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Global environmental change, such as climate change, land
use, and land cover change, is noticeably influencing hydro-
logical processes from catchment to regional and to global
scales, resulting in hydrologic nonstationarity. Therefore, it
is urgent to improve our skills or methods to better under-
stand mechanism of hydrological processes under global
environmental change. This needs multidisciplinary studies
that involve hydrology,meteorology, remote sensing, ecology,
agriculture, and so forth.

We were invited by this journal to propose this special
issue in June 2014. Researchers across globe were invited to
contribute their original research articles to this special issue.

This special issue received high attention from hydrology,
meteorology, remote sensing, agriculture, and ecology com-
munities. The accepted papers cover wide ranges of topics,
including (1) introducing physical/statistical methodologies
and models to simulate hydrological processes in various
spatial scales; (2) using various techniques/methods/models
to separate climate change, land use, and cover change
impact on hydrological processes; (3) detecting trends and
variation of hydrological variables, such as runoff, actual
evapotranspiration, and soil moisture.

There are papers studying predicting runoff, estimating
runoff, and other water balance components’ response to
climate change and land cover changes. N. Ohana-Levi et al.
(2015) modelled the effects of land cover change on rainfall-
runoff relationships in a semiarid, eastern Mediterranean

watershed. Z. Lu et al. (2015) introduced a case study in the
Loess Plateau investigating hydrologic responses to land use
change. S. Zeng et al. (2015) studied effects of climate change
and human activities on surface runoff in the Luan River
Basin. G.Qin et al. (2015) simulated hydrologic variations and
stochastic modeling of runoff in Zoige wetland in the Eastern
Tibetan Plateau. H. Li et al. (2015) introduced a review paper
summarizing state-of-the-art studies for predicting surface
runoff from catchment to large region. W. Yang et al. (2015)
explored the process of extreme floods by using multivariate
analysis to characterize flood and precipitation event data in
combination with historical data and simulated from global
climate models for the water source area for the middle route
of south-to-north water diversion project, China. G. Fang
et al. (2015) investigated future climate change influencing
runoff availability in Kaidu River Basin in the Tianshan
Mountains. M. Szwed (2015) estimated changes in water
balance components including precipitation, evaporation,
and runoff between the historic period (1961–1990) and future
period (2071–2100) in Poland.

There are papers investigating improving precipitation
data accuracy, estimating drought and precipitation indices.
H. Lee andK.Kang (2015) conducted interpolation ofmissing
precipitation data using kernel estimations for hydrologic
modeling. V. M. Rodŕıguez-Moreno et al. (2015) used serial
analysis of ten precipitation-based indices by land use in the
semiarid physiographic province of Mesa Central, Mexico.
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X. Zhou et al. (2015) compared two approaches for estimating
precipitation elasticity of streamflow in China’s main river
basins. Y. Zhang et al. (2015) estimated changes in precipi-
tation and drought in Aksu River Basin, Northwest China.

There are papers addressing river and catchment envi-
ronmental issues. X. Liu et al. (2015) conducted “Research
on Nonpoint Source Pollution Assessment Method in Data
SparseRegions: ACase Study ofXichongRiver Basin, China.”
J. Song et al. (2015) evaluated river health for theWeihe River
in Shaanxi Province, China.

The rest of the papers focus on various hydrological
and ecohydrological topics from small catchments to large
regions. S. B. Foster and D. M. Allen (2015) used a coupled
numerical model to investigate groundwater and surface
water interactions in a mountain-to-coast watershed in
British Columbia, Canada. D. Yin et al. (2015) identified
vegetation dynamics and sensitivities in response to water
resources management in the Heihe River Basin in China.
C. Toledo et al. (2015) compared stationary and dynamic
conceptual models for estimating hydrological processes in
a mountainous and data-sparse catchment in the south-
central Chilean Andes. H. Gao et al. (2015) used remote
sensing observations to detect interannual variation of the
surface temperature of tropical forests over Amazon and
Congo rainforests. A. A. Assani et al. (2015) compared
spatiotemporal variability of temperature and precipitation
with that of the magnitude and timing of maximum daily
spring flow in L’Assomption River (agricultural) andMatawin
River (forested) watersheds in Quebec, Canada. Q. Guo et al.
(2015) proposed an approach for web-based data integration
and interoperability for a massive spatial-temporal dataset of
the Heihe River Basin framework.
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Land surface temperatures (LSTs) within tropical forests contribute to climate variations. However, observational data are very
limited in such regions.This study used passivemicrowave remote sensing data from the Special SensorMicrowave/Imager (SSM/I)
and the Special Sensor Microwave Imager Sounder (SSMIS), providing observations under all weather conditions, to investigate
the LST over the Amazon and Congo rainforests. The SSM/I and SSMIS data were collected from 1996 to 2012. The morning
and afternoon observations from passive microwave remote sensing facilitate the investigation of the interannual changes of LST
anomalies on a diurnal basis. As a result of the variability of cloud cover and the corresponding reduction of solar radiation, the
afternoon LST anomalies tend to vary more than the morning LST anomalies. The dominant spatial and temporal patterns for
interseasonal variations of the LST anomalies over the tropical rainforest were analyzed. The impacts of droughts and El Niños on
this LST were also investigated. Differences between early morning and late afternoon LST anomalies were identified by the remote
sensing product, with the morning LST anomalies controlled by humidity (according to comparisons with the National Centers
for Environmental Prediction (NCEP) reanalysis data).

1. Introduction

Accurate and reliable observations are essential for char-
acterizing and understanding climate variations and long
term change. In situ observations in the tropics are sparse,
and their uncertainty tends to be larger than that in the
northern hemisphere mid-latitudes. Although several ver-
sions of gridded data have been interpolated from in situ
meteorologicalmeasurements (e.g., [1]) andmade available at
a global scale, discrepancies arise amongst these datasets due
to their different spatial averaging techniques, treatment of
gaps in the data, and the number of stations used by different
analyses [2]. Observations over tropical forests are extremely
sparse, especially for the time period before the late 1970s [3].
Surface warming in these regions could substantially change
the regional and global terrestrial exchange of carbon with
the atmosphere [4–6]. In situmeasurements, which represent
the surface air temperature at 2m above the surface, are
mostly located over grass or bare ground and differ by as

much as 3 to 5K from the land surface temperature (LST)
of a tropical forest canopy [7]. Such large differences could
confound accurate detection of changes in LST (which is
also referred to as the canopy skin temperature, in the case
of rainforests) and subsequently hinder evaluation of global
climate models (GCMs) over tropical forests.

The most advanced (and now the most commonly used)
LST measurements are those from the Moderate Resolution
Imaging Spectroradiometer (MODIS), which resides on each
of the NASA Earth Observation System (EOS) satellites—
terra and aqua (since 1999 and 2002, resp.). However,MODIS
measurements are limited to clear sky conditions and provide
few samples over the tropical forests when skies are cloudy
and/or rainy [7, 8]. To address this problem, Gao et al.
[7] developed an empirical algorithm to provide the forest
canopy skin temperature during all weather conditions using
the AdvancedMicrowave Scanning Radiometer for the Earth
Observing System (AMSR-E). In addition, about 30-year
microwave data have been collected frompassive radiometers
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such as the Scanning Multichannel Microwave Radiometer
(SSMR, 1978 to 1987), the Special Sensor Microwave/Imager
(SSM/I, 1987 to present), and the Special Sensor Microwave
Imager Sounder (SSMIS, 2003 to present). The LST based on
these passive microwave retrievals from different radiome-
ters, if calibrated against each other, could potentially allow us
to examine changes of canopy skin temperature in the tropical
forests since the late 1970s—the period when the global air
temperature increase has become rapid and attributable to
anthropogenic forcing [9, 10].

This work uses the microwave derived all weather LST
product to investigate the interannual variability of the
canopy skin temperature over tropical forests. The 19GHz
polarized brightness temperatures were collected by F13
SSM/I and F17 SSMIS. The F13 SSM/I was in service from
May 1995 to November 2009, while F17 SSMIS has been
collecting data from December 2006 to present. We focus on
studying LST anomalies from January 1996 toDecember 2012
over both the Amazon and the Congo basin rainforests. An
intersatellite calibration of the 19GHz polarized brightness
temperatures during the overlapping period between F13
SSM/I and F17 SSMIS was conducted tomaintain consistency
between the two data sources.

The objective of this study is to answer the following ques-
tions:

(1) What are the dominant spatial and temporal patterns
for interannual variations of canopy skin temperature
over tropical rainforests?

(2) Howwould droughts and El Niños affect the LST over
these two regions?

(3) How different are the interannual changes of early
morning (6 a.m.) and late afternoon (6 p.m.) LST
anomalies? Are these differences physically reason-
able?

We concentrate on the Amazon and Congo basins.
Section 2 introduces the satellite data and the intercalibration
method, as well as the other data sources used in this study;
Section 3 shows the results and analyses over the Amazon
forest; Section 4 investigates the LST anomalies over the
Congo basin forest; and Section 5 summarizes results and
draws conclusions.

2. Data and Methodology

2.1. SSM/I and SSMIS Satellite Data. The first SSM/I sensor
(F08) was launched in 1987 by the Defense Meteorological
Satellites Program (DMSP). Since then, a series of SSM/I
and SSMIS sensors (F11, F13, F15, F16, F17, and F18) have
been launched consecutively to measure atmosphere, ocean,
and terrain microwave brightness temperatures at near real
time. Flying in a polar orbit, these sensors provide both
vertically and horizontally polarized microwave data at 3
frequencies—19.35, 37.0, and 85.5 GHz—and horizontally
polarized data at 22.2GHz. The ascending and descending
equatorial crossing times for the satellites used in this
study (i.e., F13 and F17) are very near 6 p.m. and 6 a.m.
This paper obtains the brightness temperatures from data

collected by the NOAA/NASA SSM/I Pathfinder Program
made available from the National Snow and Ice Data Center
(NSIDC).We used the level 3 Equal-Area Scalable Earth-Grid
(EASE-Grid) brightness temperatures ([11], http://nsidc.org/
data/docs/daac/nsidc0032 ssmi ease tbs.gd.html). The data
are daily, separated by ascending and descending passes, and
consist of gridded values at 25 km resolution. However, since
the daily observations cannot cover the entire globe, there is
typically one overpass on every other day for a given location.
Consequently, the average number of observations per pixel
per month is approximately 15. We further interpolated the
EASE-Grid data into 0.25∘ resolution grids.

The input orbital brightness temperature data from
NSIDC were ingested via the Remote Sensing Systems (RSS)
software [12], with the mode for sensor intercalibrations
turned off. We chose to study the 17-year period from Jan-
uary 1996 to December 2012, to cover significant climate
variability—including events such as the 1997 to 1998 strong
El Niño and the 2005 and 2010 droughts over the Amazon.
TheF17 observed horizontally and vertically polarized bright-
ness temperatures (𝑇

𝑏,ℎ
and 𝑇

𝑏,V) were calibrated according
to their counterpart F13 measurements. The process contains
three steps: (1) averaging the ascending (and descending)
brightness temperatures (𝑇

𝑏,ℎ
and𝑇

𝑏,V) from daily to monthly
for both the F13 and the F17 observations; (2) deriving a linear
relationship between F13 and F17 for each pixel during the
overlapping period of the two satellites (i.e., from 2007 to
2008); and (3) calibrating F17 observations from 2009 to 2012
based on the relationship established in step 2.

2.2. SSM/I LST over the Tropical Rainforest. A global land
cover map derived from MODIS was used to select the
tropical forests over the Amazon basin and Congo basin.The
LST for these areas was retrieved using 19.35GHz polarized
brightness temperatures and an algorithm developed by Gao
et al. [7]. The general concept of the LST microwave retrieval
algorithm lies in the combined use of two equations, as
outlined below. The first equation is based on the brightness
temperature definition as follows:

𝑇
𝑠
=
𝑇
𝑏,ℎ

𝜀
ℎ

, (1)

where 𝑇
𝑠
is the LST, 𝑇

𝑏,ℎ
is the horizontal brightness tem-

perature, and 𝜀
ℎ
is the horizontal emissivity. The value for 𝜀

ℎ

can be inferred from the Polarization Ratio (PR), which is
defined as PR = 𝑇

𝑏,ℎ
/𝑇
𝑏,V. To establish the empirical 𝜀

ℎ
-PR

relationship during a training period, 𝜀
ℎ
was calculated as the

ratio between MODIS LST and SSM/I 𝑇
𝑏,ℎ
.

As described in Gao et al. [7], the quality controlled
MODIS LST data during a dry month in July 2002 were
selected as the training data. The training domain was the
forested area within the entire Amazon basin, from 20∘S
to 13∘N latitude and 82∘W to 34∘W longitude. Since the
empirical relationship is independent of observation time, the
same relationship was used for estimating LST both in the
morning and in the afternoon. The empirical relationship is
shown as

𝜀
ℎ
= 1.0038×PR×PR− 0.1226×PR+ 0.0799. (2)
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Figure 1: The temporal coverage of rain gauges within each 1∘× 1∘ pixel with the results represented as a fraction of the total time duration
from 1996 to 2006 over (a) the Amazon rainforests and (b) the Congo rainforests.

Once the 𝜀
ℎ
-PR relationship was established, passive micro-

wave based LST could be estimated from 𝑇
𝑠
= 𝑇
𝑏,ℎ
/𝜀
ℎ
.

In the study by Gao et al. [7], the passive microwave LST
was validated using in situ temperature measurements (at the
satellite overpass time) from 12meteorological stations under
all weather conditions over the Amazon forests. The correla-
tion coefficient and Root Mean Square Error (RMSE) during
the cloudy/rainy days were 0.68 and 1.7 K, respectively. The
passive microwave LST during the cloudy/rainy days actually
outperformed the remotely sensed LST during the clear days
(both from the microwave sensor and fromMODIS).

For each day from January 1, 1996, to December 31, 2012,
LST values were calculated for the ascending and descending
orbits, respectively. To eliminate the nonforested areas in
this study, a 1∘× 1∘ mask which extracted the rainforests was
applied to the SSM/I brightness temperature data. The mask
was derived from the MODIS land cover classification map.
The daily LSTs were then averaged for each month to smooth
out random uncertainties from the daily data. We further
calculated the temperature anomalies for each month for
both the descending/morning and the ascending/afternoon
orbits. In order to focus on variations at seasonal and inter-
annual levels, the monthly anomalies were smoothed using
a 3-month moving average.

2.3. Rainfall Data from the Global Precipitation Climatology
Centre (GPCC). We used monthly precipitation from the
Global Precipitation Climatology Centre (GPCC), at 1∘× 1∘
resolution, to assist the analysis. This precipitation data is
derived from in situmeasurements obtained from rain gauge
networks [13]. Figure 1 shows the distribution of rain gauges
and the temporal availability within each 1∘× 1∘ pixel, from
1996 to 2006 over the two rainforests studied. It appears
that the Amazon has more evenly distributed stations than
the Congo basin and that most of the gauges have collected
data over the entire period studied. A comparison of rainfall
datasets by Juarez et al. [14] suggests that GPCC data
agree well with the Tropical Rainfall Measurement Mission
(TRMM) product over tropical South America. The number
of rain gauges over the Congo basin is very limited, and they
tend to be concentrated at the edge of the forest. Additionally,

most of these instruments only collected data over a short
period. Therefore, in the following sections, the comparison
of rainfall with the LST anomalies is limited to the Amazon.
The GPCC data is also used for calculating the Standard
Precipitation Index (SPI [15]) to investigate the relationship
between LST anomalies and drought in Section 3. Recom-
mended by the World Meteorological Organization as a
standard to characterize meteorological droughts [16], SPI is
a probability index that has been used in many studies for
abnormal wetness and dryness conditions [15, 17–20].

2.4. Data from the National Center for Environmental Pre-
diction (NCEP) Reanalysis. Monthly surface air temperature
and specific humidity data from the National Center for
Environmental Prediction (NCEP) reanalysis [21] from 1996
to 2012 were employed for analyzing their linkage to the
remotely sensed LST anomalies over the Amazon rainforests
in the next section.

