial and error
procedure. The Levenberg-Marquardt algorithm used for
training the network showed high efficiency, less prediction
error, and very fast convergence. An additional major benefit
derived from the training algorithm is that it adjusted the
learning rate automatically.

However, the study showed that inclusion of antecedent
pore-water pressure values in the input structure is of prime
importance while using the rainfall data only. However,
introducing some other readily available parameters such as
temperature, relative humidity, evaporation, soil properties,
and soil depth into the input structuremay help to completely
eliminate the antecedent pore-water pressure values.
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port/application des réseaux de neurones artificiels pour le
transport sédimentaire en nappe,”Hydrological Sciences Journal,
vol. 47, pp. 879–892, 2002.

[30] H. R. Maier and G. C. Dandy, “Neural networks for the
prediction and forecasting of water resources variables: a review
of modelling issues and applications,” Environmental Modelling
and Software, vol. 15, no. 1, pp. 101–124, 2000.

[31] K. Hornik, M. Stinchcombe, and H.White, “Multilayer feedfor-
ward networks are universal approximators,” Neural Networks,
vol. 2, no. 5, pp. 359–366, 1989.

[32] S. M. A. Burney, T. A. Jilani, and C. Ardil, “Levenberg-
Marquardt algorithm for Karachi Stock Exchange share rates
forecasting,” Proceedings of the World Academy of Science,
Engineering and Technology, vol. 3, pp. 171–176, 2005.

[33] M. Caudill, “Neural networks primer, part I,” AI Expert, vol. 2,
pp. 46–52, 1987.

[34] H. Rahardjo, “Rainfall-induced slope failures,” Research Report
NSTB 17/6/16, Nanyang Technological University, Singapore,
2000.

[35] R. B. Rezaur, H. Rahardjo, and E. C. Leong, “Spatial and tempo-
ral variability of pore-water pressures in residual soil slopes in
a tropical climate,” Earth Surface Processes and Landforms, vol.
27, no. 3, pp. 317–338, 2002.

[36] R. Rojas, Neural Networks: A Systematic Introduction, Springer,
Berlin, Germany, 1996.

[37] M. C. Demirel, A. Venancio, and E. Kahya, “Flow forecast by
SWAT model and ANN in Pracana basin, Portugal,” Advances
in Engineering Software, vol. 40, no. 7, pp. 467–473, 2009.

[38] I. Flood and N. Kartam, “Neural networks in civil engineering.
I: principles and understanding,” Journal of Computing in Civil
Engineering, vol. 8, no. 2, pp. 131–148, 1994.

[39] J. E. Nash and J. V. Sutcliffe, “River flow forecasting through
conceptual models part I—a discussion of principles,” Journal
of Hydrology, vol. 10, no. 3, pp. 282–290, 1970.

[40] B. Unal, M. Mamak, G. Seckin, and M. Cobaner, “Comparison
of an ANN approach with 1-D and 2-D methods for estimating
discharge capacity of straight compound channels,”Advances in
Engineering Software, vol. 41, no. 2, pp. 120–129, 2010.

[41] A. M. Melesse and X. Wang, “Multitemporal scale hydrograph
prediction using artificial neural networks,” Journal of the
American Water Resources Association, vol. 42, no. 6, pp. 1647–
1657, 2006.

[42] D. F. Lekkas, C. Onof, M. J. Lee, and E. A. Baltas, “Application
of artificial neural networks for flood forecasting,” Global Nest,
vol. 6, pp. 205–211, 2004.



Research Article
Influences of Two Land-Surface Schemes on RegCM4
Precipitation Simulations over the Tibetan Plateau

Xuejia Wang,1,2 Meixue Yang,1 and Guojin Pang3

1 State Key Laboratory of Cryospheric Sciences, Cold and Arid Regions Environmental and Engineering Research Institute,
Chinese Academy of Sciences, Lanzhou, Gansu 730000, China

2University of Chinese Academy of Sciences, Beijing 100049, China
3 Laboratory of Remote Sensing and Geospatial Science, Cold and Arid Regions Environmental and Engineering Research Institute,
Chinese Academy of Sciences, Lanzhou, Gansu 730000, China

Correspondence should be addressed to Meixue Yang; mxyang@lzb.ac.cn

Received 28 June 2014; Revised 2 September 2014; Accepted 2 September 2014

Academic Editor: Eduardo Garćıa-Ortega
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The effects of different RegCM4 land-surface schemes on Tibetan Plateau (TP) precipitation simulations were investigated. Two
groups of ten-year (1992–2001) simulation experiments (hereafter referred to as BATS and CLM) were performed based on two
land-surface schemes (BATS and CLM3.5, resp.) and were compared with observed data using the same domain, initial, and lateral
boundary conditions, cumulus convective scheme, and spatial resolution. The results showed that the CLMmonthly precipitation
more closely matched the observed data compared with BATS. BATS and CLM both overestimated summer precipitation in the
northern TP but underestimated summer precipitation in the southern TP. However, CLM, because of its detailed land-surface
process descriptions, reduced the overestimated precipitation areas and magnitudes of BATS. Compared to CN05, the regional
average summer precipitation in BATS and CLM was overestimated by 34.7% and underestimated by 24.7%, respectively. Higher
soil moisture, evapotranspiration, and heating effects in the BATS experiment triggered changes in atmospheric circulation patterns
over the TP. Moreover, BATS simulated the lower atmosphere as warmer and more humid and the upper atmosphere (∼150 hPa)
as colder than the CLM simulations; these characteristics likely increased the instability for moist convection and produced more
summer precipitation.

1. Introduction

The Tibetan Plateau (TP) has a profound influence on China
and global weather and climate through both dynamical
and thermal effects (e.g., [1, 2]), which generate the most
prominent monsoon circulations on Earth. The TP is usually
called the “water tower of Asia” because of its importance
in the hydrological cycle. Many Asian rivers originate from
the TP, including the largest rivers in the world, that is,
the Indus, the Ganga-Brahmaputra, the Yellow River, and
the Yangtze [3]. Precipitation is one of the most important
climatic elements; it not only affects people’s daily lives but
also relates to climate change. Global warming and variations
in precipitation characteristics have been urgent issues in
climatological and hydrological studies. However, precipita-
tion is still the most difficult climatic element to reasonably

forecast because it occurs as a result of nonlinear interactions
between complicated physical and dynamic processes [4, 5].

However, owing to the limited observational data and
unevenly distributedmeteorological stations on the TP, using
meteorological data to study the climate on the TP, especially
precipitation changes, is difficult. Therefore, high-resolution
regional climate models, which can describe climate varia-
tions due to mesoscale and smaller topography, underlying
surface characteristics, and other factors, have become a
valuable tool for understanding climate characteristics and
change and for elucidating the mechanisms involved (e.g.,
[6–11]). Regional climate models, which have high accuracy
and low uncertainty, are able to provide adequate simulations
and forecasts of climate change. To reduce the uncertainties
of model simulations, we need to understand the influences
of physical mechanisms and processes on climate change.
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Meanwhile, we must fully explore model sensitivities to
different physical parameterization schemes and seek an
appropriate parameterization scheme suitable for a particular
area [8].

Recent studies suggested that cumulus convective pre-
cipitation schemes significantly affect the simulation of pre-
cipitation (e.g., [5, 12–16]). Specifically, the configurations
and focuses of local convective precipitation processes differ
among the convective schemes. Moreover, the spatial res-
olution, topography, land use, and atmospheric boundary
conditions of the schemes can discernibly influence the
simulation of precipitation [4, 17–20]. Land-surface processes
physically influence climate change. The underlying land
conditions greatly affect the land surface energy and water
balances and thereby have a far-reaching effect on local,
regional, and even global atmospheric circulations and cli-
mate change. The “water gap” prevents climate simulation
capabilities in current climatemodels.This is precisely caused
by the lack of adequate awareness of the hydrological cycle.
The imperfect treatment of precipitation, evaporation, and
land-based hydrological processes in GCMs and inadequate
parameterization schemes for land-surface process affect the
simulation ability of modern GCMs and RCMs [21]. Sensi-
tivity tests of the influences of different land-surface schemes
on climate simulations have been conducted in areas outside
of the TP and have not thoroughly analyzed precipitation
simulations (e.g., [10, 21–24]). Therefore, a reasonable and
detailed land-surface process scheme is increasingly crucial
and necessary for climate simulations in the TP.

In this study, to investigate the effects of land-surface
schemes in regional climate models (RegCM4) on TP climate
simulations, two groups of ten-year (1992–2001) simulation
experiments were performed based on two available land-
surface schemes (BATS and CLM3.5). These experiments
were compared with observed data by using the same do-
main, initial and lateral atmospheric boundary data condi-
tions, and cumulus convective precipitation scheme, as well
as a 30 km spatial resolution. The objective of this study is to
determine an appropriate land-surface scheme for the TP and
to provide a basis for precipitation simulations in this region.

2. Model and Simulation Experiments

Regional Climate Model version 4 (RegCM4) is the devel-
oped and improved version of the RegCM3 of the Abdus
Salam International Center for Theoretical Physics. RegCM4
is a three-dimensional atmospheric model that uses a hydro-
static assumption, the Arakawa B horizontal grid system, and
terrain-following sigma coordinates. It includes turbulence
mixing, grid-scale and subgrid-scale cloud processes, radia-
tive transfer processes, and land-surface processes. Com-
pared to previous versions, many physical processes of the
RegCM4 have been continuously updated. For example, it
includes new land-surface, planetary boundary layer, and
air-sea flux schemes, a mixed convection and tropical band
configuration, and modifications to the preexisting radiative
transfer and boundary layer schemes [8]. Overall, RegCM4
shows an improved performance in several respects com-
pared to previous versions. The greatest change is that a

new and more advanced Community Land Model version
3.5 (CLM3.5) was coupled to the RegCM4. A Biosphere-
Atmosphere Transfer Scheme (BATS) was also added as an
alternative land surface scheme.

A brief comparison of the parameters and attributes of the
BATS and CLM3.5 land surface schemes is given in Table 1.
BATS has been described in detail by Dickinson et al. [25].
The scheme, which has been used for many years, includes
a vegetation layer, a snow layer, a force-restore model for
soil temperatures, and a 3-layer soil scheme. The land cover
descriptions from the GLCC database consist of 20 surface
types, 12 soil colors, and various soil textures, according to
the FAO Soil Map of the World [26]. A mosaic-type param-
eterization of the subgrid-scale topography and land use
was implemented. The parameterization used a regular fine-
scale surface subgrid for each coarse-model grid cell. This
scheme showed a remarkable improvement of the surface
hydrological cycle simulation in mountainous regions [18].

Compared to BATS, CLM3.5 is amore advanced package,
as described in detail by Oleson et al. [27, 28]. CLM3 uses
a succession of biogeophysical parameterizations to describe
the exchanges of energy, momentum, water, and carbon
between land and the atmosphere. CLM3 divides the grid
cells into a first subgrid hierarchy composed of multiple land
units (glaciers, wetlands, vegetation, lakes, and urban) and
second and third subgrid hierarchies for vegetated land units,
including different snow/soil columns and plant functional
types [27].The percentage of sand and clay varied with depth
based on the 5-minute resolution IGBP soil dataset to develop
a soil texture dataset [29]. Biogeophysical processes are calcu-
lated for each land unit, column, and PFT and then averaged
before returning to the atmospheric model. Soil temperature
and water content are calculated with a multiple layer model.
The soil column is discretized into ten layers, where the
minimum and maximum depths of the soil layer are 1.75 cm
and 3.43m, respectively.The overlying snow pack is modeled
with up to five layers, depending on the total snow depth.
CLM3.5 was updated from CLM3 by integrating Moderate
Resolution Imaging Spectroradiometer (MODIS) products
[30], improving the canopy integration and interception
schemes [30, 31], adding a simple TOPMODEL-based model
for surface and subsurface runoff [32], adding a new frozen
soil scheme [33], and adding a simple groundwater model for
determining the water table depth [34].

For RegCM4, we compiled the model with the two avail-
able land-surface schemes (BATS and CLM3.5). Six hourly
fields from ECMWF/ERA40 reanalysis data were selected
as the initial and lateral atmospheric boundary conditions
for the regional model in both two experiments. Figure
1 shows the RegCM4 simulation domain and topography
centered on 90∘E and 30∘N, with 160 × 108 grid mesh that
covers the TP and its surrounding areas. The horizontal
resolution is 30 km, and the vertical grids are composed of
23 sigma levels stretching from near the surface to the model
top (10 hPa). Sea-surface temperatures (SSTs) were acquired
from NOAA optimal interpolation weekly SST data (1∘ × 1∘
resolution). To maintain the model’s computational stability,
an integration time step of 60 seconds was used. The Grell
cumulus cloud convective parameterization schemewas used
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Table 1: Comparisons of the BATS and CLM3.5 land-surface schemes in RegCM4.

BATS CLM3.5
Number of soil layers 3 10
Soil temperature calculation Force-restore method Heat diffusion equation
Soil freezing and thawing Yes A new frozen soil model (supercooled soil water)
Number of snow layers 1 5
Land use parameters 20 (GLCC) 5 landunits, 17 types (PFTs) represent vegetation
Surface datasets Leaf area index MODIS products
Soil texture FAO Soil Map of the World IGBP soil dataset
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Figure 1: Model domain and analysis region of this experiment
(unit: m).

Table 2: Model configuration used in this study.

Contents Description
Horizontal grid 160 × 108 (Δ𝑋 = 30 km)
Initial and boundary
conditions

ERA40, Relaxation
(exponential)

Vertical layers (top) 23 layers (10 hPa)
Cumulus convection Grell with Fritsch-Chappell
Turbulence Holtslag scheme
Shortwave/longwave radiation NCAR CCM3
Analysis period 1992–2001

with the FC80 closure assumption [35] because it is better
than Anther-Kuo when simulating the spatial pattern of
climate over the TP [14].TheHoltslag turbulence scheme [36]
was used in the NCAR Community Climate Model version 3
(CCM3) radiation scheme [37]. The model configuration is
summarized in Table 2.

In this study, the simulation periods of RegCM4 cou-
pled with BATS and CLM3.5 (BATS and CLM, resp.) were
November 1, 1991, to February 1, 2002, and November 1, 1989,
to February 1, 2002, respectively. The period from January 1,
1992, to December 31, 2001 (10 years), was considered in the
analysis (Table 2). The months before 1992 were discarded as
the initialization time. The 0.25∘ gridded daily observed pre-
cipitation (CN05.1) [38] (hereafter referred to as CN05)
was used for the evaluation of the simulation skills of
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Figure 2: Monthly variations in the observed and simulated
precipitation over the TP during 1992–2001.

BATS and CLM for precipitation. Monthly Tropical Rain-
fall MeasurementMission (TRMM) 3B42 V7 data with a spa-
tial resolution of 0.25∘×0.25∘ from 1998 to 2001 (4 years) were
also used for the model’s validation over the TP (ftp://disc2
.nascom.nasa.gov/data/TRMM/Gridded/3B43 V7/).

3. Results and Discussion

3.1. Monthly Precipitation Variation. Figure 2 shows the
monthly precipitation variations of the observed and simu-
lated results over the TP. It can be observed that both BATS
and CLM simulated the monthly variations of the precipi-
tation quite well, as indicated by the high correlation coef-
ficients (above 0.92; Table 3). However, compared with the
observed data, both CLM and BATS obviously overestimated
the annual precipitation. The CLM-simulated precipitation,
except for that in summer, was also higher than the observed
data. The BATS- and CLM-simulated annual precipitation
during 1992–2001 was 24.46mm higher and 1.55mm higher
than the CN05 data, respectively. Although the correlation
coefficients between the two model simulations and the
observed data were approximately equal, CLM prominently
reduced the bias and root mean square error (RMSE) when
compared with the CN05 data. It is suggested that the
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Table 3: Statistical values between the simulated and observed precipitation.

BATS CN05 CLM CN05 BATS TRMM CLM TRMM
Bias/mm 24.46 1.55 20.39 −3.41

RMSE/mm 29.98 15.37 24.05 15.6

Corr. 0.93 0.92 0.98 0.93
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Figure 3: Summer precipitation distribution over the TP based on (a) CN05, (c) BATS, (d) CLM, (e) BATSminus CN05, and (f) CLMminus
CN05 during 1992–2001 and (b) TRMM, (g) BATS minus TRMM, and (h) CLMminus TRMM during 1998–2001 (units: mm).

monthly precipitation using CLM was much more similar
to the observed data compared with using BATS. During
1998–2001, the simulated data and TRMM data results were
broadly consistent with those of CN05. However, the CLM-
simulated monthly precipitation was slightly lower than that
of the TRMM data. In addition, summer precipitation (June,
July, and August) accounted for approximately 58%–64% and
48%–53% of the annual total precipitation in the observed
and simulated results, respectively. Despite the low ratios in
the simulated results, in general, summer precipitation largely
contributed to the annual precipitation. Consequently, we
mainly focus on the simulated summer precipitation in the
TP in the following section.

3.2. Spatial Distribution of Summer Precipitation. The sum-
mer precipitation distributions simulated by the two models
and observed by the CN05 data are shown in Figure 3. Sum-
mer precipitation in the TP was plentiful because of sum-
mer monsoons. The summer rainbands were found in the
observed data, showing large amounts of precipitation in
the southern and eastern TP. The maximum precipitation
belt, with summer precipitation amounts over 500mm, was
observed in the southeastern TP.Theminimum precipitation
belt, with summer precipitation less than 100mm,was located
in the northern and western TP (Figure 3(a)). BATS and
CLM are able to represent the basic spatial distributions
of the summer precipitation (Figures 3(c) and 3(d)). Both
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Table 4: Statistical values between the simulated and observed
summer mean daily precipitation during 1992–2001.

BATS CN05 CLM CN05 BATS CLM
Bias/mm⋅day−1 0.95 −0.67 2.86
RMSE/mm⋅day−1 1.02 0.79 1.66
Corr. 0.77 0.63 0.82

models capturedmore subtle precipitation features compared
to the observed data, particularly in the western TP. However,
BATS overestimated the precipitation by 150mm, mainly in
the central-eastern and northern plateau and in the eastern
Himalayas; it underestimated the precipitation by 50mm
in the southwestern TP when compared to the CN05 data
(Figure 3(e)). CLM significantly reduced the wet biases but
enlarged the dry biases of BATS (Figure 3(f)). The pattern
of overestimated northern precipitation and underestimated
southern precipitation by the twomodels was consistent with
the simulation results of Wang et al. [11] using RegCM3 in
the TP. Larger deviations existed in the tall and large moun-
tains, such as the Kunlun andHimalayanmountains, possibly
because there are few observation stations over these regions;
that is, the observed data are not very reliable [38]. The TP
ten-year average summer precipitation of BATS was 87.4mm
(34.7%) higher, but CLM was 61.6mm (24.7%) lower than
that of the CN05 data (Table 4).

Further comparisons of the summer precipitation distri-
bution during 1998–2001 based on TRMM and the two mod-
els are shown in Figures 3(b), 3(g), and 3(h). The distribution
patterns of the difference between the two models and the
TRMM data were generally consistent with those of CN05.
The summer precipitation remained lower in the southern
TP and higher in the northern TP. Overall, the differences
betweenCLMand theTRMMdatawere smaller than those of
CLM and the CN05 data. There was little difference between
the two models in the Qaidam Basin and in the western
TP. However, BATS-simulated precipitation in other regions
was obviously higher than that of CLM (Figures 3(g) and
3(h)). This further illustrated that the capability of CLM in
simulating summer precipitation in the TP was improved to
some extent.

3.3. Interpretations of the Results. The improvement in the
RegCM4 experiment by using CLM is due to several changes
to the model, such as the vegetation types, vegetated cover,
soil types, and the formulation of the evaporation from soil
[28]. Figure 4 shows the difference distributions of the sum-
mer surface soil moisture, evapotranspiration, sensible heat
flux, and air temperature between BATS and CLM. Differ-
ences in the simulated precipitation tended to cause differ-
ences in the soil moisture [39]. The differences in the surface
soil moisture between the BATS and CLM experiments are
apparent in Figure 4(a). The positive/negative differences in
the simulated precipitation between BATS and CLM largely
corresponded to the positive/negative differences in the soil
moisture between BATS andCLM (see Figures 3 and 4(a)). In
most parts of the TP, the soils of BATSweremuch wetter than
those of CLM. Some studies suggest that CLMhas an eminent

dry bias compared with other land-surface models, partly
because it tends to simulate low contributions from transpira-
tion andhigh contributions from soil and canopy evaporation
to the mean global evapotranspiration [28, 39, 40]. Steiner
et al. [39] analyzed the effect of soil texture on soil moisture
and precipitation and concluded that although the soil texture
could trigger land-atmosphere coupling differences between
the two models, the physical parameterizations in CLM3
allow the soil moisture changes to interact effectively with the
atmosphere. The soil moisture-precipitation feedback is an
important element of Earth’s climate system (e.g., [41–43]).
Higher soil moisture can lead to higher evapotranspiration,
and the increased evapotranspiration adds more moisture to
the atmosphere, and the addedmoisture likely leads to higher
precipitation. The summer evapotranspiration simulated by
BATS was ∼20mm higher than that of CLM, except in the
Qaidam Basin and in the western TP (Figure 4(b)). The
overestimation of the precipitation in BATS was partly due
to the local increase in the evapotranspiration (Figures 3 and
4(b)).

The summer latent flux and evapotranspiration have
similar patterns and the same magnitudes (not shown). The
summer sensible heat flux simulated by BATS was smaller
than that of CLM at the edge of the TP (Figure 4(c)). In
the remaining areas, particularly in the southwestern TP, the
sensible heat flux from BATS was dramatically higher than
that from CLM. It can be observed that the atmospheric
heating effect (sensible heat flux + latent heat flux) simulated
by BATS was strong. A recent study indicated that there is a
close relationship between sensible heat flux in late spring and
early summer in the Central TP and the precipitation from
June to September in Central and Eastern Tibet. Specifically,
greater sensible heat flux in theCentral TPduringMay caused
stronger cyclonic flow and low vortices, resulting inmore pre-
cipitation during the summer monsoon over the eastern
plateau [44]. The difference distributions of the summer
air temperature and evapotranspiration have similar pat-
terns but opposite signs (Figure 4(d)). Specifically, the areas
with underestimated evapotranspiration corresponded to the
areas with overestimated temperature by BATS, such as the
Qaidam Basin and the Qangtang Plateau, and vice versa. The
TP average summer temperature of BATS was 0.53∘C lower
than that of CLM.Understanding themechanisms of precipi-
tation changes is fundamentally difficult because there are
complex relationships between evapotranspiration, moisture
flux convergence, and soil moisture. When precipitation
increases, soil moisture increases. As a result, evaporation
(surface latent heat flux) increases at the expense of the
surface sensible heat flux. Cooler near-surface air tempera-
tures are induced, and moisture is added to the atmosphere.
These processes alter the modes of the surface pressure and
wind fields and further change the moisture convergence and
precipitation.Moreover, these relationships vary spatially and
temporally, which increase the difficulties of analyses [22].

There are three water vapor channels for climatological
summer precipitation over the TP [45]. The first channel is
the Indian summermonsoon.The strong southwesterly water
flow combined with the Somali jet stream transports mois-
ture from the Arabian Sea and the Bay of Bengal to the
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Figure 4: (a)The summer surface soil moisture difference between the BATS and CLM experiments (units: kg ⋅m−2). (b)The same as (a) but
for evapotranspiration (ET) (units: mm). (c)The same as (a) but for sensible heat flux (SHF) (units: W ⋅m−2). (d)The same as (a) but for 2m
air temperature (units: ∘C) during 1992–2001.

southeastern TP. The second channel is the midlatitude
westerlies, which split into two branches in the summer near
the western TP. Water vapor carried by the southern branch
of the westerly flow moves southward and then turns to the
east at approximately 28∘N; it ultimately combines with the
southwesterlies over the Indian Ocean. The third channel
is water vapor transport from the northern boundary; the
contribution of this source is very weak and nearly negligible.
This third channel only has an impact on summer precipita-
tion over the northern TP. The distributions of the summer
wind field and air temperature at the 500 hPa and 200 hPa
levels from the ERA40 data and the two models are shown in
Figure 5.The ERA40 data showedmuch higher temperatures
at 500 hPa in the southern TP (Figure 5(A)), resulting in
a stronger Indian summer monsoon [45]. The locations of
the Indian low pressure simulated by BATS and CLM were
slightly different from those suggested by the ERA40 data.
BATS clearly simulated the TP thermal low and upper-level
warm high pressure (Figures 5(B) and 5(E)). These locations
also corresponded to low values of sensible heat flux and air
temperature when using CLM (Figure 4). The thermal low
can transport water vapor from the westerlies and the south-
westerlies into the southern TP and its surroundings, result-
ing in more BATS-simulated precipitation. However, the
strength and range of the thermal low of CLM were smaller

than those of BATS. These findings suggest that the con-
figuration of the thermal low pressure in relation to the
warm high pressure between the 500 and 200 hPa levels, as
generated by BATS, pulled in the surrounding water vapor
and caused strong convergence and convection due to its
unusually strong heating effect.

To determine the causes of the differences in RegCM4’s
skill in simulating precipitation when coupled with the two
land-surface schemes, differences in the profiles of wind
(𝑈, 𝑉), temperature (𝑇), vertical velocity (𝑊), geopotential
height (𝐻), mixing ratio (𝑄), and relative humidity (RH)
over the TP were analyzed (Figure 6). At various heights of
the troposphere, there were some differences in the zonal
and meridional winds between the two models. The zonal
wind simulated by CLM throughout the entire troposphere
was westerly, with an average wind speed of 3.18m/s. Thus,
the water vapor transported by the easterly wind from the
Pacific Ocean to the eastern TP became dry after passing
through mainland China. BATS simulated westerly wind
(0.97m/s) and strong easterly wind (5.89m/s) in the mid-
dle/lower and upper troposphere, respectively (Figure 6(a)).
Regarding the meridional wind, above 250 hPa, northerly
wind was simulated by the two models, especially by BATS.
However, southerly wind was simulated by the two mod-
els below 300 hPa. The wind in BATS was slightly strong
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Figure 5: The summer mean wind (units: m/s) and temperature (units: ∘C) distributions at 500 hPa (a) and 200 hPa (b) over the TP during
1992–2001. (A) and (D) represent ERA40; (B) and (E) represent BATS; and (C) and (F) represent CLM.

below 400 hPa (Figure 6(b)) and transported Indian Ocean
water vapor that directly contributed to more precipitation
in the southern TP (Figures 3(e) and 3(g)). The differ-
ences in the atmospheric temperatures at various heights,
as simulated by the two models, were not negligible. The
temperatures in the middle/lower troposphere were warmer
and those above 150 hPa were colder in BATS than in CLM
(Figure 6(c)). The results showed that BATS simulated the

atmosphere as unstable and prone to strong air convection
and ascending motion. The vertical velocities simulated by
the twomodels, particularly by BATS, were both negative and
were characterized by upward vertical motion (Figure 6(d)).
Accordingly, such upward vertical motion in BATS modified
the geopotential heights. In BATS, the geopotential heights
below 500 hPa were low, however, they increased with the
height of troposphere and reached a maximum at 250 hPa.
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Figure 6: The profiles of the 10-year summer mean differences between BATS and CLM for (a) zonal wind 𝑈, (b) meridional wind 𝑉, (c) air
temperature 𝑇, (d) vertical velocity𝑊, (e) geopotential height𝐻, (f) water vapor mixing ratio 𝑄, and (g) relative humility RH over the TP.

Then, the heights gradually decreased with the height of the
troposphere (Figure 6(e)). The mixing ratio and relatively
humidity in the lower to midtroposphere were overestimated
by BATS (Figures 6(f) and 6(g)). The above results showed
that BATS simulated the lower troposphere as warm and
humid and simulated the upper troposphere (∼150 hPa)
as cold; thus, the stability decreased and more convective
precipitation occurred. This result is consistent with the
results from previous studies using RegCM4 driven by ERA
boundary conditions [20].

A hypothesis proposed by Eltahir [46] suggests that a
positive feedback mechanism exists between soil moisture

and rainfall via the control of soil moisture on the surface
albedo and Bowen ratio. Numerical experiments developed
by Zheng and Eltahir [47] support the proposed hypothesis
and emphasize the importance of the radiative and dynamic
feedbacks in regulating the rainfall anomalies that result
from soil moisture anomalies.Therefore, higher soil moisture
increases the latent heat flux, which tends to increase the
moist entropy flux per unit mass of air and the amount of
convective available potential energy in the boundary layer.
These processes likely increase the frequency and magnitude
of convective precipitation events [41]. Moreover, recent
research on satellite observations shows that the probability



Advances in Meteorology 9

Pr
ec

ip
ita

tio
n 

(m
m

/d
ay

)

0.0

1.0

2.0

3.0

4.0

5.0

6.0

7.0

(a)

C
on

ve
ct

iv
e p

re
ci

pi
ta

tio
n 

(m
m

/d
ay

)

1.3

1.0

0.8

0.5

0.3

0.0

(b)
C

on
ve

ct
iv

e p
re

ci
pi

ta
tio

n 
ra

tio
 (%

)

Summer
6/1 6/21 7/1 7/11 7/21 7/31 8/10 8/20 8/30
0

20

40

60

80

100

6/11

CN05

CLM
BATS

(c)

Figure 7: The observed and simulated summer daily precipitation (a), convective precipitation (b), and convective precipitation ratio (c)
over the TP during 1992–2001.The ratio is defined as the ratio of the summer convective precipitation to the summer precipitation in the two
simulations.

of convective initiation is enhanced over strong soil moisture
gradients compared with uniform soil moisture conditions
[48]. The summer average daily precipitation for the obser-
vation data and the two models are shown in Figure 7.
The two models adequately simulated the daily precipitation
variations, as indicated by the correlation coefficients above
0.63 (the values exceeded the 99% significance test). How-
ever, the BATS- and CLM-simulated summer precipitation
was evidently 1.02mm/day higher and 0.67mm/day smaller
than the CN05 data, respectively (Table 4). These results
consistently matched the results of monthly and annual
precipitation (Figures 2 and 3). Recently, the effect of local
convection on precipitation over the TP has increasingly
been the focus of research [49, 50]. The summer convective
precipitation events simulated by the two models were only
compared with each other because of the lack of observations
(Figure 7(b)). The BATS-simulated summer convective pre-
cipitation, which was affected by the strong upward vertical
movement, was 0.68mm/day higher than that of CLM.
Additionally, the variations in the summer convective precip-
itation simulated by both models were largely consistent with
those of the total summer precipitation when comparing Fig-
ures 7(a) and 7(b).The correlation coefficients of the summer
convective precipitation and summer precipitation in BATS
and CLM were 0.79 and 0.51, respectively. Specifically, the
BATS-simulated summer convective precipitation accounted

for more of the total summer precipitation. That is part of
reason summer precipitation of BATS was overestimated.
In addition, we also calculated the ratios of convective
precipitation to the precipitation of the two models. Both
ratios were very similar because the two models adopted
the same Grell cumulus convective parameterization scheme
(Figure 7(c)). Yang et al. [50] demonstrated that TP precipi-
tation occurred frequently and very locally, except on several
days with very strong monsoonal precipitation. According to
the summer (May to September) precipitation and 𝛿18Odata,
precipitation that formed directly by the ocean airmass vapor
accounts for a maximum of 32% of the total precipitation,
while precipitation that formed by local, evaporated water
accounts for a minimum of 46.9% of the total precipitation
[51]. Similarly, recent research reported that a large portion
of the precipitation in alpine meadows was due to evaporated
water, and the mean contribution was 39.57% using stable
isotopes (delta (𝑑)-excess value) from June to September in
the alpine ecosystems of the eastern TP [52]. Furthermore,
the CLM-simulated convective precipitation was somewhat
similar to the results of these studies.

4. Conclusions

To investigate the responses of precipitation simulations to
two land-surface schemes (BATS and CLM3.5) in a regional
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climate model over the TP, two groups of ten-year climate
simulations fromRegCM4were analyzed and compared with
the same domain, ICBC, cumulus convective parameteriza-
tion scheme, and spatial resolution. The results showed that
the land-surface processes strongly affected the precipitation
simulations. The CLM-simulated monthly precipitation was
muchmore similar, but slightly lower, than the observed data.
However, the monthly precipitation of BATS was higher than
the observed values. BATS and CLM both successfully simu-
lated the distributions of the summer precipitation belt. Com-
pared to the CN05 data, BATS evidently overestimated the
summer precipitation in the central-eastern TP, the eastern
Himalayas, and the northern TP, whereas it underestimated
the summer precipitation in the southwestern TP. Because of
the relatively more sophisticated land-surface representation,
CLM significantly reduced the overestimated precipitation
areas and magnitudes of BATS, but it did not greatly improve
for the underestimated precipitation. As for the ten-year
average, BATS and CLM overestimated and underestimated
the summer precipitation by 87.4mm (34.7%) and 61.6mm
(24.7%), respectively, compared to the CN05 data. High soil
moisture, evapotranspiration andheating effects simulated by
BATS led to strong thermal low pressure in the middle/lower
troposphere and warm high pressure in the upper tropo-
sphere over theTP.These characteristics, alongwith thewarm
and humid lower atmosphere and cold upper atmosphere,
generated strong unstable air convection, convergence, and
upward motion. Thus, the convective precipitation had a
greater contribution to the total summer precipitation, and
the summer precipitation of BATS was overestimated.
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The use of point detectors to measure properties of rainfall is ubiquitous in the hydrological sciences. An early step in most rainfall
analysis includes the partitioning of the data record into “rain events.” This work utilizes data from a dense network of optical
disdrometers to explore the effects of instrument sampling on this partitioning. It is shown that sampling variability may result in
event identifications that can statistically magnify the differences between two similar data records.The data presented here suggest
that these magnification effects are not equally impactful for all common definitions of a rain event.

1. Introduction

The term “rain event” seems—on its surface—rather unam-
biguous. At some physical location of interest, rain starts to
accumulate; some time later, it stops.This process constitutes
a rain event.

However, rain is made out of discrete drops.Though even
small detectors are exposed to raindrop arrivals many times
each second during an event, the rain is not strictly continu-
ous in time.There is a finite (and, for detectors with sufficient
temporal resolution, a measurable) time interval between the
arrivals of individual drops in any measurement area. This
fact is problematic for the definition of “rain event” proposed
above; there is little utility in defining each separate raindrop
as a separate “rain event,” but—if we formally apply the
proposed definition—each raindropmaking up a data record
would constitute a separate rain event.

The reader might argue that this observation is rather
pedantic. After all, the use of the word “storm” seems to have
clear enough meaning in many contexts, and certainly the
term seems unambiguous in nonscientific settings. The most
common way of solidifying the proposed definition above
is to argue that a rain event is defined by its boundaries.
As stated in [1], “Rain events are commonly delimited by
nominating the required length of rainless intervals that
precede and follow a rain event.” There is a sizeable amount
of literature on the topic, which is reviewed very well in [1, 2].

A wide variety of investigators have interest in dividing
precipitation records into rain events, and—depending on the
context of the study and the nature of the investigation—a
number of different definitions of rainfallmay be appropriate.
Different definitions for rain events are used for studies
associated with erosion or runoff (e.g., [3–5]), studies charac-
terizing the long time-scale climatological or meteorological
behavior in a region (e.g., [6–8]), higher resolution studies
characterizing rainfall over more modest time intervals (e.g.,
[9, 10]), or studies where even individual drop arrivals may
be of physical significance (e.g., [11]). Trying to force investi-
gators to choose a common definition for all of these appli-
cations would be impractical, given the varying temporal
resolution of equipment used in other studies (see, e.g., [12]).

Because different definitions are used for “rain event”
in different communities, it naturally follows that the exact
same data record could consequently be partitioned into a
different number of rain events for different studies. These
issues, however, have already been discussed fairly extensively
in the literature and a recommendation has been put forth
that investigators should clearly state the definition of “rain
event” used in each study to keep the situation as unambigu-
ous as possible [2].

There is another potential source of ambiguity that has
not yet been addressed. Point detectors are imperfect; they are
subject to sampling fluctuations due to their finite temporal
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resolution and sampling area. Due to these limitations, it
seems reasonable to ask whether a single point detector really
gives an accurate, unambiguous account of the true number
of rain events.

The use of the term “true” number of rain events above
merits some clarification. Much like everyone has a general
understanding of what a “rain event” is, most precipitation
scientists certainly feel like the idea of a raindrop size
distribution is well established. Yet, when the question was
carefully explored [13], it was found that the idea of a raindrop
size distribution is intricately linked to the spatiotemporal
scale used to conduct the measurement. There is a subtle
distinction that needs to be considered between what is the
“true” raindrop size distribution and how it relates to the
raindrop size distribution as it is measured. Ultimately, the
message of this previous work requires careful interpretation;
the authors concluded “[a raindrop size distribution] is just
what you measure, but these are statistical distributions
of mean concentrations that should be interpreted in a
statistically appropriate manner, not as steady distributions
having intrinsic, deterministic meanings independent of
the measurement process.” This paper involves a similar
investigationwithin the realmof the definition of a rain event;
once a definition is chosen, howmuch does themeasurement
process influence the number of rain events reported?

This question is not of mere academic interest. Rain
event start and stop times are needed to estimate the most
commonly reported statistics associated with a study, espe-
cially mean rain rate. One long event with a modest mean
rain rate will typically be treated distinctly from two shorter
events with disparate rain rates but resulting in the same total
accumulation as the longer event.

A natural way to investigate the degree to which the
measurement process (and associated measurement error)
influences the number and properties of detected rain rates is
to utilize several identical instruments to measure the same
rain. By exploring an ensemble of detectors, the effects (if
any) of sampling fluctuation should be evident. The idea of
studying a detector array was mentioned in passing within
[2] but not explicitly addressed elsewhere in the literature;
most previous studies involved a single point detector. The
few studies that involved an ensemble of point detectors had
spatial separations between detectors large enough that a
different number of reported events between detectors could
have been physically justified.

As discussed above, the definition of a rain event may
be context dependent. Under many conditions, however,
it seems desirable to set parameters defining a rain event
in such a way to ensure detectors less than 100 meters
apart identify the same number of rain events. A recent
study [14] revealed that raindrop size distribution spatial
variability over modest scales can be substantial and even
exceed interepisode variability; this suggests that it may be
reasonable to question whether small-scale spatial variability
is substantial enough to influence event identification using
standard methods. To explore this possibility, this study uses
data from a very dense array of optical disdrometers to
explore the combined influence that instrumental sampling
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Figure 1: A schematic of the layout of the disdrometer array used
for this study. Detectors near the “origin” of the array are shown
in the figure inset. The one-minute summary data telegrams from
each detector are transmitted via serial cable to a computer located
approximately 80 meters west of detector A where they are stored
for later processing and analysis.

variability and natural small-scale spatial variabilitymay have
in rain event identification.

2. Materials and Methods

2.1. Instrument Network and Data Utilized. The data used
in this study come from an array of 21 Thies Laser Precip-
itation Monitors (hereafter LPMs). These LPMs are optical
disdrometers that measure drops via occlusion of an infrared
laser beam. The sampling area of each LPM is nominally
4560mm2. Each drop detected by the LPM is assigned into
one of 22 nonoverlapping size bins (ranging from 0.125mm
diameter to 8+ mm diameter in nonuniform steps) and one
of 20 nonoverlapping velocity bins (ranging from 0m/s to
10+m/s in nonuniform steps). Once per minute, each LPM
transmits a data telegram indicating the number of drops
detected in each of the 440 (22 × 20) different classifications
possible. (A more thorough characterization of these instru-
ments can be found in [15].)

These 21 LPMs have been distributed in a very dense
network as shown in Figure 1. The design of the network is
optimized to study small-scale spatial variability of raindrop
size distributions. (e.g., see [16]. Note that other similar, but
less dense, disdrometer networks have recently been con-
structed and utilized for the study of precipitation variability
on small scales; see [12, 14, 17].)

The 3 “arms” of the array have logarithmically spaced
instruments. The pairs of detectors with the smallest separa-
tion (e.g., A-B, A–H, and A–Q) are separated by a distance
of only 1.93 meters. The largest distance between any two
detectors in the whole array (e.g., G–W) is 112.62 meters.
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(a) (b)

Figure 2: Pictures of the disdrometer array. (a) shows an overhead view of the site (as of March 1, 2014). The shadows of the LPMs can be
identified by looking closely. The picture is aligned to replicate the general geometrical alignment shown in Figure 1; detector “A” is in the
upper-left. The white object in the center of the box formed by detectors K, L, S, and T is a 2-dimensional video disdrometer (not used in
this study). (b) displays part of the array from ground level. The first detector in the foreground is detector “A,” with the 2-dimensional video
disdrometer visible in the background. All detectors are mounted nominally 1.75 meters off of the ground.

Consequently, the array used here is well suited for this study
due to the very small distance between detectors, especially
near the “origin” of the array.

The LPM array was constructed between May and
November 2013, and came online in late December 2013. All
of the data were acquired with a single acquisition computer
in a remote site near Hollywood, SC. The array is located at
32∘ 44 26N, 80∘ 10 36W. An overhead view of the array
(as of March 2014) and a photograph at ground level (as of
December 2013) are shown in Figure 2.

Data acquisition was sporadic during the array installa-
tion and testing phase. Due to some power outages, computer
failures, and the periodic accumulation of frozen precipita-
tion in January of 2014 (which is poorly characterized by
LPMs), the data set here is limited to all data taken by detec-
tors A, B, C, E, F, G, H, J, S, andWbetween February 23, 2014,
16:04 UTC and April 19, 2014, 12:43 UTC (when all observed
precipitation is believed to be in liquid form). These 10
detectors measured total accumulations of between 0.17 and
0.22meters for the time period studied.The detectors used in
this study are shown in Figure 3.

2.2. Definitions of Rain Event. As implied by the definition
given in the introduction, the most common way of defining
a rain event is through the so-called “minimum interevent
time method” (see, e.g., [1]). According to this classification
method, a rain event is identified by a continuous time
interval of detected rain during which there are no rainless
gaps of a duration exceeding the minimum interevent time
(hereafter MIT). Sometimes—depending on the study—this
basic method is augmented with the additional criterion
that any rain event must have a specified minimum total
accumulation. (This latter criterion is often dependent on the
instrumentation utilized in the study; see [1].)

TheMITmethod of identifying rain events is widely used
in a variety of different subdisciplines; most of the sources
cited in the introduction that explicitly counted rain events
used thismethod. Depending on the particular scientific sub-
field, the values of theMIT andminimum accumulations uti-
lized can vary greatly. An excellent literature review including
many parameters chosen in other fields is presented in [1, 2];
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Figure 3: A schematic of only the equipment utilized in the study.

values reported for the MIT ranged from 3 minutes [18] to
24 hours [19, 20] and values for the minimum total accu-
mulation range from small fractions of a millimeter [9] to
over a centimeter [21].

More recently, there has also been some attention given
to the question of defining a rain event in the scale-
invariant/self-organized criticality literature (see, e.g., [22–
25]). The perspective in this literature changes a bit from the
MIT method. Rather than characterize events by the gaps
that separate them, this community often opts to define a
rain event through the “adjacentwet interval” (AWI)method.
Though this involves a shift in perspective, the method was
argued to be essentially equivalent to theMITmethod in [11];
thus the focus in this manuscript will be on characterizing
rain events via the MIT method.
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3. Results

3.1. Analysis of CoarsenedData. Sincemost rain event studies
cited earlier involved analysis of tipping-bucket disdrometers
and/or pluviographs, the network disdrometer data was
computationally coarsened to represent data that would
have been obtained if 10 tipping-bucket rain gauges with
0.1mm accumulation per tip had been utilized instead of
each of the 10 disdrometers. To do this, each one-minute
disdrometer record was inspected to infer the total volume
of accumulation. (Each drop was assumed to have a volume
equal to a spherical drop with a diameter equal to the
minimum size of its associated bin.)The accumulated volume
was continuously aggregated from minute to minute and a
“tip” was identified every time the total accumulated volume
exceeded an integermultiple of 0.456mL (whichwould be the
accumulation volume needed to tip a 0.1mm tipping-bucket
gauge with surface area 4560mm2). In 60-second intervals
where more than one tip of the tipping-bucket would have
occurred, the total number of tips occurring over that time
interval was recorded.

At this point, each of the 10 equal-duration data sets (one
from each detector) was used to count the number of detected
rain events. Following the standardMITmethod, a rain event
was defined as an interval of time that met the following
criteria.

(1) The interval contains at least L “rainy minutes.” A
minute is considered rainy if at least 1 tip is tallied by
the detector.

(2) Preceding and following the interval in question,
there was a gap devoid of any tips of duration
exceeding the MIT.

Although most studies rely on fixed values of MIT and
L, a few other studies explicitly focus on studying the effects
of varying these parameters (e.g., [8, 22]). In this study, MIT
values ranging from 1 minute to 12 hours were used and L
was allowed to vary from 1 to 30 rainy minutes. Some of the
results from this analysis are shown in Figures 4 and 5.

Figure 4 shows how the number of detected events
strongly depends on the values of MIT and L utilized. The
results are only shown for detector A, but the other detectors
show qualitatively similar behavior. Since the number of
detected events seems to remain constant for values of
MIT longer than about 4 hours and values of L ≥ 10,
this may suggest that the concept of a rain event may not
be overly sensitive to instrumental sampling issues when
accumulations total at least 1mm and at least half hour of dry
period (rainlessness) precedes and follows each rain event.
However, Figure 5 reveals that this line of reasoning may not
always be accurate.

Figure 5 shows that detectors mere meters apart and
running reliably can differ on the number of detected rain
events, even when values of MIT exceed an hour. It is true
that agreement between detectors improves for larger MIT
and L, but there is still no array-wide agreement on the
number of rain events forL = 30 (indicating at least 3mm of
accumulation) and MIT equal to four hours (despite the fact
that the data set explored was less than two months long).
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Figure 4: A plot showing the number of events as a function of
MIT and L for detector A for data taken between February 23,
2014, 16:04 UTC and April 19, 2014 12:43 UTC. Clearly, increasing
eitherMIT orL can substantially decrease the number of identified
rain events. Note that the decrease in event count is not strictly
monotonic with increasing MIT; even though merging “possible
events” may decrease the total number of events, it is also possible
that an increase in MIT will keep a potential event “alive” long
enough to obtain theminimumnumber ofminute observationswith
tips L. Increasing L while holding MIT fixed does monotonically
decrease the number of observed events.

Some insight into how this can occur can be developed by
examining Figure 6. This figure explores a subset of the data
lasting about 15 hours. In this subset, a rather intense period
of rain is followed by a very light drizzle. After this light
drizzle, a light rain began and persisted for a fewmore hours.
As noted on the figure, 3 of the 10 detectors reported this as a
single event (using a minimum interevent time of 1 hour and
requiring 15 minutes with recorded tips to define an event);
the remaining 7 detectors went through at least an hour of no
detected rainfall and categorized this same subinterval into 2
different events.

With less than two months of data during the drier
part of the South Carolina year, it is hard to estimate what
fraction of the time sampling fluctuations can influence event
identification in lengthier data sets. However, the fact that
events like this can be found in such a short data record
suggests that further study may be warranted.

3.2. Analysis of Raw Disdrometer Data. The above section
relied on using data from disdrometers in coarsened form to
simulate typical rain gauge data records. However, the one-
minute drop spectra for each of these detectors are available.
Here, we explore the possibility of using the full available data
record to search for a definition of rain event that may not be
as susceptible to disagreements between detectors similar to
the scenario outlined in Figure 6.

The MIT method could be extended to disdrometer data
in a number of ways. Perhaps the most straightforward
method would be to apply the exact same principles used
for tipping-bucket gauges to the disdrometer data—though
the specific definition of a rainy minute could be modified to
be based on the drop spectrum observed. Using disdrometer
data instead of rain gauge data does give the added advantage
of removing some of the uncertainty associated with the
initiation time of a weak event (see, e.g., [26]). Since no
consensus among different subfields regarding an appropriate
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Figure 5: Some subsets of the rain event parameter space. Each panel uses a different value for MIT duration. For each panel, 6 different
values are displayed forL. Each of the ten detectors is displayed in a different color. The reader should take care to note the different scales
on the 𝑦-axes from panel to panel. Although there is approximate agreement between the detectors, there is nonnegligible variability in the
total number of events detected for most combinations of MIT andL. Note also the very large number ofL = 1 events that do not qualify
as events onceL = 2+; these brief events are particularly numerous for brief MIT.