3. Results over the Amazon
Tropical Rainforests

3.1. Time Series of the LST Anomalies Interannual Variations.
Figure 2(a) indicates a good agreement between the remotely
sensed morning LST anomalies and the NCEP surface air
temperature, but this is not the case in the afternoon.
This is because the LST anomalies from remote sensing
physically represent the canopy skin temperature—which is
more influenced by nighttime longwave radiation and thus
has a stronger connection to the humidity and temperature
of the overlying atmosphere and cloud base [22]. In contrast,
the afternoon LST anomalies tend to be higher than the
air temperature when it is warm and lower than the air
temperature when it is cold.

Figure 2(b) shows that the LST anomalies have a negative
correlation with SPI, with correlation coefficients of −0.73
and −0.36, for the afternoon and morning data, respectively.
The higher correlation of LST anomalies with SPI in the after-
noon is as expected, because the daytime clouds associated
with rainfall reduce surface solar flux and a larger fraction of
solar heating goes into latent fluxes (e.g., [23]).
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Figure 2: Comparison between time series of the domain averaged temperature anomalies of remotely sensed LST (at 6 a.m. and 6 p.m.)
over Amazon rainforests with the following: (a) NCEP surface air temperature, (b) SPI, (c) Niño 3.4 index, and (d) NCEP specific humidity.

The interannual variation of climate over Amazon rain-
forests is mainly triggered by the El Niño Southern Oscilla-
tion (ENSO), an anomaly of sea-surface temperature (SST)
and atmospheric pressure patterns over the equatorial Pacific
that is commonly characterized by SST anomalies in theNiño
3.4 region (5∘N-5∘S, 170∘W-120∘W). Thus the Niño 3.4 index
[24] is used to characterize ENSO. Figure 2(c) compares time
series of both morning and afternoon LST anomalies with
thisNiño 3.4 index.Theyboth strongly respond to theElNiño
event of 1997-1998, but the 2002-2003 El Niño was too weak
to impact the LST anomalies significantly. The 2010 drought
shows a larger impact on the LST anomalies at 6 a.m. than
at 6 p.m. The LST anomalies lag Niño 3.4 by 3-4 months
(with lag correlations of 0.8 for morning LST anomalies and
0.7 for afternoon LST anomalies), consistent with the results
reported by Trenberth et al. [25].

Figure 2(d) indicates a strong connection between the
remotely sensed morning LST anomalies and the specific
humidity from the NCEP reanalysis. The response of the
canopies—as well as the response of their carbon flux—to
droughts is related to canopy skin temperature. During the
17 years studied, three major drought events occurred over
the Amazon: the 1998 drought triggered by a strong El Niño
and the 2005 and 2010 droughts, each caused by an unusually
long period of anomalously low rainfall. Figure 3 compares
the spatial distributions of temperature anomalies for rep-
resentative months of the three drought years, March 1998,
March 2010 (peak of the 1997/98 and 2010 drought, resp.), and
January 2005 (peak of the 2005 drought) in the morning and
in the afternoon. The LST has strong positive anomalies in
1998 (especially in the afternoon), but little impact from the

drought in 2005 when the rainfall deficit was not particularly
large (as shown in Figure 2(b)). This difference indicates—as
expected—a dependence of LST anomalies on soil moisture.
The greater shortage of soil moisture in 1998 is also confirmed
by the SPI.The 2010 drought has shown amuch larger impact
on LST than does the 2005 drought, but its anomalies are
slightly smaller than those in 1998. The spatial patterns from
1998 and 2010 are also very different.

3.2. Spatial Patterns of Interannual Variation by Season. It is
difficult to obtain reliable spatial patterns of LST anomaly
change with the sparse in situ measurements in the Amazon
rainforests. In contrast, spaceborne remote sensing regularly
provides spatially homogeneous measurements that are only
limited by the length of their time series in determining the
spatial patterns of the interannual changes of LST (and their
relation to changes of rainfall). In this section, we examine
the spatial patterns of interannual rainfall anomalies in the
four different seasons (MAM, JJA, SON, and DJF) during the
morning and afternoon separately.

The spatial patterns of the LST anomaly standard devia-
tion are shown in Figures 4 and 5 for the morning and after-
noon, respectively. In bothmorning and afternoon, variations
of LST anomalies during the dry season (JJA) are smaller
than those during the wet season (DJF). Furthermore, these
variations are smallest at locations farthest from the equator,
mainly because of the decreased variability of the rainfall.
Variations are larger in the afternoon than in the morning,
due to the greater variability of incident solar radiation.

The Empirical Orthogonal Function (EOF) is a statistical
tool for identifying the dominant patterns of the correlated
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Figure 3: Spatial distribution of the remotely sensed LST anomalies over Amazon rainforests during three drought events in March 1998,
January 2005, and March 2010. Left panels (a, c, and e) are for 6 a.m. and right panels (b, d, and f) are for 6 p.m.

structure in the data of interest. Thus, it is widely used to
objectively characterize the dominant spatial and temporal
patterns of climate variability [26]. Figure 6 shows the first
EOF mode of LST anomalies in the morning by season. Its
spatial pattern largely resembles that of the standard devi-
ation and explains 72% (SON) to 86% (DJF) of the total

variance, suggesting that the variance of the LST anomalies
is dominated by a large-scale coherent pattern. The temporal
variation of the EOF1, the first principle component (PC1),
resembles that of the ENSO.Thus, the anomalies of morning
LST are dominated by El Niño (1997-1998)—more so during
the MAM and DJF seasons than during the JJA and SON
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Figure 4: Standard deviation of the remotely sensed LST anomalies at 6:30 a.m. over Amazon rainforests for the following seasons: (a)MAM,
(b) JJA, (c) SON, and (d) DJF.

Table 1: Correlation coefficient between EOFpatterns (for theAma-
zon rainforests).

MAM JJA SON DJF
LST a.m. versus p.m. 0.7 0.68 −0.27 0.54

Rain versus LST a.m. 0.5 −0.04 0.25 −0.08

Rain versus LST p.m. 0.56 −0.05 −0.59 0.19

seasons. Such a seasonal dependence of LST variation is asso-
ciated with a stronger influence of El Niño on rainfall and
cloudiness (e.g., [8]).

The relationship between morning and afternoon LST
anomalies can be used to infer their causes. For exam-
ple, humid and rainy conditions would reduce longwave
cooling and increase morning LST anomalies but will also
increase evapotranspiration and thus reduce afternoon LST
anomalies.Therefore, we would expect a negative correlation
between the morning and afternoon LST anomalies. On the
other hand, cold front incursions during the dry season could
reduce both morning and afternoon LST [27, 28], leading
to a positive correlation. Table 1 shows the correlations of

the EOF1 spatial patterns by season among three data sources:
morning LST anomalies, afternoon LST anomalies, and rain-
fall anomalies.

4. Results over the Congo Basin Rainforest

The rainforests of Africa are mostly found in the Congo River
basin on theAtlantic side of the continent.Thuswe choose the
domain of 10∘E, −5∘S to 30∘E, 5∘S for this study.

Figure 7 shows that there is a clear relationship between
the domain averaged LST anomalies at 6:30 p.m. and the 6-
month SPI over the Congo basin during the wet season. This
negative correlation is reasonable because LST anomalies are
more influenced by the cloud solar effect in daytime during
the wet season.

The spatial patterns of the LST anomaly interannual vari-
ations for different seasons are shown in Figures 8 and 9.This
variation is less during the rainy season (usually November
to March) and larger during the dry season (usually April
to October). This is presumably due to a greater sensitivity
of the LST anomalies to changes of atmospheric humidity,
cloudiness, and rainfall when the atmosphere and soil are less
saturated. The variation is larger at sunset (afternoon) than
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Figure 5: The same as Figure 4 but at 6:30 p.m.

at sunrise (morning), in agreement with observations of the
diurnal cycle of temperature over the region [29].

Figure 10 shows the first EOF of SSM/I LST anomalies at
6:30 a.m. over the Congo basin. Its patterns are dominated by
a north-south gradient in MAM and DJF. These patterns are
directly related to the patterns of African monsoon rainfall
variability. For instance, in JJA (boreal summer) the negative
EOF values propagate from west to east with attenuation,
which is consistent (in trend)with the extension of the precip-
itation zone from the east Atlantic. In DJF (austral summer),
the EOF is clearly layered from north to south—with the
precipitation zone occurring over the southern part of the
continent, centered around 10∘S latitude [30]. The JJA EOF
pattern resembles the southwesterly gradient of the August
rainfall in the domain of 10∘E, −5∘S to 20∘E, 5∘S [31]. The
correlation coefficients betweenmorning EOF and afternoon
EOF are 0.29, 0.58, 0.15, and 0.49 for MAM, JJA, SON, and
DJF, respectively (notice that they are better correlated when
there is little rain (JJA) or near constant rain (DJF)). Low
correlations are seen during the rainy seasons (MAM and
SON) because of the higher soil moisture (and thus lower
sensitivity of the afternoon LST anomalies to rainfall).

5. Summary and Conclusions

Interannual variations of LST anomalies over the tropical
rainforests are correlated with variations of SST (e.g., El
Niño), with the LST anomalies lag Niño 3.4 by 3-4 months.
Of the two tropical forests considered, the Amazon forest
is more sensitive to such SST variations than the Congo.
Drought, as a consequence of soil moisture deficiency, causes
an increase in LST anomalies by reducing the latent heat flux
(i.e., evapotranspiration). The stronger drought in 1998 had
a much greater impact on LST anomalies than the weaker
one in 2005.This result is consistent with the greater drought
stress and the increase in fire events seen in 1998 versus
2005 [32]. A previous study has suggested that a dry rainfall
anomaly in the western Congo is associated with El Niño,
although the influence of it is complicated by the effects of
the tropical Atlantic and Indian Ocean SST anomaly [33].

Themorning and afternoon observations fromSSM/I and
SSMIS facilitate the investigation of the interannual changes
of LST anomalies on a diurnal basis. In general, the afternoon
LST anomalies tend to vary more than the morning LST
anomalies. A comparison with NCEP datasets indicates that
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Figure 6: First EOF of the remotely sensed LST anomalies at 6:30 a.m. over Amazon rainforests for the following seasons: (a) MAM, (b) JJA,
(c) SON, and (d) DJF.
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Figure 7: Scatterplot of domain averaged LST anomalies at 6:30 p.m.
and 6-month SPI over Congo rainforests during the wet season.The
linear trend is determined by a least-square fitting.

the differences between the morning and afternoon remotely
sensed temperatures are physically reasonable. The morning
LST seems to be controlled by humidity, and it is close to the
surface air temperature from NCEP reanalysis.

For both tropical rainforests, the spatial patterns of the
morning and afternoon LST anomalies were examined in
terms of the standard deviations and EOFs. Change of LST
anomalies in the Amazon shows a strong spatial variation,
with the largest deltas (of LST anomalies) occurring in the
central Amazon. In contrast, changes of LST anomalies in
the Congo are more spatially uniform. Variability in both the
Amazon and the Congo basins is most pronounced during
the wet season—and in the afternoon. This is clearly a result
of the variability of cloudiness and its reduction of solar
radiation. The first EOF mode explains much of the variance
inmost of the cases.The LST anomaly spatial patterns during
the transitional seasons tend to be less organized than those
during the wet and dry seasons.

In conclusion, the SSM/I derived LST product over the
tropical forests offers a unique data source for studying land
atmosphere interactions. Its analysis shows the differences
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Figure 8: Standard deviation of the remotely sensed LST anomalies at 6:30 a.m. over Congo rainforests for the following seasons: (a) MAM,
(b) JJA, (c) SON, and (d) DJF.
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Figure 9: The same as Figure 8 but at 6:30 p.m.
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Figure 10: First EOF of the remotely sensed LST anomalies at 6:30 a.m. over Congo rainforests for the following seasons: (a) MAM, (b) JJA,
(c) SON, and (d) DJF.

and similarities between morning and afternoon LST and
reveals their physical linkages to SST, solar radiation, precip-
itation, and humidity.

This study contributes to our understanding of the linkage
between climate extremes (e.g., drought) and canopy surface
temperature. The comparisons between the morning and the
afternoon LST anomalies offer a new perspective on land-
atmospheric interactions. Since most tropical rainforests suf-
fer from a lack of observational data, this passive microwave
based LST dataset can be used for improving estimates from
GCMs and hydrological models.
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As the water source area for the middle route of China’s South-to-North Water Diversion Project, the upper Hanjiang basin is
of central concern for future management of the country’s water resources. The upper Hanjiang is also one of the most flood-
prone rivers in China. This paper explores the process of extreme floods by using multivariate analysis to characterize flood and
precipitation event data in combination, for historical data and simulated data from global climate models. The results suggested
that the generalized extreme value and Gammamodels better simulated the extreme precipitation and flood volume sequence than
the generalized Pareto model for the annual maximum series, while the generalized Pareto distribution model was the best-fit
model for peaks over threshold series. For the two-dimensional joint distributions of precipitation and flood volume, the Frank
Copula was preferred in simulation of the annual maximum flood series whereas the Gumbel Copula was the most appropriate
function to simulate the points over threshold flood series. We concluded that, compared with the traditional univariate approach,
multivariate statistical analysis produced flood estimates that were more physically based and statistically sound and carried lower
risk for flood design purposes.

1. Introduction

The impact of climate change on water resources is a matter
of worldwide concern [1–3]. Global warming accelerates
processes of the hydrological cycle and leads to redistribution
and change in the quantity of water resources in time
and space. One important implication of this is predicted
increases in the frequency and intensity of extreme hydrolog-
ical events, namely, droughts and floods [4]. Droughts have
becomemore serious in the Sahara, South Africa, and eastern
Asia, and floods have generally increased in America and
Europe in the last few decades [5, 6]. Similar observations
have beenmade in China [7]. As well as risks to human safety,
extreme hydrological events cause economic losses, and these
costs are rising exponentially [8], threatening sustainable
development. There is a need then to improve the scientific
understanding of trends and patterns in extreme hydrological

events in the context of global climate change to inform
planning for disaster protection and alleviation.

There is a large body of literature on the topic of
characterizing the statistical distributions and likely future
patterns of extreme hydrological events, with a few key papers
highlighted below. Müller-Wohlfeil et al. [9] used a global
climate model (GCM) downscaling and hydrological model
to simulate extreme hydrological processes under current
climate conditions and future scenarios. The impact and
uncertainties of climate change on hydrology was assessed by
Dessu andMelesse [10] by comparing and contrasting results
across diverse GCMs, future climate scenarios, and two
downscaling methods. A dramatic increase in the frequency
of the heaviest precipitation events over Britain in the future
was predicted by Jones and Reid [11]. Using a second-
generation coupled global climate model under different
emission scenarios and fitting a generalized extreme value
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(GEV) distribution to the data, Kharin and Zwiers [12]
concluded that the probability of extreme precipitation events
would increase by a factor of about 2 by the end of the twenty-
first century. For the Zhujiang basin, China, Fischer et al. [13]
analyzed the precipitation extremes with four distribution
functions and found GEV to be the most reliable and robust,
whileWang et al. [14] applied theGammadistribution and the
Kolmogorov-Smirnov (KS) test to detect changes in extreme
precipitation and extreme stream flow in southern China.

The South-to-North Water Diversion Project (SNWDP)
is a major project to transfer water from the Yangtze River
in the south of China to the drier northern areas suffering
water deficit. The water source area for the middle route of
SNWDP, the upper Hanjiang, is also known to be one of the
most flood-prone rivers in China, so there are good reasons
for seeking to characterize the hydrology of this basin in the
context of future climate change. Zhang et al. [15] used the
GEV and the generalized Pareto distribution (GPD) models
to fit the extreme precipitation data in the upper reaches of
the Hanjiang basin and evaluated the corresponding values
for a number of return periods. The statistical relationship
between the larger scale climate predictors and observed
precipitation in the Hanjiang basin was investigated by Guo
et al. [16]. They used a statistical downscaling method based
on an artificial neural network (ANN) and predicted that
precipitation in the basin would reduce in the 2020s and
2050s and increase in 2080s. Xu et al. [17] also applied
statistical downscaling to establish a coupled relationship
between GCM and the HBV precipitation-runoff model in
order to predict runoff in the upper reaches of the Hanjiang
basin under the A2 and B2 climate scenarios. They demon-
strated that floods would likely be more frequent during
the period 2011 to 2100. Most of the previous research on
extreme hydrological events of theHanjiang basin has taken a
univariate approach to the analysis of flood and precipitation
event data. As precipitation is the most important direct
cause of flood events, we propose that new insight into the
process of extreme floods can be gained by usingmultivariate
analysis to characterize flood and precipitation event data in
combination. We illustrate this approach using data from the
Hanjiang but note that it has universal application.

This paper is organized as follows: Section 2 describes the
study area anddata used in the study; Section 3 introduces the
regional frequency analysis methods and statistical probabil-
ity models; Section 4 analyzes the statistical characteristics of
extreme precipitation and extreme flood events based on the
GEV, GPD and Gamma distribution models, and the Cop-
ula function; Section 5 predicts extreme precipitation and
extreme flood events under future climate change scenarios;
conclusions are presented in Section 6.

2. Study Area and Data

2.1.StudyArea. Hanjiang, with awatershed area of 159,000 km2
and a mainstream length of 1577 km, is the largest tributary
of the Yangtze River. It originates in the south Qinling
Mountains and flows through the five provinces of Shanxi,
Gansu, Sichuan, Henan, and Hubei. The focus of this study
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Figure 1: Locations of meteorological stations and reservoir in the
study area.

is the headwater area located upstream of the Danjiangkou
Reservoir between 106–112∘E and 31.4–34.1∘N. This area
serves as the water source area for the middle route of
SNWDP, which draws water from Danjiangkou Reservoir. In
this headwater area the mainstream has a length of 925 km
and drains a watershed area of 95,200 km2. The subtropical
monsoon climate gives rise to mild and humid weather, with
an annual average temperature of 14.6∘C and mean annual
precipitation of 819.5mm. Rainfall is unevenly distributed in
the basin, declining from south to north. The precipitation
is strongly seasonal, with 70% occurring between May and
September.Themean annual runoff is about 368.7 billion m3
and is also strongly seasonal, being dominantly sourced from
storm event surface runoff.

2.2. Meteorological and Hydrological Data. The station-
observed data used in the study included daily precipitation
and daily runoff from 1969 to 2008. Daily precipitation
data from 9 meteorological stations were obtained from
the Shared Services Network of the China Meteorologi-
cal Administration and China Hydrological Bureau. The
daily inflow runoff data from Danjiangkou Reservoir were
provided by the Changjiang Water Resources Commission
(CWRC) (Figure 1). The areal mean precipitation was cal-
culated with the Thiessen polygon method. Two extreme
serieswere considered, the annualmaximum(AM) series and
peaks over threshold (POT) series. The AM series comprised
the maximum daily precipitation in each year. The POT
series comprised the daily precipitation exceeding the 98th
percentile value of the data.

2.3. GCM Data. The Fourth Assessment Report of the
Intergovernmental Panel on Climate Change (IPCC AR4)
provides 23 GCMs which have the ability to simulate current
climate over East Asia with a given degree of uncertainty
[18]. In order to reduce the uncertainties of GCMs simulation
of precipitation, it is common practice to adopt the coupled
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Table 1: The Gumbel-Hougaard, Clayton, and Frank Copula functions and model parameters.

Copula function 2D distribution 3D distribution
Gumbel-Hougaard 𝐶 (𝑢, V) = exp {− [(− ln 𝑢)𝜃 + (− ln V)𝜃]

1/𝜃
} 𝐶 (𝑢, V, 𝑤) = exp {− [(− ln 𝑢)𝜃 + (− ln V)𝜃 + (− ln𝑤)𝜃]

1/𝜃
}

Clayton 𝐶 (𝑢, V) = (𝑢−𝜃 + V−𝜃 − 1)
−1/𝜃

𝐶 (𝑢, V, 𝑤) = (𝑢−𝜃 + V−𝜃 + 𝑤−𝜃 − 2)
−1/𝜃

Frank 𝐶 (𝑢, V) = −
1
𝜃
ln[1 +

(𝑒
−𝜃𝑢
− 1) (𝑒−𝜃V − 1)
𝑒−𝜃 − 1

] 𝐶 (𝑢, V, 𝑤) = −
1
𝜃
ln[1 +

(𝑒
−𝜃𝑢
− 1) (𝑒−𝜃V − 1) (𝑒−𝜃𝑤 − 1)

(𝑒−𝜃 − 1)2
]

climatemodel rather than the single model.The relative error
of the simulation results for extreme precipitation indices
with the coupled climatemodel is smaller thanwith the single
model [19]. However, our research focuses on extreme events,
and the homogenizing effect of the coupled climate model
would dilute the extremes.Therefore, the singlemodel dataset
from the World Climate Research Programme (WCRP)
Coupled Model Intercomparison Project Phase 3 (CMIP3)
was applied in this study. The Special Report for Emission
Scenarios (SRES) [20] developed four future greenhouse gas
emission scenarios on the basis of possible long-term global
and regional dynamics of the 21st century, and three of them,
A2 (high emission), A1B (medium emission) and B1 (low
emission) [18], were selected for use in this study. The daily
precipitation series from CSIRO MK3 5, INMCM3 0, and
NCAR PCM1 GCMmodels were adopted.

3. Methodology

3.1. Extreme Value Statistical Probability Models. The Gam-
ma, GEV, andGPDmodels have beenwidely applied in simu-
lations of extreme hydrological events. The GEV distribution
integrates three extreme distributions [21–23], including the
Weibull, Gumbel, and Fréchet. As the GEV distribution is
independent of the probability distribution characteristics of
the original data and only samples the extreme value, it is
the most direct description of extreme climate information
contained within climate observation data. The Gamma dis-
tribution is the most important skewed distribution in clima-
tological statistics, it can be used to fit normal distributions,
and it shows high stability in description of precipitation [24].
In application of the POT series, the GDP is often used to
describe the probability distribution of all observation data
beyond a certain threshold value [25]. The POT method
increases the number of measurements included in the anal-
ysis and correspondingly reduces the statistical uncertainty
of quantile variances and improves the fitting accuracy. The
cumulative distribution functions (CDFs) of the GEV, GPD,
and Gamma distribution are expressed as

𝐹GEV (𝑥) = exp{− [1+ 𝜉 (
𝑥 − 𝜇

𝜎
)]

−1/𝜉
} ,

1 + 𝜉 (
𝑥 − 𝜇

𝜎
) > 0

𝐹GPD (𝑥) = 1− [1− 𝜉 (
𝑥 − 𝜇

𝜎
)]

1/𝜉

𝐹Gamma (𝑥) =
1

𝛽𝛼Γ (𝛼)
∫

𝑥

0
𝑥
𝛼−1
𝑒
−𝑥/𝛽d𝑥,

(1)

where 𝛼 and 𝜉 are shape parameters, 𝛽 and 𝜎 are scale
parameters, and 𝜇 is a location parameter.

3.2. Copula Function. The Copula function plays an impor-
tant role in the study of multivariate extreme theory [26–
28]. The Copula function can connect joint distributions
of several random variables with their marginal distribu-
tions [26]. In this study, three Copula functions, Gumbel-
Hougaard, Clayton, and Frank, were used to build a joint
distribution model of precipitation and flood discharge.
These functions can be described by two-dimensional (2D)
and three-dimensional (3D) distributions (Table 1). In this
case, the joint CDF with two or three variables can expressed
as

𝐹 (𝑥1, 𝑥2) = 𝐶 (𝐹𝑋1 (𝑥1) , 𝐹𝑋2 (𝑥2))

𝐹 (𝑥1, 𝑥2, 𝑥3) = 𝐶 (𝐹𝑋1 (𝑥1) , 𝐹𝑋2 (𝑥2) , 𝐹𝑋3 (𝑥3)) ,
(2)

where 𝐹
𝑋
(𝑥) is the marginal CDF of each variable.

3.3. Selection of the Optimal Distribution. The Kolmogorov-
Smirnov (KS) test was used to judge how well the presumed
distributions fitted the sample data.The KS test compares the
empirical cumulative distribution function of the observed
series and the theoretical cumulative distribution function
of the candidate distribution and then calculates the largest
difference between them. Under the significance level 𝛼 =
0.05, if the KS test statistic (𝐷) is greater than the critical
value, the hypothesis on the distributional form is rejected.
The smaller the value of 𝐷 is, the better the assumed
distribution fits the sample data.

Following common practice, the RootMean Square Error
(RMSE) criterionwas used tomeasure the difference between
values predicted by the model and the observed values. The
RMSE value is defined as

RMSE = √ 1
𝑛

𝑛

∑

𝑖=1
[𝑃
𝑐
(𝑖) − 𝑃

𝑜
(𝑖)]

2
, (3)

where 𝑃
𝑐
(𝑖) is actual frequency and 𝑃

𝑜
(𝑖) is theoretical

frequency.

3.4. Return Periods. A return period is an estimate of the
average time between rainfall or flood events of a given
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magnitude. The return periods for variables greater than (or
equal to) a specific value are usually determined as

𝑇 (𝑥) =
1

1 − 𝐹
𝑋
(𝑥)
. (4)

For bivariate distributions, the probability that both𝑥
1
and𝑥
2

exceed certain thresholds can be derived in terms of Copulas:

𝑃 (𝑋1 ≥𝑥1, 𝑋2 ≥𝑥2) = 1−𝐹
𝑋1
(𝑥1) − 𝐹𝑋2 (𝑥2)

+𝐶 (𝐹
𝑋1
(𝑥1) , 𝐹𝑋2 (𝑥2)) .

(5)

The joint return periods can be expressed as

𝑇 (𝑥1, 𝑥2) =
1

𝑃 (𝑋1 ≥ 𝑥1 ∩ 𝑋2 ≥ 𝑥2)

=
1

1 − 𝐹
𝑋1
(𝑥1) − 𝐹𝑋2 (𝑥2) + 𝐶 (𝐹𝑋1 (𝑥1) , 𝐹𝑋2 (𝑥2))

.

(6)

For the 3D distribution, the joint return periods can be
expressed as

𝑇 (𝑥1, 𝑥2, 𝑥3) =
1

𝑃 (𝑋1 ≥ 𝑥1 ∩ 𝑋2 ≥ 𝑥2 ∩ 𝑋3 ≥ 𝑥3)

=
1

1 − 𝐹
𝑋1
− 𝐹
𝑋2
− 𝐹
𝑋3
+ 𝐶 (𝐹

𝑋1
, 𝐹
𝑋2
) + 𝐶 (𝐹

𝑋1
, 𝐹
𝑋3
) + 𝐶 (𝐹

𝑋2
, 𝐹
𝑋3
) − 𝐶 (𝐹

𝑋1
, 𝐹
𝑋2
, 𝐹
𝑋3
)

.

(7)

3.5. Mann-Kendall Tests for Trend and Change Point in Time
Series. The Mann-Kendall (MK) test is a nonparametric
method of detectingmonotonic trend in a data series [29, 30].
As the MK method does not require the data to conform to
any particular distribution and is less sensitive to outliers, it
has been widely applied to hydrological data, which rarely
follows a normal distribution.The data should not be serially
correlated, so for this study the data were first prewhitened
[31].

For a time series {𝑥
𝑖
; 𝑖 = 1, 2, . . . , 𝑛}, the test statistic 𝑆 is

defined as

𝑆 =

𝑛−1
∑

𝑖=1

𝑛

∑

𝑗=𝑖+1
sgn (𝑥

𝑗
−𝑥
𝑖
) ,

sgn (𝑥
𝑗
−𝑥
𝑖
) =

{{{{

{{{{

{

1 𝑥
𝑖
< 𝑥
𝑗

0 𝑥
𝑖
= 𝑥
𝑗

−1 𝑥
𝑖
> 𝑥
𝑗
.

(8)

When 𝑛 ≥ 10, the distribution of 𝑆 approaches a normal
distribution, and the mean and variance of 𝑆 are given as

𝐸 (𝑆) = 0,

Var (𝑆) = 𝑛 (𝑛 − 1) (2𝑛 + 5)
18

.

(9)

The normalized test statistic 𝑍 is calculated as

𝑍 =

{{{{{{

{{{{{{

{

𝑆 − 1
√Var (𝑆)

𝑆 > 0

0 𝑆 = 0
𝑆 + 1
√Var (𝑆)

𝑆 < 0.

(10)

In a two-side trend test, the null hypothesis of no trend
is rejected if |𝑍| > 𝑍1−𝛼/2 at the 𝛼 level of significance (𝛼 =

5% in this study). A positive 𝑍 shows increasing trend and a
negative 𝑍 shows decreasing trend.

The sequential version of Mann-Kendall test [32] is used
to test assumptions about the start of a trend within a sample
based on rank series of progressive and retrograde rows of
the sample. The sequential MK test is therefore useful for
detecting abrupt change points in a hydrological series [33,
34]. For a time series {𝑥

𝑖
; 𝑖 = 1, 2, . . . , 𝑛}, the rank series 𝑆

𝑘
is

defined as

𝑆
𝑘
=

𝑘

∑

𝑖=1
𝑟
𝑖
(𝑘 = 2, 3, . . . , 𝑛) ,

𝑟
𝑖
=
{

{

{

1 𝑥
𝑖
> 𝑥
𝑗

0 𝑥
𝑖
≤ 𝑥
𝑗

(𝑗 = 1, 2, . . . , 𝑖) .

(11)

The mean and variance of 𝑆
𝑘
are given as

𝐸 (𝑆
𝑘
) =

𝑛 (𝑛 + 1)
4

,

Var (𝑆
𝑘
) =

𝑛 (𝑛 − 1) (2𝑛 + 5)
72

.

(12)

Under the assumption that the time sequences are indepen-
dent, the normalized test statistic 𝑈𝐹

𝑘
is defined as

𝑈𝐹
𝑘
=
𝑆
𝑘
− 𝐸 (𝑆

𝑘
)

√Var (𝑆
𝑘
)

(𝑘 = 1, 2, . . . , 𝑛) (13)

which is the forward sequence, and the backward sequence
𝑈𝐵
𝑘
is calculated using the same equation but in the reverse

data series. 𝑈𝐹
1
= 0, and the distribution of 𝑈𝐹

𝑘
approaches

a normal distribution. If 𝑈𝐹
𝑘
> 0, the trend is increasing

with time, and if 𝑈𝐹
𝑘
< 0, the trend is decreasing with

time.The calculated𝑈𝐹
𝑘
value is compared with the standard

normal distribution table with two-tailed confidence levels. If
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Table 2: The KS test statistic 𝐷 value of marginal distribution
models.

Variable 𝐷 for AM series 𝐷 for POT series
GEV GPD Gamma GEV GPD Gamma

RX1day 0.0775 0.1251 0.0702 0.0850 0.0465 0.0894
RX3day 0.0840 0.0741 0.0737 0.0717 0.0649 0.0822
W1 0.0867 0.1138 0.0815 0.0626 0.0645 0.0984
W3 0.0965 0.0924 0.0975 0.1371 0.0635 0.0904

|𝑈𝐹
𝑘
| > 𝑈

𝛼/2, the trend is statistically significant; otherwise,
the trend is not significant. The sequential MK test enables
detection of the approximate beginning of a developing trend
from the intersection point of the curves 𝑈𝐹

𝑘
and 𝑈𝐵

𝑘
of the

test statistic. If the intersection point is significant at 𝛼 = 0.05,
then the critical point of change is at that period [35, 36].

4. Statistical Characteristics of Extreme
Hydrological Events

4.1. Univariate Frequency Analysis of Extreme Hydrological
Events. The maximum 1-day precipitation (RX1day) series,
maximum 3-day precipitation (RX3day) series, maximum 1-
day flood discharge (W1) series, and maximum 3-days flood
discharge (W3) series were established for the upper reaches
of the Hanjiang basin by the AM and POT methods. The
GEV, GPD, and Gamma models were selected for fitting of
the series. The KS test statistic 𝐷 was less than the critical
value 0.21 (𝛼 < 0.05) for the three models, suggesting that all
were an adequate fit (Table 2). For the AM series, the Gamma
model was the best-fit model for RX1day, RX3day, and W1
series, while GPD model was optimal for the W3 series. As a
whole, theGEV andGammamodels better simulated theAM
series than did the GPDmodel. For the POT series, the GPD
model was the best fit for three of the four series (Table 2).