MIT value has been reached for tipping-bucket data, it
seems reasonable that the same types of challenges may still
exist when expanding the notion of an MIT-defined-event
to disdrometric data. Nevertheless, the added information
associated with disdrometer data may be beneficial to inves-
tigators in disparate subdisciplines; thus, an extension of the
MIT method to disdrometer data may be useful.

Consider the following extension of theMITmethod for a
rain disdrometer; for disdrometer data, a rain event is defined
as an interval of time that meets the following criteria.

(1) The interval contains at least L “rainy minutes.” A
minute in the data record is considered rainy if at least
N drops are detected in the reported drop spectrum
in size bins meeting or exceeding diameterD.

(2) Preceding and following the interval in question,
there is a gap devoid of any one-minute spectra that
meet the criteria to be considered a “rainy minute” as
defined above; this gap with no “rainy minutes” must
last for a duration exceeding the MIT.

Thus, the parameter space has expandedwith the addition
of N and D. (Note that this definition is consistent with the
perspective put forth in [22] when settingL = 1, MIT equal

to the minimum instrument resolving time, N = 1, and D
equal to the minimum resolvable drop size; see also [11]. This
choice of parameters was not the only one explored in this
study, but it is an interesting case; it is the only parameter set
that ensures that every detected raindrop is part of some rain
event.)

Reporting the results of the exploration of this parameter
space is challenging; since this particular definition of a rain
event is new, there is an unconstrained four-dimensional
parameter space to compare among the ten detectors utilized.

Figure 7 explores just a very small part of the parameter
space that was investigated for this study. A more compre-
hensive overview focusing on points in the parameter space
where all instruments agree on the number of rain events is
presented in the Appendix Section.

It is interesting to utilize the modified definition of a
rain event to reexplore the time interval analyzed earlier in
Figure 6. Figure 8 clearly demonstrates that rawdata acquired
by detectors A and B is extremely similar. (This is not surpris-
ing; the detectors are spatially separated by less than 2meters.
Any disagreement in the observed drop size distribution is
likely due to sampling variability.)

Figure 9 displays the number of identified events in the
subset examined in Figure 6 for detectors A and B.These two
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Figure 6: An illustration showing how extremely similar data records can sometimes be partitioned into events differently. Here, an intense
rain event trails off to a drizzle. However, this slight drizzle is just enough to finish a single tip (over a one-hour period) in detectors B, C, and
F. Other detectors less than 5 meters away did not accumulate exactly the same amount of rainfall and thus did not have this tip occurring
during the mostly quiescent period. Consequently, 3 of the 10 detectors see one long (but highly variable) event while the other 7 detectors
see 2 separate events—even though realistic values for MIT (1 hour) andL (15 minutes with detection) are used.

detectors saw different numbers of events when simulating
a tipping-bucket gauge, but here the graphs of the number
of detected events as a function of MIT and L (using the
modified definition of L proposed above) are remarkably
similar.

3.3. Examining the Utility of the MIT Method. The principle
goal of this paper is to examine data from an array of
identical detectors in close proximity to each other in order
to determine whether common schemes for determining rain
events do so reliably and unambiguously. Since a very wide
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Figure 7: Part of the parameter space explored in the search for combinations of MIT,L,N, andD that report the same number of events
across the whole array. For these figures,L (the minimum number of rainy minutes required to constitute an event) is constrained to be 10.
The 𝑥-axis on all plots shows different possible values for MIT (in minutes). There are 10 curves in each plot indicating the 10 detectors. The
values ofN andD are specified in the title for each panel. It appears that none of the values shown on this figure give completely unambiguous
definitions for the number of events that hold for all detectors in the array.

range ofMIT values are found in the literature, the parameter
space tested was reasonably expansive. Data were analyzed
in the two separate formats described above: (1) coarsened
(tipping-bucket-like) and (2) raw disdrometer returns. For
each detector in each format, an ensemble of vectors in
parameter space was explored. For the coarsened data, this
included exploring two parameters: MIT and L. For the

raw disdrometer data, parameters MIT, L, N, and D were
explored.

To adhere to the published literature, values of MIT
from 1 minute to 12 hours were explored. (MIT values
between 1 minute and 90 minutes were explored in 1-minute
increments; the values between 90minutes and 12 hours were
explored in 5-minute increments). Values of L between 1
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Figure 8: One-minute drop spectra for the interval discussed in Figure 6. The 𝑥-axis displays elapsed time through the subinterval in hours;
the 𝑦-axis indicates the size bin of the associated drops. Color indicates the number of drops measured in the associated time interval
(red corresponds to high concentrations; blue corresponds to low). The spectra for detectors A and B are shown, which—when analyzed
in Figure 6—saw different numbers of events. Given the striking similarity of the underlying data, it seems reasonable to conclude that the
spurious “tip” in detector B that prevented two separate events from being identified as one event was likely due to chance.
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Figure 9:The figure shows the number of events as a function ofMIT andL for A and B and associated with the data in the subset depicted in
Figure 6. For simplicity, this plot defines a rainy minute as any one-minute spectra that contained at least 128 drops of at least 1mm diameter.
Note that despite the fact that these detectors disagreed on the number of events in this interval when simulating a tipping-bucket (see
Figure 5), there is great agreement in this parameter space. (The agreement between the two detector event identification is especially striking
when MIT andL are not close to the instrument’s resolution).

rainy minute and 30 rainy minutes were used (in increments
of 1 rainy minute). For the disdrometer data, values of D
corresponding to the smallest 11 bins of the disdrometer
were used. (These correspond to minimum drop diame-
ters of 0.125mm, 0.25mm, 0.375mm, 0.500mm, 0.750mm,
1.000mm, 1.250mm, 1.500mm, 1.750mm, 2.000mm, and
2.500mm. Only these 11 size bins were used due to the fact
that D specifies the minimum size drop that is included in
establishing the existence of a rainy line. Drops larger than
2.5mm are rare in winter storms in South Carolina). The
values ofN explored were 2𝑛 with 𝑛 ∈ [0, 12]. Consequently,
the coarsened data was explored in a parameter space
including 216 (differentMIT values)× 30 (differentL values)
= 6480distinct different possible definitions of rain event.The

disdrometer data was similarly explored in a parameter space
including 216×30×11×13 = 926 ∼ 640 distinct combinations
of parameters that correspond to potential event definitions.

The results from such an undertaking can be rather over-
whelming to interpret. To ease analysis, each point in parame-
ter space was evaluated based on only one parameter—did all
10 detectors agree on the total number of events for the data
presented? If all 10 detectors agreed on the number of events
seen, the associated spot in parameter space was marked as
“plausible.” (Note that it is possible for detectors to all report
the same number of total events observed but to assign those
events to vastly different start and stop times. Though this is
possible, this was neglected in the present study due to the
computational cost of investigating it).
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Table 1: Summary data associated with exploring the rain event
definition parameter space. Values shown indicate percentage of
parameters characterized as “plausible,” as described in the text.
MIT range 1 is associated with MIT values starting at 1 minute,
incrementing by 1 minute, and ending at 90 minutes. MIT range 2 is
associated with MIT values starting at 5 minutes, incrementing by 5
minutes, and ending at 12 hours.

Data set All data MIT range 1 MIT range 2
Coarsened 17.8% 0.3% 29.0%
Disdrometer 5.7% 0.5% 9.0%

Bulk statistical information is likely of limited utility
given the brief duration of the data set, but some summary
data is presented in Table 1.

An examination of the parameter space revealed the
following general trends.

(i) For tipping-bucket-like data:

(a) no plausible values were found for L < 7
minutes,

(b) plausible values are very rare for MIT <2 hours,
(c) for MIT >6 hours and L > 7 minutes, a

nonnegligible fraction of the parameter space
remains plausible. (It merits mentioning, how-
ever, that with MIT >6 hours and L > 7 min-
utes, the data set in question had only around 3
events. Therefore—if fluctuations are expected
to scale with event number —this study may
erroneously imply greater reliability for large
MIT and L values than future investigations
may reveal.)

(ii) For disdrometer data:

(a) generally, more plausible values are found when
L and MIT are large,

(b) low (<30 minute) MIT values are seldom classi-
fied as plausible,

(c) for large values of MIT, intermediate values of
N andD are more likely to be plausible.

Other than these broad observations, it has proven diffi-
cult to obtain any definitive trends from the data available. It
is expected that once a longer data record has been accumu-
lated, more comprehensive analysis can be communicated.
Recall this data set only included a total of about 20 cm
of accumulation and many of the results presented here
could potentially be limited to regional or seasonal utility. In
particular, the relative lack of large detected drops (typical for
winter South Carolina storms) could substantially influence
these basic observations. The basic figures that led to the
general observations above are presented in the Appendix
Section.

3.4. Influence of Event Identification on Data Interpretation.
From the results above, it should be clear that—at least for
some values of MIT used in the literature—the partitioning
of rain into events may have been more ambiguous than the
record from the single point detector may suggest. But why
does thismatter? Perhaps an example from the data presented
in Figure 6 could help in illustration.

When reporting statistics for a rain event, the most
common variable reported is the mean rain rate. For the
interval shown in Figure 6 (and using MIT = 30 minutes and
L = 15 minutes), detector A sees two events: an event that
accumulates 68.3mm rainfall in 8.3 hours for amean rain rate
of 8.23mm/hr and—a bit over an hour later—a second event
that accumulates 4.5mm rainfall in 5.03 hours for a mean
rain rate of 0.89mm/hr. Categorizing an extremely similar
looking data set (see Figure 8) into a single event, however,
detector B reports a total of 67.5mm of rainfall in 14.96 hours
for a mean rain rate of 4.51mm/hr. These are substantially
different accounts of similar data records, and this change
in categorization is created completely by a single tip of a
tipping-bucket rain gauge. (The “offending” tip can be seen
clearly in Figure 6 by looking for the isolated tip about 60%
of the way through the time-series shown for detector B).

The studies cited in [1, 2] utilized a single point-
instrument to identify rain events. If the results seen in the
data record presented here are representative, this suggests
that event identification in other studiesmay be less definitive
than expected. (It should be emphasized that it is still an open
question as to whether the results seen in the data record
presented here are representative or not; further study at this
site and elsewhere could help determine this definitively.)

All time-averaged statistical properties of a storm clearly
depend on the inferred start and stop time of a rain event. It
has been observed [1] that these start and stop times depend
on rain event definition and available instrumentation. This
study finds that the start and stop times can also depend on
sampling fluctuations which can be difficult to characterize.

4. Conclusions

Rain event identification is of central importance in the
hydrological sciences and related fields. Despite being a
central concept in rain measurement, few studies have been
conducted investigating the degree towhich instrument finite
sampling effectsmay influence rain event identification.Here,
a dense array of optical disdrometerswas used to demonstrate
that there may be more ambiguity in the definition of a
rain event when evaluated from a single point detector than
previously anticipated.

Using the minimum interevent time (MIT) model, it was
demonstrated that even considerable MIT values run the risk
of categorizing rain events inconsistently between adjacent
tipping-bucket rain gauges. A single tip of a rain gauge can
lead to a completely different account of the detected rain,
with substantial differences in mean rain rate and event
duration.

The MIT method can be simply modified for application
to rain disdrometer data. However, the data set examined
suggests that despite the increase in quantity and quality of
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Figure 10: A plot of points in the MIT andL parameter space where all ten tipping-bucket detectors register the same number of observed
events over the approximately 2-month long interval of investigation. Marks indicate plausible points.

data acquired from this instrument, there is no less ambiguity
in rain event characterization. The analysis presented here is
the result of a study conducted over a fraction of a single
season; the results should be verified and extended in other
studies of longer duration, different location, and different
instrumentation. Once a more comprehensive data record is
compiled, more general conclusions and recommendations
regarding protocols of rain event definition can be estab-
lished.

Appendix

Investigation of the Rain Event
Parameter Space

A comprehensive investigation of the different ways the data
record could be parsed was outlined in Section 3.3. This
investigation involved the exploration of a parameter space
(containing 2 parameters for coarsened data and 4 parame-
ters for raw disdrometer data). All detector data records that
identified the same number of rain events for a particular
point in parameter space have been classified as “plausible”
sets of parameters for unambiguous rain event definition.

To justify the general conclusions drawn in Section 3.3,
plots of the locations of plausible points within parameter
space have been constructed.

Figure 10 shows the 2-dimensional parameter space used
for examining the coarsened “tipping-bucket” data. As noted
in the main text, the large concentration of plausible points
for MIT >6 hours and L > 7 minutes may be partially due
to the brevity of the analyzed data set. While these points in
parameter space did have agreement among all 10 detectors,
this oftenmeant agreeing on the presence of only a few events.
Note that most previous studies use the equivalent of L =
1 minute or L = 2 minutes to define an event (minimum
0.1mm-0.2mm accumulations); there are no plausible points
in the presented parameter space withL < 7.

Figure 11 shows some summary data from the 4-
dimensional parameter space associated with the disdrom-
eter data. Since this parameter space is 4-dimensional and
has 926640 elements, traditional visualization methods are
impractical. Rather, the plot attempts to convey a general
sense of the density of plausible points within the parameter
space. Selection of a particular 𝑥 and 𝑦 coordinate on a plot
identifies a unique 2-dimensional subspace of parameters.
This subspace looks like that seen in Figure 10. The color at
that coordinate is related to 𝑝, where

𝑝 =

𝑁plausible

𝑁subspace
, (A.1)

where 𝑁plausible is the number of points in the subspace
classified as plausible and 𝑁subspace is the number of points
in the relevant parameter subspace. For example, let L = 4
minutes andN = 8 raindrops. There are 144 (MIT values) ×
11 (D values) = 1584 points in the associated parameter sub-
space. Since there were 64 plausible points in this subspace,
the value of 𝑝 at this point is equal to 64/1584 ∼ 0.04. Thus,
a random selection from all allowable values of D and MIT
has about a 4% chance of being a plausible point.

As can be seen from the figure, few trends are obvious. It
is hoped that any underlying trends will become evident if a
longer data set is analyzed.
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Characterization of precipitation is critical in quantifying distributed catchment-wide discharge. The gauge network is a key
driver in hydrologic modeling to characterize discharge. The accuracy of precipitation is dependent on the location of stations,
the density of the network, and the interpolation scheme. Our study examines 16 weather stations in a 64 km2 catchment. We
develop aweighted, distributed approach for gap-filling the observedmeteorological dataset.We analyze five interpolationmethods
(Thiessen, IDW, nearest neighbor, spline, and ordinary Kriging) at five gauge densities. We utilize precipitation in a SWAT model
to estimate discharge in lumped parameter simulations and in a distributed approach at the multiple densities (1, 16, 50, 142, and
300 stations). Gauge density has a substantial impact on distributed discharge and the optimal gauge density is between 50 and 142
stations. Our results also indicate that the IDW interpolation scheme was optimum, although the Kriging and Thiessen polygon
methods produced similar results. To further examine variability in discharge, we characterized the land use and soil distribution
throughout each of the subbasins. The optimal rain gauge position and distribution of the gauges drastically influence catchment-
wide runoff. We found that it is best to locate the gauges near less permeable locations.

1. Introduction

Rain gauges provide a point estimation of precipitation,
which, depending on the network size and density, require
interpolation techniques to estimate the spatial distribution
throughout a catchment. When the distribution of rain gau-
ges throughout the catchment is skewed or the network den-
sity is limited, interpolation is affected leading to increased
uncertainty in spatiotemporal precipitation estimates and
runoff [1, 2]. Several studies have investigated rain gauge
network density, distribution, and temporal discretization to
quantify the effects on hydrologic models and the range in
uncertainty [3–5]. Obled et al. [6] compared the catchment-
wide precipitation distribution from different rain gauge
densities and found that the number of rain gauges was
irrelevant to precipitation estimates but drastically increased

the estimation accuracy of runoff and flood peak (time
of concentration). This result was verified by Faurès et al.
[7] where they further found that rain gauge location or
distribution is important. However, the importance of rain
gauge location was found by Lopes [8] and later by Krajewski
et al. [9] to be temporally variable and dependent on event
characteristics, which further complicates rain gauge network
designs.

The density of observational rain gauge data to the accu-
racy of interpolation methods has also been shown to be of
particular importance [4, 5]. Spatial interpolation is generally
classified as either deterministic or geostatistical and typically
involves weighting observational point measurements to
regionalize estimates at ungauged locations. Deterministic
spatial interpolation methods include the Thiessen poly-
gon, spline, and inverse distance weighted (IDW) methods.
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Although geostatistical methods, such as Kriging, can incor-
porate secondary data like elevation and aspect to improve
interpolation accuracy [10], the benefit of one classification
or method over another has generally been inconclusive.
Geostatistical methods have been shown to produce better
estimates than deterministic methods in some studies [11–
15]. However, other studies found that deterministic methods
such as IDWperformed better than othermethods, including
Kriging [16–19]. While similar results between Kriging and
IDWwere presented [20], Laslett et al. [14] found that splines
worked better than either IDW or Kriging. These results
demonstrate the wide variability in interpolation estimation
accuracy between methods due to site specific constraints,
event-based conditions, and spatiotemporal dynamics.While
studies have typically investigated the varying gauge density
or interpolationmethods separately, a systematic comparison
of gauge density combined with different interpolationmeth-
ods is less common [21, 22].

Accurate catchment-wide rainfall estimates developed
from point observations are critical in defining modeling
boundary conditions. However, estimated rainfall is highly
dependent on the density of observational points, the inter-
polation method utilized, and any observational errors,
which subsequently influences the uncertainty in hydrologic
partitioning [3]. Watershed-scale catchment models are a
useful tool for coupling hydrometeorologic drivers with
ecosystem conditions [23]. Typically, these studies depend
heavily on observational meteorological networks, which
may be limited in density and availability outside of the
USA and Europe. However, these meteorological drivers and
precipitation in particular are often defined as key variables
in determining surficial hydrological processes [24]. Further-
more, discharge has been shown to be extremely sensitive
to spatiotemporal variability in precipitation throughout
a catchment [3, 25, 26] resulting in considerable spatial
variability in hydrologic partitioning [27]. One method to
describe these processes in hydrological catchment modeling
is to use a spatially distributed approach. The idea of the
distributed parameter approach is to reduce the number
of individual parameters with the compromise of increased
uncertainty. The SWAT model has been used throughout
the world to investigate catchment flow processes and the
resulting nutrient and sediment transport. While all catch-
ment models operate on the mass balance approach, their
individual equations and coupling between processes can
vary. The SWAT model can be used to examine how soil
type and land use coupled with meteorological inputs affect
hydrologic flow partitioning.

The objective of this study is to quantitatively describe
the influence of rain gauge density and interpolation method
on spatiotemporal discharge throughout a monsoon-driven
catchment. To this end, we develop a weighted, distributed
approach for estimating and gap-filling the observed meteo-
rological dataset for a complete and robust analysis. We fur-
ther quantify the effect of rain gauge density throughmultiple
observed and simulated weather stations and the statistical
variability between catchment-wide interpolation methods.
We use a calibrated catchment-wide ecohydrologic SWAT
model to test the influence of different rain gauge densities

and interpolation schemes and comprehensively describe
the resulting variability in spatiotemporal stream discharge
output. To further examine the extreme variability in these
processes, we study a monsoon dominated, topographically
complex catchment in Republic of Korea with a mosaic of
land uses.

2. Study Location and Physiography

The62.7 km2Haean catchment is the chosen study areawith a
bowl-shaped physiography, ranging in elevation between 339
and 1321m a.s.l. (Figure 1(a)). It is located in the northeastern
portion of Republic of Korea along the demilitarized zone
(DMZ) between Republic of Korea and Democratic Peo-
ple’s Republic of Korea (38.239–38.329N, 128.083–128.173E;
Figure 1(a)). The combination of high elevation gradients
and the bowl-shaped geologic structure drastically alters the
local meteorological conditions. The Haean catchment is
located in a region with a monsoonal climate and an average
temperature of 8.65 ± 0.35∘C that ranges between −26.9∘C in
January and 33.4∘C in August [28].The climate of Republic of
Korea is humid continental to subtropical and is heavily influ-
enced by the East Asian summer monsoon. The monsoon
season essentially extends from June through September,
with up to 70% of the total annual precipitation between the
months of June and August. The average annual rainfall is
1514mm (930 to 2299mmyr−1) with precipitation as high
as 48.6mmh−1 or up to 223.2mmd−1. Average catchment
outlet (S7) discharge is 4.3m3 s−1 (1.2 to 379m3 s−1) while the
average headwater discharge (S1) is 0.03m3 s−1 (1.4 × 10−4 to
10.0m3 s−1).The catchment hydrology is further described by
Shope et al. [28, 29]. The higher elevation mountain ridges
of the basin are a Precambrian gneiss complex surrounding
an interior of highly weathered Jurassic biotite granite [30].
Bedrock is typically observed between 20 and 45m below
land surface in the catchment interior. Upland soil texture is
typically saprolitic sand and sandy loamwith high infiltration
capacity [31, 32] and generally extends up to 2m in depth
(Figure 1(b)). The catchment is predominately composed
of loam-sand, forest soils of soil hydrologic group C and
sand-silt, moderately steep and flat dryland soils of soil
hydrologic group D. Approximately 15% of the catchment
has low permeability, sand to clay, rice paddy, and sealed
ground soils with a soil hydrologic groupC toD classification.
The catchment is one of the most agriculturally productive
catchments in the region [29]. The uplands predominately
include deciduous oak (Quercus spp.) and maple (Acer spp.)
forest and comprise approximately 56%of the total catchment
land classification (Figure 1(c)). The midelevation, dryland,
and central, low-elevation crops include rice (13.6%), C3
grasses (9.4%), cabbage (5.1%), potato (3.9%), radish (3.4%),
soybean (2.6%), orchards (1.4%), ginseng (1.3%), and corn
(0.8%), among other crops.

3. Methodology and Model Construction

3.1. Observed Meteorological Data. Meteorological data were
collected from a total of 18 weather stations, with 15 local
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TERRECO-based stations distributed throughout the catch-
ment [33], the Korean Meteorological Agency (KMA) Haean
station in the central catchment, and two additional regional
KMA meteorological stations (Figure 1(a)). Hourly climate
data for the period from 1998 to 2011 were measured and
collected from the regional stations of the KMA (Fig-
ure 1). Precipitation and minimum/maximum temperature
were obtained from the Haean KMA station (38.287N,
128.148E). Relative humidity, temperature, and wind speed
were obtained from the Inje KMA station in the adjacent
Yanggu County (38.207N, 128.017E). Solar radiation was col-
lected from theChuncheonKMA station (37.904N, 127.749E).
Climate data were also collected from the 15 microm-
eteorological stations (Delta-T Devices, Ltd.) distributed
throughout the catchment (Figure 1) between 2009 and
2011. The measured parameters and the instrument uncer-
tainty included solar radiation (±5 Wm−2), relative humid-
ity (±2%), wind speed (±0.1m s−1), minimum and maxi-
mum air temperature (±0.2∘C), and precipitation (±0.2mm)
(Figure 2). All subhourly weather data collected from the
catchment-based network were subsequently aggregated into
hourly datasets for further analysis.

3.2. Meteorological Gap-Filling Algorithm. Each of the mete-
orological parameters was quality controlled by removing
erroneous data and subsequently gap-filling missing data
from a similar station using a weighted algorithm based on
elevation, station proximity, and aspect.This process enabled
a comprehensive and robust spatial and temporal analysis of
meteorological effects as a function of spatial location, gauge
density, and interpolation method. Less than 5% of the total
meteorological dataset required the need for gap-filling. The
algorithm, as formulated for precipitation, is
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The variable 𝑃
𝑒
is the estimated precipitation (mm), 𝜙 is

the observation point aspect (deg.), 𝑑 is the distance to the
observation point (m), 𝑧 is the elevation (m), 𝑖 is the time
step, 𝑎 is the total number of consecutive missing data, 𝑃

𝑜

is the observed precipitation (mm), 𝑛 is the total number
of observational meteorological stations, 𝑗 is the cumulative
number of stations, the “𝑒” and “𝑜” subscripts are the esti-
mated and observed location values,𝑤 is theweighting factor,
and 𝑥 and 𝑦 subscripts are the first and secondmost proximal
locations to the estimation location, respectively. Locally
based relative humidity was also modified by accounting for
the temperature dependent local dew point.

3.3. Interpolation Methods. A number of deterministic and
geostatistical interpolation methods have been utilized
throughout the literature and discussed elsewhere; however,
a brief description of the 5 interpolation methods utilized in
this study is warranted. The Thiessen polygon method is a
deterministic method that prescribes a value at an ungauged
location based on the proximity to gauged observations
[34]. Effectively, the study area is divided into subbasins or
polygons with the nearest individual gauge observation rep-
resenting the entire areawithin that polygon. Inverse distance
weighting (IDW) overcomes the drawback of discontinuities
between polygons in the Thiessen method by weighting
values at ungauged locations as a function of distance to
the observational location [35].Therefore, predicted values at
simulated locations are more influenced by measured values
that are closer.The nearest neighbor algorithm uses the value
of the nearest pixel value without considering the values
of neighboring points, which yields a piecewise-constant
interpolant [36]. Effectively, the method uses the pixel value
corresponding to the smallest absolute difference when a
set of four known value pixels has no mode. The spline
interpolation algorithm uses a polynomial between each pair
of tabulated points with nonlocally determined coefficients
[37]. The nonlocality guarantees global smoothness in the
interpolated function up to some order of derivative. For
example, cubic splines produce an interpolated function that
is continuous to the second derivative. Ordinary Kriging is
a geostatistical method that defines the spatial dependence
of ungauged locations using a semivariogram, which is a
function of the difference between paired locations and the
distance between them. The experimental semivariogram
is then optimized to a theoretical analytic model (i.e.,
logarithmic, exponential, Gaussian, power, and spherical)
to define coefficients [38–40]. The semivariogram provides
the residual or nugget, which reflects the sampling error
and spatial variance and should be close to zero. It also
provides the distance value of the range at which the sill
is reached indicating asymptotic behavior. Distances greater
than the range are considered spatially independent. Our
results indicated that the spherical model worked optimally
for our study area. A representative example of the spatial
variability in the 5 interpolation methods is shown in Fig-
ure 3.

3.4. Discharge Measurements. Continuous and event-based
discharge measurements were collected between 2003 and
2011 at up to 14 locations throughout the Haean catchment.
The spatial and temporal discharge measurements allowed us
to calibrate the rainfall-runoff model described by Shope et
al. [29]. As described by Shope et al. [28], multiple discharge
methods were analyzed at each monitoring location and a
weighted uncertainty approach was used to optimize the
stream discharge by location and environmental conditions.
While spatially distributed dischargemeasurements through-
out the catchment are described elsewhere, the observed
discharges at interior locations (S1, S4, S5, and S6) and
the catchment outlet (S7) were utilized in this study for
daily model calibration to parameterize spatial hydrologic
partitioning. The monitoring locations are arranged along
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an elevation gradient. Since the catchment has a bowl-shaped
topography, model parameterization as a function of the ele-
vation gradient enables us to adequately provide catchment-
wide model coverage.

3.5. SWAT Model Construction. The SWAT model is a phys-
ically based, distributed model developed to predict the
long-term climate and land use impacts on hydrology [41].
The catchment is divided into spatially linked subbasins
that are further separated into unique hydrological response
units (HRUs) by integrating land use, soil type, and slope.
SWAT uses a water balance approach to simulate hydrologic
partitioning and the simulated components include runoff,
percolation, lateral flow, groundwater flow, evapotranspira-
tion (ET), and transmission losses [42, 43]. Precipitation is
partitioned into canopy storage, soil infiltration, and runoff
through either the SCS (soil conservation service) curve
number (CN) method [44] or the Green-Ampt [45] method.
The vegetation is important in estimating the CN for HRUs;
therefore the distributed CN was modified for individual
HRUs by temporal LULC characterization and crop growth.
The SCS curve number method, calculated through plant
evapotranspiration, was selected for the simulations and
flow routing based on the variable storage method was
used for the Haean catchment [43]. Model inputs include
the digital elevation model (DEM), soil discretization
(Figure 1(b)), land use/land characterization (LULC) iden-
tification (Figure 1(c)), spatiotemporal crop management,
biomass sampling, and evapotranspiration (ET). Details
on measurement collection and model implementation are
described further in Shope et al. [29].

The SWAT model prescribes the nearest weather station
parameters to the centroid of each subbasin rather than
interpolating between the stations [43]. Since the catch-
ment has a significant amount of topographical complexity,
assignation of meteorological data to each subbasin severely
affects the precipitation volume, soil moisture, and plant
growth, which ultimately impacts runoff and discharge. To
compare the effect of network density on spatially variable
river discharge, we prescribed the precipitation in five ways:
(1) in a lumped sense with a single precipitation dataset from
the KMA station or each of the local stations, (2) spatial
interpolation of the 16 local weather stations, including the
Haean KMA station, (3) spatial interpolation to 50 virtual
stations, (4) spatial interpolation to 142 virtual stations, and
(5) spatial interpolation to 300 virtual stations (Figure 1(d)).
This resulted in 5 interpolationmethods described previously
for each of the 4 distributions or 20 model simulations
plus the estimates of the individual stations. To begin, we
performed several interpolation methods over the entire
catchment (Thiessen polygon, inverse distance weighted
(IDW), nearest neighbor, spline, and ordinary Kriging) and
then gridded the interpolated meteorology throughout the
catchment. For the 16, 50, 142, and the 300 point virtual
weather stations that were applied to individual subbasins,
we used the interpolated meteorological data at the centroid
of each of the subbasins, respectively. For simplicity, the
calibrated and validated model with virtual weather stations

prescribed to 142 subbasins as presented by Shope et al. [29]
is considered the baseline scenario and deviations associated
with rain gauge density and interpolationmethod are relative
to this baseline scenario.

3.6. Model Calibration and Validation. Model results were
evaluated for performance against the baseline scenario
using the mean absolute error (MAE), root-mean squared
error (RMSE), coefficient of determination (𝑅2), percent bias
(PBIAS), plant growth, and average rainfall metrics. Error
indices typically used in model evaluation include the MAE
and RMSE, which indicate error in the units of the parameter
of interest. MAE and RMSE values of zero indicate a perfect
fit, although values less than half of the standard deviation of
the measured data are considered low [46]:
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Pearson’s correlation coefficient (𝑅) and the coefficient
of determination (𝑅2) describe the degree of collinearity
between simulated and measured data and the proportion of
variance in the measured data explained by the model. The
coefficient of determination ranges from zero to one, where
higher values have less variance. Typically, values greater than
0.5 are considered acceptable [47, 48]. The drawback is that
these statistics are oversensitive to high extreme values and
insensitive to additive or proportional differences between
the measured and simulated predictions:
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Percent bias (PBIAS) measures the average tendency of
the simulated data to be larger or smaller than the observed
values [49]. The optimal value of PBIAS is zero with lower
values indicating accurate model observations. Values that
are positive and negative indicatemodel underestimation and
overestimation bias, respectively:
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As described in Shope et al. [29], model calibration was
also performed using plant growth and baseflow contri-
butions as calibration metrics. Leaf area index (LAI) was
measured throughout the growing season for the primary
crops and deciduous forest and the SWAT ecohydrologic
plant growth parameters were adjusted during the calibration
process. Spatiotemporal baseflow contributions were also
calculated using several methods including those of Eckhardt
[50] to estimate the percent groundwater contribution to
the surface waters distributed throughout the catchment.
These independently calculated baseflow estimates were then
used to optimize the simulated groundwater contributions to
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Figure 1: Haean study area location showing (a) observed surface water monitoring locations and meteorological stations, (b) aggregated
soil distribution, (c) consolidated land use classification, and (d) meteorological station distribution of 16, 50, 142, and 300 point locations.

surface water.The weighted calibration procedure that Shope
et al. [29] describe enabled the baseflow contributions to be
an important calibration metric for model optimization.

4. Results

4.1. Comparison of Observed Meteorological Data. Since all
of the interpolation methods were based on the 16 total
meteorological stations distributed throughout the catch-
ment, we were able to compare the statistical spatiotem-
poral variation in distribution between the single Haean
KMA location and the 15 additional stations. Our results

indicate that the single KMA location adequately accounts
for catchment-wide precipitation contributions (Figure 4).
The minimum, maximum, range, and standard deviation in
precipitation amounts on a particular time step are nearly
identical between each of the 15 stations and the KMA
station, although the average and the median of the KMA
station were slightly less relative to the 15 stations. This is
expected, since the KMA location is at the lower elevation
central portion of the catchment where lower precipitation
is reported on average. The average precipitation for the
15 stations over the period of record amounted to 2.78 ±

1.12mm, while the cumulative precipitation was 2.71mm for
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Figure 4: Distribution of (a) hourly and (b) monthly precipitation
for all of the 16 meteorological stations over the period of record,
excluding time steps without precipitation. The mean of the 15 local
stations (black dot) and the mean of the Haean KMA station (gold
diamond) are identified. For comparative purposes, the percentage
difference of the KMA station relative to the mean of the 15 local
stations is provided.

the KMA station. The difference in monthly and hourly dis-
tribution of precipitation between the KMA station and the
micrometeorological stations was negligible. However, the
KMAstation generally underpredicted the precipitation from
the remaining stations. Overall, there was more precipitation
with a higher degree of variability during the predawn and
dusk hours (Figure 4(a)), although there was not a significant
difference in the precipitation distribution relative to time
of day. As expected, the precipitation amount and variability
were highest during the summer monsoonal period between
June and September with the minimum precipitation occur-
ring in January (Figure 4(b)). These periods are also the
times when the highest difference in precipitation volume
was recorded for 2009 and 2010. As shown in Figure 4, the
absolute magnitude of residuals between the KMA station
and the average of the 15 other stations was as high as
4.8% (40mm) for an individual time step. However, these
time steps are typically balanced by an equal but opposite
difference in precipitation at adjacent time steps, indicating
the degree of local convective precipitation in the catchment.
Overall, there was not a discernible trend in time lag due to
convective precipitation events.

We ranked the hourly precipitation record for each
meteorological gauge over the 12-year period of record from
1999 through 2010 by the hourly standard deviation between

all gauges. Our results show that precipitation occurred at any
gauge less than 3% of the time. Of this period, the standard
deviation in precipitation between all gauges was 0.74mm
(0.05 to 15.14mm). Furthermore, the highest variability in
precipitation occurred at approximately 5:00 and 20:00.
As expected, the precipitation amount and variability were
highest during the summer monsoonal period between June
and September with the minimum precipitation occurring in
January (Figure 4(b)).

4.2. Differences in Interpolated Precipitation. We examined
the 5 different interpolation methods (Thiessen polygon,
IDW, nearest neighbor, spline, and ordinary Kriging) to
quantify the spatiotemporal meteorological variations on
precipitation for each drainage. The difference in drainage
area normalized precipitation between each of the inter-
polation methods at each monitoring location for each of
the meteorological station densities is provided in Figure 5.
For each of the gauge densities, the differences are typically
greater in the southern and eastern portions of the catchment
at SK, SN, and to a lesser degree SD. These drainages are
relatively small in area, but, more importantly, the deviations
appear to be greater for the spline and nearest neighbor
interpolation schemes.

4.3. Comparison of Simulated Discharge by Interpolation
Method. Ultimately, a goal of the study is to quantify the
role that precipitation volume in each drainage area has on
the rainfall-runoff processes affecting surface water discharge
distributions throughout the catchment.Therefore, we exam-
ined the 5 different interpolationmethods to further quantify
the spatiotemporal meteorological variations on discharge.
To reiterate, the calibrated and validated SWAT ecohydro-
logic model described by Shope et al. [29], which used 142
virtual weather stations interpolated to each subbasin using
IDW, is considered the baseline scenario in the current study.
We then used the same calibration parameters and model
inputs but changed the precipitation drivers for each of the
5 interpolation schemes and for each of the 5 distributions.
Deviations in discharge from this scenario, which was cali-
brated through statistical metrics, plant growth, and baseflow
contribution, are expected to be based solely on precipitation
drivers.

We summarized the results by calculating the cumulative
discharge throughout 2010 normalized to the drainage area
of each surface water location (Figure 6; 142 stations). This
analysis provides a more comprehensive and comparable
assessment between locations and, as discussed later, between
density distributions. As expected, locations with smaller
drainage area and higher elevation displayed cumulatively
higher precipitation amounts, which decreased toward the
catchment outlet. Location SN has smaller, high elevation
drainage, hence the slight increase in simulated discharge.
Overall, the ordinary Kriging results were the most similar
to the IDW interpolation method, particularly at higher
distributions. Thiessen is the next most similar, although
variability is generally more amplified. The nearest neighbor
interpolation was similar to IDW, with the exception of
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Figure 5: Difference in average annual precipitation from the calibrated 142-subbasin IDW amount as described by Shope et al., 2014. The
panels represent the difference for each of the 5 interpolation methods at each drainage area for the (a) 16 observed, (b) 50 simulated, (c) 142
simulated, and (d) 300 simulated meteorological stations.

locations S5, S6, and S7, which are located in the lower
catchment. The spline interpolation had the most deviations
overall and was the least similar in structure to the others.
This is in large part due to the calculated discharge gradients
at boundary edges.

4.4. Comparison of Gauge Density and Distribution on Simu-
lated Discharge. Parameterization of a single point precipita-
tion value that is prescribed to the entire catchment enables
us to reflect the runoff results in a lumped parameter sense.
As shown in Figure 6 (1 station), parameterization of the
range in precipitation is provided at a single location in the
centroid of the catchment, resulting in the distributed surface
water discharge throughout the catchment. This is useful
because it provides an indication of the range in catchment-
wide discharge expected from a single point meteorological
measurement that characterizes the entire watershed. For the
example of Thiessen polygon simulation, the incorporation
of a single precipitation station into the model shows a very
strong reliance of discharge on the prescribed precipitation
driver.

The multiple point precipitation distribution enables a
comparison of the different spatial levels of distributed mod-
eling on discharge. For each of the interpolation methods,
with the exception of the spline method, general smoothing
of the data occurs with gauge density (Figure 6). As the gauge

density increases from 142 to 300 virtual weather stations,
each of the methods again shows more pronounced peaks.
This is important because Figure 5 indicates that, for each
of the interpolation methods, a density between 50 and 142
meteorological stations depresses sharp deviations between
monitoring locations and generally provides a smoother
discharge representation based on elevation.Thegeneral vari-
ability observed for the spline interpolation, and to a lesser
degree nearest neighbor, over each of the gauge densities
is a function of both the method and the boundary con-
ditions. Typically, higher degree polynomials approximated
with the spline interpolation have extra oscillations due to
discontinuities between observational points. The boundary
condition is parabolically terminated and is represented as
the second degree polynomial rather than the third degree
polynomial used in the inner intervals. Because of these limi-
tations, spline interpolations can exhibit extreme behavior in
regions with limited or no data. While the nearest neighbor
interpolation is a simple multivariate method in multiple
dimensions, the limitation is that it does not consider the
values of neighboring points, but only the nearest point,
thereby providing a piecewise-constant interpolant. This can
also cause significant variability at simulated pixels.

While identification of the cumulative discharge at each
location, for the 5 interpolation methods, over 5 gauge
densities (Figure 6) is useful for comparative purposes, the
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Figure 6: Comparison of 2010 cumulative surface water discharge normalized to the drainage area of monitoring location. The comparison
encompasses each of the 5 interpolationmethods and the 4meteorological station distributions.The range in discharge shown in theThiessen
polygon panel for 15 stations assumes a single lumped precipitation value based on the minimum and maximum precipitation.

difference from the calibrated discharge can be used to
quantify process-based influences. We quantified the relative
difference in discharge between individual simulations as a
function of interpolation method and gauge density relative
to the baseline simulation model (Figure 7). As mentioned,
the ordinary Kriging and Thiessen polygon methods most
closely approximate the calibrated IDWdischarge results and
a gauge density between 50 and 142 stations appears to be
optimal. Generally, the bulk of the variability in discharge
between each of the interpolation methods for different
gauge densities is accounted for at downstream monitoring
locations S6 and S7 (see Figure 1(a)).

4.5. Distributed LULC and Soil Distribution. From Figures 6
and 7, there appear to be factors controlling surface water
discharge besides precipitation volume and the interpolation
method utilized. The Haean catchment is composed of
a myriad of agricultural and forest dominated landscape
patterns that could exhibit significant controls on rainfall-
runoff processes. To identify the role that these landscape
features have on surface water discharge, we analyzed the
spatial variability of both land use (Figure 8) and soil distri-
bution (Figure 9) in each of the monitoring location drainage
areas. Deciduous forest is obviously the most abundant land
use within the Haean catchment (Figure 8). However, the
C3 grasses as identified by Timothy, cabbage, potato, and
radish are consistently spatially extensive, though at a lower

percentage of the catchment area. The rice paddy LULC is
spatially consistent throughout the lower catchment, with the
exception of drainage area SN.The impervious nature of rice
paddies and the plastic mulching field management of crops
like cabbage, potato, and radish all contribute to a decrease in
infiltration at the expense of surface water runoff.

The distribution of different soil types throughout each
of the surface water monitoring locations can have a similar
effect on infiltration and runoff processes as LULC. As
expected, the distribution of flat, loamy, dryland soil is
consistent with dryland crops such as cabbage, potato, and
radish. A similar pattern is observed between the distribution
of forest soils and the forest LULC. These patterns are not
necessarily mutually exclusive. Field studies identified that
an annual replenishment of loamy-sand soil was applied to
many of the fields investigated prior to the tilling process.This
soil amendment is seen as a means to primarily increase sub-
surface infiltration to the plant rooting zone with the added
benefit of enhancing the soil nutrient profile. Therefore, the
shallow subsurface soil distribution is directly correlated to
the majority of crops throughout the Haean catchment.

5. Discussion

5.1. Influence of LULC and Soil Distribution on Discharge.
Higher discharge observed particularly at monitoring loca-
tions S6 and S7 (Figure 6) is a function of the impervious
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nature of increased residential areas and the plastic mulching
associated with agricultural management of potato, radish,
and cabbage LULC. The plastic mulching management,
common throughout the Korean peninsula, is where plastic
sheeting is placed over the elevated rows in a row and furrow
tillage field. The mulching has holes cut longitudinally to
emplace individual plants. As described by Arnhold et al.
[31] and Ruidisch et al. [51], the mulching has the effect
of increasing runoff and sediment transport while reducing
infiltration. These results are more pronounced at S7, par-
ticularly with the nearest neighbor and spline interpolation
methods. Agricultural management of the ginseng crop,
which cumulatively accounts for approximately 1.3% of the
catchment, has an intricate drainage system that further
induces runoff. Analysis of monitoring location S5 reveals
that the contributing drainage area has a high concentration
of bean and rice but low percentage of deciduous forest. The
S5 drainage area is about 1 order of magnitude less than
drainage areas of S5 and S6; therefore, with an increased
distribution of rice paddy soil, there is more runoff for
the drainage area. Location S6 has nearly consistently high
discharge, which is correlated to increased potato, cabbage,
radish, and residential coverage within the drainage area of

12.8% and is therefore a large portion of nondeciduous forest
coverage. This means higher infiltration with forest LULC
and typically similar discharge to monitoring location S5.
Alternatively, monitoring location S7 has a drainage area of
8.6% of the catchment and so, with higher discharge, all crops
with the exception of ginseng and C3 grasses are depressed.
Therefore, the rise in discharge is diminished due primarily to
C3 grasses. Locations SS and SD have much higher drainage
area at 19.0 and 21.6%, respectively. Therefore, discharge is
expected to be lower with increases in deciduous forest, C3
grasses, and orchard LULCs contributing tomore infiltration.
The drainage areas including SK, SN, SD, and SW are located
in the southern, eastern, and southwestern portions of the
catchment and cumulatively account for 50.1% of the entire
area. Each of the monitoring locations is depressed in terms
of cumulative discharge and, while dominated by deciduous
forest, contains a substantial percentage of rice, C3 grasses,
and cabbage LULC. The benefit of infiltration obtained from
the C3 grasses and balanced by the runoff dominated rice
and cabbage crops. Because the soil distribution is highly
correlated with the LULC, similar results are observed when
comparing the soil discharge. When the difference in surface
water discharge normalized to drainage area is examined,
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Figure 8: (a) Percentage of aggregated Haean catchment LULC for each of the monitoring location drainage areas. The LULC for inland
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monitoring location drainage areas.
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Figure 9: (a) Percentage of the Haean catchment soil distribution for each of the monitoring location drainage areas. The soil classification
was aggregated to six heterogeneous soil types. (b) Soil distribution for each of the surface water monitoring location drainage areas.
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the deviations from the calibrated model are more evident.
With fewer stations, the land use, soil, and precipitation
volume are more homogenous or are lumped and deviations
in LULC and soil distribution between drainage areas are
accentuated.

5.2. Characterization of InterpolationMethod and Gauge Den-
sity. For the lumped parameter model, the differences in
cumulative trends by site are substantial. The Thiessen
polygon interpolation indicates that there is a high peak in
discharge between S4 and S7, consistent with the entire range
in precipitation while others are dampened. This indicates
that there is simply flow accumulation along an elevation
gradient. With the Thiessen polygon for a distribution of
16 stations, there is increased variance about the calibrated
model but good reproducibility (Figure 6). As the density
of gauges increases, there is more discharge at locations
other than S7 and S6 at the 300 stations’ distribution. The
spline and nearest neighbor interpolation methods show the
opposite trends. Therefore, the difference in precipitation
distribution in the catchment must play a role with higher
discharge than other methods at S7, which is elucidated
from Figure 5. The distributions are much different than
the lumped simulations, indicating the inherent problem
of aggregating to a single point. Our results suggest that,
at low densities of 16 stations or less, there is considerable
variability in discharge relative to the calibrated simulation
(Figure 6). Since the IDW calibration is the interpolation
method of significance, a comparison of this interpolation
method throughout different gauge densities is warranted.
As simulations approach 50 stations, the trend is rela-
tively smooth, indicating a general decrease in discharge as
drainage area increases. More importantly is the increase in
discharge between S5 and S7 at 142 stations that forms a peak
in discharge by the 300 gauges’ distribution. This suggests
that while the 142 stations used in our study adequately
approximate the effects of spatially distributed precipitation
on discharge, with more distributed precipitation, the trend
of increased discharge at S6 is evident. While this is likely
a result of more observations with higher measured pre-
cipitation in the S6 catchment, it also indicates the role of
overparameterization of meteorological station density. The
performance of the simulations measured through discharge
is repeated with the ordinary Kriging and to a lesser degree
the Thiessen polygon methods. The Thiessen results show a
shift from increased discharge at S5 and S6, which suggests
incorporation of higher precipitation prescribed subbasins
when density increased. Therefore, the results from the
interpolationmethods showed an apparent influence of gauge
density on their performance, regardless of the specific
method used. This indicates that the number of meteoro-
logical stations plays an important role in the estimated
cumulative catchment discharge. Our results indicate that
the IDW and Kriging methods appear to be superior to the
Thiessen polygon, nearest neighbor, and spline methodolo-
gies. While it is unclear if the performance as measured
by discharge decreased with increased gauge density, it is
apparent that the summation of precipitation distributed in
the vicinity of an observed station plays a critical role in

the structure of estimated runoff distributed throughout the
catchment.

5.3. Influence of Observations on Simulated Discharge. Con-
sistent with the results of Otieno et al. [22], we found that
IDW was the most accurate interpolation method, even
better thanKriging, overmultiple gauge densities.While they
found that theThiessen method had the lowest accuracy and
the performance was correlated to gauge density, our results
indicate that the Thiessen method was comparable to those
of IDW and Kriging. This is not necessarily surprising, as
Otieno et al. [22] used statistically similar locations rather
than heterogeneous distributions of gauge locations, as would
be expected in field deployment. Our results build upon
this body of work by demonstrating that the heterogeneity
in observed precipitation can drastically contribute to the
variability in runoff discharge produced, particularly when
gauge density is increased. Caracciolo et al. [24] found that
the optimal rain gauge position and distribution drastically
influence the catchment-wide rainfall-runoff through the soil
distribution. They also found that the characteristics specific
to storm events and the observation distribution of rain
gauges contribute to the runoff estimation. Our results indi-
cate that these influences are a function of the soil distribution
across the landscape and the gradient in convective precipi-
tation volume. We found that when the precipitation volume
is high, spatial variability is highest and is most likely due
to the land use and soil distribution; however, when spatial
rainfall variability is low, the distribution of land use and soil
has less influence. Because of the influence of land use and soil
distribution on discharge, it is difficult to extend the specific
simulation results to other locations [24]. However, several
characteristic traits can be extended to other locations. The
best gauge network depends on the question of hydrologic
output, total volume runoff, peak discharge, time of travel,
soil moisture, and other hydrograph responses, which are all
influenced by the infiltration capacity of the land use soil
type. While we focused on cumulative discharge distributed
throughout the catchment, the peak discharge time series
may reveal that a different gauge density is optimal. It is
also advantageous to locate the gauges near locations of less
permeable soil and land use, where, with higher precipitation
variability, the significance of the soil influence increases.
Since themodel was calibrated and validated to plant growth,
baseflow, and hydrologic partitioning and the associated
drivers such as the soil distribution, land use, and topography
were consistent throughout the simulations, deviations in
discharge are directly related to precipitation.

6. Summary and Conclusions

Our study used data from 16 meteorological weather sta-
tions distributed through a 64 km2 catchment between 1998
and 2010. Our objective was to quantitatively describe the
influence of spatial interpolation methods and rain gauge
density on spatiotemporal discharge. The study location is a
monsoon dominated catchment, which provides awide range
of spatiotemporally variable, convective extreme events. To
this end, we developed a weighted, distributed approach
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for estimating and gap-filling the observed meteorological
dataset for a complete and robust analysis. We analyzed 5 dif-
ferent interpolation methods (Thiessen polygon, IDW, near-
est neighbor, spline, and ordinaryKriging).We also examined
the effect of a single meteorological station prescribed with
a single precipitation time series, throughout the range
of observed precipitation in a series of lumped-parameter
simulations. These results are compared to simulations of
meteorological stations distributed throughout the catch-
ment at several gauge densities, including the 16 observed
stations, 50 virtual stations, 142 virtual stations, and 300
virtual stations. The virtual weather station conditions were
prescribed from the different interpolation schemes to the
centroid of individual subbasins at the densities described.
The interpolation methods varied in complexity between
simple deterministic and complex geostatistical methods,
and the errors resulting from the different interpolation
schemes are found to propagate through the hydrologic
simulations, which affects the discharge characteristics. We
use a calibrated catchment-wide ecohydrologic SWATmodel
to test the influence of different rain gauge densities and inter-
polation schemes and comprehensively describe the resulting
variability in spatiotemporal stream discharge output. The
calibrated model is based on the IDW interpolation scheme
of 142 subbasins and provides the baseline scenario which
the other simulations are compared to. Our results indicate
that IDW and Kriging interpolation schemes are superior to
the other methods investigated including Thiessen polygon,
nearest neighbor, and spline methodologies. However, the
Thiessen polygon performed adequately relative to nearest
neighbor and spline. These results indicate that the simpler
IDW interpolation scheme can be used in place ofmore com-
plex spatially correlated Kriging interpolations. We found
that optimum gauge density does not necessarily have to
include a high number of meteorological stations and can
be between 50 and 142 stations. As the number of stations
increases above the optimal range, observed precipitation
volume is translated tomore subbasins and the summation of
these stations in a higher density subbasin can be drastically
influenced. To further examine the extreme variability in
surface water discharge, we characterized the land use and
soil distribution throughout each of the subbasins. Our
results indicate that the optimal rain gauge position and
distribution of the gauges drastically influence catchment-
wide rainfall-runoff.These influences on runoff processes are
a function of the soil distribution across the landscape and
the gradient in convective precipitation volume. We found
that when the precipitation volume is high, spatial variability
is highest and is most likely due to the land use and soil
distribution; however, when spatial rainfall variability is low,
the distribution of land use and soil has less influence.

With an observed gauge density of approximately 4 km2,
this can be considered a fairly high resolution observational
network. Further, while the geostatistical Kriging method
incorporates correlations between the gauges, it does not
show increased performance relative to the IDW method-
ology. Our study adds to the bulk of research examining
spatial interpolation methods at different gauge densities
by including a broader variety of common interpolation

schemes and rain gauge densities. We also use a calibrated
SWAT ecohydrologic model to evaluate the performance of
each interpolation method at different densities on spatially
distributed catchment-wide surface water discharge. We
describe the benefit of using a distributed station approach
relative to a single catchment-wide lumped simulation. The
best gauge network depends on the question of hydrologic
output, total volume runoff, peak discharge, time of travel,
soil moisture, and other hydrograph responses, which are all
influenced by the infiltration capacity of the land use soil
type. It is also best to locate the gauges near locations of less
permeable soil and land use, where, with higher precipitation
variability, the significance of the soil influence increases.

Key Points/Highlights

(i) Development of a weighted spatiotemporal algorithm
for gap-filling weather data.

(ii) Compared the estimated discharge between lumped
(single) and distributed precipitation over 5 gauge
densities.

(iii) Compared the simulated discharge results between 5
deterministic and geostatistical interpolation meth-
ods.

(iv) Characterized the role that the land use and soil
distribution have on discharge as a function of pre-
cipitation.
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Jaime Gómez-Hernández, “A non-parametric automatic blend-
ing methodology to estimate rainfall fields from rain gauge and
radar data,” Advances inWater Resources, vol. 32, no. 7, pp. 986–
1002, 2009.

[22] H. Otieno, J. Yang, W. Liu, and D. Han, “Influence of rain
gauge density on interpolation method selection,” Journal of
Hydrologic Engineering, vol. 19, no. 11, Article ID 04014024, 2014.

[23] J. T. Abatzoglou, “Development of gridded surface meteorolog-
ical data for ecological applications and modelling,” Interna-
tional Journal of Climatology, vol. 33, no. 1, pp. 121–131, 2013.

[24] D. Caracciolo, E. Arnone, and L. V. Noto, “Influence of spatial
precipitation sampling on hydrological response at the catch-
ment scale,” Journal of Hydrologic Engineering, vol. 19, no. 3, pp.
544–553, 2014.
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Main topic of this study is evaluation of the contribution of deposited precipitation (DP) to the falling precipitation (FP) amount.
An automatic device for DP weight measurement developed and produced at the Institute of Atmospheric Physics was used. The
tipping bucket rain gauges were used for the FP measurement. Present paper summarizes the results of measurements of deposited
and falling precipitation in three localities: Suchdol, Prague (capital of the Czech Republic), Polednı́k (Bohemian Forest), and
Smĕdava (the Jizerské hory Mts.). Two later introduced stations are situated in the mountainous part of the Czech Republic. For
each of mentioned stations the daily averages of the DP totals were determined by the values 0.074mm for Suchdol, 0.112mm for
Polednı́k, and 0.103mm for Smĕdava. Further the mean daily DP sums were evaluated for the days with the occurrence of this
precipitation only by the values 0.136mm, 0.276mm, and 0.289mm for the stations Suchdol, Polednı́k, and Smĕdava, respectively.
Obtained results were compared with the findings published in the literature. In each of the stations the ratio between the deposited
and falling precipitation was determined as well. For the Suchdol this ratio reached 95.2% in December 2013.

1. Introduction

Deposited precipitation, including dew, frozen dew, rime, and
fog depositions, contributes a barely quantifiable volume of
water to ecosystems. The amount of deposited precipitation
from fog is typically estimated rather than measured and
the liquid water content (LWC) of fog can be evaluated for
the estimation as discussed by for example, Fišák et al. [1].
Recent studies have rarely measured the volume of deposited
precipitation, focusing instead on the polluting substances
present in the deposited precipitation. Such studies include
Acker et al. [2], Aikawa et al. [3], Fišák and Řezáčová [4],
and Fišák et al. [5]. Polluting substances present in the atmo-
spheric boundary layer are deposited during precipitation
events. Beysens et al. [6–8], Chiwa et al. [9], Clus et al. [10–12],
and Galek et al. [13] have measured precipitation levels and
assessed chemical pollution content. Chemical attributes of
deposited precipitation in India are presented inMuselli et al.
[14] and Sharan et al. [15], for example.

Deposited precipitation, especially dew, is evaluated
in some studies, usually as the by-product of analyzing

deposited precipitation pollution. Examples of such studies
include Beysens et al. [7, 8] and Muselli et al. [16, 17], for
sampling areas in France; Muselli et al. [14] and Mileta et al.
[18], for Croatia; Jacobs et al. [19], for the central part of the
Netherlands; Clus et al. [12], for Tahiti; and Galek et al. [13],
for Poland.

The primary objective of the present study was to quan-
titatively evaluate the contribution of deposited precipitation
to the total precipitation volume, rather than analyzing the
chemical characteristics of deposited precipitation water. For
this reason, wemeasured the precipitation volume but did not
collect the precipitation water.

Recent studies of precipitation volumes have not included
deposited precipitation, primarily due to the lack of regu-
lar measurements or estimations of deposited precipitation
amounts. In this study, we evaluated the contribution of
deposited precipitation at three sites, Suchdol, Polednı́k, and
Smědava. The long-term measurement of the deposited pre-
cipitation amount has been running at the Suchdol, Prague
locality only (since March 2011 till nowadays) with a few
interruptions.
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Figure 1: The scheme of the automatic device for deposited
precipitation measurement (1: case with electronics, 2: connector, 3:
holder, 4: thermal cover, 5: collecting board, 6: gasket cover, and 7:
pedestal).

The other localities were equipped with the automatic
instrument for the measurement of the deposited precipi-
tation on the second half of 2013. These localities are rep-
resented by the mountainous stands Polednı́k and Smědava
where the instrument is debarred from the operation due to
a thick snow cover during the winter season.

2. Materials and Methods

2.1. Description of the Automatic Device. A device for weigh-
ing deposited precipitation has been constructed at the
Institute of Atmospheric Physics in the Czech Republic. The
device is schematically pictured in Figure 1, which shows the
two main components: the electronics case and collecting
board.

The case in which the electronics are contained (1) is
attached to a pedestal (7) designed to provide sufficient sta-
bility for the device. The connector (2) is attached to the case
and is designed to provide power to the electronic component
and allow communicationwith the computer.The electronics
case includes a thermally compensated tensiometric bridge
and space for electronic connections.The bridge is connected
via a low thermal conductivity holder to the catching board
(5). The output of the holder from the case is protected from
insects and dirt by a gasket cover. A thermal cover (4) above
the electronics case protects the catching board from heat
interference.

The catching board has an area of 0.2m2 and is balanced
with a water level during installation. More information
about this automatic device and itsmeasurement of deposited
precipitation measurement is available in Fišák et al. [20].
Similar devices are also presented in Beysens et al. [6] and
Muselli et al. [16]. The differences between these devices and
instrument used for our purposes consist in their use. Instru-
ments described in literature mentioned above are intended
especially for the collection of the deposited precipitation
samples while the device used by us was developed primarily
for the continualmeasurement of the deposited precipitation.

2.2. Site Description. Dew measurements were provided at
the “Station for Transport Processes and Soil Wetness Obser-
vation” of the Department of Water Resources, Faculty of

Agrobiology, Food and Natural Resources, Czech University
of Life Sciences in Prague (DWR, FAFNR, CULS). This
station is located on the University grounds along the north-
northwestern (NNW) edge of Prague, in the town district of
Suchdol. Additional two stations were created by the Institute
of Hydrodynamics of the Academy of Sciences of the Czech
Republic at the mountainous headwater regions. The first of
them—Polednı́kMt. (1315m a.s.l.)—lies in the south-western
part of the Czech Republic in the cold climatic zone in the
National Park of the Šumava Mts. (Bohemian Forest). The
instrument is placed on the top of the Polednı́k Mt. The
second one—Smědava Mt. (1083m a.s.l.)—is located in the
Landscape Protected Area of the Jizera Mountains in the
northern Bohemia. This region represents a typical Central
European temperate boreal zone with a large amount of
precipitation and humid climate.The monitoring station was
created on the north-eastern slope of the Smědava Mt. at an
elevation of 1000m a.s.l. Figure 2 illustrates the localization
of the experimental sites, while Figure 3 brings a view of the
monitoring station on the Smědava Mt.

2.3. Methods of Evaluation. The experimental localities are
equipped with the automatic meteorological stations and
supplemented by the automatic instrument for the measure-
ment of the weight of deposited precipitation (DP). The data
on falling precipitation (FP), air temperature, air humidity,
wind speed, and visibility were available. The evaluation of
the weight of DP was worked out according to Fišák et al.
[20]. The data from Suchdol, Prague locality, were used
since March 2011 until the end of 2013. There are several
interruptions in this data series caused by either necessary
treatment of the instrument or power failures in the data sets.
These interruptions are apparent in Table 1.

The experimental stands Polednı́k and Smědava were
equipped with the instrument for the measurement of the
weight of DP only at the second half of 2013 so that the
data series are very short. They were involved into the
elaboration especially from the reason that they represent the
mountainous stations which can be used for at least partly
comparison of the geographically different localities.

3. Results

3.1. Summarization of Data. The results of monitoring are
summarized in tables, where are given data as follows:

(i) amount of DP [mm],
(ii) amount of FP [mm],
(iii) number of days with the DP occurrence (DDP),
(iv) number of days with the running measurement

(DM).

For the purposes of analyses only the data series with
the running measurement of both deposited and falling
precipitation were used. Thus the cases with missing either
the deposited or falling precipitation were eliminated. In the
real practice the eliminated cases were caused due to the lack
of DP measurement.
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Figure 2: Localization of the experimental stands in the Czech Republic, Suchdol, Prague (capital of the Czech Republic), Smědava, Jizerské
hory Mts. (Landscape Protected Area of the Jizerské hory Mts.), and Polednı́k, Bohemian Forest (Landscape Protected Area and National
Park of the Šumava Mts.).

In order to be able to compare the time periods with a
different length the following characteristics were chosen:

(i) amount of DP allotted for 1 day [mm⋅day−1],
(ii) amount of DP allotted for 1 day with the occurrence

of DP [mm⋅day−1with DP],
(iii) amount of FP allotted for 1 day [mm⋅day−1],
(iv) ratio of the DP and FP [%].

Table 1 brings the above mentioned characteristics for the
Suchdol, Prague locality, and Table 2 illustrates the same
results for Polednı́k and Smědava stands.

3.2. The Contribution of Deposited Precipitation. There were
a total of 827 days that were measured, with deposited pre-
cipitation observed on 446 of those days in station Suchdol,
Prague. The results of these measurements are shown in
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FP

DP

Figure 3: Meteorological station Smědava, Jizerské hory Mts. (DP:
instrument for the deposited precipitation measurement, i.e., dew
gauge; FP: instrument for the falling precipitationmeasurement, i.e.,
tipping bucket rain gauge).

Table 1. The total deposited precipitation amount has been
60.8mm for the whole measured time period. In the same
period the falling precipitation total equals 1197.6mm. That
means the DP represented 5.1% of FP. The most significant
contribution of DP appeared during the time period with
a very low FP occurrence. There are a few examples in the
course of time period of the measurement, for example,
February 2012, when FP was 7.2mm and DP was 1.9mm, that
is, 26.4% of FP. As further example March 2012 can be taken,
when 3.5mm fell in the form of FP and 2.6mmwasmeasured
as DP, that is, 74.3%. In November 2013 this ratio was 47.6%
when 4.2mm fell as FP and 2.0mm came as DP. The highest
portion of DP (95.2%) up to the present time was recorded in
December 2013 when FP was 4.2mm and DP was 4.0mm.

From the results in Table 1 it can be drawn that the highest
portion of DP occurs during March and December (i.e., in
the time period when both liquid and solid precipitation can
appear in the climatic conditions in lower altitudes of the
Czech Republic).

As it is described above the measurement at the Polednı́k
station had proceeded since August 30, 2013, till October 15,
2013. There were 19 days with the DP occurrence during this
time period as it is apparent in Table 2.

In this table it is also obvious that DP was 5.3mm and
FP was measured by the value of 190.1mm for the evaluated
time period. Thus the DP contribution was 2.8% of FP. For
the Smědava locality, where the measurement had proceeded
since August 17, 2013, till September 16, 2013, the amount
of DP was 3.18mm and FP equaled 183.2mm. In this case
the DP contribution was 1.7% of FP. Due to the different
durations of the measurement time periods, the monthly
values cannot be considered characteristic results and thus
are not included in Table 1. However, more representative
values could be determined from the daily averages of DP
for the entire sampling period and the daily averages of DP
for days when DP occurred. Table 1 shows the daily average
of DP for the entire sampling period was 0.074mm (with a
maximum of 0.124mm in August) and the daily average for
days when DP occurred was 0.136mm (with a maximum of
0.225mm in January).

The assessed daily average amount of DP was 0.112mm
and the average amount for the daywith the occurrence ofDP

was 0.276mm at the Polednı́k station. At the Smědava station
the evaluated daily average amount of DP was 0.103mm and
the average amount for the daywith the occurrence ofDPwas
0.289mm.

If a very short time period of the measurement is
taken into account only the averages are presented as only
preliminary results and no conclusion can be drawn based on
them.

3.3. Comparison of Results with Other Studies. The results
were compared with the results of previous studies. Unfor-
tunately, the only data available for comparison were the
deposited precipitation amounts for days when deposited
precipitation occurred. The deposited precipitation amounts
for calendar days were counted, whenever possible. We
assume the reported number of samples (it is the same as
number of days with DP occurrence) corresponds to the
number of days when deposited precipitation occurred, and
measurements were continuing during the entire period.The
results are listed in Table 3. The data in this table prove
that values for Suchdol, Prague locality, correspond with
the data obtained from other stands. The values for the
Polednı́k and Smědava localities are noticeably higher. This
can be explained by two fundamental reasons: (i) these stands
represent the mountainous regions with the influence of the
altitude and DP amount; (ii) the results can be influenced by
very short data sets.

Based on the studies, it is obvious that deposited precipi-
tation can contribute approximately from 7mm to 41mm to
annual precipitation, which is not an insignificant volume,
especially in Europe. In our study, we found an amount of
deposited precipitation nearing the higher limit.These results
were achieved most likely because we were not interested
in the chemical composition of the precipitation; thus, the
measurements were performed using an automatic device
and were not affected by any human factors.

4. Conclusions

Although measurements of deposited precipitation in the
“Station for Transport Processes and Soil Wetness Observa-
tion” were conducted for only a relatively short period, the
results are quite interesting. The contribution of deposited
precipitation to the total precipitation amount was shown to
be significant. The automatic device enabled measurements
when temperatures were below 0∘C, which means solid
deposited precipitation, such as white frost and frozen dew,
was also measured. This ability allowed for observations of
deposited precipitation in every season of the year.

At the Suchdol, Prague locality, the daily average amount
of DP was 0.074mm and maximum 0.102mm. The daily
average amount ofDPwas 0.112mmandmaximum0.145mm
at the Polednı́k locality while at the Smědava locality the
daily average amount of DP was 0.103mm and maximum
0.112mm. These evaluated DP totals are the highest values
that they have been recorded and published in literature up
to the present time but it is necessary to take into account
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Table 1: Evaluation of precipitation amount in Suchdol, Prague locality.

Year Characteristic Month Total
I. II. III. IV. V. VI. VII. VIII. IX. X. XI. XII.

2011

DP [mm] — — 1.5 1.4 2.2 1.3 2.0 4.7 — — — — 13.1
FP [mm] — — 25.2 20.6 34.6 57.1 114.4 65.1 — — — — 317.4
DDP — — 23 20 22 13 19 26 — — — — 123
DM — — 31 30 31 30 31 31 — — — — 184
DP/FP [%] — — 6.0 6.8 6.4 2.3 1.7 7.2 — — — — 4.1

2012

DP [mm] 0.1 1.9 2.6 2.3 2.0 2.0 1.4 2.5 2.0 2.5 2.3 2.3 23.9
FP [mm] 36.0 7.2 3.5 40.8 20.0 47.5 103.2 26.3 23.5 44.2 50.0 54.8 457.0
DDP 2 14 17 20 20 20 8 15 11 17 17 13 174
DM 12 23 31 30 31 30 15 23 18 31 30 31 305
DP/FP [%] 0.3 26.4 74.3 5.6 10.0 4.2 1.4 9.5 8.5 5.7 4.6 4.2 5.2

2013

DP [mm] 1.7 1.6 1.5 1.5 1.0 1.9 2.0 1.1 1.9 3.6 2.0 4.0 23.8
FP [mm] 44.6 41.2 18.5 21.1 95.5 30.9 67.1 17.1 35.3 43.5 4.2 4.2 423.2
DDP 6 7 11 10 9 15 15 7 15 21 11 22 149
DM 31 28 31 28 31 30 24 13 30 31 30 31 338
DP/FP [%] 3.8 3.9 8.1 7.1 1.0 6.1 3.0 6.4 5.4 8.3 47.6 95.2 5.6

Total

DP [mm] 1.8 3.5 5.6 5.2 5.2 5.2 5.4 8.3 3.9 6.1 4.3 6.3 60.8
FP [mm] 80.6 48.4 47.2 82.5 150.1 135.5 285.1 108.5 58.8 87.7 54.2 59.0 1197.6
DDP 8 21 51 50 51 48 42 48 26 38 28 35 446
DM 43 51 93 88 93 90 70 67 48 62 60 62 827
DP/FP [%] 2.2 7.2 11.9 6.3 3.5 3.8 1.9 7.6 6.6 7.0 7.9 10.7 5.1

DP [mm/per day] 0.042 0.069 0.060 0.059 0.056 0.058 0.077 0.124 0.081 0.098 0.072 0.102 0.074
[mm/per DP day] 0.225 0.167 0.110 0.104 0.102 0.108 0.129 0.173 0.150 0.161 0.154 0.180 0.136

FP [mm/per day] 1.874 0.949 0.508 0.938 1.614 1.506 4.073 1.619 1.225 1.415 0.903 0.952 1.448
DP: deposited precipitation amount.
FP: falling precipitation amount.
DDP: number of days with deposited precipitation.
DM: number of days with measurement.

Table 2: Evaluation of precipitation amount at the Polednı́k and Smědava localities (year 2013).

Characteristic
Polednı́k Smědava
Month Month

VIII. IX. X. Total VIII. IX. Total
DP [mm] 0.1 3.0 2.2 5.3 1.7 1.5 3.2
FP [mm] 0.3 137.7 52.1 190.1 19.6 163.6 183.2
DDP 1 11 7 19 6 5 11
DM 2 30 15 47 15 16 31
DP/FP [%] — 2.2 4.2 2.7 8.7 0.9 1.7
DP

Per day 0.057 0.099 0.145 0.112 0.112 0.094 0.103
Per DP day 0.113 0.269 0.311 0.276 0.281 0.299 0.289

FP
Per day 0.150 4.590 3.473 4.045 1.307 10.225 5.910

DP: deposited precipitation amount.
FP: falling precipitation amount.
DDP: number of days with deposited precipitation.
DM: number of days with measurement.

the mountainous situation of these localities as well as a very
short time period of the measurement.

Also the comparison of the ratioDP/FP brings interesting
results for the Suchdol, Prague locality. From this comparison
it can be drawn that the highest values of DP/FP exist in the

months with low totals of FP. For the whole analyzed time
period themean ratio DP/FP was 5.1% at the Suchdol, Prague
locality. Maximum ratio DP/FP (95.2%) was calculated in
December 2013 (value of DP was 4.0mm while value of FP
equaled 4.2mm).
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Table 3: Comparison of results of previous studies.

Site Mean amount DP Source
[mm/DP day] [mm/day]

Brive-la-Gaillarde (France) 0.115 0.086∗ Beysens et al. [7]

Ajaccio (France) 0.120 0.062∗ Muselli et al. [16]
≈0.106 n.d. Muselli et al. [21]

Komiza (Croatia) 0.080 0.020∗ Mileta et al. [18]
0.108 0.020∗ Muselli et al. [14]

Zadar (Croatia) 0.150 0.041∗ Mileta et al. [18]
0.138 0.026∗ Muselli et al. [14]

Central Netherlands 0.100 n.d. Jacobs et al. [19]
Tahiti 0.068 0.068∗ Clus et al. [11]
South-West Morocco 0.106 0.052∗ Lekouch et al. [22]
Wroclaw (Poland) 0.103 0.049∗ Galek et al. [13]
Sudetes (Poland) 0.190 0.050∗ Galek et al. [13]
Prague (Czech Republic) 0.136 0.074 This work
Polednı́k (Czech Republic) 0.276 0.112 This work
Smědava (Czech Republic) 0.289 0.106 This work
∗

Derived values (based on the assumptions given in publication).
DP: deposited precipitation.
n.d.: missing data.

If a very short time period of the data sets is taken into
account only the average ratio DP/FP was determined for
the Polednı́k and Smědava stations. This ratio has a value
of 2.8% for the Polednı́k station and 1.7% for the Smědava
stand. Because of a short time period of the measurement the
evaluation of the maximum of a ratio DP/FP should not have
any practical meaning.

If year-round validity of the derived daily averages of DP
totals is supposed also for the stationswith a short timeperiod
of the measurement, thus also for Polednı́k and Smědava
localities, it is possible to estimate the annual contribution
of DP to annual precipitation total. In the case of Suchdol,
Prague locality, this contribution represents 27mm, at the
Polednı́k station the annual DP total could reach 40.9mm,
and at the Smědava locality this value equals 37.6mm. These
amounts of water could be taken into account as not very
important fromhydrological point of view. But from the point
of view of the total wet deposition and in light of the well
known fact of the much higher pollutant concentrations in
DP compared to FP the amount of DP attains much higher
importance.
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This paper is focused on the probability modeling with a range of distribution models over two inland river basins in China,
together with the estimations of return levels on various return periods. Both annual and seasonal maximum precipitations (MP)
are investigated based on daily precipitation data at 13 stations from 1960 to 2010 in Heihe River and Shiyang River basins. Results
show that GEV, Burr, and Weibull distributions provide the best fit to both annual and seasonal MP. Exponential and Pareto 2
distributions show the worst fit. The estimated return levels for spring MP show decreasing trends from the upper to the middle
and then to the lower reaches totally speaking. Summer MP approximates to annual MP both in the quantity and in the spatial
distributions. Autumn MP shows a little higher value in the estimated return levels than Spring MP, while keeping consistent
with spring MP in the spatial distribution. It is also found that the estimated return levels for annual MP derived from various
distributions differ by 22%, 36%, and 53% on average at 20-year, 50-year, and 100-year return periods, respectively.

1. Introduction

Precipitation extremes, due to the great damage they caused
in both social and economic losses, have been caught lots
of attention from both governments and the public [1–4].
Understanding of whether and how the frequency and mag-
nitude of precipitation extremes have changed during the past
several decades is not only the focus in hydrological, meteo-
rological, climatic, and the related sciences, but also a crucial
issue for the management of the associated risks [5–8].
Probability distribution models are the useful tools for the
frequency analysis of precipitation extremes [8–10]. However,
how to choose an appropriate model in a specific study is still
a matter of debate [11].

Many kinds of probability distributions are available to
investigate the precipitation extremes. For example, Rahmani
et al., [12] used Weibull distribution to calculate the extreme
precipitation frequency at stations in Kansas and the adjacent
states. Du et al. [8] and Xia et al. [13] used Generalized
Extreme Value (GEV) and Generalized Pareto distribution
(GPD) to discuss the historical extreme precipitation fre-
quency and its spatio-temporal variations in Haihe and

Huaihe river basins of China. Benyahya et al., [14] compared
five probability distributions (GEV, Generalized Logistic,
Weibull, Gamma, and Lognormal) to identify the appropriate
modes providing the most accurate seasonal maximum
precipitation in southern Quebec of Canada. Li et al. [10] dis-
cussed the six probability distributions performances (Expo-
nential, Gamma, Weibull, skewed Normal, mixed Exponen-
tial, and hybrid Exponential/Generalized Pareto distribu-
tions) in precipitation extremes fitting on the Loess Plateau
of China based on 47 stations. Rahman et al. [15] investigated
the suitability of as many as fifteen different probability dis-
tributions based on large Australian annual maximum flood
datasets.

Some studies show that GEV or GPD could provide the
optimum fit to the extreme precipitation data for compar-
isons [6, 14, 16], while others show the different results. Wilks
[17] found that the mixed Exponential distribution simulated
extremes better than Gamma distribution at 30 stations
across the United States. Li et al. [10] concluded that the
skewed Normal distribution performed the best in repro-
ducing extreme precipitation events on the Loess Plateau
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of China. Fischer et al. [18] found Wakeby distribution
described best for both the maximum precipitation and 5-
day maximum precipitation in Zhujiang river basin of China.
Papalexiou et al. [3] compared the performance of Pareto,
Weibull, Lognormal, and Gamma distributions based on
daily precipitation records from 15029 stations and found that
the ranking from best to worst in terms of their performance
was Pareto, Lognormal, Weibull, and Gamma distributions.

Studies also show that the applicability of different prob-
ability distributions is found to be related to the spatial and
temporal differences in the study area. For example, the
mixed Exponential distribution is superior during warmer
months, whereas the Gamma distribution is adequate for
winter months in Canada [19]. GEV provides a better per-
formance for catchments with medium to high mean annual
precipitation, while the 3-parameter Lognormal distribution
is probably a more appropriate choice for dry intermediate-
sized catchments [16]. Additionally, the complexity of prob-
ability distributions may contribute to model performance.
Suhaila and Jemain [20] assessed the performances of the
mixed Gamma, mixed Weibull, and mixed Exponential ones
together with single parameter distributions in Peninsular
Malaysia and found the mixture distributions to be bet-
ter than the single distributions in modelling precipitation
amounts.

Each kind of probability distribution has its own applica-
bility and limitations. Assessing the applicability of different
distribution models is necessary to provide more accurate
precipitation information. Furthermore, the selection of an
appropriate probability distribution is of prime importance
in frequency analysis of extreme events. Consequently, this
studywillmainly focus on the probabilitymodeling of precip-
itation extremes over two river basins in China by using dif-
ferent probability distributions, together with the estimations
of return periods. This paper aims to contribute to not only
providing support in the selection of extreme value tech-
niques for frequency analysis of precipitation extremes over
the inland river basins, but also better understanding the
extreme information of precipitation over the study areas.

2. Study Area and Datasets

The second and the third largest inland river basins, Heihe
River basin and Shiyang River basin, in northwest of China
are selected as the study areas. Two basins are adjacent
regions geographically and located between 37∘–43∘N and
97∘–104∘W. The areas for the basins are 142900 km2 and
41600 km2, respectively. Both two river basins are originated
fromQilianMountain anddisappeared in the deserts.The cli-
mates are characterized as inlands with cold and dry winters
and hot and arid summers.The spatial and temporal distribu-
tions of annualmeanprecipitation are uneven for both basins,
decreasing from 300–400mm in the southern mountainous
area (the upper reaches) to 100mm or so in the north
(the lower reaches). More than 70% of annual precipitation
concentrates in June, July, August, and September, and that in
July is much higher than other months. Winter precipitation
(December, January, and February the following year) partly
in form of snowfall is the least, only accounting for 3% or so

of the total amount. The coefficient of variation (CV) over
Heihe River basin increases from 0.13 to 0.56 from the upper
to the lower reaches, indicating that interannual precipitation
varies greatly for the lower reaches. Comparatively, it changes
smoothly for the whole Shiyang River basin with CV values
ranging from 0.19 to 0.28.

There are 13 national meteorological stations over the two
basins, with 4 (TL, YNG, QL, andWSL) in the upper reaches,
6 (SD, ZY, GT, JQ, WW, and YC) in the middle reaches, and
3 (DX, EJNQ, and MQ) in the lower reaches. The elevations
range from over 3300m to about 900m. The locations of
stations are shown in Table 1 and Figure 1. Daily precipitation
records from 13 stations during the period of 1960 to 2010 over
two basins are used to assess the performance of a range of
probability distribution models.

3. Methodology

3.1. Probability Distribution Models. Extreme value theory
has emerged as one of the most important statistical disci-
plines for the meteorological and hydrological sciences over
the last 50 years. Extreme value techniques are also becoming
widely used inmany researches. It is clear thatmany probabil-
ity distributions can be used to fit the empirical precipitation
extremes [9, 10, 15]. However, we just fit and compare the
performance of eight different and commonly used distribu-
tions: Exponential, Gumbel, Loglogistic, Lognormal, Pareto
2, Weibull, Burr, and GEV distributions. The reason behind
the selection of the above probability distributions is their
simplicity, superiority, and popularity in the literatures for
frequency analysis of extreme events [11, 15].

The Exponential distribution is a commonly used dis-
tribution. It has a fairly simple mathematical form with the
probability density function (pdf) and the cumulative density
function (cdf) as follows:

𝑓 (𝑥) = 𝜆 exp (−𝜆𝑥) ,

𝐹 (𝑥) = 1 − exp (−𝜆𝑥) .
(1)

It requires the knowledge of only one parameter, 𝜆, which
makes it fairly easy to manipulate. As 𝜆 is decreased, the
distribution is stretched out to the right, and as 𝜆 is increased,
the distribution is pushed towards the origin. It is a special
case of the Weibull distribution.

The Gumbel distribution also referred to as the extreme
value type I distribution [9] has two forms, one is based on
the smallest extreme (minimum case), and the other is based
on the largest extreme (maximum case). In this study, the
maximum case is used. Its pdf and cdf are given by

𝑓 (𝑥) =

1

𝜎

exp [− (

𝑥 − 𝜇

𝜎

) − exp (−
𝑥 − 𝜇

𝜎

)] ,

𝐹 (𝑥) = exp [− exp (−
𝑥 − 𝜇

𝜎

)]

(2)

and 𝜎 is scale parameter (𝜎 > 0) and 𝜇 is location parameter.
It is also a particular case of GEV distribution.
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Figure 1: The locations of Heihe River basin and Shiyang River basin in China and the meteorological stations involved.

The Loglogistic distribution is a two-parameter distribu-
tion with parameters 𝛼 and 𝛽. Its pdf and cdf are given by

𝑓 (𝑥) =

(𝛽/𝛼) (𝑥/𝛼)
𝛽−1

[1 + (𝑥/𝛼)
𝛽

]

2

,

𝐹 (𝑥) = [1 + (

𝑥

𝛼

)

−𝛽

]

−1

(3)

and 𝛼 is shape parameter (𝛼 > 0) and 𝛽 is scale parameter
(𝛽 > 0). For 𝛽 ≥ 1, its pdf decreases monotonically and is
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convex. For 0 < 𝛽 < 1, the pdf starts at zero, increases to its
mode, and decreases thereafter. The shape of the Loglogistic
distribution is very similar to that of the Lognormal distribu-
tion and the Weibull distribution.

The Lognormal distribution, as may be surmised by the
name, has certain similarities to the Normal distribution. A
random variable is Lognormally distributed if the logarithm
of the random variable is normally distributed. The pdf and
cdf for Lognormal distribution are given by

𝑓 (𝑥) =

1

𝑥𝜎√2𝜋

exp[−
(ln𝑥 − 𝜇)

2

2𝜎
2

] ,

𝐹 (𝑥) = Φ(

ln𝑥 − 𝜇

𝜎

) ,

(4)

where Φ is the Laplace Integral, 𝜎 is scale parameter (𝜎 > 0),
and 𝜇 is location parameter. The Lognormal distribution is a
good companion to the Weibull distribution in many cases.

The Pareto distribution is a power law probability distri-
bution that is used in description of many types of observa-
tions. There is a hierarchy of Pareto distributions known as
Pareto types I, II, III, and IV and Feller-Pareto distributions.
The pdf and cdf for Pareto type II (written as Pareto 2 herein)
which is employed in this study are given by

𝑓 (𝑥) =

𝛼𝛽
𝛼

(𝑥 + 𝛽)
𝛼+1

,

𝐹 (𝑥) = 1 − (

𝛽

𝑥 + 𝛽

)

𝛼

(5)

and 𝛼 is shape parameter (𝛼 > 0) and 𝛽 is scale parameter
(𝛽 > 0). The Pareto distribution is a special case of the GPD
which is a widely used and popular extreme value technique
in recent years [1, 10, 13, 21].

The Weibull distribution, also known as extreme value
type III distribution, is still a two-parameter distributionwith
parameters 𝛼 and 𝛽. The pdf and cdf for Weibull distribution
are

𝑓 (𝑥) =

𝛼

𝛽

(

𝑥

𝛽

)

𝛼−1

exp [−(

𝑥

𝛽

)

𝛼

] ,

𝐹 (𝑥) = 1 − exp [−(

𝑥

𝛽

)

𝛼

]

(6)

and 𝛼 is shape parameter (𝛼 > 0) and 𝛽 is scale parameter
(𝛽 > 0). The Weibull distribution is a versatile distribution
that can take on the characteristics of other types of distribu-
tions, based on the value of the shape parameter, 𝛽.

The three-parameter Burr distribution is a very flexible
distribution family that can express a wide range of distribu-
tion shapes. The pdf and cdf for Burr distribution are given
by

𝑓 (𝑥) =

𝛼𝑘(𝑥/𝛽)
𝛼−1

𝛽[1 + (𝑥/𝛽)
𝛼

]
𝑘+1

,

𝐹 (𝑥) = 1 − [1 + (

𝑥

𝛽

)

𝛼

]

−𝑘

,

(7)

where 𝑘 is shape parameter (𝑘 > 0), 𝛼 is shape parameter (𝛼 >

0), and 𝛽 is scale parameter (𝛽 > 0). The Burr distribution
includes, overlaps, or has as a limiting case many commonly
used distributions such as Gamma, Lognormal and Loglo-
gistic ones. It has two asymptotic limiting cases: Weibull
and Pareto type I. Due to different values of its parameters
covering a broad set of skewness and kurtosis, the Burr
distribution can fit a wide range of empirical data in various
fields such as hydrology, meteorology, and finance.

The generalized extreme value (GEV) distribution is
a family of continuous probability distributions developed
within extreme value theory to combine theGumbel, Fréchet,
and Weibull families [9]. By the extreme value theorem,
it is the limiting distribution of an infinite observed series
of maximum (minimum) values that are independent and
identically distributed. The pdf and cdf for GEV are given by

𝑓 (𝑥) =

1

𝜎

[(1 + 𝜉

𝑥 − 𝜇

𝜎

)

−1/𝜉

]

𝜉+1

𝑒
−[(1+𝜉((𝑥−𝜇)/𝜎))

−1/𝜉

]

𝜉 ̸= 0,

(8)

𝐹 (𝑥) = 𝑒
−[1+𝜉((𝑥−𝜇)/𝜎)]

−1/𝜉

𝜉 ̸= 0, (9)

where 𝑥 is a selected quantile and 𝜇, 𝜎, and 𝜉 are referred to as
the location, scale, and shape parameters, respectively. When
the shape parameter 𝜉 > 0, the distribution is said to have a
heavy tail and is called GEV type II or Frechet distribution.
In this case, the probability density function decreases in the
upper tail at a very slow rate.When 𝜉 < 0 then the distribution
has a bounded (from below and above) upper tail (GEV type
III or the Weibull distribution). The 𝜉 = 0 is a special case of
the GEV distribution (GEV type I) that is referred to as the
Gumbel distribution.

It is well known that several methods have been exten-
sively used to estimate the parameters of candidate prob-
ability distributions, for example, the maximum likelihood
method, method of moments, method of L-moments, and
least square method [22–24]. We employ the widely used
maximum likelihood estimation to derive the parameters for
different probability distributions.

3.2. Goodness-of-Fit. Kolmogorov-Smirnov test is used in
this study to decide if the precipitation extremes come from
a hypothesized continuous distribution. It is based on the
empirical cumulative distribution function (cdf). Assume
that we have a random sample 𝑥

1
, . . . , 𝑥

𝑛
from some distri-

bution with cdf 𝐹(𝑥). The empirical cdf is denoted by

𝐹
𝑛
(𝑥) =

1

𝑛

[number of observations ≤ 𝑥] . (10)

The Kolmogorov-Smirnov statistic (𝐷) is based on the largest
vertical difference between the theoretical cdf and the empir-
ical cdf

𝐷 = max
1≤𝑖≤𝑛

[𝐹 (𝑥
𝑖
) −

𝑖 − 1

𝑛

,

𝑖

𝑛

− 𝐹 (𝑥
𝑖
)] . (11)

The hypothesis regarding the distributional form is rejected
(the data do not follow the specified distribution) at the
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chosen significance level 𝛼 if the test statistic, 𝐷, is greater
than the critical value obtained from a table [25]. The fixed
values of 𝛼 (0.01, 0.05, etc.) are generally used to evaluate the
null hypothesis (𝐻

0
) at various significance levels. A value of

0.05 is typically used for most applications and also for this
study.

Additionally, the probability difference graph and the
probability-probability (P-P) plot are used as well to evaluate
the quality of the model fitting. The probability difference
graph is a plot of the difference between the empirical cdf and
the theoretical cdf,

Diff (𝑥) = 𝐹
𝑛
(𝑥) − 𝐹 (𝑥) . (12)

This graph can be used to determine how well the theoretical
distribution fits to the observed data and compare the good-
ness of fit of several fitted distributions.TheP-P plot is a graph
of the empirical cdf values plotted against the theoretical cdf
values. It is used to determine howwell a specific distribution
fits to the observed data. This plot will be approximately
linear if the specified theoretical distribution is the correct
model [9].

3.3. Return Level Estimation. When we explore the extreme
events, what extreme events might occur in 100-year or even
longer return periods given the much shorter period data
available is another active topic [8, 26–28]. The T-year return
level can be calculated straightforwardly once the model
parameters are estimated. For example, let 𝜇, �̂�, and ̂

𝜉 be the
maximum likelihood estimate for the location (𝜇), scale (𝜎),
and shape (𝜉) parameters of GEV distribution; according to
the formula (9), we can get the following equation:

𝑥 = 𝜇 −

�̂�

̂
𝜉

[1 − (− ln𝐹 (𝑥))
−
̂
𝜉

] (13)

with 𝐹(𝑥) = 1 − 1/𝑇; that is,

𝑥 = 𝜇 −

�̂�

̂
𝜉

[1 − (− ln(1 − 1

𝑇

))

−
̂
𝜉

] (14)

in which 𝑇means the return period and 𝑥 denotes the theo-
retical return levels for a given return period.The calculations
for other models are the same as this example. The empir-
ical return period for precipitation extremes is calculated
with𝑇 = 1/(1−(𝑖−0.4)/(𝑛+0.2)), in which 𝑖means the order
of the ascending precipitation extremes data (𝑖 = 1, 2, . . . , 𝑛)
[29].

4. Results and Analysis

We focus on the precipitation extremes over the two inland
river basins, while, what extremes can be considered as “pre-
cipitation extremes”? From meteorological point of view, the
most commonly used way to indicate the so-called precipita-
tion extremes is those that occurred with the amount exceed-
ing a certain fixed level. However, such fixed level seems not
reasonable, since it may vary with the regions and seasons.
Thus in some literatures, another way, precipitation that
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Figure 2: Values of statistic 𝐷 in K-S test for annual maximum
precipitation of all stations by using different distributions.

exceed a certain threshold is regarded as precipitation
extremes [9, 13, 30]. The advantage of this way lies in making
full use of the extreme information contained in a given
period, while the limitation is that it is difficult to select the
suitable threshold value which requires neither too low nor
too high [6, 31]. Therefore, the series of annual maximum
of contiguous daily precipitation observations will be con-
sidered as “precipitation extremes” herein. In addition, for
better understanding the characteristics of seasonal precip-
itation extremes, the seasonal maximum precipitation is also
investigated in the following analysis.

4.1. Probability Modeling for Annual Maximum Precipitation.
Figure 2 shows the values of statistic,𝐷, in K-S test for all sta-
tions by using the eight distribution models. The smaller the
value of statistic 𝐷, the better the performance of model fit-
ting.The black dashed horizontal linemeans the critical value
at 0.05 significance level. Clearly to see, the hypothesis regard-
ing the annual maximum precipitation (MP) data following
the Exponential or Pareto 2 distributions is rejected for all sta-
tions at 0.05 significance level since the calculated𝐷 is much
greater than the critical value. We rank the distributions
based on their performances measured by K-S test results.
The top three distributions (with the smallest, the second
smallest, and the third smallest values of 𝐷) for different
stations are shown in Table 2. From Figure 2 and Table 2, it
is clear that GEV distribution shows the most appropriate
distribution for 5 of 13 annual MP time series, owing to the
smallest calculated statistics𝐷 among the eight distributions.
For another four annual MPs (GT, JQ, DX, and WSL), Burr
distribution shows the best partly owing to its flexibility. For
ZY and YC stations, Weibull performs the best. Integrating
the performance of top three distributions together, GEV
ranks the first, owing to 13 annualMP datasets fitted well with
the best, the second best, or the third best performance. Burr
ranks the second with 10 of 13 datasets fitted well with top
three, and Weibull distribution ranks the third with 7 of 13
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Figure 3: The P-P plot (a), probability difference graph (b), and cdf plot (c) for annual maximum precipitation of EJNQ station by using
various probability distributions.

datasets fitted well with top three. Therefore, GEV, Burr, and
Weibull are the top three distributions for the annual MP of
this study.

Graphical diagnostics are also explored for evaluating
the quality of the model fitting. In a P-P plot, a perfect fit
is indicated if all scatters follow the 1 : 1 line in the plot.
The larger the differences between the dots and the line,
the poorer the quality of the model fitting. Taking EJNQ
station as an example, results for different distributions with
better performance in the annual MP fitting are presented
for comparisons, which is shown in Figure 3. In the P-
P plot (Figure 3(a)), compared with those of other three
distributions (Loglogistic, Lognormal, and Gumbel denoted
by green, orange, and blue solid rectangles), results for GEV,
Burr, and Weibull (denoted by red, black, and blue hollow
circles) distributions are more close to the 1 : 1 line, meaning
that the latter specified theoretical distributions are the more

appropriate models for comparisons. The same conclusion
also can be drawn from Figure 3(b); the smaller probability
differences are found forGEV, Burr, andWeibull distributions
compared with the other three distributions. Figure 3(c)
presents the cdf plot of top three distributions, together with
the empirical ones marked by black hollow circles. It is clear
that the lines for GEV, Burr, and Weibull models are very
close to each other and approximate to most of the empirical
points. Graphical diagnostics for other stations also show that
satisfactory fittings could be given from the six distributions
for each station and fairly better fittings are given from those
top three distributions. Due to the space limited, the figures of
P-P plots, probability difference plots, and cdf plots for other
stations are omitted herein.

4.2. Probability Modeling for Seasonal Maximum Precipi-
tation. With regard to the seasonal MP, four seasons are
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Figure 4: Values of statistic𝐷 in K-S test for seasonal maximum precipitation of all stations by using different distributions.

Table 2: The top three distributions most suitable for annual
maximum precipitation of each station.

Station ID 1 2 3
TL GEV Loglogistic Gumbel
YNG GEV Weibull Burr
QL GEV Lognormal Gumbel
SD GEV Burr Weibull
ZY Weibull GEV Burr
GT Burr GEV Lognormal
JQ Burr GEV Loglogistic
DX Burr Weibull GEV
EJNQ GEV Burr Weibull
WSL Burr Weibull GEV
WW Loglogistic GEV Burr
YC Weibull GEV Burr
MQ Lognormal GEV Gumbel

divided in one year, Spring (March to May), Summer (June
to August), Autumn (September to November), and Winter
(December to the next February). The MP data over each
season then forms the seasonal MP datasets. The eight dis-
tributions mentioned above are employed to fit the seasonal

maximum datasets as well. Results of K-S test are shown in
Figure 4. The legends are the same as those in Figure 2 and
thus omitted. As annual ones, Exponential and Pareto 2
models are not proved to be suitable for most of stations
(Figure 4) due to the larger values of statistic 𝐷 in K-S test
compared with the critical value denoted by dashed line in
the figure.

The top three distributions for each station are shown in
Table 3. For Spring MP, GEV performs the best fit for 7 of
13 stations. Burr performs the best for 2 stations. Weibull,
Gumble, and Loglogistic ones show the best for only 1 station,
respectively. GEV, Burr, andWeibull rank the top three for all
datasets, in which 11, 11, and 8 of 13 datasets are fittedwell with
the best, the second, or the third best performance, respec-
tively. Note that although Pareto 2 and Exponential distribu-
tions are not suitable formost datasets, they show the best and
the second best performance for SpringMP ofDX station and
Pareto 2 show the second best for EJNQ station. For Summer
MP, the top three distributions for each station are more
various.While GEV, Burr, andWeibull still rank the top three
for all SummerMPdatasets with the best (or second and third
best) performance of fitting. Concerning Autumn MP, GEV
presents the best fitting for 7 of 13 stations, followed by
Weibull and Lognormal distributions. The top three distri-
butions for Autumn MP remain the same as those for other
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Table 4: Estimations of annual and seasonal maximum precipitation at different return periods by using the best fitted model (mm).