Estimated extreme precipitation and flood discharge
associated with return periods of 10, 50, 100, 500, and 1000
years were calculated by these three distribution models for
the AM and POT series (Table 3). The results indicated that,
for AM series, for recurrence intervals ≥50 years, values of
precipitation and flood discharge estimated by GPD model
were noticeably lower than those by GEV and Gamma
models.These lower valueswould translate to a higher risk for
flood planning soGDPwas regarded as unsuitable for theAM
series. For the POT series, values estimated by GEV model
were higher than those by GPD and Gammamodels, and the
values were distant from the observed data, indicating that
GEVwas unsuitable for the POT series (Table 3). For the AM
series, the values calculated by Gamma distribution model
indicated slightly higher values series than for the POT series.
Adopting the more conservative estimates of the AM series
would provide lower risk for flood planning.

4.2. Multivariate Frequency Analysis of Extreme Hydrological
Events. The Kendall tau rank correlation coefficient and
the Spearman’s rank correlation coefficient were used to
analyze the degree of bivariate correlation between pairs

of RX1day, RX3day, W1, and W3 for the AM and POT
series (Table 4). There were significant positive correlations
between extreme precipitation and extreme flood discharge,
allowing the possibility of building a joint distribution model
of precipitation and flood discharge using Copula functions.

Two-dimensional joint distributions were established
based on the Gumbel-Hougaard, Clayton, and Frank Copula
functions.The KS test and RMSE criterion suggested that the
Frank Copula was superior for simulation of the AM series
and the corresponding GEV distribution, while the Gumbel-
Hougaard Copula was superior for simulation of the POT
series and the corresponding GPD model (Table 5). All the
values of the KS test statistic𝐷 of the optimal functions were
smaller than the critical value of 0.21 under the significant
level of 𝛼 = 0.05, demonstrating that the simulations passed
the KS test.

The 2D Frank Copula (Figure 2) and Gumbel-Hougaard
Copula (Figure 3) functions both displayed highly significant
correlation between the empirical and theoretical frequen-
cies. For theAMseries, the correlation coefficient for RX1day-
W1, RX1day-W3, RX3day-W1, and RX3day-W3 were 0.986,
0.989, 0.991, and 0.991, respectively, demonstrating that the
Frank Copula function was a good fit to the AM samples.
For the POT series, the correlation coefficient for RX1day-
W1, RX1day-W3, RX3day-W1, and RX3day-W3 were 0.992,
0.995, 0.994, and 0.993, respectively, demonstrating that the
Gumbel-HougaardCopula functionwas a goodfit to the POT
samples and could be used to build the 2D joint distributions
of precipitation and flood discharge.

Extreme precipitation and flood discharge under the
return periods of 10, 20, 50, 100, 200, 500, and 1000 years
were estimated using the 2D joint distributions (Figure 4).
It was assumed that the frequency of precipitation and
floods were the same. The notation used to describe the
joint distributions was that, for example, “AM, RX1day-W1”
represents that the variables of the ordinate were calculated
via joint distributions of RX1day andW1 from the AM series,
and so on (Figure 4).

Similar to the 2D joint distributions, 3D joint distribu-
tions were established based on the Gumbel, Clayton, and
Frank Copula functions. The Frank Copula was the best-fit
function for both the AM and POT series. Extreme precipi-
tation and flood volume under the return periods of 10, 20,
50, 100, 200, 500, and 1000 years were estimated (Figure 5).
The notation used to describe the joint distributions was
that, for example, “AM, RX1day-W1-W3” represents that the
variables of the ordinate were calculated by joint distributions
of RX1day, W1, and W3 from the AM series, and so on
(Figure 5).

The estimated extreme precipitation rates and flood
discharges for the AM series were larger than those for the
POT series under the same return period (Figures 4 and 5).
Also, the estimated extreme value of the POT series did not
increase with increasing return period to the same extent as
the AM series. It appears that the Copula function and the
corresponding GPDmodel for the POT series was unsuitable
for estimating the extreme value under large return periods
because of the limited extreme sample of the POT series.
This result suggests that the AM series better described the
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Table 3: Extreme precipitation and flood discharge estimated via marginal distribution models for a range of return periods.

Return periods (year)
AM series

RX1day (mm/d) RX3day (mm/3 d) W1 (×109 m3/d) W3 (×109 m3/3 d)
Gamma GEV GPD Gamma GEV GPD Gamma GEV GPD Gamma GEV GPD

10 55.6 55.2 59.9 96.4 95.9 100.2 2.000 1.964 2.107 4.323 4.270 4.533
50 72.3 70.9 71.6 123.0 127.9 117.1 2.796 2.693 2.500 6.001 5.866 5.233
100 78.9 76.8 74.3 133.4 141.5 120.9 3.117 2.982 2.581 6.677 6.505 5.364
500 93.3 89.2 77.8 156.0 173.1 125.9 3.834 3.610 2.678 8.183 7.906 5.508
1000 99.2 93.9 78.7 165.3 186.8 127.0 4.134 3.863 2.697 8.811 8.477 5.535

Return periods (year)
POT series

RX1day (mm/d) RX3day (mm/3 d) W1 (×109 m3/d) W3 (×109 m3/3 d)
Gamma GEV GPD Gamma GEV GPD Gamma GEV GPD Gamma GEV GPD

10 50.5 51.3 52.1 88.1 88.3 91.4 1.753 1.763 1.785 3.945 4.391 4.071
50 63.1 77.0 65.3 110.4 119.9 105.4 2.328 3.050 2.366 5.236 6.915 5.451
100 68.0 91.0 69.4 119.0 134.3 108.5 2.556 3.839 2.562 5.747 8.265 5.919
500 78.6 133.1 76.5 137.8 169.9 112.5 3.059 6.517 2.920 6.875 12.229 6.783
1000 83.0 156.3 78.8 145.5 186.3 113.3 3.267 8.176 3.041 7.342 14.377 7.077

Table 4: Correlation coefficient of the different extreme samples.

Variables AM series POT series
𝜏 𝜌 𝜏 𝜌

RX1day-W1 0.32 0.48 0.40 0.57
RX1day-W3 0.31 0.47 0.33 0.49
RX3day-W1 0.37 0.54 0.43 0.59
RX3day-W3 0.41 0.60 0.42 0.59
Note: 𝜏 is the Kendall coefficient; 𝜌 is the Spearman’s coefficient. RX1day-W1 represents the joint distribution of RX1day and W1.

Table 5: Optimal function and evaluation indicators of 2D joint distribution for AM and POT series.

Variables AM series POT series
Copula function RMSE 𝐷 Copula function RMSE 𝐷

RX1day-W1 Frank 0.0395 0.0893 Gumbel 0.0255 0.0815
RX1day-W3 Frank 0.0356 0.0999 Gumbel 0.0221 0.0659
RX3day-W1 Frank 0.0341 0.0996 Gumbel 0.0220 0.0582
RX3day-W3 Frank 0.0350 0.0938 Gumbel 0.0260 0.0652

extreme hydrological events for the purpose of lower risk
flood planning.

The design floods of Danjiangkou Reservoir dam used
in the preliminary design stage, calculated by a traditional
single distribution hydrological method [37], were compared
with the design value of W1 under a range of return periods
calculated by 2D and 3D Copula functions for the AM series
(Table 6). The design value calculated by the 3D Copula
function was the highest of these for all return periods.
The design values calculated by the 2D Copula function
were slightly larger than the ones used in the preliminary
dam design stage for 10-, 20-, and 1000-year return periods,
while 2D Copula function estimates were slightly lower
than preliminary dam design estimates for 50- and 100-
year return periods. The joint distribution makes more use
of available extreme information than a traditional single

distribution model, and the higher estimates of flood peaks
given by the joint distribution are more conservative for
application to flood planning. Overall, the results of the
multivariate frequency analysis suggests that, in the case of
the upper Hanjiang, this approach to describing extreme
floods would lead to more conservative (lower risk) design
than a traditional approach.

5. Prediction of Extreme Hydrological Events
under Future Climate Change Scenarios

5.1. Simulation of Precipitation in the Baseline Period. Of
the 23 GCMs of IPCC AR4, after excluding the models
with incomplete daily precipitation series under A1B, A2,
and B1 climate scenarios, the three models CSIRO MK3 5,
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Figure 2: Empirical and theoretical frequency of 2D Frank Copula function joint distribution for different combination of the AM series: (a)
X1day-W1, (b) RX1day-W3, (c) RX3day-W1, and (d) RX3day-W3.

INMCM3 0, and NCAR PCM1, having complete daily out-
puts of precipitation data, were utilized for this study.
Observed daily precipitation data in the baseline period
(1961–2000) was used to assess the capability of these three
GCMs in simulating the historical precipitation. Precipitation
in the example years 1970, 1980, 1990, and 2000 and the
total precipitation over the 40 years of the baseline period
were used for comparison (Table 7). For the simulation of
the total precipitation over 40 years, the errors of three
models CSIRO MK3 5, INMCM3 0, and NCAR PCM1 were
3.65%, 88.69%, and 70.05%, respectively. As well as closely
predicting the 40-year total precipitation, the CSIRO MK3 5

model also closely predicted annual precipitation for the
four example years, while the other two models were highly
inferior (Table 7). This result is in agreement with previous
work that has demonstrated the capacity of CSIRO MK3 5
to simulate the contemporary climate of China [38, 39].
On this basis, the CSIRO MK3 5 was chosen to simulate
hydrological events in the study area under future climate
change scenarios.

The annual precipitation series over the baseline period
simulated by the CSIRO MK3 5 model fitted the observed
pattern of annual precipitation reasonably well, with both
series having negative trend (Figure 6). However, the rate
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Figure 3: Empirical and theoretical frequency of 2D Gumbel Copula function joint distribution for different combination of the POT series:
(a) RX1day-W1, (b) RX1day-W3, (c) RX3day-W1, and (d) RX3day-W3.

of decline in precipitation over time was greater for
the simulated data, and therewere years with large differences
between observed and simulated precipitation, highlighting
uncertainties in the CSIRO MK3 5 simulation that trans-
ferred unavoidable uncertainty to our results.

5.2. Trends in Simulated Future Annual Precipitation. Sim-
ulated future precipitation over the period 2016 to 2100
(Figure 7) did not have significant trend under the A1B, A2,
and B1 scenarios (the values of MK trend test statistic 𝑍 were
−0.467,−0.034, and 0.793, resp.).The results of sequentialMK
test statistic were shown in Figure 8. Under the A1B scenario,
yearly plots of𝑈𝐹

𝑘
had no significant change, and the𝑈𝐹

𝑘
and

𝑈𝐵
𝑘
curves displayed several points of intersection, but all

the change points were insignificant for this scenario. Under
the A2 scenario, 𝑈𝐹

𝑘
spots indicated a decreasing trend of

precipitation over the considered periods, especially during
the periods from 2045 to 2075, but no significant change
points were found. The precipitation trend characteristics
under the B1 scenario were similar to that under the A1B
scenario; the 𝑈𝐹

𝑘
and 𝑈𝐵

𝑘
plots intersected each other for

several times signifying no recognizable trend in the time
series.

5.3. Trends in Simulated Future Extreme Precipitation. The
AM series RX1day and RX3day (Figure 9) were selected to



Advances in Meteorology 9

0

20

40

60

80

100

120

10 20 50 100 200 500 1000

RX
1d

ay
 (m

m
/d

)

Return period (year)

AM, RX1day-W1
AM, RX1day-W3

POT, RX1day-W1
POT, RX1day-W3

0

50

100

150

200

250

10 20 50 100 200 500 1000

RX
3d

ay
 (m

m
/3

d)

Return period (year)

AM, RX3day-W1
AM, RX3day-W3

POT, RX3day-W1
POT, RX3day-W3

0.00

1.00

2.00

3.00

4.00

5.00

6.00

7.00

10 20 50 100 200 500 1000
Return period (year)

AM, RX1day-W1
AM, RX3day-W1

POT, RX1day-W1
POT, RX3day-W1

0.00
1.00
2.00
3.00
4.00
5.00
6.00
7.00
8.00
9.00

10.00

10 20 50 100 200 500 1000
Return period (year)

AM, RX1day-W3
AM, RX3day-W3

POT, RX1day-W3
POT, RX3day-W3

W
1

(×
10

9
m

3
/d

)

W
3

(×
10

9
m

3
/3

d)

Figure 4: Extreme precipitation and flood discharge estimated via 2D joint distributions under a range of return periods.

test for trend in future extreme precipitation under the three
climate change scenarios. The 𝑍 values of RX1day were 2.152,
2.167, and 1.454 for A1B, A2, and B1 scenarios, respectively,
indicating an increasing trend of RX1day series under each
scenario, and the trend was significant under A1B and A2
scenarios. The 𝑍 values of RX3day were 1.37, 1.438, and
0.452 for A1B, A2, and B1 scenarios, respectively, indicating
increasing trend but the trend was not significant.

The results of sequential MK test statistic (Figure 10)
indicated a similar pattern over time for the three climate
change scenarios.The𝑈𝐹

𝑘
curves showed an increasing trend

over the considered periods, and the 𝑈𝐵
𝑘
curves indicated

a decreasing trend. Under the A1B scenarios, the sequential
version ofMK test for RX1day series indicated a change point
in 2053 (Figure 10(a)), and the𝑈𝐹

𝑘
also displayed that RX1day

had shown an increasing trend since 2053. The 𝑈𝐹
𝑘
and

𝑈𝐵
𝑘
plots for RX3day series intersected each other several

times (Figure 10(b)), but only 2046 can be recognized as
a change point. Under the A2 scenarios, both RX1day and
RX3day series had a change point in 2072, and the extreme
precipitation showed a decreasing trend from 2016 till 2072

and afterward it had increased. Under the B1 scenarios,
the 𝑈𝐹

𝑘
and 𝑈𝐵

𝑘
plots indicated that the change points of

RX1day series were detected in 2025 and 2085, and the change
points of RX3day series occurred in 2030 and 2075. Future
precipitation had no significant trend under the three climate
change scenarios (Figure 8), but the extreme precipitation
had an increasing trend in most years (Figure 10), indicating
that the proportion of the extreme precipitation in total
precipitation increased constantly.

5.4. Change Trends of Future Extreme Flood. It was assumed
that the frequencies of extreme precipitation and extreme
flood are the same. Based on the Frank Copula function,
the joint probability of precipitation and flood was calculated
by the probability of future precipitation. This was used to
represent the probability of floods in order to calculate the
future 1-day (W1) and 3-day (W3) flood discharges via the
marginal distribution function of flood volume. The future
extreme flood discharge time series obtained for the AM
series of RX1day and RX3day under the A1B, A2, and B1
scenarios indicated that future extreme flood volumes were
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Figure 5: Extreme precipitation and flood discharge estimated via 3D joint distributions under a range of return periods.

Table 6: The design flood calculated by different methods under a range of return periods.

Method Return period (year)
10 20 50 100 1000

The dam site design flood (×109 m3/d) 2.445 2.946 3.577 4.069 5.616
2D Copula function (×109 m3/d) 2.492 2.955 3.568 4.050 5.758
3D Copula function (×109 m3/d) 2.697 3.191 3.835 4.329 6.079

Table 7: Comparison of simulated and observed annual precipitation in the study area.

Year Observed precipitation (mm) GCM simulated precipitation (mm)
CSIRO MK3 5 INMCM3 0 NCAR PCM1

1970 800 866 1892 1771
1980 972 1046 1600 1376
1990 810 592 1590 1244
2000 850 814 1727 1324
40 years 33248 34462 62736 56535
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Table 8: Future and historical predicted extreme flood discharges for a range of return periods.