Station ID Annual Spring Summer Autumn Winter
A B C A B C A B C A B C A B C

TL 34 39 42 18 19 20 32 45 53 19 21 22 3 4 5
YNG 37 40 42 19 22 24 37 40 43 27 33 37 3 4 4
QL 38 43 46 19 21 22 38 43 46 26 31 34 3 3 3
SD 41 47 51 18 21 25 43 51 57 23 26 28 4 5 5
ZY 28 30 32 17 21 24 30 38 45 20 23 26 3 4 4
GT 35 45 54 22 30 37 32 39 45 24 33 40 4 5 6
JQ 36 47 57 16 20 22 30 39 47 20 29 39 4 5 6
DX 21 25 29 14 19 22 20 25 29 16 21 25 4 5 7
EJNQ 23 30 36 10 16 23 18 22 25 14 23 33 — — —
WSL 38 41 42 26 35 44 37 40 42 28 34 39 4 5 6
WW 42 55 66 17 21 24 44 57 69 23 28 31 5 6 6
YC 32 34 36 17 19 21 32 35 37 24 29 33 4 5 7
MQ 38 45 50 15 18 20 36 42 45 18 21 23 4 5 6
Note:A,B, andCmean 20-year, 50-year, and 100-year return periods, respectively.

seasons. Exponential and Pareto 2 models are not suitable
for 10 of 13 stations in terms of K-S test. For Winter MP,
GEV shows the best fitting for 5 stations, and Weibull and
Loglogistic models show the best fitting for 3 and 2 stations.
The top three distributions forWinter MP are still GEV, Burr,
and Weibull in turn. There is one point that is noteworthy:
none of the distributions employed in this study are suitable
for Winter MP of EJNQ station. Further analysis for Winter
MP of EJNQ station found that the average Winter MP only
amounts to 0.43mm over the period of 1960 to 2010 and
45% (23 of 51) of zero values involved. Therefore, there is not
necessary to analyze the Winter MP of this station owing to
too small amount of precipitation.

Another comparison revealing the overall performance
of the fitting is based on the graphical diagnostics. By way
of example, cdf plot for DX station is considered in Figure 5
showing the empirical cdf and the most appropriate theoreti-
cal cdf against observed seasonalMP.Thehollow circlesmean
the empirical values and the solid lines mean the theoretical
values. The red, black, blue, and green represent Spring,
Summer, Autumn, and Winter, respectively. It is clear that
the corresponding theoretical distributions fit well not only
to the small and moderate points but also to the large (also
called the tails) points of each dataset, ensuring that the fitted
distribution provides the best possible description of all
datasets in four seasons. The cdf plots of seasonal MP for
other stations (omitted here due to the large number of figures
and space limited) also show that the top one distribution
could give a quite satisfactory fitting to the empirical one.

To sum up, GEV, Burr, and Weibull distributions are
proved to be most suitable extreme value techniques for
annual and seasonal MP over the two river basins.

4.3. Return Level Estimation with the Best Fitted Model. The
estimated return levels based on the corresponding optimum
models for annual and seasonal MP are given in Table 4. For
annual MP, it is estimated to be 37mm for the upper reaches
on average, 36mm for the middle and 27mm for the lower
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Figure 5: The cumulative density function plot for seasonal maxi-
mum precipitation of DX station by using the best fitted probability
distributions.

reaches at 20-year return period, 41mm, 43mm, and 33mm
at 50-year return period, and 43mm, 49mm, and 38mm
at 100-year return period, showing that, at shorter return
period, the estimated return levels are higher for both upper
and middle reaches than that for the lower reaches, which is
consistent with the spatial changes of annual precipitation.
While being at moderate and longer return periods, the
situation appears different. The estimated annual MP for the
middle reaches shows the highest, followed by those for the
upper and lower reaches. Actually, it can be interpreted based
on the observedhistorical precipitation data. For example, the
MP for GT station (located in the middle reaches of Heihe
River basin) accounts for 65.5mm in 1974, more than 1.5
times higher than that for the upper reaches in Heihe River
basin (44.2mm in 1983 for TL station); the MP of 62.7mm
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Figure 6: The empirical and the theoretical return levels in terms
of different probability distributions for annual maximum precipi-
tation of TL station.

and 65.4mm for WW and YC stations observed in 1985 and
1987 is also 1.5 times higher than that for the upper reaches
in Shiyang River basin (42.6mm in 1997 for WSL station). In
extreme value theory, the larger values (the tails of the data)
are paid more attention in the fitting; thus, the higher histori-
cal extreme observations for themiddle reaches would largely
affect the shape of the distributions and consequently result
in larger estimated return levels than those for the upper and
lower reaches.

The return levels for Spring MP show decreasing trends
from the upper to the middle and then to the lower reaches
totally speaking. Specially, it decreases from 21mm to 18mm
and 13mm at 20-year return period, from 24mm to 22mm
and 18mm at 50-year return period, and from 28mm to
26mm and 22mm at 100-year return period. Summer MP
approximates to annual MP both in the estimated quantity
and in the spatial distributions, showing higher estimated val-
ues for the upper andmiddle reaches at shorter return period
and highest estimated values for the middle reaches at mod-
erate and longer return periods. Estimated values for Autumn
MP show a little higher than those for Spring MP, while
keeping consistent with those for Spring MP in the spatial
distribution. As for Winter MP, very slight precipitation is
estimated on three kinds of return periods owing to the dry
winter in the study areas.

4.4. Differences in Return Level Estimation. Since more than
one distribution model reveals better performance in annual
and seasonal MP fittings based on K-S test, we then calculate
and compare the estimated return levels in terms of different
distributions on various return periods. Taking annual MP
of TL station as an example, Figure 6 shows the theoretical
return levels in terms of different probability distributions,
in which, the red, green, purple, brown, pink, and blue
solid lines denote the estimations from GEV, Loglogistic,
Gumbel, Lognormal, Burr and Weibull distributions, and
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Figure 7: The largest difference in the estimated annual maximum
precipitation derived from the alternative models and the best fitted
ones on different return periods.

the set of hollow black circle denotes the empirical return
period for the observed annual MP during the past 51 years.
In this figure, two points are worth highlighting; one is that
the estimated theoretical return levels from the top three
distributions (GEV, Loglogistic, and Gumbel) most closely
match the empirical ones in comparison, although all six
distributions show good performance in the fitting based on
K-S test. Another point is that the estimated theoretical return
levels differ depending on the distribution model used.

Since the estimations of return levels are different
depending on the model we select, we try to discuss the
degree of such difference caused by models. Suppose that 𝑥

0

means the return levels derived from the best fitted model
which with the smallest statistic 𝐷 in K-S test and 𝑥

𝑖
(𝑖 =

1, 2, . . . , 5) means those values from the other fitted models
which are inferior to the most fitted model from the perspec-
tive of K-S test results. Then the difference is defined as 𝛼 =

((𝑥
𝑖
− 𝑥
0
)/𝑥
0
) × 100%.The smaller the value of 𝛼, the smaller

the difference resulting from the alternative model and the
best fitted model. For the above specific example, compared
with the best fitted model (GEV), Burr andWeibull show the
larger deviations with differing by 8–10%, 16–18%, and 20–
28% at 20-year, 50-year, and 100-year return periods, respec-
tively.

Figure 7 shows the greatest differences (largest 𝛼)
between the alternative models and the best fitted one on
different return periods for all stations. Totally speaking, the
largest difference among different stations displays as high as
22%, 36%, and 53% on 20-year, 50-year, and 100-year return
periods, respectively, and the smallest difference among
different stations also reaches as high as 6%, 11%, and 18% on
the above three return periods. It is quite comparable with
the findings of Esteves [28] with differing by more than 40%
depending on the distribution model used in the extreme
precipitation estimates for long return periods. From the
point of spatial scales, the differences in estimating return
levels for the upper reaches (TL, YNG, QL, andWSL) present
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lower than those for the middle (SD, ZY, GT, JQ, WW, and
YC) and lower reaches (DX, EJNQ, and MQ). Specifically,
on average, it increases from 8% to 15% and 13% on 20-year
return period (in blue column) from the upper to the middle
and lower reaches, increases from 15% to 16% and 23% on
50-year return period (in red column), and increases from
22% to 23% and 33% on 100-year return period (in green
column). It is also clear that the longer the return periods, the
greater the differences generated, which fairly corresponds to
the features of extrapolations based on extreme value theory.
Analysis for seasonal MP is omitted here due to the similar
conclusions derived and limited space of the paper.

5. Conclusions

This study mainly investigates the performance of eight com-
monly used probability distributions for annual and seasonal
maximum precipitation over two river basins in China and
estimates the return levels on various return periods, with the
purpose of both providing recommendation in the selection
of suitable distribution for frequency analysis of precipitation
extremes and better understanding the characteristics of
extreme precipitation over the study areas. Daily precip-
itation records from 13 meteorological stations over two
inland river basins are used. The goodness-of-fit is evaluated
by comparing the calculated statistics 𝐷 in K-S test, together
with such graphical diagnostics as probability difference
graph, P-P plot, and cdf plot.

Results show that GEV, Burr, and Weibull distributions
are proved to be the most suitable extreme value techniques
in turn for both annual and seasonal MP over the two river
basins. The worst performances are found for Exponential
and Pareto 2 distributions even without passing the signifi-
cance test for most MP of most stations.This leads to the rec-
ommendation that GEV, Burr, and Weibull distributions are
preferable as means to model annual and seasonal maximum
precipitation events for the dry inland river basins. We also
note thatmost distributions selected here are relatively simple
with only one shape parameter controlling their asymptotic
behavior. Those distributions with more than one shape
parameter may fit the tails of the data better; for example,
Suhaila and Jemain [20] found that themixedGamma,mixed
Weibull, andmixed Exponential showed better performances
than the single distributions in modelling precipitation
amounts in Peninsular Malaysia.

The estimated return levels based on the optimummodels
show that, for annual MP, they are higher for both upper
and middle reaches than those for the lower reaches at
shorter return period (20-year), while atmoderate and longer
return periods (50-year and 100-year), the estimates for the
middle reaches show the highest. Estimates of Summer MP
approximate to those of annual MP both in the quantity and
in the spatial distributions. Estimates of Autumn MP show a
little higher value than those of Spring MP, while the tenden-
cies of spatial distributions present the same. As for Winter
MP, very slight precipitation is estimated owing to the dry
winter in the study areas. Another finding is that there are
large differences among the estimated return levels derived
from different distributions on various return periods. It

differs by 22%, 36%, and 53% at 20-year, 50-year, and 100-
year return periods for annual maximum precipitation over
two basins on average. It indicates that there are limitations
to consider only one distributionmodel in extreme precipita-
tion analysis, and cautions should be given to the protection
of flood defense or infrastructure which are designed based
on the estimated return levels.
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Drought identification and assessment are essential for regional water resources management. In this paper, the spatiotemporal
characteristics of drought were evaluated based on monthly precipitation data from 33 synoptic stations during the period of
1960–2010. The percent of normal precipitation was applied to illustrate the driest years in Beijing-Tianjin-Hebei metropolitan
areas (BTHMA) (1965, 1997, and 2002). The modified Reconnaissance Drought Index (RDI) was applied to capture the drought
patterns and to estimate the drought severity at 33meteorological stations. Agglomerative hierarchical cluster analysis (AHCA) and
principal component analysis (PCA) were used to identify three different drought subregions R1, R2, and R3 based on the monthly
precipitation values in BTHMA, which is located in southeast, north, and south of BTHMA, respectively. The year 1965 was the
driest and 1964 was the wettest during the observed period. The characteristics of drought were analyzed in terms of the temporal
evolution of the RDI-12 values and the frequency of drought for the three identified regions. The percentage of years characterized
by drought was 13.73% for R1, 16.50% for R2, and 15.53% for R3. 66.91% of drought belongs to the near normal drought category.
The obtained results can aid to improve water resources management in the area.

1. Introduction

In recent years, climate change and the growing global warm-
ing trend have aroused people’s concern, which frequently
caused the extreme events [1–3]. As one of the most serious
disasters in the large of extreme weather events, drought has
devastating impacts on water resources, the environment,
and the human health in some regions, even all over the
world [4, 5]. Drought is not only a complex natural hazard
but a disaster [6], which is defined by the lack of precipitation
[7]. Besides, regional drought has become one of the vital
researches on regional studies of global change [8]. And
it becomes important to study the drought distribution
characteristics on the time and space of a region and what
caused the drought [9, 10].

Drought is often represented in terms of drought variables
[11], which include drought intensity, drought frequency, and
duration. A large number of drought indices with various

complexities have been used in many areas all over the world
for various purposes. Some of the most popular indices used
in the past include the Palmer Drought Severity Index (PDSI)
[12], the Rainfall Anomaly Index (RAI), the Soil Moisture
Drought Index (SMDI), the Standardized Precipitation Index
(SPI) [13], the Deciles, the Percent of Normal, the CropMois-
ture Index (CMI), the Palmer Hydrological Drought Index
(PHDI), the Surface Water Supply Index (SWSI) [11, 14], the
Standardized Anomaly Index (SAI), and indices based on the
Normalized Difference Vegetation Index (NDVI) [15]. Heim
[16] summarized a comprehensive review of drought indices
used in the United States for 20th century.

During the first decade of the 21st century, the Stan-
dardized Precipitation Index (SPI) was widely utilized, which
involves only precipitation data and can be detected nearly
everywhere. Recently a new index, the Reconnaissance
Drought Index (RDI), was advanced [17, 18].
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The percent of normal precipitation was applied to
illustrate the driest years and the modified RDI was used
to capture the drought patterns and estimate the drought
severity. RDI is widely used and is gaining ground, mainly
owing to its wicked data condition 𝑠 and its high sensitivity
and elasticity [19–23]. And it is based both on accumulative
precipitation (𝑃) and on potential evapotranspiration (PET).
In addition, previous studies have detected that the use of dif-
ferent PETmethods has no significant influence on RDI.This
also supports the perspective that RDI is a vigorous drought
index, not dependent on the PET calculationmethods, which
simplifies the process of calculation [15].

Numerous studies worldwide have been conducted to
analyze the spatial and temporal characteristics of drought.
Rossi et al. [24] focused on spatial aspects of drought by
examining all drought characteristics. For this goal, the study
quantified droughts at different locations using several types
of hydrologic data from all the observation sites within the
study area. To obtain the better understanding of spatial
patterns, a predicting model was developed and applied.
Clausen and Pearson [25] analyzed the relationship between
duration and severity of the largest annual droughts at various
locations by applying linear regression analysis. Moreover,
the regional drought frequency analysis was performed to
achieve more reliable results for study areas with limited
or inadequate data available. Estrela et al. [26] studied
the impact and the frequency of drought, as well as its
pressures on water resources. They highlighted that pre-
cipitation across Europe has been reducing during the last
three decades of the 20th century. As a result, the number
of extreme dry periods was increased over the last decade
of the 20th century. Besides, a lot of researches have been
conducted to better estimate spatial patterns on drought
intensity and duration. Yoo and Kim [27] investigated the
vulnerability of an environment to drought based on soil
moisture. The spatial-temporal patterns of drought were
characterized by applying the empirical orthogonal function
(EOF), which enables us to identify major styles of spatial
variability. Gocic and Trajkovic [7] analyzed the evaluation of
spatiotemporal characteristics of drought based on monthly
precipitation data from meteorological stations. The percent
of normal precipitation was applied to illustrate the driest
years in Serbia and the Standardized Precipitation Index
(SPI) and principal component analysis (PCA) were used to
capture the drought patterns. Cluster analysis was applied to
identify different drought subregions. The characteristics of
drought were analyzed in terms of the temporal evolution
of the SPI-12 values and the frequency of drought for the
identified subregions.

Furthermore, there are some studies on evaluating the
characteristics of drought for different periods and sites
in China. For instance, Yuan and Wu [28] introduced the
agricultural drought index (CSDI) and analyzed space and
temporal changes of agricultural drought in the study area.
By analyzing the CSDI values of 18 representative stations
distributed in BTHMA from during the period of 1961–1990,
four types of agricultural drought in this area were identified.
Risk analysis on agricultural drought further showed the
possibility of drought afflicted in agricultural production in

the area. Yan et al. [29] applied standardized precipitation
index (SPI) as drought index and used precipitation from
meteorological stations of China in the years of 1958 to 2007
to calculate the indices in each of seasons. Through applying
Kriging interpolation to SPI values for each station all the
values could be spatially and temporally comparable. Based
on raster data of seasonal SPI, drought rate and drought
probability were computed to demonstrate the spatial and
temporal distribution characteristics of drought in Hebei
province from the years of 1958 to 2007. Liu et al. [30] studied
the spatial anomaly and temporal evolution characteristics
of annual standard drought index by using EOF, the rotated
empirical orthogonal function (REOF), wavelet analysis, and
Mann-Kendall test based on the data ofmonthly precipitation
and monthly average temperature of 589 meteorological
stations over China from 1961 to 2009. The results showed
that abnormality of the annual standard drought index over
China was significant in ten areas. Among them, the climate
became significantly dryer in seven regions and it became
significantly wetter in 3 regions. There existed multiple time
scale features over China for arid-wet change according to
wavelet energy spectrum.However, a comprehensive analysis
considering both precipitation and evapotranspiration in
precipitation series and drought in regions as presented here
is still lacking.

In this study, two drought indices—the percentage of
normal precipitation and the Reconnaissance Drought Index
(RDI)—were used. The percentage of normal precipitation
was preliminarily applied to illustrate the driest years in
Beijing-Tianjin-Hebei metropolitan areas, which is an effec-
tive index when applied to a single region [31]. The Recon-
naissance Drought Index (RDI) was used as an input for a
principal component analysis (PCA) to identify the drought
patterns. It is reliable, since it calculates the aggregated
difference between precipitation and the evapotranspiration.
It is available under “climate instability” conditions, for
checking the significance of various alterations of climatic
factors related to water scarcity. For better reflecting the
spatial heterogeneity of regional drought, the Reconnaissance
Drought Index (RDI) was modified based on the climatic
characteristics of the study area. In China, neither has the
Reconnaissance Drought Index (RDI) been used in former
researches nor have the cluster analysis and principal com-
ponent analysis (PCA). Thus, the evaluation results based
on modified RDI and PCA will provide some scientific
assistance for decision makers when devising drought and
water resources management policies to mitigate the adverse
influence of drought.

The main objective of this study was (1) to calculate the
percent of normal precipitation to illustrate the driest years
in Beijing-Tianjin-Hebei metropolitan areas; (2) to estimate
drought severity using RDI at the 12-month timescales at 33
meteorological stations; (3) to consider spatial and temporal
variability of drought in Beijing-Tianjin-Hebei metropolitan
areas during the period 1960–2010; (4) to identify subregions
using PCA and cluster analysis and accomplish the character-
ization of the drought in the identified subregions.
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2. Materials and Methods

2.1. Study Area and Data. Beijing-Tianjin-Hebei metropoli-
tan areas (BTHMA), China’s northernmost metropolitan
region with its major cities, Beijing and Tianjin, are located
in Hebei province and stretch from the municipalities of
Beijing andTianjin to theBohai Sea.The study area comprises
roughly 185,000 km2. Southeast of BTHMA is mainly flat,
while its northern areas consist of plateaus and mountains.
The largest part of the area has the continental precipitation
regime. The geographic features affecting the climate of
BTHMA are the Inner Mongolia Plateau, the Hubei Plains,
and the Bohai Sea. On average the maximum precipitation
occurs in July and August and the minimum in February.

Monthly precipitation sets from 33 meteorological
stations which have continuous record were acquired
from meteorological data sharing service system of China
(http://cdc.cma.gov.cn). The investigated time series were
selected according to the availability and reliability of the
data sets. Thus, a record length of 51 years (1960–2010)
was considered, which is the maximum time period of
precipitation data recorded covering all the 33 synoptic
stations. The main information about the stations is
presented in Table 1 and the geographical set of the stations
is shown in Figure 1.

2.2. Methods

2.2.1. Percent of Normal Precipitation. Percent of normal
precipitation is estimated by dividing actual precipitation
by normal precipitation (at least 30-year mean period) and
multiplying by 100%. Normal precipitation for a specific
location is considered to be 100%, while the value of the
index less than 100%means that there are drought conditions.
As the simplest measure of precipitation, it is not useful for
making decisions when used alone [31].

2.2.2.Modified ReconnaissanceDrought Index (RDI). Tsakiris
and Vangelis [32, 33] proposed the reconnaissance drought
index (RDI), utilizing the ratios of precipitation over PET
for different time scales, for representation over the region
of interest. For the annual time scale RDI index is derived by
first calculating 𝛼𝑖

0

:
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=

∑
12
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where 𝑃
𝑖𝑗
and PET

𝑖𝑗
are precipitation and potential evapo-

transpiration of the 𝑗th month of the 𝑖th year, respectively,
and 𝑛 is number of years for investigated data set. Gen-
erally, the Penman-Monteith equation is used to calculate
PET; however, if required parameters are not available, it
is recommended to use the Hargreaves-Samani equation
[34]. Suitability of the Hargreaves-Samani equation has also
been recommended in recent research works, for example,
[15, 35]. Consequently, in the present research with limited
data (only temperature), the Hargreaves-Samani equation
[36] was applied to calculate PET. Considering that the use
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Figure 1: Spatial distribution of the 33 meteorological stations in
Beijing-Tianjin-Hebei metropolitan areas map.

of different PET methods has no significant influence on
RDI, we select the simplest Thornthwaite method with min-
imum data requirements [37]. However, the temperature is
corrected using the effective temperature instead of themean.
The effective temperature is defined as 𝑇ef = 0.36(3𝑇max −
𝑇min) [38, 39].

Normalized RDI (RDIn) is calculated as

RDI(𝑖)n =
𝛼
(𝑖)

0

𝛼
0

− 1, (2)

where 𝛼
0
is the arithmetic mean of 𝛼

0
values, computed for

the 𝑛 years of data.
Then, the standardized RDI (RDIst) is computed in the

way similar to SPI:

RDI(𝑖)st(𝑘) =
𝑦
(𝑖)

𝑘

− 𝑦
𝑘

�̂�
𝑦𝑘

, (3)

where 𝑦(𝑖)
𝑘

is the ln(𝛼(𝑖)
0

), 𝑦
𝑘

is the arithmetic mean, and
�̂�
𝑦𝑘

is the standard deviation of 𝑦
𝑘
, assuming that the log-

normal distribution is appropriate for 𝛼
0
[18]. Finally, the log-

normal probabilities are transformed into 𝑍 normal values
[40]. The standardized RDI behaves similar to the SPI and
so is the interpretation of results. Therefore, the RDIst can be
compared to the same thresholds as the SPI.
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Table 1: Geographical descriptions mean and standard deviation of annual precipitation time series of the synoptic stations used in the study.

Station name Longitude (E) Latitude (N) Elevation (m) Mean (mm) Standard deviation (mm)
Beijing 116.47 39.80 31.30 536.32 172.07
Zhangbei 114.70 41.15 1393.30 386.94 68.47
Weixian 114.57 39.83 909.50 398.88 88.09
Shijiazhuang 114.42 38.03 81.00 525.89 172.28
Xingtai 114.50 37.07 77.30 515.19 176.86
Fengning 116.63 41.22 661.20 458.04 89.55
Weichang 117.75 41.93 842.80 433.49 88.21
Zhangjiakou 114.88 40.78 724.20 399.00 91.85
Huailai 115.50 40.40 536.80 378.98 80.58
Chengde 117.95 40.98 385.90 518.28 108.71
Zunhua 117.95 40.20 54.90 711.88 201.17
Qinglong 118.95 40.40 227.50 691.79 190.63
Qinhuangdao 119.52 39.85 2.40 634.01 179.22
Bazhou 116.38 39.12 9.00 511.18 184.55
Tangshan 118.15 39.67 27.80 605.37 160.43
Laoting 118.88 39.43 10.50 600.22 176.73
Baoding 115.52 38.85 17.20 517.57 195.07
Raoyang 115.73 38.23 19.00 519.99 153.49
Cangzhou 116.83 38.33 9.60 610.09 194.76
Huanghua 117.35 38.37 6.60 589.70 196.37
Nangong 115.38 37.37 27.40 478.54 142.07
Anyang 114.40 36.05 62.90 561.60 169.20
Jianpingxian 119.70 41.38 422.00 459.86 107.01
Huade 114.00 41.90 1482.70 307.79 66.02
Duolun 116.47 42.18 1245.40 375.24 70.05
Dezhou 116.32 37.43 21.20 567.40 182.87
Huimin 117.53 37.48 11.70 572.64 172.16
Shenxian 115.67 36.23 37.80 539.63 158.65
Datong 113.33 40.10 1067.20 370.24 84.31
Wutaishan 113.52 38.95 2208.30 748.29 183.55
Yangquan 113.55 37.85 741.90 541.07 148.24
Tianjin 117.07 39.08 2.50 536.45 147.41
Tanggu 117.72 39.05 4.80 575.59 183.33

The choice of the lognormal distribution is not constrain-
ing but it assists in devising a unique procedure instead of
various procedures depending on the probability distribution
function, which best fits the data. However, the hypothesis
that the data of the RDI

𝑛
follow a lognormal distribution

seems to be the most appropriate. In all examples analyzed
during the establishment of the RDI, the goodness-of-fit
tests confirmed that the lognormal distribution fits the data
satisfactorily.

It should be emphasized that the RDI is based both on
precipitation and on potential evapotranspiration. The mean
initial index (𝛼

0
) represents the normal climatic conditions of

the area and is equal to the Aridity Index as was proposed by
the FAO.

Among others, some of the advantages of the RDI are as
follows.

It is physically sound, since it calculates the aggregated
deficit between precipitation and the evaporative demand

of the atmosphere. It can be calculated for any period of
time. The calculation always leads to a meaningful figure. It
can be effectively associated with agricultural drought. It is
directly linked to the climatic conditions of the region, since
for the yearly value it can be compared with the FAO Aridity
Index. It can be used under “climate instability” conditions,
for examining the significance of various changes of climatic
factors related to water scarcity.

With advantages given above, it can be concluded that
the RDI is an ideal index for the reconnaissance assessment
of drought severity for general use giving comparable results
within a large geographical area, such as the BTHMA.

It should be mentioned that usually droughts in the
BTHMA are accompanied by high temperatures, which lead
to higher evapotranspiration rates. Evidence for this has been
produced from simultaneous monthly data of precipitation
and evapotranspiration in BTHMA. From the cases analyzed
it seems that about 90% of them comply with the previous
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Figure 2: (a) Time series of total annual precipitation averaged over whole Beijing-Tianjin-Hebei metropolitan areas and (b) percent of
normal precipitation index computed with respect to 1961–1990 climate normal.

Table 2: Drought classification of RDI.

Drought class RDI value
Extremely wet RDI ⩾ 2.0
Very wet 1.5 ⩽ RDI < 2.0
Moderately wet 1.0 ⩽ RDI < 1.5
Near normal −1.0 ⩽ RDI < 1.0
Moderate drought −1.5 ⩽ RDI < −1.0
Severe drought −2.0 ⩽ RDI < −1.5
Extreme drought RDI < −2.0

statement [41]. Therefore, the RDI is expected to be a more
sensitive index than those related only to precipitation, such
as the SPI.

According to Tigkas et al. [42], we divided the RDI
into moderate, severe, and extreme classes for both dry and
wet RDI as shown in Table 2. In this study, the 12-month
timescales were used to monitor hydrological conditions and
the impact of drought on the available water resources.

2.2.3. Principal Component and Cluster Analysis. Combina-
tion of techniques such as principal component analysis
(PCA) [43] and cluster analysis (CA) [44, 45] can be applied
to climate or drought regionalization [46–51]. PCA is a
multivariate technique that reduces the dimensionality in
a dataset and computes a set of new orthogonal variables
with the decreasing order of importance named principal
components (PCs) [52–54]. It is based on the estimation
of the eigenvalues and eigenvectors from the characteristic
equation. For this purpose, either the correlation or the
covariance matrix of the observed variables can be used.
Richman [55] defined six modes of PCA due to a different
combination of time, objects, and attributes. In this study,
the S-mode (data matrix with rows for the observations
and columns for the stations) with the varimax orthogonal
rotationmethodwas applied to identify the spatial patterns of
drought. The patterns defined in this way are named rotated
loadings.

The rule of thumb [56] and scree plot [57] were applied
to make the decision on how many principal components
to retain for rotation. Bartlett’s test of sphericity [58] and
the Kaiser-Meyer-Olkin test [59] were performed to test the
quality of the principal components.Then, the agglomerative
hierarchical cluster analysis was applied on obtained rotated
PC scores (RPC) using Ward’s method [60] and Euclidean
distance as the distance or similarity measure. According to
Jolliffe [52], the CA is available when there is no clear group
structure in the dataset. In this study, the CA is used to
identify different drought subregions.This is in an agreement
with the methodology applied by Raziei et al. [61], Santos et
al. [62], and Martins et al. [51].

2.2.4. Inverse Distance Weighting. One of the most widely
used deterministic methods in spatial interpolation is the
inverse distance weighting (IDW) [63] method, because of
its relatively fast and easy computation and interpretation
[64]. IDW sums the values of nearby points multiplied by
a weighting factor. The weights are a decreasing function of
distance. For this purpose, the Arc GIS 10.1 software was used
to make spatial distribution maps.

3. Results and Discussion

3.1. Annual Departure from Normal. The time series of total
annual precipitation averaged over whole Beijing-Tianjin-
Hebei metropolitan areas and the corresponding percent
of normal precipitation index computed with respect to
1961–1990 climate normal are presented in Figure 2. The
results showed that the year 1965 was the driest year during
the observed period with 70.8% of normal precipitation.
All of the stations had the precipitation below the annual
mean precipitation, while the annual mean precipitation was
371.56mm.The average precipitation for the observed period
was 519.19mm. In addition, it is necessary to emphasize
another two years, which were severe and extremely dry
across most of the area, compared to 1961–1990 climate
normal: (1) 1965 with 70.8% of normal precipitation and (2)
1997 with 71.57% of normal precipitation.



6 Advances in Meteorology

High: 132.37 

Low: 34.74

(a)

High: 102.24 

Low: 45.70

(b)

High: 148.95

Low: 45.12

(c)

High: 121.56

Low: 52.50

(d)

Figure 3: Spatial distribution of percentage of annual mean precipitation relative to 1961–1990 climate normal over the course of the years
(a) 1965; (b) 1997; (c) 2000; and (d) 2002.

Further analysis showed that the year of 2000 had the
summer that was extremely warm and extremely dry. And
the summer of the year of 2000 was the warmest one during
the last 50 years since the meteorological measurements have
been conducted in BTHMA [65].

Spatial distribution of percentage of annual mean precip-
itation relative to 1961–1990 climate normal over the course
of the three driest years (1965, 1997, and 2002) and the 2000
year is shown in Figure 3.

The average value at the region level was 68.54% during
the 1965 year and 69.25% during the year 1997. In the course
of the year 2002, most of the area had the percent of normal
precipitation between 52.50% and 121.56%. At the same time,
the RDI value of the whole area in 2002 was −0.95, which
was only above −1.00 for the 1997 year and −1.02 for the 1965
year. In addition, the year 2000 had the highest values, which
varied between 45.12% and 148.95% with the highest average
value 87.02%.

3.2. Analysis of Drought Indices

3.2.1. Analysis of RDI. Percentage of years affected by various
drought severity levels in Beijing-Tianjin-Hebeimetropolitan
areas during the period 1960–2010 is illustrated in Figure 4(a).
66.91% of the frequency of drought belongs to the near nor-
mal drought category. The frequency of drought was 15.30%,
while the frequency of wet periods was 17.79%. Percentage of
Beijing-Tianjin-Hebeimetropolitan areas affected by drought
during the period 2000–2010 is presented in Figure 4(b). The
frequency of drought was 20.35% during the period 2000–
2010, which was above 15.30%. Therefore, the results reveal
that drought condition during the years 2000 and 2010 was
more severe than that during the years 1960–2010.

Spatial distribution of RDI-12 during the three driest
years (1965, 1997, and 2002) and the 2000 year as the year
with the warmest summer and the topmost PET is shown
in Figure 5. The extreme drought occurred in some areas
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Figure 4: (a) Percentage of years affected by various drought
severity levels, 1960–2010, and (b) percentage of BTHMA affected
by drought, 2000–2010.

during the year 2000, 2001, 2002, 2005, 2006, and 2009, while
drought of varying degrees occurred except the years 2003
and 2004. Furthermore, the majority of the area had severe
and extreme droughts during the years 1965 and 1972.

3.3. Drought Patterns. The RDI-12 was used to identify
drought patterns for the period 1960–2010. First, the Kaiser-
Meyer-Olkin (KMO) and Bartlett’s tests were applied to these
indices. The KMO measure of sampling adequacy was 0.786
for the RDI. High values of the KMO test (>0.50) suggest that
the selected indices are adequate for the PCA. Bartlett’s test of
sphericity has the𝑃 value< 0.0001 for 𝑎 = 0.05, which is good
and it is an indication we can continue with the PCA. The
first seven eigenvalues for the RDI-12 with the corresponding
error bars at 5% significance level are shown in Figure 6.
According to North’s rule of thumb and the scree plot of the
eigenvalues, the first two principal components (PCs) were
selected for varimax rotation to achieve more stable spatial

Table 3: Explained variance (%) by the loadings with and without
rotation for the RDI-12 during 1960–2010.

Principal component RDI-12
Unrotated (%) Varimax rotated

PC-1 43.391 26.877
PC-2 10.080 26.594
Cumulative percentage
of total variation 53.471 53.471

Table 4: Variance decomposition for the optimal classification.

RDI-12
Absolute Percent (%)

Between-classes 0.131 57.25
Within-class 0.067 42.75
Total 0.198 100.00

patterns. Table 3 summarizes the variances of unrotated and
rotated components. The first unrotated component had the
biggest variance value 43.391% for the RDI-12.The percentage
of the cumulative variance for the RDI-12 was 53.471%. The
results also show that the cumulative variance of the varimax
rotated components remains unaltered with respect to the
unrotated cases.

Scatter plot of the correlations between variables and PCs
after varimax rotation for the RDI-12 is shown in Figure 7.
Each variable is a point whose coordinates are given by the
loadings on the PCs. The correlation for the RDI indices is
positive. In particular, the station of Tianjin is located by
the Bohai Sea, of which the time series of precipitation and
evaporation were extremely different from the other stations.
Therefore, the station of Tianjin was apart from the group in
Figure 7.

In Figure 8 the spatial patterns of varimax rotated load-
ings (R-Loading 1 and R-Loading 2) of the RDI-12 for the
period 1960–2010 are shown. Further, the time variability
of the RPCs of the RDI-12 and the corresponding linear
trend are presented too. The quite small linear trends are
identified.The remarkable dry events of different magnitudes
are identified during the following periods: 1965–1967, 1971–
1975, 1978–1982, 1989–1993, 1997–2002, and 2005–2007. Both
the RPC-1 and the RPC-2 showed that the worst drought
event occurred in the year 1965.

The R-Loadings seem to localize well in space three
distinct subregions, the northern, southern, and northeastern
part of BTHMA. The identified subregions are characterized
by different drought variability that depends on the different
precipitation regimes in these areas.

The agglomerative hierarchical cluster analysis (AHCA)
was used to investigate drought patterns by grouping obser-
vations into clusters. It was applied to the RPCs using Ward’s
method and Euclidean distance. The goal was to search
an optimal grouping for which the observed values within
each cluster were similar, while the clusters were dissimilar
to each other. The obtained variance decomposition for
the optimal classification is summarized in Table 4. Since
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Figure 5: Spatial distribution of RDI-12 over the course of the years (a) 1965; (b) 1997; (c) 2000; and (d) 2002.
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Figure 6: Scree plot for the first seven eigenvalues and the corre-
sponding error bars at 5% significance level resulting from the S-
mode PCA applied to (a) the RDI.

between-cluster variation is much larger than within cluster
variation, thus, obtained PCs successfully reflect the cluster
structure. Applying the AHCA, three distinct subregions (R1
with 3 stations; R2 with 12 stations; and R3 with 18 stations)
were identified (Figure 9).

3.3.1. Drought Characteristics of the Identified Subregions.
Detected subregions are defined as follows: (1) region R1 is
located in southeast part of BTHMA; (2) region R2 is located
in the north of BTHMA; and (3) region R3 is located in the
southern part of BTHMA.

The R1 is mostly forested with the average annual
precipitation to 800mm, while the R2 is characterized by
a moderate-precipitation regime with the average annual
precipitation to 650mm.TheR3 is characterized by the lowest
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Figure 7: Scatter plot of the correlations between variables and principal components after varimax rotation for the RDI-12 series.

amount of precipitation in the area and mostly intensive
agriculture. The R1 and R2 had the monthly precipitation
values above average, while R3 had the precipitation values
under average of BTHMA.

The diversity of time variability of the regional RDI-12 for
the three subregions shown in Figure 10 was existed. Among
them, the value of regional RDI-12 for R2 was above that for
R3 and below that for R1.

In this respect, based on the RDI-12 values and defined
categories of dry and wet conditions (Table 2), the periods
of drought were 1965–1967, 1971–1975, 1978–1982, 1989–1993,
1997–2002, and 2005–2007, whereas the periods with wet
conditionswere 1960–1964, 1968–1970, 1966–1977, 1983–1988,
1994–1996, 2003-2004, and 2008–2010. The distributions of
the dry and wet years are as follows: R1-29 (4) dry (wet) years,
R2-25 (8) dry (wet) years, and R3-21 (11) dry (wet) years. The
year 1965 was the driest, while 1964 was the wettest during
the observed period.The evolution of drought in region R2 is
similar to region R1.

The obtained results are in line with conclusions reported
by Yuan and Wu (2000) [28], Yan et al. (2010) [29], and Liu
et al. (2012) [8].

3.3.2. Frequency of Drought. The drought occurrence is
analyzed based on Table 2 that defines drought classes related
to the RDI values. In this respect, the frequency distribution
of the RDI-12 values was divided in seven classes. The ratio
between the number of drought occurrences in each of RDI
classes and the total number of events counted for all stations
in a given regionwas represented as the frequency of drought.
The percentage of drought and wet occurrence expressed in
seven classes of RDI-12 drought categories for each individual
region for the period 1960–2010 is illustrated in Figure 11. It
should be noted that the frequency distribution of the RDI-12
values expressed in percent was closely similar for the three
identified regions.

Spatial distribution of the frequency of the RDI-12 values
expressed in percent related to the moderate, severe, and
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Figure 9: Drought-based regionalization in Beijing-Tianjin-Hebei
metropolitan areas.

extreme drought is shown in Figure 12. The distribution
is based on the station values of the RDI-12 values. The
frequency of moderate drought ranged between 1.96% and
17.65%. The majority of the area had the frequency between
7% and 9%. The highest frequency of severe drought occur-
rence was 7.84%, which was evenly located in the regions R2
andR3.The average at the area level was 4.69%.The frequency
of severe drought ranged between 0% and 7.84%. According
to the spatial distribution of the frequencies of the RDI-12
values, the highest frequency of extreme drought (7.84%) was
detected at Nangong station (in region R3). Region R1 had the
frequency of extreme drought ranged between 0% and 2.94%.

4. Conclusions

The drought was investigated in Beijing-Tianjin-Hebei
metropolitan areas using monthly precipitation time series
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from 33 stations during the period of 1960–2010. The tem-
poral and spatial patterns of drought were analyzed by
applying the S-mode PCA to the RDI estimated on 12-month
timescales. According to the error bars of the North rule
of thumb and scree plot, two principal components were

retained. These components were localized well in space
three distinct subregions, characterizing by different drought
variability. The AHCA confirmed the results from PCA
analysis and identified three different drought subregions R1,
R2, and R3, which are located in southeast, north, and south
of BTHMA, respectively.The results of both the PCA and the
AHCA analysis obtained a very similar time variability of the
regional RDI-12.

The characteristics of drought were analyzed in terms
of the temporal evolution of the RDI-12 values and the
frequency of drought at the area level and for three regions.
The linear regression method was used for time variability
analysis of drought in each identified subregion as well as
for the whole area. The frequency of drought was 9.10%,
while the distribution of wet periods was 27.27% in the given
regions. 66.91% of the frequency of drought belongs to the
near normal drought category. According to the RDI-12, the
average number of the dry years in the detected regions was
about 8 years during the period 1960–2010.The year 1965 was
the driest, while 1964 was the wettest during the observed
period. Three years (1965, 1997, and 2002) were detected as
the severe and extremely dry in the majority of the area
and analyzed by the percent of normal precipitation index
computed with respect to 1960–1990 climate normal.

The obtained results provide support information to
improve water resources management in the study area.
Further research should be performed to detect the trends
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of drought in Beijing-Tianjin-Hebei metropolitan areas and
comparative analysis of the drought indices based on precip-
itation and evapotranspiration and their impact on agricul-
tural production.
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We analyzed typhoon activities such as tropical cyclone (TC) genesis position, movement routes and central pressure of typhoons,
and changes in local patterns of rainfall stemming from TCs passing through the Korean domain.The results showed a remarkable
difference in changes in typhoons that affect theKoreanPeninsula (KP) during cold tongue (CT) andwarmpool (WP)ElNiño years.
In particular, TCs thatmove through the ocean offKorea and theKuroshio duringWPElNiño years are relatively stronger thanTCs
formed during CTElNiño years. Furthermore, analysis of large-scale atmosphere-ocean dynamics showed better conditions for TC
development and strengthening during WP El Niño years. TC-induced summer rainfall over major Korean river basins decreased
from normal years during CT El Niño years (−3.94%) and increased over normal years during WP El Niño years (+33.92%). The
results of this diagnostic study rely on short-term observations and relatively little data, but they suggest that CT/WP El Niño
cycles influence TC activities and rainfall across the KP.The findings are important for reducing TC damage and ensuring a proper
response to climate change in coupled human-environmental systems.

1. Introduction

Tropical cyclones (TCs) in the western North Pacific (WNP)
are hydrometeorological features that control East Asian
summer precipitation patterns [1–5]. WNP TCs have affected
the Korean Peninsula (KP) directly and indirectly, causing
530 deaths and approximately 1.1 trillion won in property
damage from 1990 to 2011 [6]. Research into climate change
based on the latest high-resolution dynamic models is pro-
jecting the probability of a gradual increase in the frequency
and intensity of tropical cyclones in the WNP during the
21st century [7–9]. Accordingly, interest in TCs is increasing,
and the identification of change in the local characteristics of
rainfall related to TCs is becoming the most important factor
in terms of the efficient management of disaster and water
resources [10–12].

Sea surface temperatures (SSTs) are a key control on
the occurrence and intensity of TCs. Recent higher than

usual SSTs in the tropical Pacific Ocean off Peru and west of
Ecuador have led to a change in cycle, intensity, and genesis
of El Niño that is unlike the traditional cold tongue (CT) El
Niño [13–16]. The new type of El Niño, known as warm pool
(WP) El Niño, is associated with Central Pacific sea surface
temperatures that are abnormally high in comparison to the
western and eastern regions of the Pacific sea. The explicit
cause ofWPElNiño occurrence has yet to be determined [17–
19], though the influence of El Niño on WNP TCs has been
extensively investigated [2, 20–25]. Relatively little research
has been conducted to quantify the impacts of CT/WP El
Niño on Korea-affected TC activities or regional variability
in TC-induced precipitation over the Korean peninsula. Yoon
et al. [26] have explored the effect of WP/CT Niño events
on seasonal precipitation and runoff in the Han River basin,
Korea.They found that water resources during the spring and
summer in the Han River basin are very sensitive to WP El
Niño events, but not as sensitive to CT El Niño events.
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Figure 1: Distribution of seasonal precipitation (June–September) in Korea during the 1966–2007 periods. (a) Five major river basins in
Korea. (b) Distribution of seasonal precipitation.The annual long-term average precipitation was noted with the number for each histogram.
The fraction of seasonal precipitation and TC-induced precipitation is expressed in percentage.

Extreme rainfall, caused by an episodic event such as a
typhoon, has a great effect on the structure and maintenance
of river ecosystem equilibrium. Therefore, it is necessary
to examine these events more closely [27–29]. In addition,
despite increasing frequency and intensity of TCs in the
WNP region, quantitative research into changes of local
characteristics in KP has thus far been unsatisfactory. This
study aims to examine changes in the local characteristics
caused by the effects of TC activity on the KP, according
to El Niño type, offer basic information for preparing flood
control and disaster prevention solutions for mid- to long-
term water resource forecast and management, and provide
realistic solutions for prevention of casualties by conducting
an analysis of summer typhoons and extreme rainfall.

2. Materials and Methods

2.1. Study Area. Figure 1 is a map of the KP showing the
location of the study area as well as the classification of five
major river basins in Korea. It also shows the contribution
of summer and typhoon related rainfall to average annual
rainfall for each river basin form 1966 to 2007. The Han
River basin is composed of 29 subbasins, and 51.3% of the
total population of South Korea resides in this basin area.
The basin area totals 38,421.8 km2, and the average annual
rainfall is 1259.4mm. Of the average annual rainfall, 71.0%
occurs in the summer, and rainfall from typhoons in this
period accounts for 15.6% of the average annual rainfall.
The Nakdong River basin is composed of 33 subbasins, with
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Figure 2: Composite differences of tropical cyclones (TCs) passed
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years (WP El Niño years). Inset: empirical probability distribution
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an area of 31,712.0 km2 and an average annual rainfall of
1238.6mm. Typhoon rainfall contribution is highest in this
basin, with 17.3% of the average annual rainfall occurring
intensively between June and September. The Geum River
basin, located in the mid-western region, records 1244.6mm
of average annual rainfall and has the smallest portion of
rainfall from typhoons (14.6% of average annual rainfall). It
is composed of a total of 21 subbasins (with a total basin area
of 17,357 km2). The Sumjin River basin (8,299.1 km2) and the
Yeongsan River basin (7,598.7 km2), located in the southern
region, have the highest occurrences of average annual
rainfall among the five major river basins. In particular,
typhoon rainfall in the Sumjin River basin accounts for 16.2%
of the average annual rainfall (1437.3mm); thus, this area is
classified as the region that is most affected by typhoons.

According to statistical data from 1971 to 2011 (WAMIS,
[30]), more than 2/3 of the entire flood damage (2.52 trillion
won) in South Korea occurred in the Han River basin
(35.0%) and the Nakdong River basin (32.3%). These areas
were followed by the Geum River basin (15.6%), the Sumjin
River basin (9.1%), and the Yeongsan River basin (8.0%). In
particular, damage from typhoons such as Rusa (2002) and
Maemi (2003)was reported to have been extensive.Therefore,
this study analyzes changes in the occurrence and intensity
of typhoons, focusing on typhoons affecting the KP in the
context of changes in the surface temperature of tropical seas
(CT/WP El Niño), which may have the greatest effect on

typhoon activity. Furthermore, the study provides basic data
for the implementation of a predictive disaster-prevention
system in preparation for typhoons through an analysis of the
characteristics of changes in rainfall from typhoons according
to region, aimed at the five major river basins in Korea.

2.2. Data and Methods. This study used data on rainfall in
mid-size watersheds of the Korean Peninsula and SSTs, as
well as data on typhoons generated in the WNP. First, data
on average basin rainfall, calculated by the Thiessen polygon
method, were obtained from the Korea Water Management
Information System (WAMIS, [30]) for the 42-year period
from 1966 to 2007. Second, observation data form the
Climate Prediction Center (CPC) of the National Oceanic
and Atmospheric Administration (NOAA, [31]) were used
as Niño3 and Niño4 indices. These data are updated every
month and can be downloaded from the CPC website
(http://www.cpc.ncep.noaa.gov/data/indices/). SST data with
grid size of latitude 1∘ and longitude 1∘ were obtained from the
Met Office Hadley Centre [32, 33]. For data on the TC track
generated in the WNP, this study used the observation data
(1966–2007) of the Korean Typhoon Research Center (TRC)
and the Japan Meteorological Agency (JMA, [34]).

Ren and Jin [35] separated CT El Niño and WP El Niño
from other types of El Niño events using observation data of
Niño3 and Niño4, as is shown in the following:

𝑁CT = 𝑁3 − 𝛼𝑁4,

𝑁WP = 𝑁4 − 𝛼𝑁3,

𝛼 =

{

{

{

2

5

, 𝑁
3
𝑁
4
> 0,

0, otherwise,

(1)

where𝑁
3
and𝑁

4
are the mean indexes of Niño3 and Niño4.

𝑁CT and𝑁WP indicate CT El Niño and WP El Niño indexes,
respectively. The symbol 𝛼 is used as the correction factor
for separating different El Niños. This study adopted the
standard classification of CT El Niño and WP El Niño based
on monthly Niño3 and Niño4 anomalies suggested by Ren
and Jin [35]. We selected five strong CT El Niños (1972/1973,
1982/1983, 1986/1987, 1991/1992, 1997/1998) and five strong
WP El Niños (1968/1969, 1990/1991, 1994/1995, 2002/2003,
2004/2005) to clarify the changes in characteristics of sum-
mer rainfall generation by typhoons and different types of El
Niño over the Korean Peninsula.

This study employed an exploratory analysis technique in
order to classify seasonal rainfall by episodic TCs affecting
KP [3, 10]; the technique considers rainfall on the basin,
outflow response, and residence time of typhoons that pass
theKP influence domain (120∘–138∘E, 32∘–40∘N). In addition,
composite analysis (CA) was mainly used in this study. To
complement the relatively small number of events, we applied
Student’s 𝑡-test and the bootstrap random resamplingmethod
for 42 years (1966–2007) with observation data and verified
statistical significance of regional rainfall characteristics of
typhoons affecting KP according to CT/WP El Niño patterns.
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Figure 3: SST-composed anomalies obtained from Hadley SST in (a) CT years and (b) WP years. Shading indicates values over 90%
confidence based on Student’s 𝑡-test.

3. Analysis and Results

3.1. Changes in Typhoon Activities and Large-Scale Atmo-
spheric Environments. Figure 2 illustrates the genesis point
of a typhoon and its movement route in accordance with
CT/WP El Niño for the period 1966–2007. An analysis of
influential WNP typhoons that have passed over the KP
domain (120∘–138∘E, 32∘–40∘N) during CT El Niño years
found that the average genesis points of TCs (14.3∘N, 140.6∘E)
of 208 typhoons is located south of the average genesis point
of TCs (15.8∘N, 140.7∘E). During WP El Niño years, average
TC genesis location occurs southeast (14.3∘N, 143.2∘E) of the
total average. The movement route of typhoons frequently
appeared to be widely spread and in an irregular zigzag
pattern during CT El Niño years. During WP El Niño years,
relatively powerful typhoons tended to move along the seas
around the KP and along the Kuroshio. As shown in Figure 2
(inset), in the years of the CT El Niño, the peak of the
probability density function is high and the variation is not
very large (average: 978.6 hPa, coefficient of variation (CV):
0.013); thus, the intensity of a typhoon was found to be
similar to that which occurs in long-term normal years. In
the years of the WP El Niño, the peak of the probability
density function is low and the central pressure variation of
TCs was relatively large (average: 971.9 hPa, CV: 0.023), but
a little negatively skewed. As a result, it was determined that
powerful TCs occurred frequently in the years of the WP El
Niño.

We investigated variation in large-scale atmospheric
environmental parameters in order to explain differences in
typhoon activity between the two different El Niño patterns.
Figure 3 shows SST anomalies (SSTA) for CT and WP years
over the WNP. SSTs affect changes in the occurrence and
intensity of KP TCs. During CT El Niño years (Figure 3(a)),
variability of SSTs in the Philippines and in some regions of
the southeast China Sea is higher in comparison to normal
years. During WP El Niño years (Figure 3(b)), SSTAs are
comparatively high across the WNP, except for an extended
area incorporating the eastern Kuroshio off Japan and the
coastal seas off the KP. These higher SSTAs should provide

favorable conditions for TC development as latent heat
generation might reinforce or maintain the intensity of TCs
that migrate northward towards the KP after forming at low
latitudes [36].

Figure 4 shows the vertical wind shear (VWS) anomalies
during two CT/WP El Niño periods. VWS is associated with
the occurrence of TCs in the main development region of
the WNP and changes in the intensity of TCs that go north
towards the middle latitudes. In particular, the VWS between
latitudes 20∘N and 35∘Nhas been known to alter the intensity
of TCs landing on the KP [37]. As shown in Figure 4(a),
during the CT El Niño period, negative VWS anomalies
appear to be narrow around latitude 20∘, whereas a positive
anomaly appears over latitude 25∘.Meanwhile, during theWP
El Niño period, negative VWS anomalies form a wider area
from latitudes 20∘N to 35∘N. We assume that this negative
VWS zone can maintain or reinforce the intensity of TCs
that go north towards the KP (Figure 4(b)). The results of the
analysis above indicate that WP El Niño years provide better
atmospheric environmental conditions for the development
of KP-affected TCs compared to CT El Niño years.

3.2. Changes in Typhoon Precipitation over Korea. Data for
two different CT/WP El Niño years allowed for a character-
istic analysis of TC related rainfall over the five major South
Korean river basins. Figure 5 shows the subbasin scale vari-
ability of Korean summer rainfall (June–September) caused
by TCs during CT El Niño andWP El Niño years. During CT
El Niño years (Case 1), the TC rainfall on the KP was −3.94%
lower than long-term norm (Han River: −0.56%, Nakdong
River: 1.09%, Geum River: −13.26%, Sumjin River: 5.34%,
Yeongsan River: −30.69%). Typhoon rainfall was decreased
(increased) in the basins of the Han River (Nakdong River).
The basins of the Yeongsan River, with a coefficient of varia-
tion (CV) of 0.49, and the Sumjin River (CV: 0.47) showed the
largest changes of the typhoon rainfall (Figure 5(a)). In WP
El Niño years (Case 2), the anomaly of typhoon rainfall was
substantially increased to 33.92% over the KP region (Han
River: 36.22%, Nakdong River: 32.25%, Geum River: 35.01%,
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Figure 4: Vertical wind shear anomalies obtained from NCEP-NCAR reanalysis in (a) CT years and (b) WP years. Shading indicates values
over 90% confidence based on Student’s 𝑡-test.
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Figure 5: Composite anomalies of TC-induced rainfall during CT/WP El Niño years. The hatched polygons indicate statistically significant
changes in TC rainfall based on the 10% significance level. NA indicates data are not available.

Sumjin River: 28.85%, Yeongsan River: 32.26%). Of the basins
of the five major rivers, 41.78% (39 out of 112 basins) revealed
statistically significant increasing patterns all over the KP.The
CV range of 0.23–0.38 is lower than those in CTElNiño years
(Figure 5(b)).

Figure 6 shows that heavy rain day (≥50mm/day) most
frequently occurred during typhoons in CT/WP El Niño

years. It also shows a similar pattern to Figure 5 for changes
in TC-induced summer rainfall in the KP region. During CT
El Niño years (Case 1), the frequency of heavy rain days in
the southwestern area tends to be decreased, but is increased
near the Han andNakdong river basins (Figure 6(a)). During
WP El Niño years (Case 2), the frequency of heavy rain
days from typhoons over all areas, excluding some parts, was
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Figure 6: Composite anomalies of TC-related heavy rain days (≥50mm/day) during CT/WP El Niño years. The hatched polygons indicate
statistically significant changes in TC-induced rainy days based on the 10% significance level. NA indicates data are not available.

relatively high. In 30.60% of subbasins (32 out of 112), the
increasing pattern was analyzed to be statistically significant
(Figure 6(b)).

4. Summary and Conclusions

This study focused on the behavior of CT/WP El Niño
associated typhoons that affect the KP. We analyzed typhoon
activity, related rainfall, and the frequency of heavy rainy days
in summer over the five major river basins in Korea. The
summary of the main results is as follows.

(1) Analysis of KP associated typhoon activity and occur-
rence from 1966 to 2007 indicates that in comparison
to the total average typhoon genesis location, average
CT El Niño typhoon genesis is situated to the south
(14.3∘N, 140.6∘E) and average WP El Niño typhoon
genesis is situated to the southeast (14.3∘N, 143.2∘E).
The movement routes of typhoons during the CT El
Niño years are relatively wide, with irregular zigzag
patterns. During WP El Niño years, the relatively
stronger typhoons tend tomove throughout the ocean
off Korea and the Kuroshio.

(2) Analysis of the large-scale environmental conditions
associated with CT/WP El Niño revealed that the
atmosphere-ocean environment during WP El Niño

years offers better conditions for typhoon develop-
ment than in CT El Niño years. In particular, com-
parison of the SSTs (a direct heat source for typhoons)
with the atmosphere environment showed a remark-
able difference. Marine conditions in the north-
west Pacific give continuous latent heat to typhoons
coming into the KP domain, helping typhoons to
sustain strength created in low latitudes and devel-
oped while moving into the midlatitude of Korea.
VWS near the latitude 25∘N during WP El Niño
years provides favorable conditions to develop and
strengthen typhoons coming up to Korea. Vertical
velocity and divergence in themidlatitudes contribute
to the ability of typhoons to maintain strength as they
approach Korea. Overall, the large-scale environment
during WP El Niño years offers better conditions for
the development and strengthening of typhoons than
during CT El Niño years.

(3) The TC-induced summer rainfall in the five major
river basins in Korea decreased by −3.94% from
norms (1966–2007) during CT El Niño years and
increased 33.92% during WP El Niño years. TC-
induced rainfall during CT El Niño years decreased
in the southwestern area, including the Geum River
basin, and increased in the basins of the Han River
and the Nakdong River. On the contrary, TC-induced
rainfall during WP El Niño years increased over
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the entire KP region.This change is similar to the fre-
quency of heavy rain days (≥50mm/day) stemming
from typhoons.

Presently, the National Typhoon Center (NTC, http://
typ.kma.go.kr/) independently monitors typhoons occurring
in the basins of the Korean Peninsula, from their devel-
opment to dissipation, for the sake of forecasts. In addi-
tion, the National Emergency Management Agency (NEMA,
http://eng.nema.go.kr/) investigates damages to lives and
properties caused by typhoons. In fact, research to anticipate
the track and strength of typhoons in the Atlantic region is
being actively conducted by many scientists. However, less
research is available in the Northwest Pacific.

The findings of this study rely on short-term observations
and limited data; however, they suggest that CT/WP El Nino
affects the activity and rainfall intensity of typhoons influ-
encing the Korean Peninsula. Follow-up research to examine
the evolving patterns of surface sea temperature (SST) and
the tracks and strengths of typhoons according to large-
scale atmospheric circulations can contribute to typhoon
forecasting. This study shows the spatial characteristics of
typhoon-induced rainfall in Korea. This information can be
applied to model and forecast flooding, which in turn can be
used for adaptation activities at the basin scale.
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Recently, microwave communication networks have been shown to be valuable tools for rainfall monitoring, based on the well-
known Power-Law which relates rain-rate to attenuation in microwave frequencies. However, once precipitation other than pure
rain exists (e.g., snow), the Power-Law relation is no longer accurate. In this paper we propose a model which relates the induced
attenuation to rain, snow, and sleet. Based on this model we propose estimating the total accumulated precipitation, regardless
of the precipitation type, using measurements from multiple microwave links. Our technique takes advantage of the commercial
communication networks, need for redundancy, which dictates the use of multiple microwave links at the same area. We show
that by using measurements from at least three microwave links better estimation of the total accumulated precipitation fall can
be provided, when rain, snow, sleet, or a mixture of them coexists. To demonstrate the proposed approach, it has been applied on
actual microwave links attenuationmeasurements, which were provided by a cellular carrier.The estimation results were compared
with Rain-Gauges and disdrometer measurements and show very good agreement and improved accuracy.

1. Introduction

Since microwave communication networks (MCNs) usually
make use of the 10GHz–40GHz frequencies range, which
is known to be affected by precipitation, it was only natural
to assume that rainfall should have a measurable effect on
these networks. And indeed, it has been shown back in 2006
[1], that it is possible to monitor rainfall accurately using
only the standard attenuationmeasurements which are being
recorded by the MCNs operators (i.e., the cellular operators).
Soon after, numerous studies presented different methods
for precipitation monitoring, using the widespread MCNs as
tools. Among these methods, there are methods for detection
and separation of wet and dry periods [2], estimation of the
rainfall intensity [3, 4], and analysis of the rain-rate estima-
tion errors [5, 6].

These studies, however, have been focused on rainfall.
Once snow and sleet (i.e., a mixture of snow and rain) par-
ticles are considered as well, it was suggested [7] to use
a specific predetermined dual-frequency Microwave Links

(MLs) setup, which recorded the phase as well as the Received
Signal Level (RSL) data, in order to estimate the precipitation
rate.These techniques, unfortunately, cannot be implemented
with current MCNs protocols, since in a commercial setup
theMLs frequencies are predetermined by the operators, and
the datawhich is regularly logged is the RSL attenuation alone
(thus, the phase information is unavailable).

In this study we suggest a new approach which can be
used in order to achieve reliable estimation of the total ac-
cumulated amount of the fallen precipitation, even when
multiple types of precipitation exist, using MCNs. This new
estimation procedure uses the fact that commercial MCNs,
especially in developed and highly populated areas, are
generally built from a large number of different MLs. Thus,
multimeasurements of the same phenomenon are available,
and multiparameter estimation can be performed.

The rest of the paper is organised as follows. In Section 2
we describe the precipitation induced Microwave Link
(ML) attenuation, as well as the Proposed Estimation Pro-
cedure. Section 3 describes a real setup which was used to
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demonstrate the procedure feasibility, followed by Section 4,
which summarises the results. Lastly, Section 5 concludes this
paper and includes a discussion regarding future applications
and research.

2. Materials and Methods

First, it is imperative to understand how rain, snow, and sleet
affect the ML attenuation. This is going to be inquired in the
following sections.

(1) Rainfall InducedAttenuation.Therelationship between the
instantaneous rain-rate and the ML attenuation is given by
the well-known Power-Law [8]:

𝐴
𝑅
= 𝑎 ⋅ 𝑅

𝑏

𝑅

⋅ 𝐿, (1)

where 𝐴
𝑅
is the rain induced attenuation in (dB), 𝑅

𝑅
is the

ML-path averaged rain-rate in (mm/h), 𝐿 is the ML length
in (km), and 𝑎 and 𝑏 are parameters which are determined
by theML radiation frequency, polarisation, the surrounding
temperature, and theDrop SizeDistribution (DSD).Thus, the
𝑎 and 𝑏parameters are specific for different environments and
conditions, and their typical values can be found in literature
[9, 10].

(2) Snowfall Induced Attenuation. Similar to the rainfall
Power-Law, an equivalent “Snowfall-Law,” which describes
the ML attenuation due to ice particles such as snow, has
been developed (The following equation has been developed
considering microwave frequencies, while assuming a sur-
rounding temperature of ≈0∘C. For different frequencies and
lower temperatures, the coefficients differ.) [11, 12]:

𝐴
𝑆
= (

0.00349𝑅
1.6

𝑆

𝜆
4

+

0.00224𝑅
𝑆

𝜆

) ⋅ 𝐿, (2)

where𝐴
𝑆
is the attenuation due to snow in (dB),𝑅

𝑆
is theML-

path averaged (liquid equivalent) snowfall-rate in (mm/h), 𝐿
is the ML length in (km), and 𝜆 is the ML radiation specific
wavelength in (cm).

Previous studies have shown that dry-snow particles (i.e.,
a mixture of pure ice and air) induce a much smaller effect
on the ML attenuation, compared to the effect induced by
rainfall [10, 13, 14]. This assumption, however, is no longer
met once amixture of liquid and solid water particles, such as
sleet [15, 16], is considered. Since the sleet induced attenuation
model is lacking, we will next suggest a Sleet-ML Attenuation
relationship.

(3) Sleet InducedAttenuation.Asleet particle can be described
as an ice core, covered by a thin layer of liquid water. Sleet
particles usually form near the freezing point of water, where
both rain and snow particles coexist [12, 17].

Since the sleet particles’ outer layers are made of liquid
water, it is not surprising that the sleet induced attenuation
has been shown to resemble the one induced by rain particles
[12]. Thus, an approximation of the sleet induced attenuation

is proposed, taking the existing rainfall Power-Law (1) as a
basis [18]:

𝐴Sl = 𝑎 ⋅ (𝑅Sl)
̃
𝑏

⋅ 𝐿, (3)

where 𝐴Sl is the sleet induced attenuation in (dB), 𝑅Sl
is the average (liquid equivalent) sleet fall-rate in (mm/h)
throughout the ML-path, 𝐿 is the ML length in (km), and 𝑎

and ̃
𝑏 are analogue to the Power-Law (1) 𝑎 and 𝑏 parameters.
Now, the following approximations are assumed.
(i) Since sleet particles are made either from rain par-

ticles which pass through the freezing layer and/or
from snow particles which pass through the melting
layer near the freezing point of water [17, 19], it can
be assumed that during sleet-fall, liquid precipitation
particles exist. Thus, we propose to model the instan-
taneous sleet-rate to be proportional by an unknown
ratio to the instantaneous liquid particles fall-rate
(i.e., the rain-rate):

𝑅Sl = 𝑔
𝑅
⋅ 𝑅
𝑅
, (4)

where 𝑔
𝑅
is a unit-less ratio between𝑅Sl and𝑅𝑅.Thus,

𝑔
𝑅
⋅ 𝑅
𝑅
is the effective instantaneous sleet fall-rate.

(ii) Since the Power-Law (1) dependence on the DSD has
been shown to be of a second order for typical MLs
frequencies [20], andnoting that for those frequencies
the Power-Law (1) 𝑏 parameter is close to one (𝑏 ≈

1) [9, 10], the sleet Power-Law equivalent 𝑎 and ̃
𝑏

(3) parameter can be approximated to the rain-rate
Power-Law 𝑎 and 𝑏 (1) parameters. Further discussion
regarding this assumption is presented in Section 5.

Combining these two assumptions, the instantaneous
sleet induced attenuation (3) can be written as

𝐴Sl = 𝑎 ⋅ (𝑐
𝑅
⋅ 𝑅
𝑅
)
𝑏

⋅ 𝐿, (5)

where

𝑐
𝑅
≈ 𝑔
𝑅

(6)

and 𝑎 and 𝑏 are the Power-Law (1) known parameters. Thus,
𝑐
𝑅
⋅ 𝑅
𝑅
is the approximated instantaneous sleet fall-rate.

(4) Total Precipitation Induced Attenuation. Putting (1), (2),
and (5) together, the total instantaneous ML attenuation
induced by precipitation, 𝐴pr(𝑡𝑖), can be formalised. Written
in (dB), the instantaneous ML induced attenuation due to
rain, snow, and sleet particles can be presented as

𝐴pr (𝑡𝑖) = 𝐴
𝑅
(𝑡
𝑖
) + 𝐴
𝑆
(𝑡
𝑖
) + 𝐴Sl (𝑡𝑖) , (7)

where 𝐴pr(𝑡𝑖), 𝐴𝑅(𝑡𝑖), 𝐴𝑆(𝑡𝑖), and 𝐴Sl(𝑡𝑖) are the total precip-
itation, the rainfall, the snowfall, and the sleet fall induced
attenuation, respectively, sampled at time 𝑡

𝑖
. Using (1), (2),

and (5), an explicit form of (7) can be formalised:

𝐴pr (𝑡𝑖) ={𝑎 ⋅ [𝑅
𝑅
(𝑡
𝑖
)
𝑏

+ (𝑐
𝑅
(𝑡
𝑖
) ⋅ 𝑅
𝑅
(𝑡
𝑖
))
𝑏

]

+

0.00349𝑅
𝑆
(𝑡
𝑖
)
1.6

𝜆
4

+

0.00224𝑅
𝑆
(𝑡
𝑖
)

𝜆

} ⋅ 𝐿.

(8)
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It can be clearly seen that 𝐴pr(𝑡𝑖) is a function of three time-
dependent variables: the rain-rate𝑅

𝑅
(𝑡
𝑖
) (1), the snowfall-rate

𝑅
𝑆
(𝑡
𝑖
) (2), and the sleet-rate coefficient 𝑐

𝑅
(𝑡
𝑖
) (6).

2.1. The Proposed Estimation Procedure. In order to estimate
the accumulated fallen precipitation for a specific weather
event, one should assume a channel model. Let 𝐴 tot(𝑡𝑖)
represent the total ML attenuation sampled at time 𝑡

𝑖
. Thus,

the channel model can be described as

𝐴 tot (𝑡𝑖) = 𝐴pr (𝑡𝑖) + 𝐴
𝑛
(𝑡
𝑖
) + 𝐴dc, (9)

where 𝐴pr(𝑡𝑖) is the instantaneous precipitation induced
attenuation at time index 𝑡

𝑖
(8), 𝐴

𝑛
(𝑡
𝑖
) is the unknown

additivemeasurement noise, and𝐴dc is the assumed constant
attenuation level (over the observation period) from sources
other than precipitation. The 𝐴dc is known as the Zero-Level
(ZL) attenuation, which is the attenuation in no precipitation
conditions due to propagation, scattering, fading, absorption
by air, and others. Various approaches regarding the ZL
attenuation have been discussed thoroughly in previous
studies [2, 21–23].

2.1.1. Measurements Model. Following (9), the measurements
model can be formulated as follows:

𝑦 (𝑡
𝑖
) = 𝐴 tot (𝑡𝑖) − 𝐴dc = ℎ (𝜃 (𝑡

𝑖
)) + 𝐴

𝑛
(𝑡
𝑖
) , (10a)

ℎ (𝜃 (𝑡
𝑖
)) = 𝐴pr (𝑡𝑖) , (10b)

𝜃 (𝑡
𝑖
) = [

[

𝑅
𝑅
(𝑡
𝑖
)

𝑅
𝑆
(𝑡
𝑖
)

𝑐
𝑅
(𝑡
𝑖
)

]

]

, (10c)

where 𝑦(𝑡
𝑖
) is the ML attenuation in (dB) at time index 𝑡

𝑖
and

𝜃(𝑡
𝑖
) is the model parameters vector at 𝑡

𝑖
(8).

2.1.2. Paramater Estimation. It is clear that in order to esti-
mate the parameters vector (10c), a minimum of three differ-
ent ML attenuation measurements are needed, in which 𝜃(𝑡

𝑖
)

is identical. Fortunately, due to the high Quality of Service
(QoS) desired by the cellular operators, MCNs are built to be
redundant by usingmultipleMLswithin the same path.Thus,
the following equation can be rewritten as

[
[
[
[
[
[

[

𝑦
1
(𝑡
𝑖
)

𝑦
2
(𝑡
𝑖
)

𝑦
3
(𝑡
𝑖
)

.

.

.

𝑦
𝐾
(𝑡
𝑖
)

]
]
]
]
]
]

]

=

[
[
[
[
[
[
[

[

ℎ
1
(𝜃 (𝑡
𝑖
))

ℎ
2
(𝜃 (𝑡
𝑖
))

ℎ
3
(𝜃 (𝑡
𝑖
))

.

.

.

ℎ
𝐾
(𝜃) (𝑡
𝑖
)

]
]
]
]
]
]
]

]

+

[
[
[
[
[
[

[

𝐴
𝑛
1

(𝑡
𝑖
)

𝐴
𝑛
2

(𝑡
𝑖
)

𝐴
𝑛
3

(𝑡
𝑖
)

.

.

.

𝐴
𝑛
𝐾

(𝑡
𝑖
)

]
]
]
]
]
]

]

, (11)

where𝑦
𝑘
(𝑡
𝑖
) is the totalML attenuation in the 𝑘thML in (dB),

ℎ
𝑘
(𝜃(𝑡
𝑖
)) equals 𝐴pr(𝑡𝑖) (8) for the 𝑘th ML (and thus it is a

function of each ML time-indepenenet specific properties),
and 𝐴

𝑛
𝑘

(𝑡
𝑖
) is the additive noise portion in the 𝑘th ML

measurement.
Noting that (11) is a nonlinear parameter estimation prob-

lem with 𝜃(𝑡
𝑖
) as the parameters vector, the estimation can be

performed via various parameter estimation methods, such
as Least Squares [24].

Denoting the resulting estimate for time index 𝑡
𝑖
by ̂

𝜃
𝑖

:

̂
𝜃
𝑖

= [

[

�̂�
𝑅
(𝑡
𝑖
)

�̂�
𝑆
(𝑡
𝑖
)

𝑐
𝑅
(𝑡
𝑖
)

]

]

, (12)

where �̂�
𝑅
(𝑡
𝑖
), �̂�
𝑆
(𝑡
𝑖
), and 𝑐

𝑅
(𝑡
𝑖
) are the estimated variables,

from which the total fallen precipitation rate P̂rec(𝑡
𝑖
) can be

calculated in (mm/h) (1), (2), and (5) as follows:

P̂rec (𝑡
𝑖
) = �̂�
𝑅
(𝑡
𝑖
) + �̂�
𝑆
(𝑡
𝑖
) + 𝑐
𝑅
(𝑡
𝑖
) ⋅ �̂�
𝑅
(𝑡
𝑖
) . (13)

2.1.3. Accumulated Precipitation Calculation. Since we are in-
terested in the accumulated precipitation fall, rather than the
precipitation rate, the following calculation is performed:

�̂�tot (𝑁) = ℎ ⋅

𝑁

∑

𝑖=1

P̂rec (𝑡
𝑖
) , (14)

where �̂�tot(𝑁) is the total accumulated precipitation, ℎ is the
sampling interval, and 𝑁 is the number of samples within a
given weather event. So,𝑁 ⋅ ℎ is the observation interval.

3. Application Using Actual Data

In order to demonstrate the feasibility of the proposed pro-
cedure, a test case was designed and executed during 2010–
2013. The site chosen for this test is kibbutz Ortal, located in
northern Israel. This specific site was chosen since it holds
a major microwave communication network (MCN) node,
which acts as a base-station for numerous fixed terrestrial
MLs, employed for transmission purposes by the Israeli cel-
lular operator Cellcom, as well as the fact that only northern
Israel has a probable chance to experience snow and sleet
weather events.

Since the aim of this test is to present the potential of the
proposed procedure, a reference for the local precipitation
fall was needed. For this purpose, readings from three Rain-
Gauges (RGs) operated by the Israeli Meteorological Service
(IMS) were gathered.

In order to classify the fallen precipitation, an OTT
Parsivel Disdrometer Weather Sensor [25–27] was installed
nearOrtal’sMCN node.The disdrometer, as well as Cellcom’s
MCN tower can be seen in Figure 1(a).

3.1. Available Data. During the test case, bothMLs Attenua-
tion Data and Meteorological Data were obtained.

3.1.1. Available MLs Attenuation Data. From the dozen com-
mercial MLs transmitting from and/or to Ortal node, data
from fourMLs which share the same path has been collected.
These four MLs are clustered in a single path of 12.08 km,
between kibbutz Ortal and kibbutz Odem (Figure 1(b)). It
is worth noting, that by using only MLs which share the



4 Advances in Meteorology

(a) Disdrometer (b) Area Map

Figure 1:The installedOTT Parsivel DisdrometerWeather Sensor near Ortal’s MCN base-station tower (a), and the test area map showing the
ML’s 12.08 km path, as well as the three available RGs: RG-Ortal, RG-Merom-Golan and RG-El-Rom (b). (Image (a) was taken by Y. Dagan.
Image (b) was created via Google Earth).
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Figure 2: An example of mRSL and MRSL data series, sampled at 15min intervals, with 1 dB quantization error (a), and the actual measured
fallen precipitation divided into rain, snow, and sleet, as detected by the OTT Parsivel Disdrometer Weather Sensor (b).

Table 1: Available microwave links.

ML number Location Length Frequency Polarization
1 Ortal-Odem 12.08 km 18.3600GHz Vertical
2 Ortal-Odem 12.08 km 18.3600GHz Horizontal
3 Ortal-Odem 12.08 km 19.3700GHz Vertical
4 Ortal-Odem 12.08 km 19.3700GHz Horizontal

same path, the 𝜃 parameters vector (10c) is guaranteed to be
identical for all MLs. Further details regarding the MLs are
presented in Table 1.

Due to the rough and nonlinear preprocessing made by
the cellular operator, eachML contributes only themaximum
Received Signal Level (MRSL) and the minimum Received
Signal Level (mRSL) for every 15 minutes quantised in 1 dB.

An example of the MRSL/mRSL data series recorded by a
given ML during a storm is presented in Figure 2(a).

3.1.2. Rain-Gauges. In order to capture the actual precipita-
tion fall, three RGs located in kibbutz Ortal, Merom-Golan,
and El-Rom were monitored. These three kibbutzes (and
hence, RGs) are distributed roughly evenly and in close prox-
imity (≤2.2 km) to the MLs path. The RGs are operated by
the IMS and record the daily fallen accumulated precipitation
(The RGs data can be accessed online under: http://www.ims
.gov.il/). The RGs locations can be seen in Figure 1(b).

3.1.3. Parsivel DisdrometerWeather Sensor. Since RGs cannot
distinguish between different types of precipitation, the OTT
Parsivel Disdrometer Weather Sensor was monitored in order
to classify the different fallen precipitation types. During the
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Table 2: Gathered meteorological data.

Event date Event length Accumulated precipitation Type via disdrometer
Rain Snow Sleet

10 December 2010 96 h 179mm 76% 9% 15%
16 January 2012 96 h 23mm 100% 0% 0%
04 January 2013 144 h 234mm 78% 6% 16%
28 January 2013 48 h 18mm 100% 0% 0%

test period, the following precipitation types were detected
(as reported by the disdrometer):

(i) liquid precipitation types: Light andmoderate drizzle,
strong drizzle, light and moderate drizzle with rain,
strong drizzle with rain, light and moderate rain, and
strong rain; precipitation in this group was treated as
“rain,”

(ii) solid precipitation types: light and moderate snow
and strong snow, precipitation in this groupwas treated
as “snow,”

(iii) mixture of both liquid and solid precipitation types:
light and moderate rain drizzle and snow, strong rain
drizzle and snow, and freezing rain; precipitation in
this group was treated as “sleet”.

An example of the raw data which was reported by the Par-
sivel disdrometer is shown in Figure 2(b). The full list of
precipitation types which are supported by the Parsivel dis-
drometer can be found in [25, 26].

3.2. Analyzed Weather Events. During December 2010 and
January 2013, two major weather events (which include rain,
snow, and sleet particles) have been analyzed. Since an ML
monitors the path-averaged precipitation fall, for each event,
the accumulated precipitation values reported by the three
available RGs (as presented in Figure 1(b)) were monitored
and averaged. Furthermore, measurements from the Parsivel
DisdrometerWeather Sensor were used to classify the types of
the fallen precipitation. In addition, two periods of pure rain-
fall (with no other precipitation types detected)were analyzed
in order to examine the proposed procedure performance
during rain-only events.

Details regarding the four weather events are presented
in Table 2, where the accumulated precipitation column
presents the averaged total accumulated precipitation as
reported by the RGs, and the type via disdrometer column
presents the percentage of the different precipitation types
throughout each event, as reported by the disdrometer.

It is worth noting, that for the available weather events
(of a duration of ≥48 h) and location (northern Israel), the
variation in the total accumulated fallen precipitation along
the MLs path and the corresponding RGs’ locations (which
are ≤2.2 km away from the MLs path) were shown to be
negligible [28].

3.3. Data Preparation. We will now go into details regarding
the data preparation needed for the estimation processes.

3.3.1.MLAttenuationData Series. Eventhough eachML con-
tributes both the MRSL and the mRSL data series, previous
study has found that formoderate and heavy storms, the con-
tribution of the MRSL data series for the estimation process
in this region is negligible [29]. Thus, in this demonstration,
only the mRSL data series were used.

For each mRSL data series, the value of𝐴dc (as defined in
(9)) was determined by taking themRSLmost common value
during the dry period prior to each storm. Further discussion
regarding the ZL is presented in Section 5.

3.3.2. 𝑎 and 𝑏, 𝜆, and 𝐿 Values. As mentioned in Section 2,
the values of 𝑎 and 𝑏 (1) parameters are well-studied and
can be found in the literature [9, 10]. However, those values
are applicable for instantaneous attenuation measurements.
In our case, we have access only to the mRSL/MRSL mea-
surements. In [18, 30] we show that by replacing 𝑎 by an
appropriate 𝑎

𝑚
> 𝑎, the overestimation of the rain estimates

due to the usage of the mRSL only can be compensated. We
have calibrated 𝑎

𝑚
empirically for this region to the value of

0.39 (dB/km)(mm/h)−𝑏 [18], which is used in the sequel.
The value of 𝑏 was taken as 1.12, which corresponds to

the 18-19GHz frequencies range [9, 10]. Since the expected
difference in the values of 𝑎 and 𝑏 due to the MLs different
polarisations and frequencies within the 18-19GHz range is
small [9], the same 𝑎 and 𝑏 set was used for all MLs.

The value of 𝜆 (2) was taken as 1.6 cm, corresponding
to a frequency of 18.74GHz, which is roughly the average
frequency used by the four MLs (Table 1). It is worth noting,
that each ML uses a slightly different frequency. However,
since the difference between those frequencies is small, the
changes to 𝜆 are negligible.

Lastly, the value of 𝐿 (1), (2) was taken as 12.08 km, which
is the MLs path’s length.

Note, that 𝑎 and 𝑏, 𝜆, and 𝐿 parameters are time-
independent, and thus their specific values were taken as con-
stants during the entire experiment duration.

3.4. Accumulated Precipitation Estimation. For each weather
event (as presented in Table 2), two different estimation pro-
cesses have been performed. First, the proposed model based
estimation was executed (11), and the estimated precipitation
rate (13) was calculated. Second, the known Power-Law (1)
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Table 3: Results throughout the events.

Time since
start

10 December 2010 16 January 2012 04 January 2013 28 January 2013
96 hours 96 hours 144 hours 48 hours

PM PL RG PM PL RG PM PL RG PM PL RG
(mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm)

24 h 1 1 0 9 6 12 5 5 6 8 7 7
48 h 55 48 75 22 16 17 36 31 45 22 17 18
72 h 164 143 169 27 20 20 93 79 135 — — —
96h 181 158 179 34 25 23 143 122 174 — — —
120 h — — — — — — 181 156 215 — — —
144 h — — — — — — 198 170 234 — — —
Storm 181mm 158mm 179mm 34mm 25mm 23mm 198mm 170mm 234mm 22mm 17mm 18mm
end (101%) (88%) 100% (136%) (109%) 100% (85%) (73%) 100% (122%) (94%) 100%
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(b) 04–10 January 2013 event, mixed precipitation

Figure 3: Accumulated precipitation between 10 December 2010 and 14 December 2010 (a) and the accumulated precipitation between 04
January 2013 and 10 January 2013 (b), as observed by the Rain-Gauges, as estimated by the proposed model, and as estimated by the Power-
Law model. The estimates errors throughout the storms are presented: It can be seen, that the proposed model achieved better estimates
throughout the storms.

estimation was executed (by using the same estimation
algorithm (11), with 𝑅

𝑆
= 0 and 𝑐

𝑅
= 0). This was done in

order to establish the current widely used estimation process
[1, 3], which treats the snow and sleet effects as negligible,
as a baseline for comparison. These two estimations were
performed for every sampling interval.

Lastly, by using (14), the total accumulated precipitation
during each storm was calculated, both for the proposed
procedure and for the Power-Lawmodel based estimation.

4. Results

From December 2010 until January 2013, data from two
extreme weather events in Israel have been collected and
analysed.These events include different types of precipitation,
including rain, snow, and sleet particles. In addition, two

rain-only events were analysed, in order to test the proposed
model mismatch during rain-only scenarios.

In Figures 3 and 4, the proposed model based estimation
results for every event, �̂�tot(𝑁) of (14), is plotted, as well
as the average of the measurements of the three RGs. For
comparison, the Power-Law (1) estimates are plotted as well.
In addition, �̂�tot(𝑁) specific values throughout the events
can be seen in Table 3, where PM represents the proposed
model estimates, PL represents the comparison Power-Law
estimates, and RG represents the RGsmeasurements average.

4.1. Results Analysis. Looking at Figure 3 and Table 3, it is
easy to conclude that once other than pure rain precipitation
types are involved, the proposedmodel based estimation out-
performs the Power-Law estimation by a significant margin.
The estimation based on the proposedmodel achieved a total
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(a) 16–20 January 2012 event, pure rain
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(b) 28–30 January 2013 event, pure rain

Figure 4: Accumulated precipitation between 16 January 2012 and 20-Jan-2012 (a) and the accumulated precipitation between 28-Jan-2013
and 30-Jan-2013 (b), as observed by the Rain-Gauges, as estimated by the proposed model, and as estimated by the Power-Law model. The
estimates errors throughout the storms are presented: It can be seen that in general, the Power LawModel achieved better estimates throughout
the storms. However, the proposed model estimation error is contained.

accumulated precipitation values which are much closer to
the RGs’ observed ones. Furthermore, by inspecting Table 3,
it is clear that the proposed model estimates achieved better
performance throughout the events progression, compared
with the Power-Law based estimation model.

While Figure 3 emphasises the robustness properties of
the proposed precipitation estimation procedure versus the
specificity of thePower-Law based estimationmodel, the pure
rainfall events (Figure 4) have put to a test the possible draw-
backs of such robustness. And indeed, during the rain-only
events, the Power-Law estimation systematically achieved
more accurate results than the proposed pocedure estima-
tion. However, once the total accumulated precipitation fall
detected in these events (18mm–23mm) are considered, it
can be seen that the absolute errors of the proposed procedure
are rather small (≈11mm in 96 h for the 16 January 2012 event
and ≈4mm in 48 h for the 28 January 2013 event), suggesting
that the proposed model mismatch during rain-only events
damages the estimation accuracy only mildly.

Nonetheless, it is worth mentioning, that during periods
of strong precipitation rate, both estimates tend to under-
estimate the accumulated precipitation fall. This underes-
timation can be attributed to the finite dynamic range of
the mRSL. During extremely intense precipitation fall, the
mRSL may drop to its absolute minimum, and thus stronger
precipitation rate will not be distinguished. Example of such
an intense precipitation rate can be seen in Figure 3(b),
starting from 07 January 2013.

5. Conclusion and Discussion

In this paper we established a new approach for monitoring
other than pure rain precipitation, by using MCNs. This

approach takes advantage of the fact that MCNs often
contain multiple MLs at the same location, which gave us
the possibility to estimate more unknown parameters and
therefore to employ an expandedmodel, fromwhich the total
accumulated fallen precipitation, regardless of the precipita-
tion type, can be estimated. And indeed, by using actualMCN
data, we have demonstrated that during weather events with
mixed precipitation this proposed model and the resulting
estimation exhibited better performance compared to the
standard Power-Law based estimation. In addition, despite
the robustness nature of this new method, it exhibited only
mild absolute errors during estimation of pure rain weather
events.Thus, this study suggests a new tool, which can be used
for precipitation estimation, especially at locations where
mixed types of precipitation are common.

This research presents promising results. However, in
order to deal with specific physical phenomena, as well as
with challenges which arose due to the usage of actual
MCNsmeasurements, wemade a number of assumptions and
approximations which may have introduced some errors into
the estimation process. Since these sources of errors are either
out of the scope of this paper or are yet to be fully understood,
their effects on the estimation accuracy should be further
studied. We will now list the main sources of errors which
should be addressed further.

5.1. Sources of Errors due to Physical Phenomena. In this
research we have developed a procedure which is capable of
treating multiple types of precipitation. This development is
based on some assumptions and approximations regarding
the sleet, which may introduce some errors. Additionally,
other physical phenomenamay also introduce errors into the
estimation process [31, 32].
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5.1.1. The Sleet Induced Attenuation Approximations. In
Section 2, we presented a new precipitation induced atten-
uation model, which generalises the well-known individual
models of rain and snow induced attenuation, while adding a
new term which accounts for the sleet induced attenuation.
This model is based on a number of approximations. The
sleet induced attenuation term (5) is approximated based
on the assumption that the sleet induced attenuation can be
modelled via the rain induced attenuation term. While the
assumption that sleet affects the microwave radiation similar
to the effects caused by rain has been proven [11, 12], once
considering sleet particles, the specific 𝑎 and 𝑏 parameters are
yet to be determined. Due to the lack of better knowledge, we
considered the fact that the 𝑎 and 𝑏 set for sleet should be
similar to the set already found for rain [20], and thus the
same set of 𝑎 and 𝑏 was taken both for rain and for sleet.
However, since the sleet DSD may be different than the DSD
of rain particles, better understanding of the sleet specific
𝑎 and 𝑏 parameters should be considered. In addition, the
proposedmodel is based on the assumption that the sleet fall-
rate is proportional to the rain-rate alone. Eventhough snow
induced attenuation is negligible compared to the attenuation
induced by rain or sleet [12, 13], refining the sleet relationship
further in relation to both rain and snow particles may yield
better overall accuracy.

5.1.2. Zero-Level, Wet Antenna, and Estimation Bias. Estab-
lishing the ZL has been a topic of past research [2, 21, 23],
and it is out of the scope of this paper. In general, we
assume a knownZL,meaning that it needs to be preestimated.
During our experimental study, for simplicity reasons, and
because we concentrated on demonstrating the feasibility of
the proposed procedure, the ZLwas taken as a constant value,
which was determined by the dry period prior to the storm.
However, in recent studies, it has been suggested that the ZL
may fluctuate during the storm, as well as be affected by a bias
caused by the Wet Antenna (WA) effect [33, 34]. While these
errors’ influence during moderate and heavy storms is small
[29, 30], during lighter storms the ZL and the WA induced
errors may indeed be significant. Thus, in order to achieve a
more accurate estimation, adjustments for the ZL and theWA
should be considered. Lastly, due to the high variations of the
precipitation fall (as can be seen in Figure 2(b)), the use of
more advanced estimation algorithms may be considered as
well.

5.1.3. Hail Effects. In this research, we demonstrated the
proposed procedure abilities by using storms data available
to us. These storms included mixtures of rain, snow, and
sleet particles. Eventhough that in theory hail induced ML
attenuation should be similar to the attenuation induced by
sleet [12, 17], we have yet to deal with hail, so further study
regarding the effects of hail is suggested.

5.2. Sources of Errors due toActualMCNsUsage. ActualMCN
measurements suffer from limitations from our point of view,
since they aim into communication purposes, rather than

precipitation monitoring. These limitations are additional
sources of errors.

5.2.1. Quantization Error. As mentioned throughout this
paper, the mRSL/MRSL data series often pass a quantizer
which introduces quantization errors. In our specific exper-
imental setup, the mRSL/MRSL data series were affected by
a quantization error of 1 (dB). While the quantization errors
are relatively small during heavy and long storms (due to
the large dynamic range of the mRSL/MRSL compared to
the 1 (dB) quantization error, as well as the fact that the
quantization error bias is zero), once lighter or shorter storms
are estimated, the weight of the quantization errors may rise
and possibly influence the estimation accuracy. Since the
quantization error is nonlinear and nonadditive, treating this
kind of error is not straight-forward and should be addressed
in the future.

5.2.2. General MCN Architecture. The approach proposed
in this research takes advantage of multiple MLs which
share the same path. While actual MCN setup is inherently
redundant, having four MLs sharing the same path is not
unusual; the question of generalising our results to MLs at
spatial diversity is an open one. Indeed, in a limited area,
precipitation fields are coherent [28], and this coherency can
be extracted to achieve better performance. Preliminary tests
have shown that using the spatial locations of the different
MLs, and creating a covariancematrix as part of an alignment
preprocess, may achieve promising results. However, this
subject is yet to be fully examined.
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The Tibetan Plateau harbors thousands of lakes; however few studies focus on impacts of lakes on local climate in the region. To
investigate and quantify impacts of the two biggest lakes (Ngoring Lake and Gyaring Lake) of the Yellow River source region in the
Tibetan Plateau on local climate, two simulations (with and without the two large lakes) fromMay 2010 to July 2011 are performed
and analyzed using the WRF-CLMmodel (the weather research and forecasting model coupled with the community land model).
Differences between simulated results show that theWRF-CLMmodel could provide realistic reproduction of surface observations
and has better simulation after considering lakes. Lakes mostly reduce the maximum temperature all year round and increase the
minimum temperature except in March due to the large heat capacity that makes lakes absorb (release) more energy for the same
temperature change compared to land. Lakes increase precipitation over the lake area and in the nearby region, mostly during 02–14
BT (Beijing Time) of July to October when the warm lake surface induces the low level horizontal convergence and updraft over
lake and provides energy and vapor to benefit the development of the convection for precipitation.

1. Introduction

An army of researchers and scientists accept the observation
and the outputs from simulations showing that lakes affect
local climate significantly and the effects vary spatially and
temporally [1–8]. Characteristics of energy budget over the
lake surface are different. For example, research study from
Lake Tanganyika in East Africa illustrates the annual mean
heat loss increase by 13% and 18% by latent and sensible
heat fluxes, resulting from the unstable atmosphere [9].
Contrastingly, the atmosphere during summer is usually
stable for the North American Great Lakes [9]. Temperature
response to the lakes also varies. For example, the surface
temperature was 4∘C less over the Great Slave Lake and
the Great Bear Lake in Canada as compared to land in
vicinity during July [10], while the simulation shows that
the lake temperature is usually higher than that of land in

southern Finland during all seasons [4]. Two large lakes on
South-Central Baffin Island in Canada delay the seasonal
cooling in fall and early winter for the interior lowlands
under the influence of strong positive sensible heat fluxes
[11]. The relative warming surface of lake can produce very
obvious lake effect on precipitation, particularly for the
downstream area [12–14]. Lake effect can increase up to 20–
40% convective precipitation, during late summer and early
autumn as shown from the case of Lake Ladoga in Russia [4].
Even the warmer lake surface may possibly lead to twofold
increase in downstream winter precipitation over the Great
Lakes region [15]. On the other hand, the Great Lake leads
to 10–20% decline in precipitation during summer [16]. The
above references elucidate that although the lake effect is
apparent in different regions worldwide, the exact nature and
gradient of the effect vary significantly.
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Figure 1: Terrain height (represented inmeters and shown as shaded
area) of the study area, the lakes (outlined by solid black line),
and observation stations (Maduo station: hollow red circle; Border
station: solid red circle; Island station: red plus; Grassland station:
red cross).

In addition, lakes play an important role in thewater cycle
by providing significant surface water storage generated by
precipitation, snow melting, and glacier melting [2, 17–19].
With recent global warming and scarcity of water resources,
to explore lake effect on local climate is an important
study towards the economic development planning for the
landscape and for the societal benefit in terms of land use
practices and livelihoods of communities around lake regions
and related river basins.

The Tibetan Plateau harbors thousands of lakes on the
highest altitude worldwide. The lake network covers nearly
44,993.3 km2 and covers about 49.4% of the total lake area in
China [20]. The Tibetan Plateau is the source of major rivers
in the region including the Ganges, the Mekong, the Yangtze,
and the Yellow River. The Yellow River is the second longest
river of China and fifth longest river in the world. The Yellow
River source region is commonly referred to as the water
tower of China [21] and occupies 48 lakes (area more than
0.5 km2). Lakes of the Yellow River source region are among
the significant component of lakes network of the Tibetan
Plateau. Ngoring Lake (Figure 1) is the biggest lake in the
Yellow River source region.With the spread of about 610 km2
and an average depth of roughly 17m (maximum depth is
estimated as 30m), it ranges between its south and north
(west and east) end nearly 30 km. The second largest lake
in the Yellow River source region is Gyaring Lake (Figure 1)
with the spread of 520 km2. Two lakes are only about 20 km
apart. They located (97-98∘E, 34.5–35.5∘N) with an altitude
more than 4,200m in the semiarid region of the Tibetan
Plateau.

Lakes spread of the Tibetan Plateau is known to influence
local climate. In recent years, a few scholars have performed
related research in the Tibetan Plateau with in situ obser-
vation, satellite data, and numerical simulation. The in situ
observation data is scarce in the Tibetan Plateau because
of its vast spread and remoteness, and in situ observation

only reflects one-point information. Satellite data can pro-
vide very usefully spatial information, but it only reflects
the information of transit time of satellite. Numerical simu-
lation could provide spatial and temporal information with
high resolution together and is chosen as the methodology
of the study. So far, the numerical study on lake effect in the
Tibetan Plateau mainly focused on its very short time effect
on local climate [22]. In addition, there was few atmospheric
model coupled with a lake model applied in the region.
The lake surface temperature was only set as sea surface
temperature from forcing data, which could not realistically
represent the variation of lake temperature and interaction
between air and lake. In order to fill the existing information
gap, the present study will use the WRF-CLM model (the
weather research and forecasting model coupled with the
community land model) with ten-layer lake scheme [23] to
study the relatively long term lake effect on local climate in the
Tibetan Plateau. However, considering the limitation that the
Tibetan Plateau is an extensively huge region and the “lakes”
are a relatively smaller landscape scale, it is rather challenging
for current computational clusters to perform a long term
high resolution simulation for the entire Tibetan Plateau
region. As a prototype to define the conceptual framework
for the long term study of lake effect, the two biggest lakes
(Ngoring Lake and Gyaring Lake) of the Yellow River source
region in the Tibetan Plateau are taken up to do the study.