Return period (year) 5 10 20 30 40 50
Historical flood (×109 m3/d)

W1 1.610 1.964 2.289 2.471 2.597 2.693
W3 3.504 4.270 4.980 5.379 5.655 5.866

Calculated by RX1day (×109 m3/d)
W1 1.367 1.754 2.149 2.388 2.561 2.698
W3 2.926 3.651 4.343 4.739 5.017 5.230

Calculated by RX3day (×109 m3/d)
W1 1.387 1.768 2.158 2.394 2.566 2.702
W3 2.989 3.692 4.368 4.756 5.030 5.240
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Figure 6: Comparison of simulated and observed annual precipita-
tion in the study area.
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Figure 7: Annual precipitation changes from 2016 to 2100 under
three climate change scenarios.

larger under the A2 scenarios than under the A1B and B1
scenarios (Figure 11).

The future extreme 1-day (W1) and 3-day (W3) flood
discharges calculated from precipitation for a range of return
periods were slightly smaller than the corresponding values
calculated from the historical data (Table 8).This was consis-
tent with the results of the previous research [40].
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Figure 8: MK test score for annual precipitation from 2016 to 2100
under three climate change scenarios.

In China, the convention is to classify floods by size
according to return period: (1) small, having a return period
less than 5 years; (2)medium, having a return period between
5 and 20 years; (3) large, having a return period longer than
20 years. The frequencies of occurrence of floods of the
three conventional size grades under the A1B, A2, and B1
scenarios (Figure 12) indicate that under the future scenarios
small floodswould occur less frequently than under historical
conditions, while the frequency of occurrence of the medium
floods and large floods under the future scenarios would be
higher than the observed frequency of occurrence. Also, the
frequency of occurrence of large floods under theA2 scenario
was higher than that under the A1B and B1 scenarios, while
the frequency of occurrence of small floods under the A2
scenario was less than that under the A1B and B1 scenarios.

6. Conclusions

In this study, theGEV,GPD, andGamma distributionmodels
and Copula functions were applied to estimate extreme
hydrological events from 1969 to 2009 in the water source
area of the middle route of South-to-North Water Diver-
sion Project in China. Based on the simulated results of
23 GCMs from the World Climate Research Programme’s
CMIP3 single-model dataset in the Intergovernmental Panel
on Climate Change Fourth Assessment Report, the future
extremehydrological events from2016 to 2100were simulated
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Figure 9: Extreme precipitation changes from 2016 to 2100 under three climate change scenarios: (a) RX1day and (b) RX3day.
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Figure 10: The MK test score of extreme precipitation from 2016 to 2100 under three climate change scenarios; (a) RX1day, (b) RX3day.

under the A1B, A2, and B1 scenarios. The main conclusions
can be summarized as follows:

(1) For the AM (annual maximum) series, the GEV
and Gamma model better simulated the extreme
precipitation and flood volume distributions than the
GPDmodel, while the GPDmodel was the best fit for
the POT (peaks over threshold) series.

(2) For the 2D (two-dimensional) joint distributions of
precipitation and flood volume, the Frank Copula
performed better in simulation of the AM series
and the correspondingGEV distribution, whereas the
Gumbel Copula was the most appropriate function to
simulate the POT series and the corresponding GPD
distribution.The estimated extreme precipitation and
flood discharges of the AM series were larger than
those of the POT series for the same return period.
Adopting the more conservative estimates of the AM
series would provide lower risk for flood planning.

(3) For the same return period, the magnitudes of the
design floods calculated by the 2D and 3D (three-
dimensional) Copula functionswere larger than those
used in the preliminary design stage of Danjiangkou
Reservoir. The joint distributions utilize more of
the available extreme information, and the higher
estimated flood magnitudes carry lower risk for
design purposes, suggesting that multivariate statis-
tical analysis has benefits over a traditional univariate
approach.

(4) The outputs of CSIRO MK3 5 global climate model
were applied to simulate the future precipitation over
the study area from2016 to 2100.The results suggested
that the future precipitation shows no significant
trend under the three climate change scenarios, but
the extreme precipitation showed a tendency that it
will decrease in the first few years and increase in the
last few years under these three scenarios, which indi-
cated that the proportion of the extreme precipitation
in total precipitation increases constantly.
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Figure 11: Extreme flood volume changes from 2016 to 2100 under three climate change scenarios. W1 calculated by (a) RX1day and (b)
RX3day and W3 calculated by (c) RX1day and (d) RX3day.
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Figure 12: The frequency of occurrence of floods within standard
size grades under three climate change scenarios and under histori-
cal conditions.

(5) The future extreme flood discharges were estimated
to be slightly smaller than the historical values for the

same return period, while the occurrence frequency
of the medium and large floods under the future
scenarios is higher than the observed occurrence
frequency. The frequency of occurrence of the large
flood under the A2 scenario is higher than that under
the A1B and B1 scenarios, while the frequency of
occurrence of the small floodunderA2 scenario is less
than that under the A1B and B1 scenarios.
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We compared the spatiotemporal variability of temperatures and precipitation with that of the magnitude and timing of maximum
daily spring flows in the geographically adjacent L’Assomption River (agricultural) andMatawin River (forested) watersheds during
the period from 1932 to 2013. With regard to spatial variability, fall, winter, and spring temperatures as well as total precipitation
are higher in the agricultural watershed than in the forested one. The magnitude of maximum daily spring flows is also higher
in the first watershed as compared with the second, owing to substantial runoff, given that the amount of snow that gives rise to
these flows is not significantly different in the two watersheds. These flows occur early in the season in the agricultural watershed
because of the relatively high temperatures.With regard to temporal variability, minimum temperatures increased over time in both
watersheds. Maximum temperatures in the fall only increased in the agricultural watershed. The amount of spring rain increased
over time in both watersheds, whereas total precipitation increased significantly in the agricultural watershed only. However, the
amount of snow decreased in the forested watershed. The magnitude of maximum daily spring flows increased over time in the
forested watershed.

1. Introduction

Previous work on the hydrological impacts of land use
changes (deforestation and agriculture) has revealed that they
can vary widely from one region to another depending on
numerous factors, such as climate, tree species and type
of vegetation, forest management approach, and the phys-
iographic features of watersheds (e.g., [1–3]). There is also
controversy around themethods used to determine the effects
of deforestation, in particular with regard to flood flows (see
[4]).

In Quebec and in other neighbouring provinces in
Canada, various studies have looked at the effects of land use
changes on flood flows and low flows (e.g., [5–8]). This work
has shown that deforestation and/or agriculture have led to an
increase inminimumflows. However, they have had virtually
no impact on flood flows, particularly spring flood flows from

snowmelt. In any event, a number of criticisms can be made
regarding these studies.

(i) The studies do not consider variability of tempera-
tures, precipitation, and flows in conjunctionwith one
another. As a result, it is not possible to determine the
effects of land use changes on the spatial variability
of climate variables (temperature and precipitation),
on the one hand, or to accurately distinguish between
the effects of land use changes and the effects of
climate variability on flows, on the other. Hence, it is
not always easy to interpret the hydrological changes
that are observed, which can sometimes be attributed
incorrectly to the effects of land use changes.

(ii) Most of these studies look solely at the effects of land
use changes on themagnitude of floods and low flows.
They do not take into account the other elements
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of flows, such as timing, duration, frequency or
variability, despite their influence on the functioning
of aquatic ecosystems [3].

(iii) These studies do not look at the impact of land use
changes on the temporal variability of climate vari-
ables or the characteristics of streamflow.They cannot
distinguish between the effects of climate variability
and those brought about by land use changes in
watersheds for which hydrological data from before
and after such changes are not available, even though
there are many such watersheds in Quebec.

In light of the above, the three goals of this study are as
follows:

(1) To compare the spatial and temporal variability of
spring peak flood flows in two watersheds that differ
in terms of the area of forest cover and the presence
of agricultural activity. Spring floods were chosen
because previous studies did not highlight the impact
of land use changes on maximum daily spring flows.
In this study, we look at the impacts on themagnitude
and timing of such flows from 1930 to 2013 along with
the temporal variability of temperatures and precip-
itation measured in the two watersheds. The other
characteristics (duration, frequency, and variability)
of these flows will not be analyzed for the simple
reason that they do not vary over time.

(2) To compare the spatial and temporal variability of
climate factors (temperature and precipitation) that
influence these two characteristics (magnitude and
timing) of maximum daily spring flows in the two
types of watersheds.

(3) To compare the relationship between these climate
factors and the two characteristics of maximum daily
spring flows in the two watersheds.

2. Data and Methodology

2.1. Choice and Description of Watersheds Analyzed. Two
watersheds were selected because of their geographic prox-
imity, the similarity of their physiographic (geographic area,
length of watercourse, drainage density, and average slope)
and climate properties, and the availability of existing tem-
perature and precipitation data measured over a relatively
long period, and their different land use distribution. The
first watershed, that of the Matawin River, is fully contained
within the Canadian Shield. It is covered entirely by forest
and no farming takes place within it. This forested area,
which also extends to the L’Assomption River watershed,
comprises essentially sugar maple-yellow birch stands [9].
For the Matawin River, the watershed upstream from the
Saint-Michel-des-Saints station covers 1390 km2 (Figure 1).
Flows have been measured continuously since 1931 and have
not been affected by the dam built further downstream
in 1930. With regard to the L’Assomption River watershed,
two-thirds of it is located within the Canadian Shield and
one-third in the Saint Lawrence Lowlands, where intensive

agriculture (mostly grains and fodder crops) is practiced. At
the Joliette station, the geographic area of the L’Assomption
River watershed is 1340 km2. Flows have beenmeasured there
on an ongoing basis since 1925. For both watersheds, flow
data as well as temperature and precipitation data were taken
from the Environment Canadawebsites [10]. However, unlike
for flow data, temperatures and precipitation were measured
fairly regularly until 2008 for both watersheds and then only
intermittently afterwards.

It is important to note that the magnitude of maximum
daily spring flows in the two watersheds, both located on
the north shore, is correlated with the Atlantic Multidecadal
Oscillation [11], whereas their timing is correlated with the
North Atlantic Oscillation [12], and, thus, the two watersheds
are affected by the same climate forcing mechanisms.

2.2. Hydroclimatic Series. The following two streamflow
series were assembled:

(i) Themagnitude ofmaximumdaily spring flows (SMF)
series, composed of the highest daily flows measured
each spring (from April to June) from 1932 to 2013.
Magnitude is expressed in L/s/km2 to allow the
comparison of magnitude values between the two
watersheds, which are dissimilar (albeit very slightly)
in size.

(ii) The maximum daily spring flow timing series (STF),
comprising the dates on which these flows were
measured. Dates are expressed in Julian days.

With regard to climate variables, the following nine series
have been assembled:

(i) Three series of mean daily maximum temperatures
measured in fall (TMAXf, October to December),
winter (TMAXw, January to March), and spring
(TMAXs, April to June). Mean values were calculated
at the seasonal scale.

(ii) Three series representing mean daily minimum tem-
peraturesmeasured in fall (Tminf,October toDecem-
ber), winter (Tminw, January to March), and spring
(Tmins, April to June). Mean values were calculated
at the seasonal scale.

We analyzed temperatures for the different seasons because
of their influence on the amount of precipitation (snow
and/or rain) that in turn affects SMF magnitude and timing.
In the fall, temperatures influence the amount of snow. In
winter, they affect the amounts of both snow and rain.
Finally, in the spring, they affect the amount of snow and the
timing of snowmelt. Summer temperatures have no impact
on the amount of snow or rain that affects the two SMF
characteristics and, for this reason, were not included in this
study.

(i) A series representing total snowfall (TSF) fromOcto-
ber to May of each year, the time of the year when
snowfall and snowmelt occur. However, snowmelt,
which produces spring floods, occurs mainly in the
spring (April and May).
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Figure 1: Location of two watersheds. 1: Saint-Michel-Des-Saints hydroclimatic station located in Matawin River (forested basin); 2: Joliette
hydroclimatic station located in L’Assomption River (agricultural basin).

(ii) A series representing total precipitation (rain and
snow) (TP) from October to May of each year.

(iii) Lastly, a series of the total amount of spring rain (STR)
measured each year from April to May.

These nine climate variables were selected because they
have a direct or indirect impact on spring snowmelt from
which spring flood flows arise.

2.3. Statistical Analysis of Hydroclimatic Series. Statistical
analysis was performed in three steps.

(i) For the first step, we compared the mean values of
hydroclimate variable series measured in the two
watersheds using Student’s 𝑡-test and the paired 𝑡-
test. The purpose of this step was to compare the
spatial variability of hydroclimate variables in order
to constrain the effect of differing land uses in the two
watersheds.The same results were obtained fromboth
tests.

(ii) For the second step, we looked at the stationarity
(changes in arithmetic means) of hydroclimate vari-
ables series using the Lombard method [13]. This
method can be used to determine the nature and
timing of changes (breaks) in mean and variance of
a statistical series. The use of this method is justified
by its general nature, which makes it possible to
detect abrupt or gradual changes, unlike other meth-
ods commonly mentioned in the scientific literature
(e.g., Pettitt’s test). This general nature makes the
Lombard method more sensitive than other methods

at detecting small breaks in mean or variance. In
addition, missing data in a series do not affect the
ability to determine the timing of changes in themean
or variance. It is therefore a powerful method [13].
Its mathematical development is presented in detail
by [14]. This method was applied after removal of
any autocorrelation present in the analyzed series.
A change in the mean or variance of a statistical
series is considered significant when the Sn value
of the Lombard statistic is higher than the critical
theoretical value (Sn = 0.0403) at the 5% level.The use
of thismethodmakes it possible to constrain the effect
of differing land uses in the two watersheds on the
stationarity (change in mean values) of hydroclimate
series.

(iii) For the final step, we correlated the two series of the
characteristics (magnitude and timing) of maximum
daily spring flows with the nine climate variables
series. This correlation was calculated on standard-
ized series in order to eliminate the influence of
extreme values on correlation coefficient values. This
analysis aims to constrain the effect of differing
land uses in the two watersheds on the relationship
between the climate variables and the two character-
istics of maximum daily spring flows.

3. Results

3.1. Comparison of Hydroclimatic Variables in the Two Water-
sheds to Analyze Their Spatial Variability. Mean values of
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Table 1: Comparison ofmean values of hydroclimate variables in the
L’Assomption River and Matawin River watersheds using Student’s
𝑡-test.

Variables L’Assomption
River watershed

Matawin River
watershed 𝑝 values

𝑇Maxf (∘C) 4.6 (1.50) 2.6 (1.46) 0.000
𝑇Maxw (∘C) −3.1 (1.40) −4.2 (1.50) 0.000
𝑇Maxs (∘C) 17.8 (1.25) 15.6 (1.22) 0.000
𝑇minf (∘C) −4 (1.85) −7 (1.74) 0.000
𝑇minw (∘C) −13.4 (2.09) −17.9 (2.44) 0.000
𝑇mins (∘C) 6.4 (0.94) 2.5 (1.01) 0.000
TSF (cm) 213 (76.1) 231 (58.3) 0.131
STR (mm) 225 (75.4) 213 (52.4) 0.524
TP (mm) 665 (139.5) 601 (85.8) 0.002
SMF (L/s/km2) 133.6 (44.4) 102.7 (31.51) 0.000
STF (Julian/Days) 114 (10.8) 119 (11.7) 0.001
𝑝 values < 0.05 are statistically significant at the 5% level.

temperature, precipitation, and flow (magnitude and timing)
measured in the two watersheds are recorded in Table 1.
With regard to temperature, mean maximum and minimum
temperatures during the three seasons are higher in the
agricultural watershed (L’Assomption) than in the forested
one (Matawin). The difference in minimum temperatures
is higher than that in maximum temperatures. With regard
to precipitation, the total amount of precipitation (rain and
snow) is higher in the agricultural watershed than in the
forested one. However, the amounts of snow and spring rains
do not differ significantly between the two watersheds. With
regard to the characteristics of maximum daily spring flows,
magnitude is higher in the agricultural watershed than in the
forested one. Moreover, this magnitude arises early in the
season.