2. Observation Data, Model, and
Numerical Experiments

2.1. Observation Data. The Tibetan Plateau has huge area,
small population, and abominable natural conditions. The
observation data in the Tibetan Plateau region is very scarce.
In the simulated area, there is only one weather station
maintained by China Meteorological Administration, called
Maduo station (98.2∘E, 34.9∘N) with 4,272m altitude. Its
observed daily 𝑇

2
(air temperature at 2m height) and daily

precipitation data available from China Meteorological Data
Sharing Service System (http://cdc.cma.gov.cn/home.do) are
employed to validate themodel outcome during the temporal
slice from July 1, 2010, to July 31, 2011.

To study lake effect on local climate in the Tibetan
Plateau, we built 3 automatic meteorological stations at the
border (97.57∘E, 34.92∘N) of Ngoring Lake, over grassland
(97.65∘E, 35.03∘N) close to Ngoring Lake and in an island
(97.65∘E, 35.02∘N) in Ngoring Lake, respectively. These sta-
tions are referred to as Border, Grassland, and Island station
in the following, respectively (Figure 1). At Border station, 𝑇

2

is collected since October 17, 2010, and used until the end
of July in 2011. At Grassland and Island station, 𝑇

2
is also

collected, but only in July 2010. LSST (The lake surface skin
temperature) is also sampled from 12 to 27 of July 2010 at
Island station.

2.2. Model and Numerical Experiments. The widely used
and advanced regional atmospheric model, the WRF-CLM
model, is employed to study the interaction between the
atmosphere and the lake surface [23]. In the model, lake
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Table 1: Conditions of the simulation.

Simulated domain Related condition
Location of center 97.5∘E, 34.8∘N
Horizontal grid spacing 5 km
Horizontal dimension 60 × 60
Vertical atmosphere layers 31
Vertical soil (lake) layers 10
Lake depth 17m

Table 2: Parameterization schemes used in the simulation.

Physics options Parameterization schemes

Microphysics Morrison double-moment
scheme [24]

Shortwave radiation Dudhia scheme [25]
Cumulus parameterization Kain-Fritsch scheme [26]

Longwave radiation Rapid radiative transfer model
(RRTM) scheme [27]

Land surface model CLM 3.5 [28]

Planetary boundary layer Yonsei University (YSU) scheme
[29]

processes and lake-atmosphere interactions are dynamically
simulated using a 1D mass and energy balance lake scheme
with 10 lakewater layers [30].The calculation of surface fluxes
of lake is close to that of nonvegetated surfaces, which is
used to calculate LSST. The calculation of each layer lake
temperature is depending on the Crank-Nicholson thermal
diffusion solution [30].

The domain of simulation is centered at (97.5∘E, 34.8∘N)
with 5 km horizontal grid spacing (Table 1). The horizontal
dimension is 60 × 60. The vertical atmospheric layers are
set to 31. The vertical soil and lake layers are set to 10. The
lake depth is set as 17m (a rough average depth of Ngoring
Lake). The lake area can occupy 48 grids. The initial and the
lateral boundary conditions are provided by the reanalyzed
data Version II available from DOE/NCEP (the Department
of Energy/National Centers for Environmental Prediction),
where the lateral boundary data is updated every 6 hours
[31]. The simulation with every 6-hour output is performed
from May 2, 2010, up to July 31, 2011. The first 2-month
simulation is discarded as spin-up. The selected physical
options (Table 2) includedMorrison double-moment scheme
[32], Dudhia scheme [33], Kain-Fritsch scheme [24], rapid
radiative transfer model (RRTM) scheme [25], CLM3.5 [26],
and Yonsei University (YSU) scheme [27].

The aforementioned numerical experiment is called S-
lake (simulation with lake). In order to investigate and
quantify the lake effect on local climate, another numerical
experiment, S-nolake (simulationwithout lake), is performed
for comparison with S-lake. S-nolake is based on S-lake, but
the two big lakes (Ngoring Lake and Gyaring Lake) are filled
with nearby land use cover (barren or sparsely vegetated),
while the small lakes in the study area remain as such.

3. Results

3.1. Evaluation of the Simulations. Simulated results in S-lake
are evaluated against observed daily 𝑇

2
at all four stations,

precipitation at Maduo station, and LSST at Island station.
Owing to the short term observation and the similar results,
simulation at Island station and Grassland station is not
shown in the figures and only their RMSE (root mean square
error) is given in Table 3. The magnitude and variations
of simulated air temperature over lake and land in S-lake
experiment are comparablewith observations, butwith a little
cold bias in winter (Figures 2(a)-2(b)). The S-lake simulation
captures themain precipitation events fairlywell (Figure 2(c))
and the simulated daily precipitation agrees well with obser-
vation, except the simulation overestimates five precipitation
events.TheWRF-CLMmodel reproduces seasonal variability
of precipitation with reasonable efficiency. It can be stated
that the precipitation is of common occurrence (with 94%
of the annual precipitation events happening in this time)
during May to October, while during November to March,
there is virtually no precipitation.

The S-nolake simulation is similar to S-lake (figure not
shown here). But all RMSE between simulated variables
and observations in S-lake is not bigger than that in S-
nolake (Table 3) and the S-lake has higher accuracy. In
general, the WRF-CLM model can reproduce the variability
of the observation well. TheWRF-CLMmodel demonstrates
relatively better simulation results over lake and its vicinity
with the lake embedded compared with the experiment
without lake.

3.2. Lake Effect on Local Climate

3.2.1. Lake Effect on 𝑇
2
. The simulated annual average tem-

perature in the region is relatively low as of the high altitude
(Figure 3(a)). The simulated average annual temperature
over the lake is noted as −2∘C, while the value of the
valley region surrounding the lake was noted as −4∘C. The
simulated temperature in the surrounding mountain area is
simulated as −6∘C or even lower, and it further declines as
the altitude escalates. Two broad points are derived from
the simulation analysis. (1) The temperature distribution is
notably influenced by the topography and the isotherm trend
in the region overlaps with the terrain height contour. (2)The
air temperature over lake and land shows similar seasonal
and diurnal variations (Figures 2(a)-2(b)). The minimum
(maximum) temperature about −17 (11)∘C is simulated for
January (July) and the simulated temperature is below 0∘C
from October to April (Figures 2(a)-2(b)).

The annual temperature difference between S-lake and
S-nolake illustrates that the lakes are warmer than the
land surface (Figure 4(a)). Figure 5(a) shows that the time
series of monthly mean 𝑇

2
, 𝑇max (daily maximum 𝑇

2
), and

𝑇min (daily minimum 𝑇
2
) difference between S-lake and

S-nolake experiments averaged over the box (96.7–98.4∘E,
34.6–35.5∘N) in Figure 4. The enclosed area is represented by
651 grid squares in themodel domain (about 15,000 km2) and
more than 12 times the area of Ngoring Lake and Gyaring
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Figure 2: Observed and simulated daily temperature (a, b) and precipitation (c) at Border station (a) and Maduo station (b, c) in S-lake
experiment.
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Figure 3: Simulated annually averaged temperature and annual precipitation (contours) from July 2010 to Jun 2011 in S-lake experiment.
Shaded area indicates the area with above 4500m terrain height.
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Table 3: RMSE of simulated daily precipitation (mm) and temperature (∘C) at different stations.

𝑇
2

at Maduo Precipitation at Maduo 𝑇
2

at Border 𝑇
2

at Grassland 𝑇
2

at Island LSST at Island
S-lake 1.7 5.1 2.2 0.9 0.7 1.2
S-nolake 1.7 5.4 2.3 1.0 0.7 1.3
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Figure 4: Annually averaged temperature difference (a) and annual precipitation difference (b) from July 2010 to Jun 2011 between S-lake
and S-nolake.
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Figure 5: Area averaged monthly temperature difference (a) and precipitation difference (b) between S-lake and S-nolake.

Lake, which is represented by 48 grids in the model domain
and about 1,200 km2. Lakes increase𝑇min throughout the year
(Figure 5(a)), except March, while the lakes have no warm
effects on 𝑇max during the year. Averagely, the lake is warmer
from June to January of next year (Figure 5(a)) and is acting

as heat source, whilst it is cool from February to May. The
growing season of native plants is from May to September.
And the study area is fairly cold because of high altitude.
The lake warming effect will benefit vegetation growth and
ecosystem stability of the Tibetan Plateau region.
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Figure 6: Precipitation difference ((a): percentage; (b): amount) between S-lake and S-nolake from July 2010 to October 2010.
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3.2.2. Lake Effect on Precipitation. Together with tempera-
ture, precipitation is influenced by the topography of the
region (Figure 3(b)). The higher the elevation is, the higher
the precipitation is. The gradient of the simulated precipita-
tion fluctuates from less than 300mm to more than 900mm
in correspondence to the lake area and its surrounding
mountain area. The lake area has the least precipitation.
94% precipitation occurs from May to October, while winter
precipitation is negligible (Figure 2(c)). The simulated pre-
cipitation events occur at the same time in S-lake and S-
nolake experiments as observed from Maduo station. The
precipitation is dominated by large scale circulation,while the
lake alters its magnitude.

Annually, the lakes can increase up to 49% precipitation
over lakes and their nearby area (Figure 4(b)).The influenced
area with more than 10% increased annual precipitation
occupies 158 grids (about 3,875 km2) over the lakes and their
surroundings, more than 3 times the 48 lake grids. Most
previous studies on such phenomenon have proven that the
precipitation induced by lakes is of local significance and
limited to the lake surface or closer to their surroundings
[2, 16, 28].

Figure 5(b) shows the monthly lake effect precipitation
averaged over the box in Figure 4. The lake effect increases
precipitation except the cold period when the time slice is
not the rainfall season and has an overall very low to almost
negligible precipitation (Figure 2(c)). Increased precipitation
by Ngoring Lake and Gyaring Lake in spring and early
summer is different with the study in the Great Lakes that
leads to 10–20% decline in precipitation during summer
[16]. The increase may be attributed to the high altitude,
cold environment, and the high absorption of high solar
radiation by the two lakes; thus the lake in the Tibetan Plateau
easily maintains warm early (Figure 6(a)). The precipitation
is significantly increased from July to October with the max
in August. The increase in late summer and early autumn is
similar to the boreal lakes in which Lake Ladoga in Russia
could increase up to 20–40% convective precipitation [4].
Owing to the high altitude of the study area, lakes keep
freezing with no rain in winter when the precipitation has no
evident change. This is also different from the winter study
in the Great Lake that is unfrozen and induces big lake effect
precipitation in winter [29, 34].

86% increased annual precipitation by lake effect happens
from July to October which is mainly focused on hereafter.
From July to October, Ngoring Lake and Gyaring Lake result
in significant precipitation rise over lakes and the adjacent
area (Figure 6).The increase can be up to 72%, withmost area
recording 10–180mm precipitation rise. The area with 20%
increase in precipitation is nearly 151 grids (about 3,775 km2)
amounting to 3 times the lake area.
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Figure 8: Precipitation difference and temperature difference at 4 different time periods ((a) 02–08 BT; (b) 08–14 BT; (c) 14–20 BT; (d) 20–
02 BT) from July to October 2010 between S-lake and S-nolake experiments.

Increased precipitation mainly consisted of convective
precipitation from July to October (Figure 7). During the
period, 55%, 32%, and 16% of increased precipitation happen
from 02–08 BT (Beijing Time), from 08–14 BT, and from 20–
02 BT, respectively. From 14–20 BT, lakes reduce 3% precipi-
tation.

Increased precipitation generally corresponds to warmer
LSST in S-lake (Figure 8) from July to October, especially
from 02–14 BT. Owing to the big heat capacity of the water,

lake is warmer than the land at nighttime and in themorning.
Lake warming effect at 08 BT averaged from July to October
can reach to 2∘C (Figure 9(a)) and can influence the lake
area and the downwind land area about 514 grids in the
model domain (with more than 0.05∘C difference in the two
simulations), much bigger than 48 lake grids.

Dynamically, the lake warming effect at night and in the
morning induces breeze of the order of 1m/s from land to lake
(Figure 9(a)). The low level horizontal convergence triggers
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Figure 9: Difference of air temperature (shade), latent heat flux (contour), and wind (vector) between S-lake and S-nolake experiments
at 08 BT averaged from July to October 2010 (a); vertical plot of difference of temperature (shade), specific humidity (contour), and wind
(streamline) between S-lake and S-nolake experiments along the green line in Figure 9(a) at 08 BT averaged from July to October 2010 (b);
the profiles of equivalent potential temperature at the black dot in Figure 9(a) in S-lake and S-nolake experiments at 08 BT averaged from
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the updraft to 540 hPa (Figure 9(b)). Correspondingly, the
high level divergent flow appears over the lake area and
downdraft appears at the two sides of the updraft. Thus the
secondary circulation forms and the low level energy and
moisture are transported to the high level.

Thermally, lakes release more latent heat flux
(Figure 9(a)) and evaporate more vapor to benefit the
development of the convection for precipitation. The warm
lake surface increases the instability of atmospheric profile
(Figure 9(c)) and induces more precipitation in S-lake.

4. Discussion and Conclusions

In this study, impacts of Ngoring Lake and Gyaring Lake
on local climate in the Yellow River source region in the
Tibetan Plateau are investigated and qualified with the aid of
the newly coupled WRF-CLM model that includes 10-layer
lake scheme. For this purpose, two simulations are carried out
with lake and without lake. The results show that WRF-CLM
has good simulation capacity for both land and lake surface in
the Yellow River source region and has better accuracy when
including lakes.
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Although the lakes freeze from November to April (half
year), overall warm lake effect is noticed. The lakes mostly
reduce themaximum temperature all year round and increase
the minimum temperature except in March. On a broad
note, this phenomenon looks promising for proliferation of
vegetation in the cold Tibetan Plateau.

In the study area, 94% precipitation occurs from May
to October and winter precipitation is negligible. Lakes
increase up to 49% annual precipitation over the lake area
and in the nearby region. The increase in precipitation as a
result of lake effect is another contributing factor to support
vegetation growth in the examined region. In addition to the
impact on vegetation spread, the access water from increased
precipitation and vegetation is projected to contribute for
the irrigation requirement in the downstream area of the
rivers originating from theTibetanPlateau. Timely, lake effect
always increasesmonthly precipitation except the cold period
when the time slice is not the rainfall season and the precipita-
tion is very small. 86% increased precipitation by lake effect
happens from July to October. During the period, Ngoring
Lake and Gyaring Lake result in up to 72% precipitation
rise over lakes and the adjacent area. Increased precipitation
mainly consisted of convective precipitation. 87% increased
precipitation falls from 02–14 BT and corresponds well with
the warm lake surface temperature that increases the precip-
itation by thermal and dynamic forcing together. The warm
lake surface induces the low level horizontal convergence and
updraft over lake andprovides energy and vapor to benefit the
development of the convection for precipitation.

Although the lake effect on local climate has been
investigated in the study, there are some limitations. (1) The
study period is only one year and will be extended with
the collection of longer time observation in future. (2) The
analysis does not consider inundated areas and other wetland
areas that are also present in the Tibetan Plateau during the
rainy season and are predicted to have significant influence
on the local climate as speculated from the wetland effect on
Nile hydroclimatology. That will be considered in the model
with the help of satellite data. (3) The other postulation is
fixing of the lake depth as 17m, as in actual scenario the lake
has an uneven depth. In future the gridded lake depth will
be measured with a depth finder and put into the model for
more actual numerical simulation.
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This study assesses future change of surface runoff due to climate change over Korea using a regional climate model (RCM),
namely, the Global/Regional Integrated Model System (GRIMs), Regional Model Program (RMP). The RMP is forced by future
climate scenario, namely, A1B of Intergovernmental Panel on Climate Change (IPCC) Fourth Assessment Report (AR4). The
RMP satisfactorily reproduces the observed seasonal mean and variation of surface runoff for the current climate simulation. The
distribution of monsoonal precipitation-related runoff is adequately captured by the RMP. In the future (2040–2070) simulation,
it is shown that the increasing trend of temperature has significant impacts on the intra-annual runoff variation. The variability of
runoff is increased in summer; moreover, the strengthened possibility of extreme occurrence is detected in the future climate. This
study indicates that future climate projection, including surface runoff and its variability over Korea, can be adequately addressed
on the RMP testbed. Furthermore, this study reflects that global warming affects local hydrological cycle by changing major water
budget components. This study adduces that the importance of runoff should not be overlooked in regional climate studies, and
more elaborate presentation of fresh-water cycle is needed to close hydrological circulation in RCMs.

1. Introduction

The surface runoff is one of the major components of the
terrestrial hydrological cycle along with the precipitation and
evaporation, which affects human activities by determining
the water supply. Since the hydrological cycle is responsive
to the climate change [1], the consequent impacts on sur-
face runoff contribute to various social problems related to
changes in the availability or absence of water, for exam-
ple, flooding or drought (e.g., [2, 3]). For the formulation
of regional policies on preventing possible water resource
problems, predictions of the future surface runoff conditions
and their variability are preferentially required.

One of widely used methods for assessing the impacts of
future climate change on surface runoff is employing global
climate models (GCMs) with climate change projection
scenarios [4]. There are three different kinds of approaching
method to the surface runoff from the GCM results: (1) using

direct output of GCM which includes a land surface model
(LSM) or simple water budget (e.g., [5–7]), (2) adapting
hydrological single column model, which calculates surface
and subsurface water budget, for statistically downscaled
GCMdata (e.g., [8–10]), and (3) dynamical downscaling with
a nested regional climatemodel (RCM) for target area such as
a river basin (e.g., [11, 12]).

The GCM is a valuable tool for future climate prediction;
however, its coarse spatial resolution (generally > 100 km)
restricts adequate representation of anomalous surface forc-
ing. The direct output of GCM is insufficient to represent
regional scale hydrological cycle. The abovementioned sec-
ond and third methods are excogitated to overcome such
limitation of GCM. It is arguable which one shows higher
reproducibility of regional climatology; however, the statis-
tical downscaling could be improper for future climate sim-
ulations because of inflexible empirical relationship between
GCM-simulated circulation and local features, which is hard
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to be adapted to the future climate if there is a significant
alteration of circulation [13].This erroneous result penetrates
to the hydrological single column model, declining the
predictability of hydrological features. On the contrary, the
dynamical downscaling method is likely to respond to the
changing large-scale climate even in the future simulation
since it explicitly represents mesoscale processes and terrain
influences by the RCM (e.g., [14–17]).

As computational growth covers expensive computation
of the RCMs which was a weak point of the dynamical
downscaling, RCMs have been intensively adapted to studies
regarding climate change impacts on surface runoff. For
instance, Kjellström and Lind [12] investigated changes of
water budget in Northern Europe using Rossby Centre
regional atmospheric climate model forced by GCM which
follows Intergovernmental Panel on Climate Change (IPCC)
Fourth Assessment Report (AR4) scenarios and showed that
the hydrological cycle in that region will likely become more
intense in the future. Sanchez-Gomez et al. [11] studied
changes in theMediterraneanwater budget usingmultimodel
ensemble of RCMs with a GCM of IPCC AR4 scenario
run.They predicted progressive drying of the Mediterranean
region which consequently increases the salinity of the
Mediterranean. Shi et al. [18] assessed future change of hy-
drological budget over Tibetan Plateau usingRegCM3model.
These studies denoted that RCMs provide credible represen-
tation of current surface runoff and are capable of apprais-
ing its future change.

In this study, a transition of surface runoff by future
climate change over Asia and Korea is investigated using a
RCM. We perform dynamical downscaling by the Regional
Model Program (RMP) of the Global/Regional Integrated
Model System (GRIMs; [19]) with the European Centre
Hamburg Version 5 (ECHAM5; [20]) as a large-scale forcing.
Experiments are conducted for the current (1980–2000) and
future (2040–2070) climate. As a prerequisite for future cli-
mate change assessment, the RMP’s ability is evaluated to pro-
vide regional scale details embedded within a low-resolution
global model, and consequently, the future climatology is
compared to the current climatology.This paper is organized
as follows. The model description and experimental setup
are given in Section 2. Section 3 provides evaluations of the
downscaled results from the RMP for the current climate.
A comparison of future and current climates is presented
in Section 4. Finally, summary and conclusions appear in
Section 5.

2. Model and Experimental Setup

2.1. Regional Climate Model. In this study, the GRIMs-RMP
(hereafter RMP) is applied as a RCM. The spectral represen-
tation of the RMP is a two-dimensional cosine series for per-
turbations of pressure, divergence, temperature, and mixing
ratio but a two-dimensional sine series for the perturbation
of vorticity. Linear computations of horizontal diffusion and
semi-implicit adjustment are only considered as perturba-
tions, and thus the error due to the reevaluation of the linear
forcing from the base fields is eliminated [21, 22].The physics

package of the RMP employs the Simplified Arakawa-
Schubert (SAS) convection scheme [23] for convective
parameterization, a diagnostic microphysics scheme [24],
the Yonsei University planetary boundary layer (YSUPBL)
scheme [25], the National Centers for Environmental Pre-
diction (NCEP)—Oregon State University—US Air Force-
National Weather Service Office of Hydrologic Development
(NOAH) land surface model (LSM) [26, 27], and the short-
wave [28] and long-wave [29] radiation parameterizations. To
prevent the distortion of large-scale fields, the revised Scale
Selective Bias Correction (SSBC) method is applied, which
has contributed to enhance the performance of precipitation
simulation in the RMP [30].Thismodel has been successfully
employed for numerous regional climate studies, especially
for East Asian monsoon studies (e.g., [31–33]), and GCM
downscaling studies for future climate projection [34] and
added value identification [35].

2.2. Experimental Design. The model domain includes East
Asia, India, theWestern Pacific Ocean, and the northern part
of Australia, as shown in Figure 1. Climatology analyses are
conducted in Analysis Zone, while skill scores are tabulated
for Northeast Asia. Intra-annual variation is analyzed over
Korea (Figure 1). The number of grid points in Cartesian
coordinates is 241 (west-east) by 198 (north-south) with
nominal horizontal resolution of 50 km. A 28-level of terrain-
following (sigma) vertical grid is used.The RMP experiments
are conducted for current (1980–2000, hereafter 20C) and
future (2040–2070, hereafter A1B) climates. Lateral boundary
and sea surface temperature (SST) conditions are given from
ECHAM5 simulation results at six-hour interval during the
RMP simulation. Future change in radiative forcing follows
the A1B emission scenario from the Special Report on
Emission Scenarios (SRES) by the Intergovernmental Panel
on Climate Change (IPCC) Fourth Assessment Report (AR4)
[36]. For detailed description for the experimental setup, it is
recommended to refer to Chang and Hong [37].

2.3. Evaluation Data. The modeled runoff is calculated by
the NOAH LSM in the RMP. NOAH LSM tabulates surface
runoff using Simple Water Balance model [38]. It defines
surface runoff (𝑅) as a difference between throughfall rate
of precipitation (𝑃) and infiltration (𝐼); that is, 𝑅 = 𝑃 −
𝐼, where 𝐼 is decided as a function of soil moisture and
texture [26].Themodeled runoff obtained from theRMP20C
experiment is compared with the regridded observational
analysis dataset, namely, the International Satellite Land-
Surface Climatology Project, Initiative II (ISLSCP II), and the
University of New Hampshire (UNH)/Global Runoff Data
Centre (GRDC) Composite Monthly Runoff ([39]; available
at http://daac.ornl.gov/cgi-bin/dsviewer.pl?ds id=994; here-
after ISLSCP2). The ISLSCP2 data are generated based on a
composite of satellite and station observation and are partly
adjusted using the water balancemodel.This dataset contains
monthly runoff analysis that has a spatial resolution of 0.5∘ ×
0.5
∘ and covers global land region. It provides a detailed

distribution of runoff. Since the ISLSCP2 partially covers
the period of the 20C experiment, modeled monthly runoff
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Figure 1: Regional model domain and orography (m). Primary, sec-
ondary inner, and innermost boxes indicate analysis zone excluding
buffer zone, Northeast Asia, and Korea, respectively.

is evaluated for 1986–1995 period. The ISLSCP2 data are
interpolated onto the RMP model grids for the evaluation.

3. Evaluation of Current Climate Simulation

It is generally agreed that downscaled surface variables such
as precipitation and temperature should be comparable to
observations of the same in order for the projected scenarios
to be considered credible [40, 41]. Since Chang and Hong
[37] confirmed the RMP’s ability in representing precipitation
and near-surface temperature, we focus on evaluating surface
runoff obtained from the RMP 20C experiment.

Figure 2 compares the seasonally averaged surface runoff
obtained from the ISLSCP2 dataset and that simulated by the
RMP. It is apparent that spatial distribution patterns of runoff
are highly correlated with precipitation. For the present sum-
mer, June-July-August (JJA), two major strong runoff areas
are observed; one is over the tropics, and the other is extended
from southern China to Korea and Japan, which is related
to the East Asia summer monsoon (EASM) precipitation
(Figure 2(a)).TheRMP captures EASM related runoff pattern
well, while surplus runoff generally appears over the conti-
nental region, and deficient runoff appears over the tropics
(Figures 2(b) and 2(c)). On the other hand, strong runoff
regions in western side of India and Indochina are sufficiently
reproduced by the RMP (Figure 2(b)).Throughout themodel
domain, there is general overestimation that is related to
systematic wet bias due to excessively simulated precipitation
of the RMP (see Figures 3(c)-3(d) in [37]). For winter,
in December-January-February (DJF), the RMP adequately
captures runoff pattern over Southern China, Korea, and
Japan even though general overestimation appears. Here, DJF
for a given year designates the period from December of that
year to February of the following year.The pattern of tropical
runoff is reproduced by the RMP, but its spatial deviation
is much larger than that in the observation (Figure 2(f)).
Despite the generally appearing wet bias in both summer

Table 1: Pattern correlation coefficient (PC) and root mean square
error (RMSE, unit in mm/d) scores of simulated runoff from
ECHAM5 run and RMP 20C experiment to the ISLSCP II reanalysis
over Northeast Asia.

Season Model PC RMSE

JJA RMP 0.70 1.25
ECHAM5 0.43 0.98

DJF RMP 0.74 1.19
ECHAM5 0.34 0.32

and winter, the spatial pattern of the simulated runoff is well
reproduced against the ISLSCP2 data.

Figure 3 shows runoff climatology fields as well as
Figure 2, but they are obtained from ECHAM5 simulation
results. Comparing to the RMP results in Figure 2, it is clear
that ECHAM5 shows inferior performance to that of the
RMP. For JJA, runoff is overestimated over Northeast Asia
and concentrated runoff distribution along the west coast
of India and Indochina Peninsula is not captured by the
ECHAM5 (cf. Figures 2(a) and 3(a)). ForDJF, runoff is under-
estimated especially for Southern China (cf. Figures 2(d) and
3(b)). Commonly, the ECHAM5-simulated runoff distribu-
tion is too smoothed to capture the observed climatology.

Table 1 summarizes the basic statistics for pattern cor-
relation (PC) and root-mean square error (RMSE) of the
runoff fields, obtained from ECHAM5 and RMP, against the
ISLSCP2 dataset. To compute the skill scores, the ISLSCP2
data on half resolution latitude-longitude grid are interpo-
lated onto the ECHAM5 and RMP model grids of approxi-
mately 180 km and 50 km resolutions, respectively.TheRMSE
scores are seemed to be slight better for the ECHAM5 than
for the RMP; however, there is noticeable difference for PC
scores between the RMP and ECHAM5. The PCs for RMP
are above 0.7 in both JJA andDJF, while the PCs are below 0.5
for ECHAM5 results. This result indicates that the reliability
of the RMP model results is much higher than that in the
ECHAM5 result.

4. Future Climate Changes

To assess changes on runoff in the future climate, analyses
of downscaled ECHAM5-A1B emission scenario by RMP are
performed from 2040 to 2070. According to Chang andHong
[37], near-surface temperature shows a distinct increase in
future climate of both JJA and DJF, while precipitation of
future climatology is similar to the current climate over
East Asia. Based on the results of Chang and Hong [37],
analyses are focused on changes in water budget components
and runoff pattern over Korea in this study. Future climate
experiment (A1B) is compared to those from the current
climate experiment (20C), respectively.

To examine the impact of temperature change on runoff,
differences in seasonal runoff between the A1B and 20C
climatology are analyzed in Figure 4. There is remarkable
increment of runoff over India and Indochina, while north-
western part of India, inland region of Southern China,
and Korea show decreased runoff in summer (Figure 4(a)).
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Figure 2: Seasonally averaged runoff (mm d−1) obtained from (a) observation (ISLSCP2), (b) model 20C experiment, (c) and their difference
(model minus observation) for JJA. (d) to (f) are same as (a) to (c) but for DJF.
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Figure 3: Seasonally averaged runoff (mm d−1) obtained from ECHAM5 simulation for (a) JJA and (b) DJF from 1986 to 1995.
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Figure 4: Differences of seasonally averaged runoff (mm d−1) of the A1B run from the 20C run for (a) JJA and (b) DJF.

However, east coast of Southern China, south coast of
Korea and Japan show increased runoff, which is related to
EASM (Figure 4(a)). In DJF, continental region shows slight
decrement of runoff, while runoff is increased in Korea and
south coast of China (Figure 4(b)). Tropical region shows
increased runoff in both JJA and DJF. Focusing on Korea, it is
remarkable that change in opposite directions appears in JJA
and DJF.

Figure 5 shows quantitative changes in main components
of a water budget over Korea. In JJA, runoff and evaporation
are increased by 9.1% and 5.9%, respectively, while precipita-
tion is decreased by 20.7%. In DJF, runoff and precipitation
are increased by 7.9% and 80.9% in the future climate, while
evaporation is decreased by 1.6%.Here, increment of runoff is

distinctly influenced by large increment of precipitation. On
the other hand, incremental percentage looks too large due
to small absolute value of precipitation.These results indicate
that the pattern of hydrological cycle is changed in the future
climate.

Monthly variations of modeled water budget compo-
nents: precipitation, evaporation, and runoff in current and
future climate over Korea are shown in Figure 6. It is clearly
shown that variation of runoff is highly correlated with
variation of precipitation (cf. Figures 6(a) and 6(b)).There are
remarkable intensified peak points in July of A1B experiment
for both runoff and precipitation, while they are decreased in
August and September compared to those of 20C experiment
(Figures 6(a) and 6(b)). On the contrary, runoff in May
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Figure 6: Monthly variations of simulated (a) runoff, (b) precipitation, and (c) evaporation (mm d−1) obtained from 20C (closed circle) and
A1B (open circle) experiments, over land of Korea (innermost box of Figure 1).

and June is intensified (Figures 6(a) and 6(b)). In the future
climate, evaporation is generally increased in May to August
(Figure 6(c)), and it is a natural outcome of temperature
rising (see Figures 7(c)-7(d) in [37]). These imply that tem-
perature warming has a significant influence on intra-annual
distribution of runoff. Moreover, it increases variability of
runoff in summer and shows strengthened possibility of
extreme occurrence. Since these results are derived from
50 km resolution simulation and quantities are area-averaged
over Korea, they cannot provide accurate quantitative value
of change. However, through these comparative analyses of

current and future climatology, it is able to access relative
changing patterns of water budget components due to climate
change.

5. Summary and Concluding Remarks

This study investigated potential future changes in the climate
over Korea with focus on surface runoff and its intra-annual
variation. For this purpose, current climate and future cli-
mate projection scenario were dynamically downscaled using
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the GRIMs-RMP. The A1B scenario driven by ECHAM5
simulation provided large-scale forcing to the RMP simula-
tions, which were configured with an approximately 50 km
grid over the Asian and tropical region. Simulations were
conducted for the current (1980–2000) and future (2040–
2070) climates.

As a prerequisite for the assessment of future runoff
change, modeled surface runoff obtained from the cur-
rent climate simulation was evaluated by comparing with
observation-based reanalysis dataset, namely, ISLSCP2. Since
reproducibility of the RMP for precipitation and near-surface
temperature is confirmed in Chang and Hong [37], we
focused on analyzing simulated surface runoff. The evalu-
ation results indicated that the RMP is able to reproduce
major characteristics of climatology of runoff distribution,
even though there is wet bias.

To identify potential future climate change, the A1B sce-
nario of IPCC AR4 generated by ECHAM5 was downscaled
and compared with the current climate. Here, we concen-
trated on changes of water budget components including
runoff, precipitation, and evaporation and their intra-annual
variation over the Korean region. Increasing temperature
trends in future climate have shown that they have significant
impacts on the intra-annual runoff variation. The variability
of runoff is increased in summer, andmoreover, strengthened
possibility of extreme occurrence is detected in the future
climate.

The result of this study reflects that global warming affects
local hydrological cycle by changingmajorwater budget com-
ponents. Considering some fundamental limitations of this
study—uncertainties of global and regional climate model,
low horizontal resolution of the model, consideration of only
one type of future climate scenario assuming stabilization of
warming in the future without overshooting, and focusing on
the Korean region only, it is hard to assure that future runoff
change would occur as it did in our study. Nevertheless,
this study adduces that the importance of runoff should
not be overlooked in the regional climate studies. Runoff is
one of the major input components of river discharge, and
consequently, rivers flow into the ocean reducing salinity
and changing sea-surface temperature. Naturally, varying
ocean conditions influence the atmosphere. The coupling
of ocean and atmospheric model in regional scale is in
infancy stage in regional climate research community, and the
interaction of heat fluxes is a major concern at the interface
of ocean and atmosphere. It is emphasized that the loading
of full hydrological cycling processes including runoff and
river discharging should be the goal for the next-generation
regional climate modeling.
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[15] E. P. Salathé Jr., R. Steed, C. F. Mass, and P. H. Zahn, “A
high-resolution climate model for the U.S. Pacific Northwest:
mesoscale feedbacks and local responses to climate change,”
Journal of Climate, vol. 21, no. 21, pp. 5708–5726, 2008.

[16] S.-Y. Hong, N.-K. Moon, K.-S. S. Lim, and J.-W. Kim, “Future
climate change scenarios over Korea using a multi-nested
downscaling system: a pilot study,” Asia-Pacific Journal of
Atmospheric Sciences, vol. 46, no. 4, pp. 425–435, 2010.

[17] S.-Y. Hong and M. Kanamitsu, “Dynamical downscaling: Fun-
damental issues from an NWP point of view and recommenda-
tions,” Asia-Pacific Journal of Atmospheric Sciences, vol. 50, no.
1, pp. 83–104, 2014.

[18] Y. Shi, X. Gao, D. Zhang, and F. Giorgi, “Climate change over the
Yarlung Zangbo-Brahmaputra River Basin in the 21st century
as simulated by a high resolution regional climate model,”
Quaternary International, vol. 244, no. 2, pp. 159–168, 2011.

[19] S.-Y. Hong, H. Park, H.-B. Cheong et al., “The global/regional
integrated model system (GRIMs),” Asia-Pacific Journal of
Atmospheric Sciences, vol. 49, no. 2, pp. 219–243, 2013.
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The precipitation conditions in central Karakoram are investigated on the basis of snow samples from high elevated snow pits
at Urdok glacier from 2006 and the analysis of atmospheric transport trajectories in combination with the general, large scale
pressure distribution. Our analysis shows that accumulation at the high elevated regions of the central Karakoram is dominated by
the west wind circulation (WWC). Incursions of the South Asian monsoon (SAM) occur sometimes during the summer months
accompanied by strong precipitation but play a minor role for the total accumulation amount. Dust layers found in the snow pits
show a rare earth elements signature which indicates that the dust very likely originates from the arid regions of western China
and Central Asia. Our trajectory calculations based on NCEP/NCAR reanalysis data confirm that especially during late spring and
early summer the westerly flow is redirected over the Tarim basin to reach central Karakoram from an East/Southeast direction.
The preservation of the layer structure and the clear seasonal signals in the snow pits indicate that locations above 5200m in central
Karakoram will be suitable places for retrieving longer climate records from ice cores.

1. Introduction

In recent years the glaciers of the Hindukush-Karakoram-
Himalaya (HKH) range receive more and more attention,
because of their potential impact on the water balance of
regions which undergo a very strong change in population
and societal and economic development [1–3]. The water
demand in these regions is growing at a high rate, while water
resources are limited. In Europe, glaciers act in a favorite
way for the human society by storing water during periods
of low demand (reduced agricultural activity during winter)

and releasing water by ice melt during the main crop season.
For the northern regions of the Indian subcontinent the
relation is not that simple, because of a rather large variation
of climatic conditions from the West to the East. In the
western regions of the Hindukush, the summer monsoon
plays only aminor role, while the eastern part of theHimalaya
in Nepal, Sikkim, and Bhutan is strongly influenced by
the Indian monsoon, resulting in high precipitation rates
during the summer months. Thus, ice melt and the humid
season coincide in this region [4], while the western parts
show rather arid conditions during the summer months. In
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addition to this major West-East gradient, the influence of
the monsoon varies also in South-North direction, where the
relative significance depends very much on the strength of
the individual monsoon season. Particularly in the western
part of the HKH range, the annual precipitation conditions
depend on the interchange of the westerlies and themonsoon
activity during the course of the year. During a weak summer
monsoon the clear weather in the mountains can increase ice
melt and thus runoff from the glaciers, while during strong
monsoon activities accumulation in the high elevated glacier
basins is enhanced and water is stored as snow and ice.

Glacier runoff in years of intense melt needs to be
compensated by high accumulation during other periods in
order to provide stable conditions. During the past decades
this systemhas become clearly out of balancewith accelerated
glacier melt at least in parts of the HKH range. However, the
Karakoram Range seems to be remarkably stable, with no
significant trend of ice loss [3, 5, 6]. Information from this
remote region is mainly based on satellite data which are a
suitable basis for documenting the retreat or advance of ice
covered areas, while detailed volume changes are difficult to
quantify. The melt down of debris covered glacier tongues,
for example, is not so easily detected by remote sensing
data, while changes in the accumulation amount are almost
impossible to monitor from space.

Estimates of the mass balance conditions therefore
require local information. Air temperature to estimate abla-
tion [7–9] and precipitation to assess accumulation [10, 11]
are suitable parameters for a simple parameterization of
glacier mass balance. Air temperature usually shows a rather
homogeneous spatial distribution on a regional scale, where
the variation with altitude is much larger than the horizon-
tal variability. The vertical lapse rate can be approximated
by some assumptions about the general conditions in the
atmosphere [12]. In contrast, precipitation is event driven
and can change strongly within short distances. For example,
intensive advective precipitation can occur in high elevations,
while the low elevation valleys nearby experience no pre-
cipitation at all. Therefore air temperature information from
weather stations can be used for mass balance estimates even
distances farther away from the glacier, while accumulation
conditions need at least to be described on a regional scale
and at the appropriate elevation level.

Unfortunately almost no high elevation weather stations
exist in the Karakoram. In addition, precipitation measure-
ments are difficult and usually not representative for solid
precipitation. Also field measurements of accumulation on
glaciers are very scarce in the Karakoram and are basically
restricted to the snow lake region of the upper Biafo glacier
[13]. Most accumulation basins are situated between 4800
and 7000m, where no weather stations exist at all in the
entire region. This demonstrates the need for obtaining
more information about the accumulation conditions, to
improve investigations on themass balance conditions of this
important mountain range.

The main goal of this paper is to improve the knowl-
edge about accumulation conditions in the high parts of
the Karakoram, by adding information to the very scarce
existing data basis. The analysis of potential source regions

will provide additional insight into the general situation
of accumulation events during the seasons in this region.
Therefore we concentrate the analysis on the crucial topics:
accumulation history at a specific site, location of source
regions, and temporal variations of precipitation events. In
order to provide information about accumulation condi-
tions, snow and firn studies have been carried out in the
accumulation basin of Urdok glacier in central Karakoram
in June 2006. The results of these investigations are pre-
sented here in the context of the influence of the general
atmospheric circulation system on the specific conditions
in the Karakoram region. Based on NCEP/NCAR reanalysis
data, trajectories have been calculated to identify the source
region of precipitation events detected in the samples of
the snow and firn layer. This analysis allows evaluating the
significance of typical large scalemeteorological situations for
accumulation events.

2. Area of Investigations

The Karakoram is one of the highest mountain ranges in
the world and part of the extensive Hindukush-Karakoram-
Himalaya (HKH) complex, separating the Indian subconti-
nent from the main part of Asia. The Karakoram mountain
range extends between 35∘ and 36∘ North, and 72∘ and 79∘
East, and is mainly situated in Pakistan with some parts
reaching into India and China. The total area of glacier cover
varies between about 15 000 km2 and 19 000 km2, depending
on the data source, the degree of accuracy, and also the area
definition [14, 15]. The Karakoram has the highest degree
of glaciation outside of the Polar Regions, where especially
the high elevation basins (above 5000m a.s.l.) show almost
a continuous glacier cover, resulting in long glacier tongues
reaching down to elevations well below 4000m (for some
large glaciers evenwell below 3000m a.s.l., e.g., Batura glacier
and Pasu glacier at about 2560m and 2580m, resp.). Central
Karakoram around the high peaks of K2, Broad Peak, and
the Gasherbrum group also forms the drainage divide (main
divide) between the Indus river in the Southwest and the
Yarkand river in the Northeast.

The Urdok glacier (total area of 64 km2) is on the north-
ern slope of the main divide and drains into the Shaksgam
river which joins the Yarkand river and finally ends in the
Tarim basin (Figure 1). The glacier is divided into two main
branches, where the longer one (23 km length) starts from
a pass at about 5200m a.s.l. in the Southeast, while the
shorter branch (about 20 km length) originates from about
5700m a.s.l. just below the precipice of the Gasherbrum I-
II North face. Our comparison of different Landsat satellite
images (L5 TM, L7 ETM, and LC8) of the past 15 years
shows no noticeable change in the glacier snout position
at about 4260m elevation, which is probably connected to
the extensive supraglacial debris cover of 62%. Based on a
cloud free Landsat LC8 image (Path 148, Row 35) of July 14,
2013, the Urdok glacier and its supraglacial debris cover were
mapped manually, because this gives the best results. Along
the western margin of the glacier six looped moraines are
discernible which indicate a series of fast advances of the
shorter branch in the past.
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Figure 1: Location of Urdok glacier Northeast of the main divide of the Karakoram Range. The snow pits were situated in the northern
accumulation basin.

The general weather situation of the Karakoram is char-
acterized by two large scale circulation regimes: the cyclonic
west wind circulation (WWC) and the South Asianmonsoon
(SAM). On the annual basis the WWC is dominating the
weather pattern and probably accounts for the majority of
the precipitation in the higher reaches of the Karakoram
[16]. During the northern hemisphere winter the subtropical
jet stream diverts cyclonic depressions towards Karakoram
and northern India [13]. The central Asian mountain ranges
(e.g., Pamir, Karakoram) form a barrier for the air transport
which therefore is divided into a northern and southern
branch (polar jet and subtropical jet). Due to the increasing
warming of the land surface during spring the air transport
is gradually diverted towards the North. The subtropical
jet only sometimes extends along the southern margin of
the HKH range, before it finally is established along the
northern margin during the summer [13]. However, the
higher layers of the atmosphere across the Karakoram are
influenced by westerly winds for the entire year [16, 17].
During summer a strong atmospheric depression develops
across the Indian subcontinent due to the high temperature
contrast between land and ocean surface.The strong pressure
gradients generate continuous SW winds which transport
large amounts of humidity towards the mountain ranges
in the North. The additional depression above the Tibetan
highlands intensifies this situation [18]. As a consequence
very strong precipitation events occur during July andAugust
on the Indian subcontinent stretching into the mountain
ranges of HKH. In the interior of the Karakoram, the highest
precipitation occurs, however, during early spring, when the
subtropical jet stream becomes gradually unstable [19]. The
contribution of the SAM to the total precipitation is still not
very well known in this region, but its influence decreases
from South to North [20, 21]. Wake [13] found indications for
precipitation events influenced by monsoon incursions as far
North as Biafo glacier inCentral Karakoram from the analysis
of snow pits and shallow firn cores.

3. Data Collection and Analysis

3.1. Glaciological Data. We present results from two snow
pits from the accumulation zone of Urdok glacier at the
Northeasternmargin of the Karakoram, sampled inmid-June
2006 (Figure 1). The snow pits are situated in the western
accumulation basin of the glacier at 5250m and 5400m
elevation, respectively (Figure 1). To the West and to the
South the locations are shaded by the high mountain ridges
of the Gasherbrum group, while the glacier basin is rather
open to the North, East, and Southeast. However, the area of
the snow pits is not influenced by avalanches. The two pits
were excavated to a depth of 225 cm (at 5350m elevation)
and 249 cm (at 5400m elevation) and snow samples retrieved
from 6 cm intervals for the determination of density and the
analysis of the stable isotope 18O, as well as mineral dust
(Figure 2). Due to logistic restrictions, the samples had to be
melted in the field and transported in liquid conditions to the
labs in Europe. In addition the stratigraphy of the snow/firn
column was documented, focusing on the occurrence of ice
and dust layers. The snow surface showed no signs of melt
during the time of field work, indicating that the summer
melt season had not yet started at this altitude and the
winter snow was still preserved in the snow pits. Frequent
ice layers in the pits, however, demonstrated that single melt
events may occur at any time of the year. The content of the
stable oxygen isotope 18O and the mineral dust composition
were analyzed at the liquid samples at the Alfred-Wegener
Institute, Helmholtz Center for Polar and Marine Research
at Bremerhaven, Germany, and the Paul Scherrer Institute at
Villigen, Switzerland, respectively.

The isotope content 𝛿18O was measured by a Finnigan
DeltaS mass spectrometer and is given with respect to the
Vienna StandardMeanOceanWater (VSMOW).The isotopic
composition of precipitation is related to the air temperature
at which the atmospheric water vapour condensates [22].
Therefore, the relative stable isotope concentration 𝛿18O in
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Figure 2: Photograph of snow pit 2 of 15.06.2006. Clearly visible are
the prominent dust layers.

snow or ice is a good means to reconstruct air temperature
variations in the past.

Mineral dust is usually deposited by precipitation events,
sometimes also as fallout from the atmosphere after heavy
storm events in the source region. The concentration and
relative occurrence of rare earth elements (REE) can be
used as a marker for the determination of source regions
with special geological provenances [23]. Based on samples
from possible source regions (PSA), a principal component
analysis (PCA) was carried out in order to determine the
potential source region of the dust extracted from the snow
samples [24].

In order to connect the information from the snow pits
with the local meteorological conditions, a simple weather
station was installed at the base camp close to the glacier
terminus, at 4200m elevation. This station collected data
about air temperature, relative humidity, wind speed, and
precipitation during the period of field work from June 8,
2006, until June 18, 2006. Data collection was based on a five-
minute sampling interval and the data were subsequently
transformed to hourly mean values. Air temperature is
measured in a shielded but nonventilated housing by a
thermistor element, while precipitation is quantified by
a nonheated tipping bucket system. The precipitation
measurements were in fact not necessary, because no
precipitation event happened during the ten days of field
work at the base camp. The main purpose of collecting these
data was to determine the relative relationship between the
local meteorological conditions and the conditions at the
closest automatic weather station (SHARE Urdukas AWS),
at 4022m elevation, West of the main divide in about 47 km
distance (39 km from the snow pits). From this station hourly
data of the main meteorological parameters are available for
most of the time since its installation in summer 2004 ( http://
www.evk2cnr.org/cms/en/share/monitoring-stations). The
AWS at Urdukas is maintained by the SHARE Geo Network

of Ev-K2-CNR in Italy (stations specifications can be found
at http://www.stations.evk2cnr.org/SHARE DB/ATMOSPH-
ERE%20AND%20CLIMATE/ASIA/PAKISTAN/Urdukas/
METADATA/). Air temperature is measured in a shielded
but naturally ventilated housing by a PT-100 type sensor
(LSI Lastem DMA570) with an accuracy of 0.1∘C. The
rain gauge (LIS-Lastem DQA035) is based on a tipping
bucket principle with a nonheated collector and a described
accuracy of better than 2% for precipitation of less than
3mm/min. The standard meteorological parameters are
collected as hourly mean values since June 17, 2004.