3.2. Comparison of Temporal Variability of Hydroclimate
Variables in the Two Watersheds. Results of the analysis of
the temporal variability of the hydroclimate variables are
presented in Table 2. Maximum and minimum tempera-
tures increased significantly in the fall in the agricultural
watershed. Figure 2 shows the temporal variability of mean
daily minimum temperature. This increase occurred after
1946 for maximum temperatures and after 1948 for mini-
mum temperatures. In both watersheds, minimum spring
temperatures increased significantly in the second half of
the 1970s. A similar increase (after 1953) was also observed
in winter in the forested watershed alone. The amount of
snow decreased significantly in the forested watershed. This
decrease occurred after 1976. However, the amount of rain
in the spring increased significantly in both watersheds
(Figure 3). This increase occurred during the same period,
that is, after 1980, in the two watersheds. Lastly, the total
amount of precipitation increased significantly in the agricul-
tural watershed after 1992.With regard to flows, means values
of the two characteristics (magnitude and timing) changed
significantly in the forested watershed (Figures 4 and 5). This
change resulted in an increase in the magnitude of maximum
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Figure 2: Comparison of the temporal variability of mean mini-
mum daily spring temperatures at the Joliette (agricultural water-
shed, blue curve) and Saint-Michel-des-Saints (forested watershed,
red curve) stations. The vertical bar indicates the year in which the
significant change in the mean took place.
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Figure 3: Comparison of temporal variability in the amount of
spring rain at the Joliette (agricultural watershed, blue curve) and
Saint-Michel-des-Saints (forested watershed, red curve) stations.
The vertical bar indicates the year in which the significant change
in the mean took place. Zero values actually reflect years for which
data are missing.

daily spring flows after 1970, and their earlier occurrence
after 1987. In contrast, no such changes in the stationarity
of these two characteristics are observed in the agricultural
watershed.

3.3. Relationship betweenClimateVariables and theCharacter-
istics of Maximum Daily Spring Flows. Values of coefficients
of correlation between hydroclimate variables of the two
watersheds are presented in Table 3.With the exception of fall
temperatures, there is a fairly strong correlation among the
other variables. However, the lowest correlation is between
the amounts of snow measured in the two watersheds and
the strongest is for the magnitude of maximum daily spring
flows.With regard to the link between the two characteristics
(magnitude and timing) of streamflow and climate variables
(temperature and precipitation), the magnitude of maximum
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Table 2: Hydroclimate variables; results of the Lombard method analysis.

Variables L’Assomption River watershed Matawin River watershed
Sn T1 T2 Sn T1 T2

𝑇Maxf (∘C) 0.0434 1945 1946 0.0050 — —
𝑇Maxw (∘C) 0.0385 — — 0.0093 — —
𝑇Maxs (∘C) 0.0229 — — 0.0121 — —
𝑇minf (∘C) 0.0764 1945 1948 0.0050 — —
𝑇minw (∘C) 0.0385 — — 0.0934 1952 1953
𝑇mins (∘C) 0.0648 1978 1979 0.0675 1975 1976
TSF (mm) 0.0147 — — 0.1182 1974 1976
STR (mm) 0.0550 1977 1980 0.0459 1979 1980
TP (mm) 0.0841 1991 1992 0.0016 — —
SMF (L/s/km2) 0.0195 — — 0.0553 1967 1970
STF (L/s/km2) 0.0199 — — 0.0694 1986 1987
Lombard test Sn values > 0.0403 are statistically significant at the 5% level. T1 and T2 are the years of start and end, respectively, of significant changes in mean
and variance values of a given series. f: fall; w: winter; s: spring.
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Figure 4: Comparison of temporal variability of the magnitude
(specific discharge) of maximum daily spring flows at the Joliette
(agricultural watershed, blue curve) and Saint-Michel-des-Saints
(forested watershed, red curve) stations. The vertical bar indicates
the year in which the significant change in the mean took place.
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Figure 5: Comparison of temporal variability of the timing of
maximum daily spring flows at the Joliette (agricultural watershed,
blue curve) and Saint-Michel-des-Saints (forested watershed, red
curve) stations. The vertical bar indicates the year in which the
significant change in the mean took place.

Table 3: Correlation coefficients calculated between hydroclimate
variables measured in the two watersheds.

Variables Coefficients of correlation
𝑇Maxf (∘C) −0.0507
𝑇Maxw (∘C) 0.7324
𝑇Maxs (∘C) 0.7782
𝑇minf (∘C) 0.0690
𝑇minw (∘C) 0.6836
𝑇mins (∘C) 0.7635
TSF (mm) 0.2867
STR (mm) 0.6826
TP (mm) 0.3312
SMF (L/s/km2) 0.7560
STF (L/s/km2) 0.5919
Statistically significant coefficient of correlation values at the 5% level are
shown in bold.

daily spring flows is positively correlated with precipitation in
both watersheds (Table 4). Timing, for its part, is correlated
negatively with winter and spring (maximum andminimum)
temperatures in both watersheds. In contrast to precipitation,
the correlation between timing and temperature is higher
in the agricultural watershed than in the forested one.
Table 4 reveals that the two characteristics of streamflow are
correlated to the same climate variables. Thus, the difference
in land use has no effect on the link between climate variables
and the two characteristics of maximum daily spring flows.

4. Discussion

Comparison of the spatiotemporal variability of hydroclimate
variables for a wholly forested watershed (Matawin River)
and an agricultural watershed (L’Assomption River) revealed
a number of significant facts. With regard to temperature,
mean values of maximum and minimum daily temperatures
are systematically higher in the agricultural watershed than
in the forested watershed in fall, winter, and spring. The
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Table 4: Correlation coefficients calculated between climate variables and characteristics (magnitude and timing) of maximum spring flows
(1932–2008).

Climate variables L’Assomption River watershed Matawin River watershed
Magnitude Timing Magnitude Timing

𝑇Maxf −0.1603 0.1225 −0.1119 0.0077
𝑇Maxw 0.0702 −0.3564 0.0038 −0.2805
𝑇Maxs −0.0335 −0.5143 −0.0418 −0.4481
𝑇minf −0.1808 0.0581 −0.0993 0.0234
𝑇minw 0.0195 −0.3387 −0.0212 −0.2436
𝑇mins 0.0884 −0.4575 0.0921 −0.5050
TSF 0.2439 0.1913 0.4150 0.1859
STR 0.2368 −0.0404 0.3019 0.0038
TP 0.3002 −0.0021 0.5008 −0.0103
Statistically significant coefficient of correlation values at the 5% level are shown in bold.

difference between the two watersheds is greater for min-
imum temperatures than for maximum temperatures. This
temperature difference may be partly explained by the “shad-
ing” effect of forest cover, which reduces the amount of solar
energy that reaches the ground surface. In addition, a portion
of the solar energy is used by trees for evapotranspiration.
With regard to precipitation, the twowatersheds differmainly
in the total amount of precipitation, which is higher in the
agricultural watershed than in the forested watershed. Given
that the amount of snow and the amount of spring rainfall
are not significantly different in the two watersheds, this
increase in total precipitation in the agricultural watershed is
apparently due to the increase in total rainfall during the fall
given, since the amount of rain in winter is not significantly
different in the two watersheds either. This means that the
difference in land use does not affect the spatial variability
of the amounts of snow and rain in winter and spring. It is in
the fall that climate differences between the two watersheds
are evident. This explains the lack of correlation observed
between climate variables measured in the two watersheds.

With regard to the characteristics of flows, the magnitude
of maximum daily flows was found to be higher in the
agricultural watershed than in the forested watershed, despite
a significant increase in magnitude over time (Table 2) in
the latter watershed. All of the previous work carried out in
Quebec has shown that land use has very little impact on
flood flows in general, and on spring flood flows in particular
[6, 7]. A number of different factors may account for the
magnitude of maximum daily spring flows being higher in
the agricultural watershed than in the forested watershed.

(1) In the agricultural watershed, the total amount of
precipitation measured from October to April is
higher than in the forested watershed. This could
cause spring flood flows to be higher in the first
watershed than in the second. However, spring flood
flows are generated mainly by snowmelt, sometimes
in conjunction with spring rains. It has been estab-
lished that there is no significant difference between
the amounts of snow and rain in the two watersheds,
with the exception of fall rain, which has no bearing
whatsoever on spring floods.

(2) Drainage density and the relatively high slope of the
agricultural watershed could account for higher peak
flows in the spring. However, these two factors do not
come into play, as they are very similar in the two
watersheds. In addition, in the agricultural watershed,
slopes, and drainage density are much lower in the
area in which agricultural land is concentrated.

(3) Because of the decrease in forest cover (decrease in
interception of precipitation) and because of farming
activities, runoff is becoming more important in the
agricultural watershed than in the forested watershed.
Despite low slopes, the decrease in the infiltration
capacity of the soil as a result of mechanized agri-
culture appears to result in much more substantial
runoff, which in turn would account for higher
peak floods. This phenomenon has been extensively
documented in many parts of the world [3].

(4) A significant decrease in total snowfall over time
was observed in the forested watershed. However,
as this decrease is incompatible with the increase in
the magnitude of maximum daily spring flows, it is
excluded as a possible explanation for the difference
in magnitude between the two watersheds.

With regard to the timing of maximum daily spring
flows, they occur earlier in the season in the agricultural
watershed than in the forested watershed, despite the change
over time in their mean values in the latter watershed. This
relatively early onset could be explained by higher maximum
and minimum spring temperatures in the first watershed as
compared with the second.

Analysis of the temporal variability of temperatures using
the Lombard method revealed that mean daily maximum
temperatures in the agricultural watershed increased sig-
nificantly over time in the fall. This increase, which did
not occur in the forested watershed, took place during
the second half of the 1940s. However, there is no reason
to link this increase with the decrease in forest cover or
the development of intensive agriculture that began after
this decade. With regard to minimum temperatures, they
increased significantly over time in spring in bothwatersheds,
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in fall in the agricultural watershed and in winter in the
forested watershed. This increase cannot be linked to the
difference in land use. Rather, it reflects the changes that
affect the temporal variability of temperatures throughout
Quebec. Similar increases have been observed in numerous
watersheds in Quebec. Minimum temperatures are more
strongly affected than maximum temperatures [15, 16]. With
regard to precipitation, the amount of spring rain increased
significantly over time in the two watersheds after 1980,
while the amount of precipitation did not increase in the
agricultural watershed until after 1992. However, the amount
of snowdecreased significantly in the forestedwatershed after
1976. Such changes in precipitation have also been observed
in other watersheds in Quebec. They therefore cannot be
linked to land use changes. With regard to the amount of
snow in particular, [17] has observed a significant decrease in
snowpack since the 1980s in Quebec. According to [16], this
decrease has had a particularly notable impact on the north
shore of the St. Lawrence River (where the twowatersheds are
located), which is characterized by a continental-type climate.

The magnitude of maximum daily spring flows increased
significantly over time in the forested watershed only after
1970. This increase could be linked to the increase in the
amount of spring rain, since the amount of snow decreased
significantly over time in the watershed. However, the
changes in mean values of these variables are not syn-
chronous. Thus, the increase in flow magnitude occurred
approximately 10 years before the increase in the amount
of spring rain. It seems that flows are much more sensitive
to gradual changes in the amount of rain. The absence of
change in magnitude of maximum daily spring flows in the
agricultural watershed could partly be explained by a fairly
high evaporation owing to relatively high temperatures that
could mitigate the effects of the increase in spring rains.
With regard to the timing of maximum daily spring flows,
its temporal variability is reflected in their earlier timing
in the forested watershed, likely because of the increase
in minimum temperature in winter and spring. However,
despite an increase in minimum temperature in spring, no
change in the timing of these flows was observed in the
agricultural watershed.

Analysis of the correlation between hydroclimate vari-
ables for the two watersheds revealed a strong link between
these variables, with the exception of fall temperatures,
which appear to be influenced by site-specific conditions.The
correlation for total snowfall is very weak, albeit significant.
The weakness of this correlation shows that the amount of
snow is partly influenced by site conditions, particularly in
the fall. Analysis of the relationship between climate variables
and the two characteristics of streamflow in the two water-
sheds revealed that magnitude is positively correlated with
precipitation (snow and rain).This correlation is higher in the
forested watershed than in the agricultural watershed, prob-
ably because of the influence of relatively high temperatures,
which promotes evapotranspiration and therefore affects the
connection between precipitation and flow. With regard to
the timing of maximum daily spring flows, it is negatively
correlated with maximum and minimum winter and spring
temperatures in both watersheds. When temperatures are

high, snowmelt giving rise to spring floods occurs early in the
season. This correlation is higher in agricultural watershed
than in the forested one due to the fact that temperatures are
higher in the former than in the latter.

5. Conclusion

This study brought out the respective effects of land use on
the spatiotemporal variability of temperature, precipitation,
and streamflow characteristics in Quebec. As far as spatial
variability is concerned, the difference in land use results in
higher maximum and minimum seasonal temperatures and
maximum daily spring flow magnitude in the agricultural
watershed than in the forested watershed. As for the timing
of maximum daily spring flows, they occur earlier in the
agricultural watershed than in the forested watershed. With
regard to the temporal variability of these hydroclimate
variables, breaks in mean values that affect some of these
variables occurred essentially at the same time as those
observed in other watersheds in Quebec. Therefore, they
cannot be linked to the difference in land use between the
two watersheds. Finally, the difference in land use between
the two watersheds has no effect on the link between
climate variables (temperature and precipitation) and the two
characteristics (magnitude and timing) of maximum daily
spring flows. In both watersheds, flowmagnitude is positively
correlated with winter and spring temperatures, while timing
is negatively correlated with these variables.
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Predicting surface runoff from catchment to large region is a fundamental and challenging task in hydrology. This paper presents
a comprehensive review for various studies conducted for improving runoff predictions from catchment to large region in the
last several decades. This review summarizes the well-established methods and discusses some promising approaches from the
following four research fields: (1) modeling catchment, regional and global runoff using lumped conceptual rainfall-runoffmodels,
distributed hydrological models, and land surface models, (2) parameterizing hydrological models in ungauged catchments, (3)
improving hydrological model structure, and (4) using new remote sensing precipitation data.

1. Introduction

Runoff from land surface is the flow of water that comes
from excess water from rain, meltwater, or other sources that
flow over the Earth’s surface. It is a major component in
regional and global hydrological cycle. It has direct impacts
on human lives since it is a key water resource for agriculture,
industry, urban water use, and so forth. It is crucial to under-
stand complex relationships between rainfall and runoff
processes and then to accurately estimate surface runoff for
efficient design, planning, and management of catchments.
This can be achieved using hydrological modeling that not
only estimates continuous surface runoff, but also helps in
understanding catchment behaviors and modeling impacts
of climate and land use changes on surface water balance
[1, 2].

Model calibration is a necessary step for achieving good
simulations and predictions of surface runoff. Hydrological
models are usually calibrated against observed streamflow
to tune their model parameters to account for the inputs
and water fluxes in a catchment [3, 4]. With the develop-
ment of remote sensing technology, more information is
now available for hydrological modeling, for example, using

remote sensing precipitation and leaf area index as model
inputs [5, 6], and incorporating more data (such as remote
sensing soil moisture, evapotranspiration, groundwater, and
snow cover area) for multiple objective model calibration
[4, 7–9].

Local hydrological models have been largely used to
predict runoff time series using a small number of catchments
that covers a small region where climate conditions are
similar [10, 11]. Recently, they were used to predict surface
runoff in ungauged catchments in a large region, such as in
southeastern Australia [12], the Tibetan Plateau [13], UK [14],
and France [15].This is important since lots of rivers and their
reaches and tributaries in the world are ungauged or poorly
gauged [14, 16, 17].

It is a hard task to have a credible prediction of surface
runoff in ungauged catchments or regions where no runoff
data are available or runoff data are available sparsely. Hydrol-
ogists have been attempting to develop strategies to estimate
runoff on ungauged catchments since the 1970s, especially
after the International Association of Hydrological Sciences
(IAHS) launched an initiative Predictions in Ungauged
Basins (PUB) in 2003, which aims at predicting or forecasting
the hydrological responses in ungauged or poorly gauged
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basins and their associated uncertainty [17]. Since then,many
approaches have beendeveloped for estimating surface runoff
in ungauged basins [18], such as regionalization [15, 19, 20],
and regional calibration against observations from multiple
catchments [21, 22].

Predicting surface runoff using catchment, regional and
global runoff models has achieved numerous outcomes,
but there are still lots of issues that lead to unsatisfactory
performances.This paper presents a comprehensive review of
predicting surface runoff from catchments to large regions,
which is a fundamental and challenging task in hydrology.
This includes review and discussions in (1) hydrologicalmod-
els, (2) parameterization, (3) improvement of hydrological
model structure, and (4) use of new forcing data.