3.2. Atmospheric Data. In addition to the field data, meteo-
rological reanalysis data from NCEP/NCAR [25] were used
to interpret the results from the snow pit observations in
a regional and global circulation context. These data are
available at 6-hour intervals and have a spatial resolution of
2.5∘. Using the HYSPLIT (hybrid single-particle Lagrangian
integrated trajectory [26]) model fromNational Oceanic and
Atmospheric Administration (NOAA) backward trajectories
were calculated, based on the reanalysis data, for specific
periods of precipitation events detected in the snow pits.This
method helps to identify potential moisture source regions
[27], although the accuracy is limited by the spatial and tem-
poral representativeness of themeteorological input data. For
our purpose we generally calculated backward trajectories
for the last 14 days before the observed event and for three
different elevation levels (10m, 2000m, and 5000m above
the snow pits at the time of deposition). In addition to the
specific event based trajectories, also monthly and seasonal
(DJF,MAM, JJA, SON) cluster trajectories were calculated for
the period from 1996 until 2006. To complete the atmospheric
input data sea level air pressure maps were produced as
monthly means for the Asian region, also based on the
NCEP/NCAR reanalysis data by using the LAS7 tool of the
School of Ocean and Earth Science and Technology, Univer-
sity of Hawaii (http://apdrc.soest.hawaii.edu/las/getUI.do).

4. Results

For improving the knowledge of accumulation conditions
in central Karakoram, we tried to answer the following
questions:

What is the accumulation history at a specific site?
Is it possible to derive the source locations of precipitation

events, in order to characterize the temporal distribution of
accumulation?

Is there a long-term typical pattern of precipitation
events, governing the accumulation in high altitudes?

4.1. On Site AccumulationHistory. Thecalculation of the total
amount of accumulation (given in mm water equivalent) is
rather straightforward, using themeasured snowdensities for
each sample from the snow pits. We focus on pit 2 in this
analysis, because the stratigraphy is almost identical between
both pits and pit 2 reaches a larger depth (Figure 3).

The mean snow/firn density in pit 1 is 460 kg/m3, com-
pared to 430 kg/m3 in pit 2. The snow density increases
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Figure 3: Comparison of the vertical density distribution in the two snow pits (a) and the 𝛿18O values of the snow and firn samples (b).

considerably within the first 30 cm from the surface. This
layer was deposited by precipitation/snow fall events during
the spring of 2006. Further down the density is rather
constant until 180 cm depth with amean density of 502 kg/m3
in pit 1 and 470 kg/m3 in pit 2.This sequence is interpreted as
the winter accumulation 2005/06, while the layers between
180 cm and 230 cmdepth show a lower density and thus prob-
ably originate from summer accumulation events during the
previous year, 2005. Below 230 cmdepth, the again increasing
density in pit 2 (pit 1 ends at 230 cm) indicates lower
temperatures during deposition and therefore again winter
conditions. A preliminary dating can be derived already
from this very crude analysis, where the winter accumulation
2005/06 is situated between 30 cm and 180 cm depth, while
the summer accumulation 2005 is found between 180 cm and
230 cm depth.

This time/depth relation can be improved by using the
results from the 𝛿18Oanalysis (Figure 3). It becomes clear that
the snow in the snow pits was deposited during two warmer
periods and one colder period, relating to the summer of
2005, winter of 2005/06, and spring of 2006. The end of the
winter 2004/05 is also detectable in the samples of pit 2. The
𝛿
18O values of both pits are very similar which confirms

a homogeneous deposition in the upper regions of Urdok
glacier.

We now try to refine the accumulation history based on
the snow pit data and the weather station data. A comparison
of the air temperature measurements between the local
weather station at the glacier terminus and the SHARE
Urdukas AWS, 47 km to the WSW, shows a high correlation,
as can be expected for such distances. We postulate that,
apart from local convective precipitation, major depression
driven events occur across these short distances on both sides
of the main divide. In this case the records of the SHARE
Urdukas AWS can be used to reconstruct the accumulation
history of the Urdok snow pits. Assuming a mean vertical

lapse rate of 7.5∘C/km [28], taking into account the elevation
difference between Urdukas and snow pit 2 of 1378m, and
assuming snow accumulation for air temperatures lower than
1∘C [29], precipitation will be deposited as snow at snow pit
2 for air temperatures lower than 11.3∘C at Urdukas. The total
precipitation amounts will be different between Urdukas and
Urdok glacier, in dependence on the main direction of the
depressions.However, the relativemagnitude is very probably
correlated, so that strong events at Urdukas will also produce
larger depositions at Urdok glacier and vice versa. In addition
to these assumptions, the stratigraphy of the snow pits
(crystal size and layer hardness) and the relative relationship
between 𝛿18O values and air temperature were used for
extracting snow fall events from the precipitation record of
the Urdukas meteorological data. The comparison of the
Urdukas temperature observations with the 𝛿18Ovalues from
the snow pit provided a first rough snow depth time scale.
Then the main precipitation events at Urdukas were related
to layers in the snow pit which were recognized as major
snow fall events. As a result, a time/depth relationship could
be developed for the snow pit 2 at Urdok glacier which
is directly related to the meteorological observations at the
SHARE Urdukas AWS (Figure 4). The lowest layers in the
snow pits have been deposited at the beginning of summer
2005, according to this relationship. The major amount of
snow was deposited from the beginning of September 2005
until mid of May 2006, while during the period middle of
October to end of January almost no accumulation occurred.
During this period the Urdukas observations indicate only
minor precipitation events and thus probably very little
accumulation at the snow pit site.

The detailed time scale developed above enables us to
derive the seasonal precipitation history (Table 1).

For the mass balance year 2005/06 a clear maximum in
precipitation is observed during summer at Urdukas. This
indicates that themonsoon had a considerable influence even
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Table 1: Summary of derived accumulation from the snow pit
(Urdok glacier) and measured precipitation (Urdukas AWS) at the
two sites.

Urdok glacier Urdukas
Winter (DJF) ∼240mmw.eq. 29mmw.eq.
Spring (MAM) ∼330mmw.eq. 45mmw.eq.
Summer (JJA) ∼225mmw.eq. 125mmw.eq.
Autumn (SON) ∼160mmw.eq. 33mmw.eq.
Winter half year (23.9.–21.3.) ∼520mmw.eq. 41mmw.eq.
Summer half year (22.3.–22.9.) ∼540mmw.eq. 191mmw.eq.
Annual sum ∼1060mmw.eq. 232mmw.eq.

this far into central Karakoram Mountains in 2006. This
is also visible in the semiannual data, where the summer
precipitation amounts to more than 4.6 times the value of the
winter period. In contrast, the precipitation sums are much
more regularly distributed on the Northeastern side of the
divide, where themaximum is deposited during spring, while
autumn is the driest season, but the differences are much
smaller than at Urdukas. The semiannual values are almost
identical between summer and winter. Despite the stronger
influence of the monsoon total precipitation amounts are
more than 4.5 times lower at the SHARE Urdukas AWS. The
longer term meteorological observations at Urdukas (2004–
2006) show that the summer precipitation maximum occurs
regularly in this region (Figure 5).

4.2. Precipitation Origin. The stratigraphy of the snow pits
revealed very distinct layers with high dust concentrations at
various depths. Dust deposited by precipitation events allows
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Figure 5: Daily precipitation recorded at SHARE Urdukas AWS
between 2004 and 2006.

investigating the source region of the moisture. Three major
dust layers were identified in the pit 2 in 30 cm, 144 cm,
and 228 cm depth. According to our time scale these layers
coincide with May 2006, beginning of December 2005, and
beginning of August 2005. The magnesium concentration in
the snow samples, as a possible tracer of dust, is displayed
in Figure 6. Two of the clearly visible dust layers form
distinct peaks, while the dust layer at 144 cm depth is not
that clear in the magnesium record but belongs to a longer
series of higher concentrations which is connected with the
period of late summer until early winter 2005. During the
winter period (December 2005 until April 2006) magnesium
concentrations are very low. Precipitation events are very rare
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Figure 6: Comparison of the isotope signal and the magnesium
concentration in the samples of pit 2.

inDecember 2005 and January 2006, so that this period is not
represented in the snow pit.

The principal component analysis of the RRE samples
(Figure 7) reveals that dust in the samples with high dust/Mg
concentration very likely originates from the dry regions
of the Tarim basin, the Tibetan Plateau or the Mongolian
deserts. Samples from the depth interval between 40 cm
and 130 cm (February to May 2006) with the low dust
concentration are displayed in the PCA plot at some distance
of the Tarim basin samples. The large variability of the PCA
for low dust concentration samples indicates that uncertain-
ties are rather large for these samples, while all the high
concentration samples very probably originate from western
China (the source regions of the China samples in Figure 7,
[23]).

The precipitation conditions can be further analyzed by
investigating the regional and large scalemeteorological char-
acteristics. For the dates of the precipitation events, backward
trajectories can be calculated, based on the reanalysis data.
For this analysis, two weekly and monthly cluster means of
near ground initial trajectories will be used, which cover the
general conditions leading to the observed accumulation.

Thefirstmajor dust event inAugust 2005 occurred during
a situation where the general air transport was arriving at
Urdok glacier from the Tarim basin, or the arid regions to the
North (Figure 8). Airmasses during this period always stayed
rather low over ground which would enable the uptake and
transport of dust from the surface.Wind speeds aremoderate
(3-4 km/h) during the entire observation period. The large
scale pressure systems indicate higher winds along the main
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Figure 7: Principal component analysis of the mineral dust samples
of pit 2 in comparison with the characteristics of different source
regions [23]. Value regions from the arid central Asian basin and
North America are shown as black polygons.

Karakoram Range from SE, driven by a high pressure system
in the southern Tarim region, directing air masses from the
Northwest towards the Karakoram main divide (Figure 8).

An event from mid-October 2005 documents high wind
speeds close to the surface in the southern Tarim basin, with
a general circulation turning from West to South and finally
to East in the region of Urdok glacier (Figure 9). This event
has the potential of mobilizing large dust amounts from this
arid area and could be correlated with the dust layer in 144 cm
depth.

The main dust event from May 2006 seems to be related
to a general west wind situation with high wind speeds
(Figure 10). In this situation with a high pressure system
North of the Karakoram and a low pressure system above the
mountains, the northern branch of the west wind system is
considerably stronger. To the East of the high pressure cell,
this air flow is redirected towards South and Southeast which
results in easterly winds at Urdok glacier with a trajectory
crossing the Tarim basin.

The situation during the low dust period (February to
May 2006, 40–130 cm depth) is well characterized by the
situation in February 2006 (Figure 11). During this time the
westerly flow is dominating air mass transport from the
eastern Mediterranean directly towards Urdok glacier. The
southern branch of the jet stream dominates the circulation
system during this period. In contrast to the low altitude
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Figure 9: Two-week backward trajectory for 11. October 2005 (deposition date) at Urdok glacier (a). (b) The mean pressure distribution
(reduced to sea level) is displayed for the first half of October 2005.
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Figure 10: 16-day cluster mean backward trajectory for two weeks in May 2006 (a). (b) The mean large scale pressure distribution (reduced
to sea level) is displayed for this period in May 2006.

transport during the dust events, the air masses arrive during
this period fromhigh altitudes.The pressure situation is char-
acterized by an extensive high pressure cell above southern
Siberia andMongolia, while no large pressure gradients occur
across the Karakoram (Figure 11).

4.3. General Accumulation Conditions. The analysis of the
individual precipitation events documented in the snow pits
indicates that general patterns exist, which favor accumula-
tion of snow in the Karakoram.This was already investigated
by several authors (e.g., [21, 30–32]). We aim at explain-
ing our observations within this system. For this purpose
eleven-year means were calculated for trajectories in the
middle and upper troposphere (2000m and 5000m above
the glacier, resp.). During the entire period and all seasons
westerlies dominate the air flow in the Karakoram region
and wind velocities are higher during winter. In general also
no influence of the monsoon is detected. There are singular
exceptions, however. In August 2002 a strong SAM breach
can be identified from the South/Southwest direction. Such
events occur usually in August and are of variable magnitude.
There is, however, no obvious trend towards stronger/weaker
activity with time.

The near surface air flow showsmore variations. In spring
the westerlies arrive at Urdok glacier from a SW direction,
indicating a dominance of the southern branch of the jet
stream.Only occasionally a shift towards the northern branch
is observed in May. This happens when the Tibetan high
pressure cell becomes too strong during the end of spring.

Usually this shift occurs in late spring/early summer and
surface winds then turn towards Northeast/East direction,
originating from a deviation of the northern jet stream along
the northern margin of the mountain range [33, 34]. Also
the surface winds experience sometimes intrusions from the
South during the monsoon period. This situation occurred,
for example, in July 2005, which is clearly visible as strong
precipitation at the Urdukas AWS (Figure 4).

The jet stream shifts its position from the northern to
the southern branch during autumn, due to a progressive
weakening of the Tibetan high pressure cell. Precipitation
is thus mainly controlled by the westerlies in the higher
and lower atmosphere. During summer the deviation of the
westerlies in connection with the Tibetan high pressure leads
to a general wind direction from NE to SE. During these
periods high wind events can transport dust towards the high
mountains, but precipitation amounts will remain moderate.
Occasional shifts of the jet stream however have the potential
of transporting larger amounts of humidity into the high
glacierized regions [13, 19]. Monsoon driven precipitation
occurs only as singular events and not every year but can
bring considerable amounts of accumulation.

5. Discussion

The snow pit 2 in the northern accumulation basin of Urdok
glacier covers roughly one year of accumulation from June
2005 until June 2006. The annual precipitation at this site
results in 1060mm w.eq., while recorded precipitation at the
Urdukas AWS, almost 1400m lower and Southwest of the
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Figure 11: 17-day cluster mean backward trajectory for mid-February 2006 (a) and the accompagnying large scale pressure distribution (b).

main divide, shows only about 230mm w.eq., roughly 22%
compared to the high elevated site. The location of the snow
pit is not affected by avalanches and wind erosion is not very
likely due to the surrounding sheltering slopes. Therefore it
can be assumed that the snow pit measurements represent a
realistic and complete annual accumulation. The situation is
more complex for theUrdukasAWS,where undercatchmight
be an issue, especially during winter, even though the total
real precipitation will be not considerably higher than the
measurements of the precipitation gauge.

Based on the annual precipitation amount of Table 1,
the vertical precipitation gradient between the two locations
results in about 60mm w.eq. for 100m elevation change.
It should be noted, however, that the two sites are situated
Southwest and Northeast of the main divide and thus the
vertical gradient is likely biased by spatial precipitation
variability with respect to prevailing wind directions and
moisture transport. Interannual variability is large at valley
stations, as documented by data fromGilgit and Skardu (stan-
dard automatic WMO stations of Pakistan Meteorological
Department), where the mean standard deviation is 34%
and 49%, respectively, for the period of 2000 until 2006. We
assume that this is also valid for the high elevations sites.

Compared with the only other available measurements
taken in the high regions of the Karakoram at Biafo/Hispar
glaciers in the mid-1980s [13], our results of 1060mmw.eq.
annual accumulation are at the lower end of the observations
for this altitude but well within the interannual variability
based on the valley stations. The maximum annual precip-
itation based on these observations very probably occurs

above 5000m elevation [13]. Between 1983 and 1988 the
accumulation in the elevation band of 4900m to 5500m
in the Biafo/Hispar region was above 1000mmw.eq. At
Hispar Dome (5450m elevation) the annual accumulation
shows a strong variability (700mm to 2100mm in 1983/84–
1985/86), while the mean value results in about 1300mm
[13]. At these sites 45% of the accumulation is deposited
between May and September. At Urdok glacier about 38%
of the accumulation occurs during the corresponding period
which is rather similar. In contrast the long-term mean
monthly observations (1959–2010) at the valley station of
Gilgit (1460m elevation) show that more than 52% of the
annual precipitation occurs during this period of the year
[35]. This demonstrates that the influence of the monsoon
period on the total accumulation gradually reduces towards
the main Karakoram divide. Summer precipitation (JJA),
however, plays a much higher role at Urdukas, where single
events can be strong (e.g., July 2, 2005), compared to Urdok
glacier. This indicates that the main divide might work as
a major barrier for monsoon driven incursions from the
South. Comparable investigations in Nepal show that the
total accumulation amount is similar, but the timing of the
deposition is rather different, with the major accumulation
occurring in spring and summer [4]. In contrast, the mean
accumulation rate at Fedchenko glacier in the Pamir, for
2002 until 2005, was determined to be 1380mmw.eq. and
2090mmw.eq. at two sites 5206m a.s.l. and 5365m a.s.l.,
respectively [36].The higher sample site was exposed towards
the main precipitation direction, while the lower site was
somewhat shaded at the leeward side. Higher precipitation
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values than those in central Karakoram probably occur due
to the more open relief, while the seasonal distribution with
the main precipitation events during late winter early spring
is similar.

From the analysis of the trajectories and the large scale
pressure distribution it follows that the precipitation events
documented in the snow pit can be clearly related to charac-
teristic situations. Besides some singular monsoon breaches,
the snow accumulation at the pit location is characterized by
humidity transport by the WWC. However, SAM incursions
have the potential to transport considerable precipitation
amounts up to central Karakoram (e.g., high precipitation at
Urdukas, July 3, 2005, Figure 4). This is also in accordance
with other observations [17]. In the case of the dominance
of the northern branch of the jet stream the air flow might
be directed across the Tarim basin and reaches Urdok glacier
from Southeast. In this case the snow deposition coincides
potentially with a high dust concentration, depending on the
elevation of the air flow across the Tarim basin. High dust
deposition on the glacier mainly originates in western China
and occurs during late spring, summer, and autumn. During
this period the air flow close to the glacier is dominated
from East and Southeast directions. In general the overall
circulation is characterized by westerlies at high altitudes, but
regional pressure systems can account for direct transport
of air, humidity, and dust from the Tarim basin and the
central Asian mountain ranges. During winter the west wind
circulation clearly controls the large scale air flow and the
southern jet stream usually is the strongest. During this
period humidity is transported from the Mediterranean to
the Karakoram leading to frequent but weak precipitation
events.

6. Conclusions

The combined investigations of snow pit samples and mete-
orological data result in a precipitation chronology for the
higher reaches of central Karakoram for the year covered in
the snow pits. Precipitation at the elevation above 5200m
occurs as snow also during the summer. Even though we
found a large number of ice lenses in the snow/firn column,
no extensive melt events and percolation were observed
which would destroy the vertical chronology. The main
accumulation amounts were deposited during late winter and
spring, while the months November until January provided
almost no accumulation. The analysis of the long-term
atmospheric conditions shows that the mass balance year
2005/06 is rather typical and thus can be used to characterize
the basic precipitation conditions. Our data fill a gap in the
still scarce determination of high elevation accumulation
in Asian mountains and the results fit the observations
made earlier in the Karakoram [13]. The combination of
these data indicates that there exists a negative gradient in
accumulation from Southwest to Northeast, which would
also explain the generally lower equilibrium line altitude
in the Southwest compared to the mountains close to the
main divide [35]. In general the SAM influence decreases
towards themain divide and is rather small close to the divide

on a long-term basis. Single events however can provide
large amounts of accumulation. The analysis also proves that
climatic data can be retrieved from snow pits at this altitude
and can successfully be related to more general atmospheric
information. However, sound information about the regional
snow distribution requires similar measurements at more
sites in the Karakoram in order to develop a reliable pattern
of accumulation distribution across the mountain range. In
addition, this study shows that carefully selected sites have
the potential to be used for retrieving undisturbed, high
resolution climate signals from ice cores in a region which
lacks such information almost entirely at the moment.
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Finkelnburg, “Precipitation seasonality and variability over the
Tibetan Plateau as resolved by the high Asia reanalysis,” Journal
of Climate, vol. 27, no. 5, pp. 1910–1927, 2014.

[33] P. Koch, H. Wernli, and H. C. Davies, “An event-based jet-
stream climatology and typology,” International Journal of
Climatology, vol. 26, no. 3, pp. 283–301, 2006.
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The aim of this study is to evaluate the filtering techniques which can remove the noise involved in the time series. For this, Logistic
series which is chaotic series and radar rainfall series are used for the evaluation of low-pass filter (LF) and Kalman filter (KF).
The noise is added to Logistic series by considering noise level and the noise added series is filtered by LF and KF for the noise
reduction. The analysis for the evaluation of LF and KF techniques is performed by the correlation coefficient, standard error, the
attractor, and the BDS statistic from chaos theory. The analysis result for Logistic series clearly showed that KF is better tool than
LF for removing the noise. Also, we used the radar rainfall series for evaluating the noise reduction capabilities of LF and KF. In
this case, it was difficult to distinguish which filtering technique is better way for noise reduction when the typical statistics such
as correlation coefficient and standard error were used. However, when the attractor and the BDS statistic were used for evaluating
LF and KF, we could clearly identify that KF is better than LF.

1. Introduction

Recently, the advances of radar rainfall estimates with
high spatial and temporal resolution have demonstrated the
prospect of improving the accuracy of rainfall inputs for
the accuracy of real time flood forecasting. However, the
advantage of the weather radar rainfall estimates has been
limited by a variety of sources of uncertainty in the radar
reflectivity process, including random and systematic errors.
There are a lot of discussions on radar rainfall estimation
errors [1–8].

There are several ways of filtering a signal in one or two
dimensions. An example of one which is often applied is low-
pass filtering, an operation which removes all components of
the power spectrumwhose frequency is higher than a chosen
threshold. Having this into account, several approaches have
been proposed to reduce radar errors. Panofsky and Brier
[9] introduced a low-pass filter, which was borrowed from

electrical engineering terminology, and removed the high
variability of noise from the data and leave only the low fre-
quency components. In the recent years, the filtering method
has been applied to reduce noise of radar rainfall in some
studies [10–12]. The Kalman filtering approach has the main
advantage of providing a real time scheme to calibrate radar
rainfall estimates based on rain gauge measurements. The
studies of Ahnert [13], Smith and Krajewski [14], Anagnostou
and Krajewski [15], Seo et al. [16], Dinku et al. [17] and
Chumchean et al. [18], Krajewski et al. [19], and Wang et
al. [20] used Kalman filtering to predict and update the
mean field bias in real time. There is also a methodology to
decompose a multivariate signal into independent signals,
namely, independent component analysis (ICA). It is efficient
to decompose the complexity of the dynamics in the seismo-
logical and atmospheric field [20, 21].

These days, much amount of radar rainfall data is being
produced, processed, and used. Also the radar rainfall series
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is widely applied to hydrologic applications such as flash flood
forecasting. However, radar rainfall data include noise from
many sources and there are lacks of noise reduction studies
on the radar rainfall data itself. Therefore, this study analyzes
noise of radar rainfall using chaotic dynamics which has
nonlinear and aperiodic nature and filtering techniques for
investigating radar rainfall characteristics.

To study the nonlinear characteristics of natural phenom-
ena,many statisticians and scientists have suggested the chaos
theory which analyze and forecast the nonlinear phenomena
of the natural system. Lorenz [22] suggested the strange
attractor in a simple model of convection roll in the atmo-
sphere. Packard et al. [23] suggested themethod of delays and
Takens [24] proved the method of delays using differential
topology. Fraser and Swinney [25] suggested a method for
the estimation of time delay using the mutual information.
Falanga and Petrosino [26] estimated the complexity of the
system by the degrees of freedom necessary to describe the
asymptotic dynamics in a reconstructed phase space.

All hydrological measurements are to some extent con-
taminated by noise. And the noise limits the performance
of many techniques of identification, modeling, prediction,
and control of deterministic systems [27]. Some of the most
characteristic examples of the effects of noise are as follows:
(1) self-similarity of the attractor is broken; (2) a phase space
reconstruction appears as high-dimensional on small length
scales; (3) nearby trajectories diverge diffusively rather than
exponentially; and (4) the prediction error is found to be
bounded from below no matter in which prediction method
is used and to how many digits the data are recorded [28].

This study evaluates the noise cancellation capabilities
of filtering techniques of low-pass filter (LF) and Kalman
filter (KF). To do this, we regenerate chaotic data series and
add noise to the series. And then, we perform the noise
reduction analysis for the noise added chaotic series by using
two filtering techniques and investigate the noise cancellation
capabilities of the techniques by the attractor of the series
and by the BDS statistic [29–39]. The same analysis is also
performed for the radar rainfall in this study.

2. The BDS Statistic and Noise
Reduction Filters

2.1. Phase Space Reconstruction. The first step in metric
analysis of a chaotic time series is the construction of an 𝑚-
dimensional embedding space from the scalar time series.
This is done using the method of delays introduced by
Packard et al. [23] and Takens [24], which has the advantage
of distributing the noise equally among the 𝑚 components.
A scalar time series {𝑥

𝑖
}, 𝑖 = 1, 2, . . . is embedded into 𝑚-

dimensional space by constructing the vectors

⃗𝑥
𝑖
= (𝑥
𝑖
, 𝑥
𝑖+𝑡
, . . . , 𝑥

𝑖+(𝑚−1)𝑡
) , ⃗𝑥

𝑖
∈ 𝑅
𝑚

, (1)

where 𝑡 is the index lag and𝑚 is embedding dimension, both
of which must be chosen appropriately. If the sampling time
is 𝜏
𝑠
, the delay time is 𝜏

𝑑
= 𝑡𝜏
𝑠
.

The reconstructed state variables 𝑥
𝑖
need to be indepen-

dent, and the quality of reconstructed attractor depends on

the choice of the index lag 𝑡. If the delay time 𝜏
𝑑
is too small,

the reconstructed attractor is compressed along the identity
line, and this is called redundance. If 𝜏

𝑑
is too large, the

attractor dynamicsmay become causally disconnected,which
is called irrelevance and which may cause the attractor to
appear much more complex than it really is [40].

2.2. The BDS Statistic. The BDS statistic is derived from
the correlation integral and has its origins in the recent
work on deterministic nonlinear dynamics and chaos theory.
Grassberger and Procaccia [41] introduced the correlation
integral as a method of measuring the fractal dimension of
deterministic data. It is measure of the frequency with which
temporal patterns are repeated in the data. The correlation
integral at embedding dimension𝑚 is given by

𝐶 (𝑚,𝑁, 𝑟) =

2

𝑀 (𝑀 − 1)

∑

1≤𝑖<𝑗≤𝑀

Θ(𝑟 −






⃗𝑥
𝑖
− ⃗𝑥
𝑗






) , 𝑟 > 0,

(2)

where Θ(𝑎) = 0, if 𝑎 ≤ 0, Θ(𝑎) = 1, if 𝑎 ≥ 0.
And 𝑁 is the size of the data sets,𝑀 = 𝑁 − (𝑚 − 1)𝑡 is

the number of embedded points in𝑚-dimensional space, and
‖ ⋅ ‖ denotes the sup-norm. 𝐶(𝑚,𝑁, 𝑟)measures the fraction
of the pairs of points ⃗𝑥

𝑖
, 𝑖 = 1, 2, . . . ,𝑀, whose sup-norm

separation is not greater than 𝑟. If the limit of 𝐶(𝑚,𝑁, 𝑟, 𝑡)
as 𝑁 → ∞ exists for each 𝑟, we write the fraction of all
state vector points that are within 𝑟 of each other as𝐶(𝑚, 𝑟) =
lim
𝑁→∞

𝐶(𝑚,𝑁, 𝑟).
If the data are generated by a strictly stationary stochastic

process which is absolutely regular, then this limit exists. In
this case the limit is as follows:

𝐶 (𝑚, 𝑟) = ∫∫

𝑋

Θ(𝑟 −




⃗𝑥 − ⃗𝑦




) 𝑑𝐹 ( ⃗𝑥)𝑑𝐹 ( ⃗𝑦) , 𝑟 > 0.

(3)

When the process is IID, and since Θ(𝑟 − ‖ ⃗𝑥 − ⃗𝑦‖) =

∏
𝑚

𝑘=1

Θ(𝑟 − |𝑥
𝑘
− 𝑦
𝑘
|), (3) implies that 𝐶(𝑚, 𝑟) = 𝐶𝑚(1, 𝑟).

Also 𝐶(𝑚, 𝑟) − 𝐶𝑚(1, 𝑟) has asymptotic normal distribution,
with zero mean and variance as follows:

𝜎
2

(𝑚,𝑀, 𝑟)

4

= 𝑚 (𝑚 − 1) 𝐶
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− 𝐶
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2

)] .

(4)

We can consistently estimate the constants 𝐶 by 𝐶(1, 𝑟)
and𝐾 by

𝐾 (𝑚,𝑀, 𝑟)
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(5)
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Under the IID hypothesis, the BDS statistic for 𝑚 > 1 is
defined as

BDS (𝑚,𝑀, 𝑟) =
√𝑀

𝜎

[𝐶 (𝑚, 𝑟) − 𝐶
𝑚

(1, 𝑟)] , (6)

which has a limiting standard normal distribution under the
null hypothesis of IID as 𝑀 → ∞ and obtains its critical
values using the standard normal distribution.

Before applying the BDS statistic, the first addressed
issue is which region of “𝑟” yields BDS statistics that are
well approximated by the asymptotic distribution. As the
sample size is increased, the distribution of the BDS statistic
becomes more normal. So the minimal number of data must
be provided. Next, the region of embedding dimension “𝑚”
should be suggested. If the sample size is fixed, we expect the
finite sample property to worsen as “𝑚” increases. This study
follows the recommendation of Brock et al. [29] for selecting
the ranges of 𝑚, 𝑟, and 𝑁. The embedding dimension 𝑚 is
used in the range of 2 ≤ 𝑚 ≤ 5. Then, the value of “𝑟” is
selected as the half standard deviations of the data sets.

2.3. Kalman Filter and Low-Pass Filter. The Kalman filter
(KF) was introduced by Kalman’s famous paper describing a
recursive solution to the discrete data linear filtering problem
[42]. The Kalman filter algorithm can be applied as an
estimator of the state of a dynamic system described by the
linear difference equation:

𝑥
𝑘
= 𝐴
𝑘−1
𝑥
𝑘−1
+ 𝐵
𝑘−1
𝑢
𝑘−1
+ 𝑤
𝑘−1
, (7)

where matrix𝐴
𝑘−1

is the relationship between the state of the
system, described by the column vector 𝑥

𝑘−1
at time 𝑘 − 1,

and the state 𝑥
𝑘
at time 𝑘. The column form of a vector is

considered to be the normal form and a transpose into a row
vector will be denoted by 𝑇; this is also the notation used for
the transpose of matrices. Matrix 𝐵

𝑘−1
relates the optional

control input vector 𝑢
𝑘−1

to the state and the vector 𝑤
𝑘−1

is
the process noise.

The system is then measured at discrete points in time,
where the measurement vector 𝑧

𝑘
is related to the true state

of the system by the equation

𝑧
𝑘
= 𝐻
𝑘
𝑥
𝑘
+ V
𝑘
, (8)

where vector V
𝑘
represents the measurement noise and𝐻

𝑘
is

the observation matrix.
They are assumed to be independent (of each other),

white, and with normal probability distributions:

𝑝 (𝑤) ∼ 𝑁 (0, 𝑄) , (9)

𝑝 (V) ∼ 𝑁 (0, 𝑅) . (10)

In practice, the process noise covariance 𝑄 and measure-
ment noise covariance 𝑅 matrices might change with each
time step or measurement; however here we assume they are
constant.

The error covariance matrix 𝑃
𝑘|𝑘

of the estimate 𝑥
𝑘|𝑘

is

𝑃
𝑘|𝑘
= cov (𝑥

𝑘
− 𝑥
𝑘|𝑘
, 𝑥
𝑘
− 𝑥
𝑘|𝑘
) . (11)
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Figure 1: Logistic series with the noise levels of 10%, 50%, and 100%
(𝑁 = 1∼100).

The estimate vector 𝑥
𝑘|𝑘

is referred to as the a posteriori
estimate since it is an estimate of the system at time 𝑘.

A posteriori state estimate 𝑥
𝑘|𝑘

is computed as a linear
combination of a priori estimate 𝑥

𝑘|𝑘−1
and a weighted differ-

ence between an actual measurement 𝑧
𝑘
and a measurement

prediction𝐻
𝑘
𝑥
𝑘|𝑘−1

as follows:

𝑥
𝑘|𝑘
= 𝑥
𝑘|𝑘−1

+ 𝐾
𝑘
(𝑧
𝑘
− 𝐻
𝑘
𝑥
𝑘|𝑘−1
) (12)

𝐾
𝑘
= 𝑃
𝑘|𝑘−1
𝐻
𝑇

𝑘

(𝐻
𝑘
𝑃
𝑘|𝑘−1

𝐻
𝑇

𝑘

+ 𝑅
𝑘
)

−1

. (13)

The matrix 𝐾
𝑘
in (13) is chosen to be the gain that

minimizes the a posteriori error covariance equation.
Kim [43] shows how to track a varying signal and at

the same time reduce the influence of measurement noise
by using a 1st order low-pass filter (LF) (an exponentially
weighted moving average filter) described as

𝑥
𝑘|𝑘
= 𝛼𝑥
𝑘|𝑘−1

+ (1 − 𝛼) 𝑧
𝑘

= 𝛼 {𝛼𝑥
𝑘|𝑘−2

+ (1 − 𝛼) 𝑧
𝑘−1
} + (1 − 𝛼) 𝑧

𝑘

= 𝛼
2

𝑥
𝑘|𝑘−2

+ 𝛼 (1 − 𝛼) 𝑧
𝑘−1
+ (1 − 𝛼) 𝑧

𝑘
,

(14)

where 𝛼 is a constant in the range of 0 < 𝛼 < 1.
The expression for the computation of the a posteriori

estimate 𝑥
𝑘|𝑘

in (12) is very similar to the 1st order low-
pass filter with the significant difference lying in the varying
Kalman filter gain instead of the constant 𝛼.

3. Noise Reduction Studies on Logistic and
Radar Rainfall Series

3.1. Noise Influence on Logistic Series

3.1.1. Attractor Characteristics in Noise Level. To study the
effects of noise in a time series, we added Gaussian noise
to the time series. Specifically, it considered the noise added
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Figure 2: The attractors with the noise level.

time series {𝑥
𝜀
𝑖

} to test the noise effect in the original time
series {𝑥

𝑖
} and define the {𝑥

𝜀
𝑖

} as

𝑥
𝜀
𝑖

= 𝑥
𝑖
+ 𝜂𝜎𝜀
𝑖
, 𝑖 = 1, 2, . . . , 𝑁, (15)

where 𝜂 is the noise level, 𝜎 is a standard deviation of 𝑥
𝑖
, and

Gaussian noise 𝜀
𝑖
has𝑁(0, 1).

May [44] emphasized that a simple nonlinear map may
have very complicated dynamics and showed his point with
Logistic map which is a discrete time analog for population
growth. Logistic map is defined as

𝑥
𝑡+1
= 𝑟𝑥
𝑡
(1 − 𝑥

𝑡
) , (16)

where 𝑟 is between 0 and 4. For small values of 𝑟, the system is
stable andwell behaved; however, as the value of 𝑟 approaches
4, it becomes chaotic. We simulate Logistic map sequence of
𝑁 = 1000 and add noise to it with the noise levels 10%, 50%,
and 100%. Logistic series with noise are shown in Figure 1.
Here, 𝑠 is standard deviation of the sample series in Figure 1.

The attractor of each Logistic series is reconstructed in
phase space and the characteristics of the series can be

identified (Figure 2). For the reconstruction of the series
using (1), the embedding dimension 𝑚 = 2 and delay time
𝜏
𝑑
= 1 are used (Figure 2). The autocorrelation function

(ACF) is expected to provide a reasonable measure of the
transition from redundance to irrelevance as a function of
delay. It is considered that the decorrelation time equals the
lag (delay time: 𝜏

𝑑
) at which the ACF first attains the value

zero. Otherwise, 𝜏
𝑑
should be chosen as the local minimum

ofACF, whichever occurs first [45, 46].When theACF decays
exponentially, we select 𝜏

𝑑
at which the ACF drops 1/𝑒 [47].

The original Logistic series which has one variable shows
its attractor with a simple quadratic form (Figure 2(a)).
However, as the noise level is increased, the attractor is
becoming more andmore complicated form which it is high-
dimensional series (Figures 2(b)–2(d)). For the noise level =
100% especially, the attractor looks like random series.

3.1.2. Noise Reduction Studies of Logistic Series. This section
studies the noise reduction of the noise added Logistic series
using LF and KF. Noise cannot be forecasted but statistically
estimated and the parameters of LF and KF are calibrated by
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Figure 3: Noise removed data series through Low-pass filter and Kalman filter.

Table 1: Statistical characteristics of Logistic series after applying the filtering techniques.

Low-pass filter Kalman filter
Coefficient of correlation Standard error Coefficient of correlation Standard error

𝑥
𝑖

+ 0.1𝑠 0.699 0.251 0.994 0.037
𝑥
𝑖

+ 0.5𝑠 0.629 0.273 0.986 0.058
𝑥
𝑖

+ 1.0𝑠 0.501 0.303 0.925 0.134

trial and error method. The constant 𝛼 = 0.5 in (14) for LF
is used, the process noise covariance 𝑄 = 10 in (9) for KF
is applied, and the measurement noise covariance 𝑅 = 100
in (10) is used. The results of noise reduction studies using
LF and KF are shown in Figure 3.When noise level is smaller,
noise can be removedmore effectively by LF andKF. Table 1 is
showing the statistical results for noise reduction analysis by
LF and KF. LF has the coefficient of correlation 0.50–0.70 and
standard error 0.30–0.25 and KF has 0.93–0.99 and 0.04–0.1.
Therefore, KF can reduce noise more effectively than LF.

The attractors for noise removed Logistic series by LF
and KF are reconstructed in phase space (Figure 4). The
noise removed series by LF show their attractors which still
have noisy shapes (Figures 4(a)–4(c)) but the noise removed
series by KF show more clear attractors which describe the
characteristics of Logistic map (Figures 4(d)–4(f)). Even
though KF is more effective way for removing noise in the
series, it is difficult to restore it to the original state. If we
investigate the range of the values of the series generated from

Logistic equation, we can find that the values of the original
series are in the range of 0 to 1. The values of noise removed
series by LF and KF for the series having noise level = 100%
are investigated and the values by LF and KF are in the range
of −1 to 2 (Figure 4(c)) and 0 to 1 (Figure 4(f)), respectively.
Therefore, the result is showing that KF is more proper tool
for the noise reduction of the series.

The BDS statistic was applied for testing for nonlinearity
of each data series. Not only is it useful in detecting determin-
istic chaos, but it also serves as a residual diagnostic. If the
model (null hypothesis) is correct, then the estimated resid-
uals will pass the test for IID (independently and identically
distributed). A failure to pass the test is an indication that the
selected model is misspecified. Here the confidence interval
(C.L.) of 95% which is a significance level of 5% is used
for the randomness test of a time series. The original series,
noise added series, and noise removed series of Logistic
map are analyzed by the BDS statistic for their randomness
and nonlinearity. And the results are shown in Table 2. The
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Figure 4: The noise removed attractors by LF and KF.

Table 2: The BDS statistic values for data series in each case.

𝑚 𝑟 𝑥
𝑖

The series with noise Low-pass filter Kalman filter 95% C.I
𝑥
𝑖

+ 0.1𝑠 𝑥
𝑖

+ 0.5𝑠 𝑥
𝑖

+ 1.0𝑠 𝑥
𝑖

+ 0.1𝑠 𝑥
𝑖

+ 0.5𝑠 𝑥
𝑖

+ 1.0𝑠 𝑥
𝑖

+ 0.1𝑠 𝑥
𝑖

+ 0.5𝑠 𝑥
𝑖

+ 1.0𝑠

2

0.5 487.3 535.4 33.3 0.5 266.4 29.6 1.3 446.0 369.0 160.2

[−1.96, 1.96]
1 201.9 187.6 16.1 1.1 151.9 16.4 1.3 200.0 184.4 72.0
1.5 11.1 10.6 3.4 −0.3 12.6 5.3 0.6 11.6 12.7 15.9
2 −20.3 −19.7 −4.0 −1.8 −10.2 −1.3 −0.5 −18.1 −14.9 7.2

3

0.5 650.9 720.8 38.6 0.9 361.2 34.6 1.9 612.5 529.7 256.7

[−1.96, 1.96]
1 182.6 171.4 15.4 1.4 139.6 15.3 1.8 187.5 177.7 77.8
1.5 1.5 2.0 2.9 0.2 3.3 4.2 0.9 3.8 6.4 14.9
2 −17.6 −16.9 −3.4 −1.1 −9.2 −1.1 0.0 −12.9 −10.0 6.6

4

0.5 856.5 957.6 40.4 1.1 477.6 37.9 2.3 807.1 717.9 380.1

[−1.96, 1.96]
1 174.2 164.3 14.3 1.6 134.3 14.4 2.1 176.3 167.0 74.3
1.5 0.7 0.4 0.3 0.6 0.9 3.7 1.3 1.4 2.5 11.1
2 −15.3 −14.8 −3.0 −0.6 −8.6 −1.1 0.4 −10.5 −8.1 6.0

5

0.5 1173.9 1326.4 42.3 1.4 656.7 40.7 2.6 1101.8 1000.8 557.7

[−1.96, 1.96]
1 168.4 161.5 13.7 1.6 134.5 13.7 2.1 173.6 162.8 74.3
1.5 −0.8 −1.1 0.2 0.7 −0.8 3.3 1.3 0.3 1.4 8.6
2 −13.6 −13.5 −2.9 −0.4 −8.2 −1.1 0.5 −9.2 −7.2 5.1
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Table 3: Statistical characteristics of radar rainfall after applying the filtering techniques.

Low-pass filter Kalman filter
Coefficient of correlation Standard error Coefficient of correlation Standard error
0.994 0.156 0.989 0.231
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Figure 5: The time series (a) of radar rainfall and its attractor (b).

original series is showing its nonlinearity and the series with
noise level of 100% which has bold type in Table 2 represents
its randomness. The noise removed series by LF which is in
bold type in Table 2 is also showing its randomness.The bold
type describes that the null hypothesis can be accepted and
the null hypotheses of the series in all other columns except
for two columns of the series with noise and LF with 𝑥

𝑖
+1.0𝑠

cannot be accepted. If we see the values of the BDS statistic
in Table 2, KF has more similar BDS statistic values with the
values of original series than LF.Therefore, it can be identified
that KF is more proper tool for noise cancellation than LF.

3.2. Noise Influence on Radar Rainfall Series

3.2.1. Radar Rainfall Series and Its Attractor. Radar rainfall is
a representative hydrologic data which includes noise from
many sources. This study uses the radar rainfall obtained
from the radar in Biseul Mountain radar (BSL radar) in
Gyeongbuk province, Korea. The radar rainfall series in
Gamcheon watershed especially which is produced in BSL
radar is used for analyzing the series characteristics according
to noise cancellation by LF andKF. BSL radarwas constructed
in 2009 and it is dual polarization radar. The radar has
temporal and spatial resolutions of 2.5min and 250m ×

250m. Therefore, BSL radar rainfall series of 2.5min-time
interval is obtained with the data period of 6/24/2011 09:00–
6/26/2011 11:00 (about 3000min; average: 1.73mm, standard
deviation: 1.53mm).

The ACF of radar rainfall series was exponentially
decreased and so the delay timewas selected as 𝜏

𝑑
= 82.5 min

(lag 𝑘 = 33) at which the ACF drops 1/𝑒 (Tsonis and Elsner
[47]). The time series plot and the reconstructed attractor of
radar rainfall are shown in Figure 5. Even though the ACF
showed the persistence of radar rainfall series, the attractor is
complicated and we can know that the radar rainfall is greatly
influenced by noise.

0

2

4

6

8

10

0 500 1000 1500 2000

Raw data series
Kalman filter
Low-pass filter

Ra
in

fa
ll 

(m
m

)

Time (min)

3
4
5
6

1500 1550 1600

Figure 6: The raw data and noise removed series of radar rainfall.

3.2.2. Noise Reduction Studies of Radar Rainfall Series. This
section applies LF and KF for the noise reduction study of
radar rainfall series and the constant 𝛼 = 0.5 in (14) for LF
is used, the process noise covariance 𝑄 = 10 in (9) for KF
is applied, and the measurement noise covariance 𝑅 = 100
in (10) is used. The raw data series of radar rainfall and the
results of noise reduction studies using LF and KF are shown
in Figure 6. The magnified red box in Figure 6 is for heavy
rainfall period. Table 3 is showing the statistical results for
noise reduction analysis by LF and KF for the radar rainfall
series. LF has the coefficient of correlation 0.994 and standard
error 0.156 and KF has 0.989 and 0.231. In this case, there
is not much difference between LF and KF. Therefore, both
filtering techniques show the similar function for removing
noise involved in radar rainfall.

The attractors for noise removed radar rainfall series
by LF and KF are reconstructed in phase space (Figure 7).
The noise removed radar rainfall series by LF shows that
its attractor is more simplified shape (Figure 7(a)) than the
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Figure 7: The attractors of noise removed radar rainfall series by LF and KF.

Table 4: The BDS statistic values for radar rainfall and the noise removed series.

𝑚 𝑟 Radar rainfall Low-pass filter Kalman filter 95% C.I

2

0.5 155.1 168.1 185.3

[−1.96, 1.96]
1 254.3 277.3 314.0
1.5 445.9 492.5 572.4
2 839.8 943.4 1125.1

3

0.5 139.0 149.5 167.0

[−1.96, 1.96]
1 173.9 186.3 210.5
1.5 222.5 238.8 273.5
2 295.2 318.6 370.3

4

0.5 96.8 105.3 116.1

[−1.96, 1.96]
1 105.6 112.9 125.2
1.5 115.5 122.5 136.4
2 128.6 135.9 152.5

5

0.5 77.3 82.9 89.6

[−1.96, 1.96]
1 77.3 81.0 87.5
1.5 76.8 79.7 85.8
2 77.1 79.7 85.7

original attractor (Figure 5(b)). Also, the noise removed radar
rainfall series by KF shows that its attractor (Figure 7(b))
is more clear shape than the attractor by LF (Figure 7(a)).
Therefore, the attractor in which the noise of radar rainfall
series is removed by LF andKF can bemore clearly identified.
In this case, the attractor by KF is clearer than by LF.

The original radar rainfall series and noise removed series
by LF and KF are analyzed by the BDS statistic for their
randomness and nonlinearity. And the results are shown
in Table 4. The original radar rainfall series is showing its
nonlinearity in the radar rainfall column of Table 4 and the
series after removing the noise by LF and KF are also showing
their nonlinearities in columns of low-pass Filter andKalman
Filter of Table 4. If we see the BDS statistic values, KF has the

largest values, LF has next, and the original radar rainfall has
the smallest values. This means that the noise removed radar
rainfall series by KF is better than LF for noise reduction and
for describing the nonlinearity of the radar rainfall.

4. Summary and Conclusions

This study investigated the filtering techniques for removing
the noise involved in Logistic series and radar rainfall.
The chaotic dynamics and the BDS statistic were used for
analyzing the time series which are associated with noise.
Logistic series with noise level were used for evaluating
the filtering techniques of LF and KF. The analysis for the



Advances in Meteorology 9

evaluation of LF and KF was performed by phase space
reconstruction and the BDS statistic from chaos theory. As
the noise level is increased, the characteristics of Logistic
series were becoming random and this phenomenonwas also
occurred in the attractors and the BDS statistic analysis. The
applications of LF and KF to the noise added Logistic series
showed that KF reduced noise more clearly involved in the
Logistic series than LF.

The noise in radar rainfall series was removed by LF
and KF. Then the attractor and the BDS statistic were used
for evaluating the filtering techniques. It was difficult to
distinguish which filtering technique is better when the
correlation coefficient and standard error were used for
evaluating LF and KF. However, the attractor and the BDS
statistic gave us more clear answers for the determination of
the proper filtering technique. In this study, we have shown
that KF is better technique than LF and chaos theory can be
applied for investigating the characteristics of the time series.
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Data analysis and characterization of precipitation in the Haihe River Basin (HRB) of China are required for management practices
for the purpose of flood water control and utilization. In the companion paper, we presented precipitation data in the HRB during
1951–2010 and reported its basic statistics such as temporal trend and spatial variability. In this study, spatiotemporal variability
on the precipitation was further investigated comprehensively for the underlying physics and the implication to water resource
management. During the summer flood season of the study area, basin-wide precipitation was negatively correlated to average
NINO3.4 index. Spatially, summer precipitation was correlated with gridded sea surface temperature (SST) observed in the eastern
tropic Pacific Ocean and the western tropic Indian Ocean. SST in two representative areas was identified as potential predictors for
precipitation in the HRB. No spatial or temporal correlations were confirmed between precipitation and soil moisture as annual
averages in the study area. Copula analysis suggested about 40% possibility in a year with a potential for cross-watershed water
diversion within HRB.