2. Catchment, Regional and Global
Runoff Models

There exist various models to simulate surface runoff in an
empirical, semimechanistic or fully mechanistic way. Gener-
ally, surface runoff models are classified from deterministic
to stochastic models, from physically based (white-box) to
black-box or empirical and to conceptual models, from
lumped to distributed models, and from global hydrological
to land surface models (LSMs) [39, 73–75]. This paper sepa-
rates the hydrological models into three categories according
to complexity and application, including (1) lumped concep-
tual rainfall-runoff (RR) models, (2) distributed hydrological
models, and (3) global hydrological/LSMs [73, 76]. The
first two categories of the hydrological models are normally
applied from catchments to regions and the third category
of the hydrological models is generally applied from a large
region to the global land surface. Table 1 summarizes the
three categories of major hydrological models for runoff
estimations/predictions across a wide range of climate and
physiographic conditions.

2.1. Lumped Conceptual Rainfall-Runoff Models. Lumped
conceptual RR models treat a catchment as a single homo-
geneous unit, and they are widely used since such models
tend to be parametrically parsimonious while yielding good
model performance after calibration using historical water-
shed input-output data [77].

Numerous RR models have been developed and docu-
mented [78, 79]. Crawford and Linsley’s Stanford Watershed
Model was one of the notably successful efforts in introduc-
ing a complex RR model accounting for the dynamics of
hydrologic processes governing in a watershed [32]. Other
examples of conceptual RRmodels include Xinanjiangmodel
developed in China in the 1980s [34] and Sacramento Soil
Moisture Accounting Model (SAC-SMA) [30], widely used
operational model in the US National Weather Service
(NWS) for flood forecasting.

RR models have been used very successfully to estimate
runoff at small and large catchments under different cli-
mate regimes. Usually, RR models use rainfall and other
climate data (e.g., temperature and/or potential evaporation)
to estimate runoff. Although the main emphasis of RR

Table 1: Major catchment, regional and global runoff models.

Model type Model Country Reference

Lumped model

AWBM Australia [23]
GR4J Australia [24]
HBV Sweden [25]
HEC USA [26]
HSPF USA [27]

HYDROLOG Australia [28]
IHACRES Australia [29]
Sacramento USA [30]
SIMHYD Australia [31]
SWM USA [32]
Tank Japan [33]

Xinanjiang China [34]
SRM Nordic [35]

Physical model

CEQUEAU Canada [36]
HYDROTEL USA [37]

IHDM USA [38]
MIKE-SHE Denmark [39]

SHE Denmark [40]
SLURP UK [41]
SWAT USA [42]
SWMM USA [43]

TOPMODEL UK [44]
WATELOOD Canada [45]

Global
hydrological/land
surface model

BUCKET Japan [46]
CABLE Australia [47]
BATS USA [48]
CLM USA [49]

CLMTOP USA [50]
COLASSiB USA [51]
GWAVA USA [52]
H08 USA [53]

HTESSEL USA [54]
HYSSiB USA [55]
ISBA France [56]
JULES UK [57]
LaD USA [58]

LPJmL USA [59]
MacPDM USA [60]
MATSIRO USA [61]
Mosaic USA [62]
MOSES2 UK [57]
MPI-HM USA [63]
Noah USA [64]
NSIPP USA [65]

Orchidee USA [66]
SiBUC Japan [67]
SWAP Russia [68]
SiB USA [69]
VIC USA [70]
VISA USA [71]

WaterGAP USA [72]

models is to estimate runoff, they are normally designed
to simulate actual evapotranspiration to account for soil
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water balance. However, they have no direct interest in
quantifying surface energy fluxes [76]. The parameters in
the RR models are usually optimized such that the runoff
simulated matches as closely as possible the recorded runoff.
A variety of model calibration techniques (including manual
calibration and automatic calibration techniques) have been
developed and implemented to ensure conformity between
the model simulations of system behavior and observations
[3, 80].

Compared to the distributed hydrological models, the
RR models are simpler and need less input data, and the
calibration cost is cheap, so they are quite easy to be
used and are important tools for hydrologic analysis. More
importantly, the RRmodels are comparable to the distributed
hydrological models, in terms of model accuracy for pre-
dicting daily, monthly, and annual runoff time series. For
instance, Vansteenkiste et al. [81] compared three RR models
(NAM, PDM, and VHM) to two distributed models (WetSpa
andMIKE-SHE) in a medium sized catchment in Belgium to
assess the model accuracy. They found that all tested models
perform well for estimating total runoff and their compo-
nents, peak and low flow extremes. However, calibrating
the RR models is much less time consuming and produced
higher overall model performance in comparison to the two
distributed models. Reed et al. [82] compared 12 distributed
models with a lumped model, and the results show that the
lumped model outperformed distributed models in more
cases, while some calibrated distributed models can perform
at a level comparable to or better than a calibrated lumped
model. The limit of the RR models is that they cannot
simulate the spatial pattern change in land cover and land use
influencing surface water availability.

The RR models are normally applied at catchment scales.
Hydrologic prediction of the RR models is highly influenced
by the uncertainties in the forcing data (generally taken
as deterministic), observed system response (due to errors
in measuring the physical quantities), imperfection of the
model structure, and the parameter values resulting from the
model calibrationwhich is profoundly affected by uncertainty
sources [3].

In summary, the RR models are still very important
tools in hydrological modeling, particularly for predicting
runoff in ungauged catchments because of their simplicity
and usability.

2.2. Distributed Hydrological Models. Distributed hydrolog-
ical models make a series of hydrological processes inter-
connected, such as runoff generation, recharge to ground-
water, snow accumulation and melt, soil moisture dynamics,
evapotranspiration, and routing in lakes and rivers [10]. In
addition, distributed hydrological models take account of
the spatial variability of climate, terrain, soil, and vegetation.
These elements are divided in smaller units that are more
homogenous than the whole watershed. Therefore, this fea-
ture offers the potential to improve hydrologic predictions
[83].The distributed hydrological model can be directly used
for estimating land use and land cover change impact on
surface runoff and water availability [1, 2].This is particularly

important for catchments with a wide range of climatic and
land surface conditions.

The distributed hydrological models have been well
developed since the 1970s because of the robust development
of 3S (RS/GPS/GIS) technology. A representative semidis-
tributed hydrological model is the topography-based hydro-
logical model named as TOPMODEL that was developed in
1979. It describes runoff generation process including both
saturation excess and infiltration excess runoff according
to topographic index derived from digital elevation model
(DEM) [44]. The spatial variability of precipitation, however,
is not considered by TOPMODEL. After TOPMODEL, dis-
tributed hydrological models such as SHE (System Hydro-
logic European) [40] and SWAT (Soil and Water Assessment
Tool) [42] are fully distributed and contain more complex
hydrological processes.

Although the distributed hydrological models have more
solid physical base compared to the lumped models, several
model comparison studies [74, 75, 82, 84, 85] have shown
that no single model performs consistently best but rather
that individual model performances vary with the setting.
So selecting models depends on objectives, application, and
availability of data.

Despite their complexity, the distributed hydrological
models are very useful for investigating changes in hydro-
logical processes caused by anthropogenic activities, such as
forestation, deforestation, and urbanization.

2.3. Global Hydrological and Land Surface Models. The
hydrological models presented in Sections 2.1 and 2.2 are
normally applied to a catchment to regional scale. At a
larger scale from a large region to globe, global hydrological
and LSMs (Table 1) are developed for simulating/predicting
surface runoff. It is noted that global hydrological models
are traditionally focused on water resources and lateral water
fluxes while LSMs can be coupled to global climate models,
to describe the vertical exchange of heat, water, carbon, or
other elements. Based on the spatial application, this review
paper does not separate the two kinds of models, naming
them “global LSMs” on a whole.

Compared to the lumpedRR anddistributed hydrological
models, the global LSMs are far more complicated since they
can simulate not only hydrological processes, but also various
material and energy transfer processes on land surface [86].
These processes include precipitation interception, snow
accumulation and melt, runoff generation, water transfer
amongst soil layers, shortwave radiation’s reflection and
transmission, longwave radiation’s absorption and emission,
separation of sensible heat and latent heat, plant growth and
respiration, photosynthesis and gross primary production,
microbe activities, and nutrient cycle.

The first-generation LSMs such as Bucket model [87]
do not consider vegetation and include only one soil layer.
The second-generation LSMs such as BATS [48] and SiB
[69] contain “big-leaf” vegetation and 2-3 soil layers. The
third-generation LSMs such as CLM [49] contain “two-
leaf” vegetation and multilayer soil layer for hydrological
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processes. Some widely used land surface models are listed
in Table 1.

Surface runoff process is considered quite differently
between distributed hydrological models and global land
surface models. Surface runoff is a key output in lumped
RR and distributed hydrological models, while it is taken as
residue of water balance equation in global LSMs. Because
of the accumulated errors built in land surface models, they
perform generally more poorly than distributed hydrological
models [88–90]. Gosling et al. [91] compared the projected
impacts of climate change on river runoff from two types of
distributed hydrological models, a global hydrological model
(GHM) and catchment-scale hydrological models (CHMs).
Results show that there are differences between GHMs and
CHMs in mean annual runoff due to differences in potential
evapotranspiration estimation methods, and the differences
in projected changes of mean annual runoff between the
two types of hydrological model can be substantial for a
given GCM. Haddeland et al. [74] compared six land surface
models and five global hydrological models and results
show that significant simulation differences between models
are found to be caused by the snow scheme employed,
and differences between models are a major source of
uncertainty.

Themain strength of global hydrological and land surface
models is that they can be used for answering the regional and
global questions for water availability and changes in global
hydrological cycles [74].

3. Parameterization of Hydrological Models in
Ungauged Catchments

3.1. Regionalization. There are no observations or lack of
observations in ungauged catchments. Therefore to predict
surface runoff in the ungauged catchments depends on
alternative prediction methods [17]. Regionalization is a
commonly used method for runoff predictions [15, 92],
in which model parameters calibrated from gauged catch-
ments are transferred to ungauged catchments using various
approaches. It is a challenge to get satisfactory regionalization
results [15, 17, 93, 94] because of limit of dataset, a wide
range of catchment attributes, poor quality of model inputs,
unsatisfactory model calibrations, and so on [15, 17].

The regionalization is mainly conducted with hydro-
logical models, although it can be achieved using model-
independent methods (e.g., Artificial Neural Network) [20,
95]. The popular regionalization approaches that extrapo-
late hydrologic model parameters to estimate streamflow
at ungauged catchments can be grouped into (a) arith-
metic mean method (AM) [15, 19]; (b) spatial proximity
approach (SP) (spatial distance) [96, 97]; (c) physical similar-
ity approach (PS) [93, 98, 99]; (d) regression method (Reg)
[14]; and (e) hydrological similarity approach (HS) [100].

All these regionalization methods have been applied in
many catchments, and many attempts have been made to
determine which regionalization approach was the most
appropriate (Table 2). Merz and Blöschl [19] tried to region-
alize an 11-parameter semidistributed conceptual RR model

based on more than 300 Austrian catchments. It shows that
spatial proximity performs best, and using nested catchments
as donors may significantly improve performance of spatial
proximity. Young [14] tried to regionalize a six-parameter
version of the PDM model on 260 UK catchments and
found that regression approach yielded the best results,
compared to other approaches. Oudin et al. [15] compared
three regionalization schemes (SP, PS, and Reg) based on 913
French catchments using two lumped models and found that
spatial proximity provides the best regionalization solution.
Li et al. [101] proposed a new regionalization method (the
indexmodel), which establishes a nonparametric relationship
between each parameter of predictive tools and a linear
combination of predicators. The prediction results of 227
catchments in southeast Australia show that the index model
produces the most accurate prediction compared to regional
models based on the linear regression, nearest neighbor, and
hydrological similarity. Shu and Ouarda [102] introduced a
regression-based logarithmic interpolation method to esti-
mate regional FDCs at ungauged sites, and the estimated
FDC is combined with a spatial interpolation algorithm
to obtain daily streamflow estimates. McIntyre et al. [103]
and Oudin et al. [15] showed that output averaging (the
target catchment is modeled using parameter values from
many donor catchments) can reduce uncertainty in runoff
predictions in ungauged catchments. Similarly, Reichl et al.
[98] showed that flow prediction using an optimized model
averaging method (based on physical similarities) is superior
to regression and spatial proximity approaches.

In summary, the studies carried out in most countries,
such as Austria, France, and Australia, found that SP is better
than PS andReg is the least satisfactory.This is also confirmed
in the highest plateau, the Tibetan Plateau [105]. Only in
UK did the studies find that Reg performs better than SP or
PS.

There are various reasons explaining the different model
performance between the abovementioned studies, including
using different catchment sets, different catchment descrip-
tors, and different hydrological models [14, 15]. This suggests
that each regionalization approach does not always perform
consistently. Razavi and Coulibaly [20] found that the perfor-
mance of regionalization approaches is climate related, and
overall spatial proximity and physical similarity have shown
satisfactory performance in arid to warm temperate climates
(e.g., Australia) and regression-based methods have been
preferred in warm temperate regions (e.g., most European
countries). To fully understand the performance of the
various regionalization approaches, it is critical to have global
comparison studies. However, such studies have not been
reported yet.

3.2. Multiple Objective Model Calibration. It was recognized
early [80, 107] that models calibrated only to observed
hydrographs can be considered overparameterized if they
consist of more than five parameters [29], because the
predictive capability of hydrological models would be limited
by high model complexity relative to the typically low
number of model constraints used to calibrate the models
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Table 2: Summary of regionalization approaches conducted using large datasets.

Method Comparing Model Region/country References
AM
Reg

Average of nested neighbors is better than Reg (global
or regional) HBV 308 catchments in Austria [19]

PS
Reg Output averaging based on PS is better than Reg PDM 127 catchments in UK [103]

AM
SP
PS
Reg

SP (Kriging) and PS perform best; all regionalization
methods perform similarly in simulating snow cover HBV 320 catchments in Austria [96]

PS
Reg

For PDM, PS performs slightly better than the Reg,
whereas for TATE Reg performs best

PDM
TATE 119 catchments in the UK [104]

Reg
PS

The regression-based approach is better than the
nearest neighbor based approach PDM 260 catchments in UK [14]

SP
PS
Reg

SP is the best, Reg is the least satisfactory, and PS is
intermediary

GR4J,
TOPMO 913 catchments in France [15]

SP
PS SP is better than PS Xinanjiang 210 catchments in southeast

Australia [97]

SP
PS
Reg

An optimized averaging method (based on PS) is
superior to Reg and SP approaches SIMHYD 184 catchments in Australia [98]

SP
PS

SP performs slightly better than PS and the integrated
similarity approach performs only very marginally
better than SP

Xinanjiang
SIMHYD

210 catchments in southeast
Australia [12]

SP
PS
Reg
HS

The index model that establishes relationships between
hydrological signatures and catchment attributes is the
best, followed by Reg, HS, and SP

Three-
parameter

FDC

227 catchments in southeast
Australia [101]

HS
HS based on FDC produces better runoff simulation
compared to the others (drainage area and spatial
proximity)

HBV Karkheh river basin, western part
of Iran [100]

SP
PS
Reg

An approach coupling the SP (IDW) and the PS is
better than SP, PS, and Reg MAC-HBV The main watersheds across the

province of Ontario [93]

SP
PS SP is better than PS SIMHYD and

GR4J
8 catchments in the southeastern

Tibetan Plateau [105]

SP
Reg

An index model that establishes relationships between
hydrological signatures and catchment attributes is
better than SP for getting salient flow characteristics

An index model
and GR4J

228 catchments in southeast
Australia [106]

AM: arithmetic mean method; SP: spatial proximity method; PS: physical similarity method; Reg: regression methods; HS: hydrological similarity method.

[108]. An important strategy to overcome this problem was
the incorporation of more information (such as different
aspects of the hydrograph, soil moisture, evapotranspiration,
groundwater, and snow depth) for multiple objective model
calibration.