1. Introduction

Precipitation is considered as one of themost important vari-
ables for characterizing water resources and understanding
the climatic impacts on local hydrologic system, especially
for the areas facing severe water crisis such as the Haihe
River Basin (HRB) of China. Sustainable socioeconomic
development of the HRB was threatened by serious water
shortage, relating to the rapid growth in population and
economy, limited water resources and their uneven distribu-
tion in both time and space, and low water use efficiency.
Enclosing Beijing and other metropolitan areas, the HRB is
the political, economic, and cultural center of China. Annual
per capita water resources are only 300m3, significantly
lower than that at national and global averages [1, 2]. In

addition, precipitation decline was reported in our previous
study, suggesting a 20%decrease of precipitation between two
periods of 1951–1979 and 1980–2008 [3]. Between the same
periods, consequently, surface runoff in this area remarkably
decreased by about 40% [4]. Located in the monsoon region
of the East Asia warm temperate zone, precipitation in the
HRB is concentrated in a very short period, causing serious
floods during rainy seasons. Hydrologic morphology of the
HRB has been heavily modified for flood control and water
supply. More than 1,900 reservoirs were built in the basin,
with total storage capacity of 31.4 billion m3, similar to the
total natural runoff amount of 31.6 billion m3 [1]. About 97%
of the capacity is contributed by reservoirs in the mountain
areas [5]. Due to the lack of comprehensive analysis on the
variations of precipitation on time and space, systematical
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management of the reservoirs is not available, resulting in
inefficient utilization of water resources in the basin.

Favorable conditions to the sustainable development in
the HRB are predicted for the near future, but they are associ-
ated with great uncertainties. It is projected that precipitation
in the HRB will increase during the 21st century according
to the projection of Intergovernmental Panel on Climate
Change (IPCC) climate models [6–9]. This is in contrast
to the observed decreasing trend for the past 60 years. In
addition, latest measurements in the 21st century did not
show a significant increase trend for precipitation.Therefore,
the actual effects of climate change on the hydrologic cycle
and water resources are associated with great uncertainty. To
secure sustainable development and minimize groundwater
exploitation, the “South-to-North Water Transfer Project”
(SNWTP) of China is under construction with proposed
water diversity capability of 13 billion m3 annually from the
Danjiangkou Reservoir on the Hanjiang River, a tributary
of the Yangtze River to the North China Plain (including
9.0 billion m3 to the HRB, comparable to the total amount
of current industrial and domestic uses in the basin). The
central route will be ready to divert water starting from
the year 2014 and reach its full capacity by 2030 [10].
However, the construction and operation of the SNWTP are
associated with great uncertainty. For example, our previous
study indicated that the water supply area (the Danjiangkou
Reservoir) for the central route might not have sufficient
water for diversion in the near future [11]. In addition, an
increasing probability of simultaneous dry years between the
water source and destination areas was detected, indicating
that there would be more of years when the Danjiangkou
Reservoir could not meet the demand of water diversion [12].

Atmospheric circulation at global scales has significant
effects on regional climate. Because of the large heat capacity
and thermal inertia of oceans, the variability of sea surface
temperature (SST, usually in the form of anomalies) has
been widely used as predictors for regional precipitation
over land at various time scales of seasonal to interannual
variations. For example, associations between precipitation
over the continental United States and SST in the tropical and
North Pacific and in the Atlantic were reported in numerous
studies [13–18]. Precipitation in the southern China was
mainly related to tropical Indo-Pacific SST [19–21], while
less studies have been published for the precipitation-SST
correlations in North China. Characterization of the spa-
tiotemporal variability on precipitation and its associations
with local and global stressors are required for effective
water management including the control and utilization of
flood water. In addition to remote forcing, local land surface
conditions also affect the spatial and temporal variations of
seasonal precipitation. Results of previous studies demon-
strated potential positive feedback between soil moisture and
precipitation [22–24]. For example, antecedent soil moisture
could be a predictor for seasonal precipitation in the Upper
Mississippi River Basin and the Great Plains of the USA
especially during years of large precipitation anomalies [13].
The relationships between soil moisture and precipitation in
North China are not reported previously.

Given the limited water resources and great uncertainties
on climate change and water diversion, efficient water man-
agement with flood control and floodwater utilization would
play important roles in the sustainable development of the
region. Based on the general analysis on precipitation trend
and distributions in our previous study [3], this study aims
to further investigate regional and global climate variables
as potential predictors for precipitation and evaluate the
possibility for cross-watershed water diversion within the
basin. The specific study objectives are as follows: (1) to
identify the statistical relationships between SST and seasonal
precipitation in the HRB, (2) to analyze the correlation
between precipitation and antecedent soil moisture in the
HRB, and (3) to estimate the joint probability of wet/dry years
encountered by different subregions of the basin.

2. Materials and Methods

2.1. Site Description. The Haihe River is the largest water
system in North China, located between 35–43∘N latitude
and 112–120∘E longitude (Figure 1). The total drainage area
is about 318,200 km2, and majority of the basin is within
the Province of Hebei. A very complex hydrology system
is observed in the basin. There are nine main rivers and
more than 300 tributaries. All rivers are originated from the
Taihangshan Mountains to the west or from the Yanshan
Mountains of the Mongolian Plateau to the north. Streams
generally flow from west to east and discharge into the
Bohai Sea. The mountain and plateau region, conventionally
defined as areas with elevation higher than 50m, accounts
for 60% of the total area. Mountain areas, with more than
1,000 reservoirs which contribute 97% of the total reservoir
capacity of the basin, are important for both flood control
and water supply in the study area. In the basin floor, stream
runoff is highly controlled by dams and reservoirs to satisfy
water demands by agricultural and industrial production.

The study area belongs to the semihumid climate in
the monsoon region of the East Asia warm temperate zone
[2, 25], characterized by hot and wet summers and cold
and dry winters. Average temperatures in the basin are
between −4.9 and 15.0∘C. The average annual precipitation
was 535.7mm with a coefficient of variation of 0.18 during
1957–2008 [3]. Annual precipitation was mainly contributed
by summer months. According to the long-term monthly
average precipitation, calendarmonths are further grouped as
the flood season of June to August and the winter dry season
of December to February. The flood season includes three
months with highest precipitation over a year, accounting
for 67% of annual precipitation. The winter consists of
three most dry months contributing only 3% to the annual
precipitation.

2.2. Data Acquisition

2.2.1. Precipitation. The monitoring network used in this
study included 43 evenly distributed weather stations in the
study area (Figure 1). Daily precipitation data during 1951–
2010 was retrieved from China Meteorological Data Sharing
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Figure 1: The Haihe River Basin and the precipitation monitoring network.

Service System [26]. Monthly and annual averages of pre-
cipitation were then calculated from the daily measurements
and used in the data analysis of this study. For monthly data,
there are about 16% data missing, mainly for the first three
years of 1951–1953. The weather stations without valid data
will not be used when calculating basin-wide averages during
the months of data missing. More information on the data
and network has been provided in the previous study [3].

2.2.2. Sea Surface Temperature. The SST data used in this
study are retrieved from the Met Office Hadley Cen-
tre Sea Ice and Sea Surface Temperature (http://www
.metoffice.gov.uk/hadobs/hadisst/) [27]. Downloaded data
includes a monthly global data set spanning the period of
1951–2010, with a 1∘ × 1∘ spatial resolution [27]. The data set
was constructed based on in situ sea surface observations and
satellite advanced very high resolution radiometer (AVHRR)
data.

The Haihe River Basin is dominated by the continental
temperate monsoon climate. The variability and predictabil-
ity of the Asian summer monsoon onset are associated
with specific atmospheric circulation characteristics [28].
The atmospheric circulation parameter of Niño3.4 index

(NINO3.4) was selected in this study to investigate the
temporal trend of annual rainfall observed in the study area.
NINO3.4 is one of El Niño-Southern Oscillation (ENSO)
indicators based on sea surface temperatures (SST). It is
defined as the average SST anomaly in the region bounded
by 5∘N to 5∘S, from 170∘W to 120∘W [27]. Spatial average of
SST in this regionwas calculated and summarized asmonthly
NINO3.4. An El Niño or La Niña event is identified if the
5-month running average of the NINO3.4 exceeds +0.4∘C
for El Niño or −0.4∘C for La Niña for at least 6 consecutive
months [29]. The 5-month running average (data is averaged
over 5-month, overlapping periods incrementing one month
at a time) is used to smooth out variations in sea surface
temperature not associated with ENSO.

2.2.3. Soil Moisture. Daily soil moisture data is obtained from
the global essential climate variable (ECV) soil moisture data
set [30] with spatial resolution of 0.25∘ × 0.25∘, available
for the period between 11/1/1978 and 12/31/2010. The data
set was generated based on observations from the C-band
scatterometers on board of ERS-1, ERS-2, and METOP-A.
Data was downloaded for the study area and calculated as
monthly average during 1979–2010 for each grid node.
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The observed ECV soil moisture was compared with the
model-calculated NOAA Climate Prediction Center (CPC)
soil moisture (version 2).The CPC data covers monthly aver-
age soil moisture from 1948 to 2011 with spatial resolution of
0.5∘ × 0.5∘ [31, 32]. A one-layer “bucket” water balance model
was applied in generating the CPC soil moisture, driven
by observed monthly precipitation and temperature. In the
HRB, preliminary data analysis showed that modeled soil
moisture data had significant association with precipitation
(annual average: 𝑟 = 0.608, 𝑃 < 0.001; monthly data:
𝑟 = −0.214, 𝑃 < 0.001). However, modeled data showed
higher soil moisture from September to November and did
not match the observed seasonal variation on soil moisture
withwetter conditions in summermonths of July–September.

2.3. Data Processing and Analysis. Spatial and temporal vari-
ations of precipitation in the HRB have been characterized in
our previous study [3].This studywasmainly based on spatial
averages of precipitation data during a 60-year period of 1951–
2010 for their implications for water resources management.
In addition to the basin-wide average, precipitation was also
summarized over subregions of the study area. According to
our previous study [3, 33], the HRB could be divided into
mountain area and basin floor by the elevation of 50m and
into north and south regions by the latitude 39∘N.

Two approaches to analyzing the SST-precipitation cor-
relation are examined. Monthly NINO3.4 was calculated for
1951–2010 and investigated with the monthly/annual precip-
itation in the HRB. Based on a sequential Mann-Kendall
analysis [34, 35], our previous study indicated an abrupt
decrease in the flood-season precipitation (June–September)
around the year of 1979 [3]. The same statistical method was
applied to NINO3.4 to detect its temporal trend and potential
“breakpoint.” In addition, nonparametric Kruskal-Wallis test
was conducted to compare precipitation under moderate-
to-strong El Niño and La Niña years. The other approach
was based on the spatial correlation between precipitation
in the HRB and antecedent SST of the globe. By generating
a global map of correlation coefficients, this method could
identify oceanic areas with the most significant signal of
teleconnection to the HRB. Similar to data analysis on SST,
precipitation is to correlate with antecedent soil moisture in
the HRB.

Mountain areas, with more than 1,000 reservoirs which
contribute 97% of the total reservoir capacity of the basin,
are important for both flood control and water supply
in the study area. Therefore, probability analysis on the
synchronous-asynchronous encounter was conducted for
precipitation between north and south mountain regions.
For a specific year, the region with above-normal precipi-
tation could be a water supplier to the other region which
coincidentally experiences a drought condition.This analysis
was designed to generate information for the management
and optimization of local water resources within the HRB,
given the great uncertainty associated with climate change
and water diversion project. Clayton copula was used in this
study to estimate the joint probability distribution between
the two regions of north and south mountains [36].

2.4. Statistical Approaches

2.4.1. Sequential Mann-Kendall Analysis. Temporal trend
in the NINO3.4 was analyzed based on the rank-based
nonparametric Mann-Kendall statistical test [34, 35]. The
method has been commonly used for trend detection due to
its robustness for nonnormally distributed data, which are
frequently encountered in hydroclimatic time series [37, 38].
Although climate change is considered to occur in a transient
manner, the magnitudes or relative contributions to the total
detected changes in a period vary fromyear to year.Therefore,
a “breakpoint” of the change may be statistically determined,
and based on the “breakpoint” the entire study period could
be segmented into subperiods for further investigations.This
approach was widely used for studies on hydrologic and
climatic studies inmany regions [37, 39–42]. In this study, the
sequential version of the Mann-Kendall test was conducted
to analyze the abrupt change of the hydroclimatic time series
[34, 35].

Given a data series composed of 𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑛
, for each

element, the Mann-Kendall rank statistic (𝑑
𝑘
) is calculated as

the summation of 𝑚
𝑖
, which is the number of later terms in

the series whose values exceed 𝑥
𝑖
:

𝑑
𝑘
=

𝑘

∑
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𝑚
𝑖

(2 ≤ 𝑘 ≤ 𝑛) . (1)
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𝐸 [𝑑
𝑘
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(2 ≤ 𝑘 ≤ 𝑛) .
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The sequential values of the statistic 𝑢(𝑑
𝑘
) are then

calculated as

𝑢 (𝑑
𝑘
) =

𝑑
𝑘
− 𝐸 [𝑑

𝑘
]

√var [𝑑
𝑘
]

. (3)

The terms of the 𝑢(𝑑
𝑘
) (1 ≤ 𝑘 ≤ 𝑛) constitute a

forward sequence curve (C1). The same method is then
applied to the inversed series and gets a backward sequence
(C2).The intersection point of C1 and C2 located between the
confidence interval is the timewhen a change point occurred.

2.4.2. Probability Analysis on Annual Precipitation. Monthly
rainfall data in the study area was assumed to follow a Log-
Pearson III distribution (PL3). The PL3 has been widely used
in charactering hydrological variables including both precip-
itation and streamflow and generates better fits for annual
precipitation in the HRB compared to other commonly
used functions. The probability density function, 𝑓(𝑥), and
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cumulative distribution function,𝐹(𝑥), of the distribution for
the PL3 are expressed as follows [43]:

𝑓 (𝑥) =

1
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𝛽
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(
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,

(4)

where 𝑥 is the time series of monthly rainfall data at each
station or is averaged at a given subregion. The distribution
parameters (𝛼, 𝛽, and 𝛾) were calculated by the maximum
likelihood estimation. Γ(𝛼) and Γ(𝜔, 𝛼) are gamma function
and incomplete gamma function, respectively. Note that
some statistical package, for example, MATLAB, considers
the ratio of Γ(𝜔,𝛼)/Γ(𝛼) as incomplete gamma function.

2.4.3. Copula Analysis. Copula theory was applied in this
study for determining the joint probability of annual pre-
cipitation in the north and south mountain areas of the
HRB. A copula is a function that joins or couples multiple
distribution functions to their one-dimensional marginal
distribution functions [44]. For two dependent variables 𝑥

1

and 𝑥
2
with marginal distributions of 𝐹(𝑥

1
) and 𝐹(𝑥

2
), their

joint distribution is

𝐶 (𝑥
1
, 𝑥
2
) = Pr (𝑋

1
≤ 𝑥
1
, 𝑋
2
≤ 𝑥
2
) , (5)

where the function 𝐶 is a copula function representing
the bivariate dependence structure of variables 𝑋 and 𝑌.
The copula representation is unique for (5), if the marginal
distributions of 𝑋 and 𝑌 are continuous [33]. Among the
different types of copulas, Clayton copula [36] was used in
this study with the following bivariate copula function:

𝐶 (𝑥
1
, 𝑥
2
) = [𝐹(𝑥

1
)
−𝜃

+ 𝐹(𝑥
2
)
−𝜃

− 1]

−1/𝜃

. (6)

For theClayton copula [36], the generator𝜑(𝑢) = 𝑢−𝑎−1,
and the corresponding bivariate copula function is defined as

𝐶
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1
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2
) = (𝑢

−𝛼

1

+ 𝑢
−𝛼

2

− 1)

−1/𝛼

. (7)

The Clayton copula parameter 𝛼 is given based on
Kendall’s correlation coefficient (𝜏) of the bivariate data set:

𝛼 =

2𝜏

1 − 𝜏

. (8)

3. Results and Discussion

3.1. SST-Precipitation Correlation. Average NINO3.4 during
the summer flood season of the HRB (June to August)
is negatively correlated with precipitation (𝑟 = −0.316,

𝑃 = 0.013) during the same season, also correlated to annual
precipitation (𝑟 = −0.326, 𝑃 = 0.010). Similar relationships
were also observed between summer precipitation in the
HRB and antecedent NINO3.4. Generally, higher NINO3.4
suggests lower summer and annual precipitation, and this is
also confirmed by the fact that precipitation in years with
moderate and high El Niño events was significantly lower
than other years (445 versus 532mm/year, Kruskal-Wallis
test, 𝑃 = 0.005).

Results of the sequentialMann-Kendall analysis indicated
that the significant change of NINO3.4 from June to August
was started in early 1980s and confirmed in 1985. This is
consistent with the abrupt change of precipitation detected
during the 1980s in the study area [3]. Two years with
extremely high NINO3.4 (1987 and 1997) were observed in
the later period, although the medians of NINO3.4 were not
significantly changed between the two periods (before and
after 1986).

Summer (June to August) precipitation over the HRB
was correlated with gridded SST to generate a map showing
the precipitation-SST association at global scale (Figure 2).
Critical values of correlation coefficients are determined to
be 0.250 (for the significance level of 𝑃 = 0.05) and 0.33
(𝑃 = 0.01) with the given degree of freedom (𝑛 − 2,
where 𝑛 = 60 is the total number of years in this study
period). In addition to the scattered areas around the global
ocean, significant correlations were mainly observed in the
eastern tropical PacificOcean and thewestern tropical Indian
Ocean, suggesting the important roles of the two oceans in
influencing summer precipitation in the HRB, especially for
the south part of the basin. The spatial pattern of correlation
coefficients suggested that the summer precipitation in the
HRB was most likely associated with the Eastern-Pacific (EP)
type El Niño for which the El Niño SST anomalies are located
near the South American coast. Therefore, a representative
area was identified as the area with strong teleconnection for
precipitation in theHRB. Area 1 is located in the ENSO center
of action and with a coverage comparable to the east portion
of the El Niño region 3 (90∘–150∘W and 5∘N–5∘S). Similarly,
SST area 2 was identified between 45∘–60∘E and 5∘N–5∘S,
generally enclosed by the region of Western Tropical Indian
Ocean SST index (WTIO, 50∘–70∘E and 10∘N–10∘S).

The capability of SST in the identified areas on predicting
summer precipitation in the HRB was evaluated with the
leave-one-out cross-validation approach. For a specific year
in the 60-year period, precipitation was predicted based on
the linear regression function derived using the other 59-
year data of observed precipitation and spatial average SSTs
in the two areas (Figure 3). SSTs in areas 1 and 2 generated
significant prediction on summer precipitation of the HRB
at 95% confidence interval and explained 25% of the total
variance in precipitation. Further investigation indicated that
better model performance (𝑅2 = 0.90) was observed for years
with EP type El Niño events identified by Yu et al. [45].

3.2. Soil Moisture. Annual average soil moisture over the
HRB ranged from 0.16 to 0.21 during 1979–2010. Tempo-
rally, a significant decreasing trend was detected for annual
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Figure 3: Observed and predicted summer precipitation in theHRB
during 1951–2010 (𝑅2 = 0.25, based on the leave-one-out cross-
validation approach).

averages of soil moisture according to the Mann-Kendall test
(𝑃 = 0.002). As annual averages, soil moisture was not related
to precipitation. However, monthly data of soil moisture and
precipitation showed significant associations (𝑟 = 0.49, 𝑃 <

0.001). Highest correlation coefficient was observed with a
lag of −1 (𝑟 = 0.57), suggesting about one-month delay of
soil moisture in response to the change on precipitation.This
relationship also explained the seasonality of soil moisture:
highest values were observed during summer months of July
to September with long-term average of 0.21, while for other
months the values were relatively lower (0.17). Antecedent
soil moisture had negligible effects on monthly precipitation
according to the results of cross correlation analysis between
the two time series. The months immediately before rainfall
season, that is, April to June, were associated with low-than-
average soil moistures.
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Figure 4: Soil moisture (0.25∘ × 0.25∘) in the Haihe River Basin,
presented as averages during 1979–2010.

Spatially, relatively wet soils were observed in the coastal
area and over the Taihangshan Mountains (Figure 4). The
Yanshan Mountains (north to Beijing) and metropolitan
areas of Beijing, Tianjin, Baoding, and Shijiazhuang were
associated with lower soil moistures. For annual precipita-
tion of the HRB, there was a general decreasing trend in
precipitation from east to west or from the coastline to the
mountainous area [3]. Therefore, no spatial correlation was
confirmed between soil moisture and precipitation as basin-
wide averages.

3.3. Synchronous-Asynchronous Encounter Probability Anal-
ysis. Copula analysis was conducted for the precipitations
between subregions of north and south mountain areas. In
this study, we defined a “wet year” or a “dry year” based
on the cumulative distribution of precipitation summarized
for the corresponding subregion. Specifically, a dry year was
associated with annual precipitation <37.5th percentile of the
precipitations in the study period, while a wet year was with
annual precipitation >62.5th percentile (Figure 5). This def-
inition was consistent with that suggested in the Handbook
for Surface-Water Resources Investigations published by the
Chinese Ministry of Water Resources. In addition, similar
classification was used in the previous studies in analyzing
precipitation in the same study area [12, 46].

Critical values (presented as dashed line in Figure 6) of
dry and wet years in each region divided the joint probability
into sections. For example, the section for simultaneous dry
years for both north and south regions was related to a joint
probability of about 20%, suggesting that, in about 20% of
all years, north and south mountains of the HRB would
experience dry conditions in terms of annual precipitation. It
was consistent with the observed data, in which simultaneous
dry years were detected in 12 years during the 60-year period
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of 1951–2010, with 5 years in Period I (before 1980) and 7
years in Period II (after 1980). Simultaneous dry conditions
within the HRB were more frequently observed in Period
II, suggesting an increasing demand of water supply from
outside of the basin.

Copula results of joint probability of precipitation
between north and south mountain areas provided infor-
mation for potential cross-watershed water diversion within
the HRB. Within the HRB, water management and flood
utilization should focus on the situation where one region is
in wet years, while the other is in either a dry or a normal
year. In this case, the former region could be considered as a

Table 1: Probabilities of synchronous-asynchronous encounter of
precipitation in the Haihe River Basin.

Wet in the north
and normal/dry
in the south

Wet in the south
and normal/dry
in the north

Total

Theoretical probability 14.8% 24.3% 39.1%
Years in Period I 4 6 10
Years in Period II 6 3 9

potential water resource for the latter one. Copula analysis
suggested a theoretical probability of 39.1% from cross-
watershed water diversion, including 14.8% for diversion
from the north to south and 24.3% from the south to north
(Table 1). With measured precipitation, 19 years during the
60-year period of 1951–2010 were identified with the potential
for cross-watershed management, with 10 years in Period I
(1951–1980) and 9 in Period II (1981–2010). In Period II, there
were 6 years with the south mountains as a source of water
supply to the northHRB, while there were only 3 years for the
north mountain areas. This was consistent with the temporal
trend of precipitation in the study area: although the south
mountains were associated with higher annual precipitation
(541mm) than its north counterpart (495mm) during the
study period, it is also showed a higher rate of decrease (10%)
than that for the north mountains (5.7%) between the two
periods before and after 1980.

4. Conclusions

The economic development in the Haihe River Basin has
been increasingly constrained by water scarcity, especially
for agricultural water demands. The region produces about
30% of wheat and 20% of corn of China and requires a
significant amount of irrigation water during winters and
early springs. Extreme weather conditions have imposed
substantial effects on the food security in HRB. For example,
the 2010-11 drought in North China, which was the worst
drought to hit the country in 60 years, affectedmost of wheat-
producing regions in HRB. Given limited water resources in
the study area, water management is required to improve the
efficiency in stormwater utilization, storage, and allocation.

This study investigated the spatiotemporal variability on
the precipitation in the Haihe River Basin during 1951–2010.
During the summer flood season in the study area, basin-
wide precipitation was negatively correlated with average
NINO3.4. Generally, higher NINO3.4 suggests lower sum-
mer and annual precipitation. Spatially, summer precipitation
was correlated with gridded SST observed in the eastern
tropic Pacific Ocean and the western tropic Indian Ocean.
SST in two representative areas was identified as potential
predictors for precipitation in the HRB. No spatial or tem-
poral correlations were confirmed between precipitation and
soil moisture as annual averages in the study area. Copula
analysis of joint probability of precipitation between north
and southmountain areas provided information for potential
cross-watershed water diversion within the HRB. The results



8 Advances in Meteorology

suggested about 40% possibility in a year with a potential for
cross-watershed water diversion within HRB.
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Correspondence should be addressed to Zuzana Rulfová; rulfova@ufa.cas.cz
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The study examines trends in characteristics of convective and stratiform precipitation in the Czech Republic over 1982–2010. The
spatially averaged trends in convective precipitation are rising for indices of mean precipitation, and the increases are significant
in all seasons except for winter. For extremes, the trends are spatially much more variable and insignificant, but increases tend to
prevail as well. The trends in convective precipitation are larger in the western part of the country where Atlantic influences are
stronger. For characteristics of stratiform precipitation, the trends are usually smaller compared to those of convective precipitation,
but increases prevail too.They are significant in autumn, especially for extremes, and larger in the eastern part of the country where
Mediterranean cyclones play more important role. The trends in convective precipitation tend to be more pronounced at lowland
than higher-elevated stations while an opposite pattern prevails for stratiform precipitation. The results suggest that in spring and
summer, when convective precipitation represents an important fraction of the total amounts in central Europe (around 30% and
50%, respectively), the observed increases in total precipitation are mainly due to increases in convective precipitation. In autumn,
increases in both convective and stratiform precipitation are important, and the trends are weakest and least pronounced in winter.

1. Introduction

Significant trends in characteristics of atmospheric precipi-
tation were observed in Europe in recent decades. Predomi-
nantly increasing trends were reported in winter (e.g., [1–3])
except for the Mediterranean [4–6]. In spring and summer,
trends of extreme and mean precipitation are spatially less
coherent. In spring, decreasing trends were observed in the
southern Iberian Peninsula [6, 7], in Italy [5], and in the
Czech Republic [3] while increasing trends were observed in
Germany and the United Kingdom (e.g., [2, 8]). In summer,
decreasing trends were found over northern part of Europe
while increasing trends over central and western part of
Europe (e.g., [9]) except for Germany (e.g., [10]), Poland
[11, 12], and the Iberian Peninsula (e.g., [13]). In autumn,
increasing trends of extreme precipitation prevail in many
European regions except in north-eastern Germany (e.g.,
[2, 3, 8, 14]).

Little attention has been paid to the question whether
these trends are related to changes in the proportion of
precipitation falling from convective and stratiform clouds.
The probable reason is the lack of long-term series of
precipitation data disaggregated according to their origin
into convective and stratiform. Although the concepts of
stratiform and convective precipitation are simplified and
there is no clear borderline between the two (e.g., in the
case of embedded convection within large-scale stratiform
clouds and related spatial patterns of precipitation), these
two types are associated with different precipitation growth
mechanisms and both play important roles in precipitation
amounts falling during warm half-year in central Europe.

In recent years, several studies have aimed at discrimi-
nating convective and stratiform precipitation on the basis
of different instruments and techniques. Many methods
originate from studies of ground-based observations, but
more recentmethods devised for disaggregating rainfall often
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use data from radar and satellite measurements (e.g., [15,
16]). Although methods based on radar and satellite data
provide useful tools for such meteorological applications
as forecasting precipitation and analysing development of
precipitation systems (e.g., [17]), they are not applicable to
climatological studies because of the short records of available
data.

Ruiz-Leo et al. [18] presented a relatively new method
based on 6-hour precipitation amounts from stations (stan-
dard synoptic data) that provides the opportunity to acquire
long-time series of convective and stratiformprecipitation for
analyses of changes in precipitation regimes. They examined
trends of convective and stratiform precipitation for the
Spanish Mediterranean coast over 1998–2008 and found that
the increasing trends of total precipitation were due to trends
in convective precipitation in autumn while stratiform pre-
cipitation in spring. Inwinter and summer, neither convective
nor stratiform precipitation had a prevailing role in trends of
total precipitation.

In this study, we analyse trends of convective and strat-
iform precipitation in the Czech Republic (central Europe)
over 1982–2010. Time series of convective and stratiform pre-
cipitation are obtained using a recently proposed algorithm
for disaggregation of precipitation based on SYNOP reports
(surface synoptic observations) at weather stations [19]. Our
approach is based on the same type of data as the method
used in [18], but we relax the simplifying assumption that
heavy precipitation is of convective origin only.The algorithm
is based on several criteria, allowing also for disaggregation
of heavy precipitation into predominantly convective and
stratiform.

The paper is structured as follows. After a short descrip-
tion of the data and precipitation patterns in the Czech
Republic in Section 2, the algorithm for disaggregation of
precipitation is presented in Section 3, together with the
methodology applied to trend analysis. The results of the
trend analysis of convective and stratiform precipitation are
reported in Section 4. Section 5 contains discussion of the
results, and conclusions follow in Section 6.

2. Data and Area under Study

2.1. SYNOP Data. The precipitation data originate from
SYNOP reports at 11 stations operated by the Czech Hydrom-
eteorological Institute (CHMI). Geographical positions of
the examined stations are depicted in Figure 1. The altitudes
of the stations range from 241 to 1322m a.s.l., and the
stations cover different climatological regions from lowlands
to mountains. The observations span from 1982 to 2010.
The dataset includes 6-hour precipitation amounts, codes
of present and past weather (weather state) during the 6-
hour interval, and hourly data on cloud cover, cloud type, air
pressure, and temperature.

Thequality of the datawas thoroughly checked to uncover
possible errors and suspicious 6-hour precipitation records.
Somemissing and incorrect precipitation readings were filled
in by comparing the SYNOP data with daily totals from
climatological measurements (aggregated 24-hour amounts).

The majority of stations have a negligible percentage of
missing 6-hour precipitation data (less than 0.1%). Exceptions
were stations 11698, with 4 months of missing data (January–
April 1989), and 11406, with 3 months of missing data
(October–December 1993). The affected seasons (winter and
spring 1989, autumn and winter 1993) were omitted from the
analysis at the given stations.

2.2. Precipitation Patterns in the Czech Republic. Precipi-
tation in the Czech Republic has large spatial and tem-
poral variability. The annual cycle has a single maximum
in June and July and minimum in January and February
[20]. Stratiform precipitation predominates in all seasons
except summer, at which time the proportion of convective
precipitation increases and leads to slightly higher amounts of
convective than stratiform origin at most stations [19]. Daily
precipitation amounts are greater in the warm half of the year
while the number of days with precipitation is greater in the
cold half of the year [20].

Spatial variability of precipitation is caused by the influ-
ence of the large-scale atmospheric circulation which can be
modified by local-scale parameters such as orography, wind
exposure, precipitation shadow, and direction of mountain
range. While an inflow of moist maritime air from the
north Atlantic strongly influences the western part of the
Czech Republic, an inflow of warm, moist air from the
Mediterranean plays a more pronounced role in the eastern
part of the country (e.g., [21]).

3. Methods

3.1. Algorithm for Disaggregation of Precipitation. The time
series of convective and stratiform precipitation were obtain-
ed using the algorithm proposed and evaluated in detail
in [19]. As convective and stratiform precipitation fall from
different clouds (convective fromCb and Cu while stratiform
from Ns, Sc, St, and As) and they are characterized by
different types of weather events, the algorithm disaggregates
6-hour precipitation amounts into predominantly convective
and stratiform on the basis of weather state (the main
criterion) and cloud type (the secondary criterion). Showers
and thunderstorms are the main groups of weather states
typical for convective precipitation while drizzle, rain, and
snow (the latter two not in the formof showers) are typical for
stratiform precipitation. Details on the weather state coding
are given in [19].

The algorithm is structured into three main steps. First,
it searches for nonzero 6-hour precipitation amounts and
reads all hourly data for weather state and cloud type during
the 6-hour period. Second, it disaggregates precipitation into
convective and stratiform using the main criterion. If the
precipitation amount is classified as mixed/unresolved at this
stage (occurrence of codes of weather state associated with
both convective and stratiform precipitation within the 6-
hour interval or the data on weather state is missing), the
secondary criterion based on the cloud type is used.This leads
to additional disaggregation. Finally, time series of convec-
tive, stratiform, and mixed/unresolved 6-hour precipitation
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Figure 1: Area under study and locations of weather stations. The grey line shows a borderline between the western and eastern parts of the
Czech Republic.

amounts are created. The final algorithm was selected after a
number of tests, described in detail in [19]. It disaggregates
about 95% of 6-hour precipitation amounts and performs
better for moderate to heavy than light precipitation. The
remaining small percentage of mixed/unresolved precipita-
tion amounts (around 5%) does not show significant trends
over time and was omitted from the analysis.

3.2. Characteristics of Precipitation. For the trend analysis,
four variables and indices were selected to provide infor-
mation on basic climatological characteristics of convective
and stratiform precipitation (seasonal amount, the number
of wet days) and extremes (maximum seasonal 6-hour and 1-
day precipitation amounts). According to [9], a wet day was
defined as a day with (convective or stratiform) precipitation
above 1.0mm.The acronyms used for individual characteris-
tics are listed in Table 1.

The indices of precipitation were calculated seasonally.
The seasons analysedwere spring (MAM,March-April-May),
summer (JJA, June-July-August), autumn (SON, September-
October-November), and winter (DJF, December-January-
February).

3.3. Trend Estimation. Trends of precipitation indices were
estimated using two methods. First, the trend magnitudes
were estimated parametrically by the least-squares regression
(e.g., [22]) and the statistical significance of the trends was
computed by the bootstrap method (e.g., [23, 24]). The
bootstrap is a type of a Monte Carlo method which is based
on resampling with replacement from the data to create

Table 1: Acronyms used for precipitation characteristics.

Acronym Description
Amount Seasonal precipitation total
Days Number of wet days
R6h Maximum seasonal 6-hour precipitation amount
R1D Maximum seasonal 1-day precipitation amount

bootstrap samples. For computing the confidence interval, we
used 1,000 bootstrap samples.

Second, the nonparametric Sen’s estimator of slope, also
known as the “median of pair-wise slopes” or Theil-Sen
estimator [3, 25], was computed. The statistical significance
of the trends was evaluated using the Mann-Kendall test
[26, 27].This is a rank-based test that is robust to outliers and
does not depend on the assumption of Gaussian distribution
of residuals.

The statistical significance of precipitation trends is usu-
ally lower compared with other climate elements due to large
spatial and temporal variability of precipitation. Therefore,
we evaluate the results at lower significance levels of 𝑝 =
0.1 and 𝑝 = 0.2. All trend magnitudes were expressed as
relative changes of the examined characteristics in%/10 years,
allowing easier comparison among the indices and seasons.

4. Results

Since precipitation has large random spatial variability and
the study area is relatively small, we evaluate time series
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Table 2: Trendmagnitudes (expressed as relative change of the examined characteristics in%/10 years) of average precipitation characteristics
from all stations over 1982–2010. ∗ (∗∗) denotes trend significant at the 0.2 (0.1) level.

Characteristics Convective Stratiform Total
Lin. reg. Sen Lin. reg. Sen Lin. reg. Sen

Spring
Amount 9.2∗∗ 8.0∗ 0.0 −0.7 5.6 3.9∗

Days 14.7∗∗ 14.0∗∗ −3.1 −3.7 3.0 1.5
R6h −5.7 −4.1 3.9 5.5 −0.2 −0.7
R1D −3.8 −4.1 2.9 4.1 2.5 1.4

Summer
Amount 7.5∗∗ 4.4 3.0 2.7 6.9∗ 5.2
Days 5.3∗ 4.6 −4.1 −5.2 1.6 1.4
R6h 0.5 0.7 1.3 −2.9 1.9 −1.6
R1D 2.2 2.2 4.9 2.5 6.6∗ 2.8

Autumn
Amount 14.7∗∗ 15.8∗∗ 9.7∗ 10.7∗∗ 11.9∗∗ 11.5∗∗

Days 23.0∗∗ 21.7∗∗ 3.2 4.4 6.9∗ 5.7∗

R6h 1.3 2.2 9.3∗ 12.6∗∗ 8.6∗ 10.4∗

R1D 0.0 0.2 14.6∗∗ 15.2∗∗ 12.9∗∗ 11.6∗∗

Winter
Amount 1.6 1.4 −2.2 0.5 −1.1 2.2
Days −2.0 −1.7 −4.2 −2.2 −2.7 −3.3
R6h 5.9 −2.3 2.1 0.9 2.3 1.8
R1D 3.4 −1.4 2.5 1.5 2.2 1.3

Table 3: Trend magnitudes (expressed as relative change of the examined characteristics in %/10 years, from linear regression) of average
precipitation characteristics over 1982–2010 for the western and the eastern part of the Czech Republic. ∗ (∗∗) denotes trend significant at the
0.2 (0.1) level.

Characteristics Convective Stratiform Total
West East West East West East

Spring
Amount 10.1∗∗ 8.6∗ −5.9 4.9∗ 3.1 7.7∗∗

Days 15.1∗∗ 14.4∗∗ −5.3∗ −1.4 2.7 3.3∗

R6h −8.1∗∗ −3.5 1.9 5.7∗ −2.9∗ 2.2
R1D −2.7 −4.6 −5.7∗ 10.0∗∗ −4.1 8.0∗∗

Summer
Amount 7.9∗∗ 7.1∗∗ 3.7 2.5 7.7∗∗ 6.3∗

Days 5.9∗∗ 4.9∗∗ −5.0∗ −3.4 1.8 1.5
R6h 0.5 0.4 4.3 −1.2 1.8 2.0
R1D 1.5 2.8 6.3 3.7 5.8∗ 7.3∗

Autumn
Amount 19.2∗∗ 10.9∗ 7.2∗ 11.7∗∗ 11.0∗∗ 12.6∗∗

Days 27.8∗∗ 19.1∗∗ 2.0 4.2∗ 7.1∗∗ 6.7∗∗

R6h 5.0 −1.9 2.2 15.1∗∗ 2.2 13.9∗∗

R1D 4.5 −4.0 8.1∗∗ 19.9∗∗ 7.1∗∗ 17.7∗∗

Winter
Amount 5.7 −1.9 −6.0∗ 1.0 −4.5 1.9
Days −1.0 −2.9 −5.7∗∗ −3.0 −4.2∗ −1.4
R6h 13.2∗ −0.2 1.3 2.8 2.6 2.1
R1D 10.1 −2.2 −1.2 5.7∗ −1.2 5.2∗
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Figure 2: Time series and trendmagnitudes obtained by the linear regression for convective, stratiform, and total precipitation characteristics
averaged over 11 stations in the Czech Republic.

obtained by averaging data from (a) all stations and (b)
stations in the western and eastern parts of the Czech
Republic (Figure 1). Analogous divisionwas applied byKyselý
[3] who reported the cutoff between the western and eastern
parts of the Czech Republic in trends of precipitation char-
acteristics, which may be linked to meteorological factors,
namely, differences in the roles of Atlantic andMediterranean
influences. Herein, the averages are calculated from scaled
stations’ data in order to give the same weight to all stations
(notwithstanding the observed precipitation amounts and
the number of wet days, which are larger at higher-elevated
stations). The characteristics at individual stations were first
divided by their mean values over the studied period and
then these scaled (dimensionless) datawere averaged over the
stations.

The trends in spatially averaged characteristics and their
statistical significance are shown in Table 2 for all stations

and in Table 3 for the western and eastern parts of the Czech
Republic. Time series of the spatially averaged characteristics
are plotted in Figure 2, and dependence of the trend mag-
nitudes on altitude is depicted in Figure 3. All figures and
the description of results are based on the linear regression
because results obtained by the parametric (least-squares
regression) and nonparametric (Sen’s estimator) trend esti-
mation are similar (Table 2). Particularly, we did not find a
general tendency of the parametric estimate to be greater (in
absolute value) than the nonparametric estimate (cf. [28]).

4.1. Convective Precipitation. Trends of spatially averaged
climatological characteristics of convective precipitation (the
total amount and the number of wet days) are increasing and
statistically significant in all seasons except winter (when the
proportion of convective precipitation is very low; Table 2
and Figure 2).The increasing trends are higher in the western
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Figure 3: Dependence between trend magnitudes and altitude for characteristics of convective, stratiform, and total precipitation. Trends
estimated by the linear regression and their 95% confidence bounds are plotted.

than eastern part of theCzechRepublic in all seasons (Table 3,
Figure 4). Spatially averaged extreme precipitation indices
of convective precipitation (seasonal maxima of 6-hour and
1-day precipitation, R6 h, and R1D) increase in all seasons
except spring but the trends are smaller and insignificant.
The trends of extreme precipitation tend to have opposite
signs in autumn and winter in the western (positive) and
eastern (negative) part of the country (Table 3, Figure 5).
The climatological characteristics of convective precipitation
increase faster in lowlands than in highlands in all seasons
while for extremes such pattern is found only in summer and
winter (Figure 3).

4.2. Stratiform Precipitation. The trends in characteristics
of stratiform precipitation are usually smaller compared
to those of convective precipitation (Table 2, Figure 2). For

spatially averaged indices, increasing trends prevail as well.
The largest and statistically significant trends are found in
autumn, particularly for extremes. The tendency to increases
is more pronounced in the eastern part of the Czech Republic
in all seasons except for summer (Table 3, Figures 4 and 5).
The trends of stratiform precipitation tend to be of opposite
signs in the western (negative) and eastern (positive) part
of the country in winter and spring, which leads to very
small trends for the country as a whole. By contrast to
convective precipitation, stratiform precipitation has usually
more pronounced positive trends in highlands (Figure 3).
Differences between lowlands and highlands are larger in
spring and summer.

4.3. Total Precipitation. Increasing trends of total precipita-
tion prevail in all seasons except winter (Table 2, Figures 2,
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Figure 4: Trends in seasonal amounts of convective, stratiform, and total precipitation computed by the linear regression. Trend magnitudes
are expressed as relative changes of the examined characteristics in %/10 years over 1982–2010.

4, and 5). The largest and statistically significant trends are
found in autumn, which corresponds with increasing trends
of both convective and stratiform precipitation. The trends
of total precipitation are by far weakest in winter, when also
trends of convective and stratiform precipitation are rarely
significant. In spring and summer, some characteristics of
convective precipitation increase while of stratiform precipi-
tation decrease and vice versa.These counterbalancing trends
of convective and stratiform precipitation lead to relatively
small trends of total precipitation. The trend magnitudes
of total precipitation depend on altitude similarly as those
of stratiform precipitation in all seasons except summer
(Figure 3), when the role of convective precipitation is largest.

The ratio between convective and stratiform precipitation
increases in all seasons, especially in summer (Figure 6). It
is particularly noteworthy that the four highest values over
1982–2010 occurred in the last 8 years, and the dominance
of convective precipitation was greatest in the 2003 spring
and summer that were characterized by severe heat waves
in Europe and large precipitation deficits (e.g., [29–32]). Our
results show that the deficits over central Europe were mainly
due to the lack of stratiform precipitation (cf. also Figure 2).

5. Discussion

In all seasons in which convective precipitation represents
an important part of total amounts (spring, summer, and

autumn), convective precipitation increases (in averaged
precipitation characteristics from all stations) more than
stratiform for seasonal precipitation amounts as well as the
number of wet days. Our results contrast with those reported
by Ruiz-Leo et al. [18], who found steeper (positive) trends
for stratiform than convective precipitation in the eastern
Spanish coast. They, however, had examined not only a
different area but also a much shorter time period (1998–
2008) and used a different algorithm for disaggregating
precipitation, as reported above. Our algorithm is based on
different criteria, allowing also for disaggregation of heavy
precipitation into predominantly convective and stratiform
[19], while Ruiz-Leo et al. [18] considered heavy precipitation
to be of convective origin only.Their approachwas reasonable
for the specific study area (north-eastern coast of Spain) but
it is not generally applicable in other regions.

Mean convective precipitation increases significantly in
all seasons except winter while heavy precipitation decreases
in spring or has small insignificant trends in summer and
autumn. Our results are in agreement with [33, 34], where
climatological characteristics and trends of thunderstorms
over Poland were studied and increasing trends of days
with light thunderstorm at the end of the 20th century
while decreasing or no clear trends of days with heavy
thunderstorm were reported.

There is an ongoing discussion concerning possible
changes in precipitation rates and relative contributions
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Figure 5: Same as in Figure 4 but for maximum seasonal 1-day precipitation amount (R1D).

of convective and stratiform precipitation with increasing
surface temperatures (e.g., [35, 36]). Increasing proportion
of convective precipitation, found in all seasons, corresponds
with increasing trends of surface air temperature [19]. This
may suggest that the changing ratio of convective and
stratiform precipitation is related to climate change and may
continue (with increasing temperature) in future. However,
our results show that this does not necessarily mean more
heavy convective precipitation, because intensity of precipi-
tation depends on a number of factors such as atmospheric
humidity and stability, CAPE, and wind shear (e.g., [37]).

The trends of total precipitation are predominantly
increasing in all seasons except winter (and 6-hour maxima
in spring). The overall tendency to prevailing positive trends
agrees with Kyselý [3] who examined trends in characteristics
of mean and heavy (total) precipitation in the Czech Repub-
lic over 1961–2005 and reported predominantly increasing
trends in all seasons except spring.The differences are related
to different studied periods, different sets of stations, and the
fact that trend estimates may be strongly influenced by values
at the beginning and the end of time series. However, our
results also show that the overall tendency to rising trends
in precipitation characteristics does not depend substantially
on the time window.

A distinct differentiation in the predominant trend
directions of convective, stratiform, and total precipitation
emerges when comparing the western (with stronger Atlantic
influence) and the eastern (with stronger Mediterranean and

continental influence) parts of the Czech Republic. A ten-
dency to more pronounced trends in convective (stratiform)
precipitation in the west (east) may be related to changes
of large-scale circulation influencing differently precipitation
over these two regions of central Europe; however, the
links between large-scale circulation and precipitation are
weakest in the convective season (cf. [38]). Increasing trends
of stratiform precipitation in autumn in the eastern part
of the country may be due to enhanced occurrence of
cyclones of the Mediterranean origin (typically associated
with widespread and heavy stratiform rainfall). Detailed
study of the links between precipitation changes and the
large-scale circulation deserves further investigation.

Similar analyses for other parts of Europe are needed in
order to reveal whether the reported differences (in trends of
convective/stratiform precipitation and mean/extreme char-
acteristics) and the cutoff between the western and eastern
parts of the examined area are related to larger-scale patterns
over Europe. Such studies should be straightforward because
the necessary data (SYNOP reports) are available, and the
proposed algorithm [19] is universal and does not involve any
“local” settings.

6. Conclusions

Using the recently proposed algorithm for disaggregating
precipitation into predominantly convective and stratiform
[19], we analysed trends in characteristics of convective and
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Figure 6: Ratio of convective and stratiform precipitation (averages over 11 stations in the Czech Republic) and trend estimated by the linear
regression.

stratiform precipitation and their influence on trends of total
precipitation at weather stations in the Czech Republic over
1982–2010. The trend analysis was based on the least-squares
regression and the Sen’s estimator of slope but the results
depend little on the method used.

The main findings are as follows.
(i) Spatially averaged trends in convective precipitation

are increasing and statistically significant for precip-
itation amounts and the number of wet days in all
seasons except for winter. The trends of extreme con-
vective precipitation (seasonal maxima) are spatially
much more variable and insignificant, but increases
tend to prevail as well. The trends in convective
precipitation are larger in the western part of the
country where Atlantic influences are stronger.

(ii) For characteristics of stratiform precipitation, the
trends are usually smaller compared to those of con-
vective precipitation, but increases prevail too. They

are significant in autumn, especially for extremes,
and larger in the eastern part of the country where
Mediterranean cyclones play more important role.

(iii) The trends in convective precipitation tend to bemore
pronounced at lowland than higher-elevated stations
while an opposite pattern prevails for stratiform
precipitation.This indicates that the increases in con-
vective precipitation are not related to orographically
triggered convection. The largest differences in trend
magnitudes of convective and stratiformprecipitation
between lowlands and highlands occur in spring and
summer.

(iv) In spring and summer, when convective precipitation
represents an important fraction of the total amounts
in central Europe (around 30% and 50%, resp., when
averaged over the stations under study), the observed
increases in total precipitation are mainly due to
increases in convective precipitation. In autumn,
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increases in both convective and stratiform precipi-
tation are important and the trends are weakest and
least pronounced in winter.

Similar studies on changes in convective and stratiform
precipitation for other parts of the world are essentially
needed in order to better understand the underlying mech-
anisms of observed changes in precipitation characteristics.
The topic is particularly appealing in the context of climate
change, as climate models simulate convective and stratiform
precipitation separately through different parameterizations.
The projected changes in the two components may be
comparedwith the recently observed trend, whichmight help
understand whether the increasing proportion of convective
precipitation is a manifestation of a warming trend or not.
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