Madsen [7] used a calibration scheme including opti-
mization of multiple objectives that measure different aspects
of the hydrograph (overall water balance, overall shape of
the hydrograph, peak flows, and low flows). Seibert and
McDonnell [109] reported that the inclusion of groundwater
dynamics results in significantly improved and more consis-
tent overall model performances. Nester et al. [110] demon-
strated the value of remotely sensed snow cover patterns
to constrain parameter uncertainty of catchment models.

Others used remotely sensed soil moisture and evaporation,
respectively, to improve model parameterizations [111–113].
Zhang et al. [114] showed that the incorporation of remotely
sensed leaf area index and surface soil moisture measure-
ments into the calibration objective function marginally
improves the daily runoff estimates but noticeably improves
the leaf area index and soil moisture estimates in the valida-
tion catchments. Zhang et al. [4] used remotely sensed evap-
otranspiration estimates together with recorded streamflow
to constrain rainfall-runoff model calibration and then used
optimized parameter sets for runoff predictions. They found
that the use of remotely sensed evapotranspiration data in
calibration leads to improved daily or monthly runoff predic-
tions in ungauged catchments. However, Willem Vervoort et
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al. [9] show that satellite evapotranspiration did not improve
the calibration results of the lumped conceptual model and
confirm that the calibration of models using multiple envi-
ronmental time series (such as MODIS evapotranspiration
and streamflow) can be used to identify structural model
issues.

3.3. Regional Calibration against Observations from Mul-
tiple Catchments. Regional model calibration is defined
here as model calibration simultaneously against observa-
tions in multiple catchments (from dozens to hundreds)
across a wide region to obtain a single parameter set
for all catchments. In contrast, local model calibration is
referred to as the calibration against observations in a single
catchment.

The major advantage of the local model calibration is
that an optimum parameter set can be obtained for each
individual catchment and will match the local data most
accurately. However, the locally optimized parameter values
are not always suitable for runoff predictions because gauging
stations can be few and far apart, resulting in that the
underlying assumption that nearby catchments have similar
responses can be problematic. Furthermore, observational
errors (e.g., in streamflow gauging and rainfall inputs) can
cause the local calibration to be biased, with biased model
parameters being regionalized.

The main benefit of regional model calibration is that (1)
use of one set of optimized parameter values (or perhaps
several sets if different objective functions are considered
or if a research region is divided into different subregions)
can improve hydrological and vegetation estimates at the
regional scale and (2) there is no noticeable degradation from
model calibration to model validation. The disadvantage of
regional calibration is that it requires lots of computation
resources and it is normally conducted using super computer
clusters.

Previous studies showed that regional calibration could
improve the accuracy of simulated runoff in ungauged
regions and has been used in runoff simulation and predic-
tion [21, 115]. Regional calibration would be an important
research field of large-scale hydrological simulation and
predictions and will be strengthened with the computational
development.

4. Improving Hydrological Model Structure

The model structure represents a formalized perception of
how the catchment system is organized and how the various
parts are interconnected [138]. Selection of a suitable model
structure ideally depends on anumber of factors as one strives
to represent the runoff processes in a realistic way, so that
the model can be safely used in a predictive mode. How-
ever, there is still some room for further improving model
structures.

4.1. Modifying RR Model Structure. Usually, RR models use
simply conceptual equations to simulate evapotranspira-
tion based on soil wetness and potential evapotranspiration

(calculated from basic climate data) and seldom consider
vegetation dynamics, which can play an important role
in midlatitude catchments [11, 139, 140]. Because of lack
of surface vegetation information in RR modeling inputs,
calibrated RR models may not estimate water balance
components, evapotranspiration, and water storage change
accurately, which possibly limits their ability to estimate
runoff.

Remotely sensed data can provide temporally dynamic
and spatially explicit information on land surface charac-
teristics such as vegetation cover types and leaf area index.
Vegetation processes play an important role in evapotranspi-
ration and runoff in midlatitude catchments [140, 141]. Yildiz
and Barros [140] showed that vegetation properties such as
fractional vegetation coverage and leaf area index (LAI) had
significant effects on hydrological model results via control
of evapotranspiration rates, and this control was especially
critical during the spring-summer transitionwhich coincided
with the greening season in midlatitudes.

A suitable way to integrate vegetation process data into
hydrological models is to use remote sensing vegetation
data, such as LAI and fractional vegetation cover [142–
144]. Recent studies have tried to include remote sensing
vegetation information as inputs into RR models. Reference
[97] used MODIS LAI data combined with the Penman-
Monteith equation in the lumped Xinanjiang model, and
results showed that it can improve the prediction of runoff
in ungauged basin. Oudin et al. [145] modified the water
balance models to introduce the fractional coverage of land
cover types and results showed that land cover information
improves the overall model efficiency.

4.2. Improving Distributed Hydrological, Land Surface Model
Structure. Appropriate land surface parameterization is
based on comprehensive understanding to land surface
processes and thus could improve performance of physi-
cally based models. For instance, Liang and Xie [146] used
a new surface runoff parameterization which takes into
account effects of soil heterogeneity on Horton and Dunne
runoff to replace the old parameterization in VIC model.
Results showed that the new parameterization plays a very
important role in partitioning the water budget between
surface runoff and soil moisture. Pitman et al. [147] com-
pared the accuracy of estimated runoff in the region that
ranged from 30N to 90N by BASE model with and without
frozen soil parameterization. Results proved that frozen soil
parameterization greatly influenced runoff generation with
less runoff variability. Haverd and Cuntz [148] found that
soil litter is important for simulation of soil moisture and
evapotranspiration in forest region. When coupled with a
soil litter model, the accuracy of CABLE has been greatly
improved for estimating soilmoisture and evapotranspiration
in a forest flux site in Australia. Choi and Liang [149]
detected several deficiencies in the existing formulations for
terrestrial hydrologic processes in CLM and improvedmodel
performance for predicting runoff by five modifications of
its parameterization. In summary, there is plenty of room
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Table 3: Summary of precipitation datasets.

Name Source Domain Period of record Available
timestep(s) Available resolution References

APHRODITE U. of Tsukuba and
JMA Asia 1951–2007 Daily

0.25 × 0.25, 0.5 × 0.5;
0.05 × 0.05 (Japan

only)
[116]

CHOMPS CICS Global 1998–2007 Daily 0.25 × 0.25 [117]
GSWP-2 GEWEX Global 1986–1995 Subdaily 1 × 1 [118]
WFD EU-FP6 Global 1901–2001 Subdaily 0.5 × 0.5 [119]
WFDEI EU-FP6 Global 1979–2012 Subdaily, daily 0.5 × 0.5 [120]
CMAP NOAA CPC Global 1979–2011 Monthly, pentad 2.5 × 2.5 [121]
CMORPH CPC Global 2002–2013 Subdaily, daily 0.25 × 0.25 [122]
CRU CRU Global 1901–2013 Monthly 0.5 × 0.5 [123]
Daymet U. of Montana North America 1980–2013 Daily 1 km × 1 km [124]
Global (land)
precipitation and
temperature

U. of Delaware Global 1900–2010 Monthly 0.5 × 0.5 [125]

GPCC DWD Global 1900–2010 Monthly 0.5 × 0.5, 1 × 1,
2.5 × 2.5

[126]

Princeton Princeton University Global 1948–2008 Subdaily 1 × 1 [127]
GPCP GSFC (NASA) Global 1979–2014 Monthly 2.5 × 2.5 [128]

HOAPS CM SAF and Uni. of
Hamburg Global 1987–2008 Subdaily,

monthly 0.5 × 0.5 [129]

COREV2 NCAR Global 1949–2006 Subdaily, daily,
monthly 1 × 1 [130]

NLDAS
NASA, NOAA,
Princeton, U. of
Washington

North America 1979–2014 Hourly 0.125 × 0.125 [131]

GLDAS NASA, NOAA Global 1948–2014 Subdaily,
monthly 0.25 × 0.25, 1 × 1 [132]

PERSIANN CHRS Global 1979–2014 Subdaily,
monthly 0.25 × 0.25 [133]

PREC/L NOAA Global 1948–2014 Monthly 2.5 × 2.5, 1 × 1,
0.5 × 0.5

[134]

PRISM Oregon State
University North America 1895–2014 Daily, monthly 4 km, 800m [135]

SSM/I, SSMIS NASA Global 1987–2012 Daily, monthly,
weekly 0.25 × 0.25 [136]

TRMM NASA and JAXA Tropics 1998–2014 Subdaily, daily,
monthly 0.25 × 0.25 [137]

APHRODITE: Asian Precipitation—Highly Resolved Observational Data Integration Towards Evaluation of Water Resources; JMA: Japan Meteorological
Agency; CHOMPS: CICS High-Resolution Optimally Interpolated Microwave Precipitation from Satellites; CICS: Cooperative Institute for Climate Studies;
GSWP: Global Soil Wetness Project; GEWEX: Global Energy and Water Cycle Experiment; NASA: National Aeronautics and Space Administration; NOAA:
National Oceanic and Atmospheric Administration;WFD:WATCH Forcing Data; EU-FP6: European Union Sixth Framework Programme;WFDEI:WATCH
ForcingDatamethodology applied to ERA-Interim reanalysis data; CMAP:CPCMergedAnalysis of Precipitation; CPC: Climate PredictionCenter; CMORPH:
CPC MORPHing technique high resolution precipitation (60S-60N); CRU: Climatic Research Unit; Daymet: Daily Surface Weather and Climatological
Summaries; GPCC: Global Precipitation Climatology Centre; DWD: German Weather Service; GPCP: Global Precipitation Climatology Project; HOAPS:
Hamburg Ocean Atmosphere Parameters and Fluxes from Satellite Data; CM SAF: Satellite Application Facility on Climate Monitoring; COREV2: Common
Ocean Reference Experiment Version 2: Large-Yeager Air-Sea Surface Flux; NCAR: National Center for Atmospheric Research; NLDAS: North American
Land Data Assimilation System; GLDAS: Global Land Data Assimilation System; PERSIANN: Precipitation Estimation from Remotely Sensed Information
using Artificial Neural Networks; CHRS: Center for Hydrometeorology and Remote Sensing; PRISM: Parameter-Elevation Relationships on Independent
Slopes Model; PREC/L: NOAA’s Precipitation Reconstruction Land; SSM/I, SSMIS: Special Sensor Microwave/Imager and Sounder; TRMM: Tropical Rainfall
Measuring Mission; JAXA: Japan Aerospace Exploration Agency.
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to improve global land surface model structure for better
estimation of runoff from large region to global land surface.

5. Improving Precipitation Inputs

High quality daily precipitation estimates are required for
accurate hydrological modeling.There are two major sources
to estimate precipitation fields: rain gauge stations and
remote sensing devices (such as satellites and radar). The
observations obtained from rain gauges are considered to
be more accurate and reliable, but the spatial coverage
is unsatisfactory. Hence, the areal precipitation estimates
constructed solely by rain gauges exhibit a great deal of
uncertainty especially in the areas of low rain gauge density.
Remote sensing gridded precipitation estimates are presented
in a good coverage in space/time and with less uncertainty
[150, 151]. However, the coverage of weather radar network
is currently limited to some areas in the world. So, with the
advent of meteorological satellites in the 1970s, great efforts
have been directed to estimating precipitation from satellite
images (e.g., TRMM, TMPA, CMORPH, and GSMAP),
which cover most of the globe (Table 3).

However, the accuracy of remote sensing satellites precip-
itation may not be desirable and the estimation of precipi-
tation can be improved by blending rain gauge and satellite
data [151]. Several statistical merging schemes have been
developed for experimental or/and operational use, such as
conditional merging [152], Bayesian merging [153], statistical
objective analysis [154], data assimilation [137, 155], and
double/single optimal estimation [156].

Gottschalck et al. [157] showed that the Climate Predic-
tion Center (CPC)Merged Analysis of Precipitation (CMAP)
has the closest agreement with a CPC rain gauge dataset
for all seasons except winter, while TRMM overestimated
summertime precipitation in the central United States (200–
400mm). Chappell et al. [158] evaluated geostatistical meth-
ods of blending satellite and gauge data to estimate near
real-time daily rainfall for Australia and results showed that
the blending considerably reduced the estimation variance.
Mitra et al. [159] showed that TRMM merged with gauged
station data can significantly improve the estimation of spatial
distribution of precipitation of the Indian monsoon region.
Ryo et al. [160] showed that the blended precipitation data
can improve the hydrological modeling especially the flood
modeling in Vietnam.

6. Summary

This paper provides a comprehensive review of catchment,
regional and global runoff modeling. Continuous surface
runoff modeling can be carried out through conceptual
rainfall-runoff models, distributed models, and land sur-
face models. Parameterization of hydrological models in
ungauged catchments can be done by regionalization, mul-
tiple objective model calibration, and regional calibration
against observations from multiple catchments. The models
can be further improved by incorporating remote sensing
vegetation data and remote sensing precipitation data.

There is still considerable room to improve surface runoff
prediction from catchments to large regions. In a large region,
improving regionalization performance can be attributed to
improved catchment characteristics, ensemble of different
regionalization approaches, multiple-donor output averag-
ing, or model ensemble, and so forth. Special attention
should be paid to use of remote sensing data for multiple
objective model calibration and to improving hydrological
model structure using remote sensing data since they have
great advantages in ungauged catchments or data sparse
regions. How to smartly parameterize global land surface
models or smartly modify their structure for improving
runoff predictions from large regions to globe will be a great
challenge for hydrologists and meteorologists in the next
couple of decades.
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To study the impact of future climatic changes on hydrology in the Kaidu River Basin in the TianshanMountains, two sets of future
climatic data were used to force a well-calibrated hydrologic model: one is bias-corrected regional climate model (RCM) outputs
for RCP4.5 and RCP8.5 future emission scenarios, and the other is simple climate change (SCC) with absolute temperature change
of −1∼6∘C and relative precipitation change of −20%∼60%. Results show the following: (1) temperature is likely to increase by 2.2∘C
and 4.6∘C by the end of the 21st century under RCP4.5 and RCP8.5, respectively, while precipitation will increase by 2%∼24%, with
a significant rise in the dry season and small change in the wet season; (2) flow will change by −1%∼20%, while evapotranspiration
will increase by 2%∼24%; (3) flow increases almost linearly with precipitation, while its response to temperature depends on the
magnitude of temperature change and flow decrease is significant when temperature increase is greater than 2∘C; (4) similar results
were obtained for simulations with RCM outputs and with SCC for mild climate change conditions, while results were significantly
different for intense climate change conditions.

1. Introduction

The Tianshan Mountains, regarded as the “water tower of
Central Asia” [1], are located in the innermost center of the
Eurasian continent. The long distance to the surrounding
oceans causes a dry climate, especially for the surrounding
basins. Rivers starting in the mountainous regions provide
agricultural and domestic water for the surrounding basins
and oases. With their distinctive topographic and landscape
features, the Tianshan Mountains show a unique energy bal-
ance and hydrological cycle and are expected to be sensitive
to climate change [2, 3].

Many reports show a widespread climatic and hydro-
logic change in the Tianshan Mountains during the past
few decades [4]. For example, temperature demonstrated a
significant rising trend (significant level is smaller than 0.001)

at a rate of 0.33∼0.34∘C/decade during 1960∼2010, which
is higher than China (0.25∘C/decade) and the entire globe
(0.13∘C/decade) [5, 6]; precipitation increased substantially
in most regions especially for the middle and high latitudes;
glacier area decreased by 11.5% and the thickness of snowpack
has also decreased [5, 7]. Pan evaporation and wind speed
have also changed [3]. The annual runoff increased as well,
for example, for the Urumqi River, the Kaidu River, and the
Aksu River [8, 9].

Future changes in the streamflow and watershed hydrol-
ogy have become increasingly important to water resource
management in the Tianshan Mountains. However, only a
limited number of studies currently focus on impact of future
climate change on hydrology; for example, Sorg et al. [1]
indicated that the total runoff is likely to remain stable or
even increase slightly in the near future but it will decrease
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at the end of the 21st century for Central Asia. There are
also researches demonstrating that the annual runoff will
decrease to some extent in the first half of the 21st century
[2, 10]. Previous studies seldom address implications of
climate change on the hydrological cycle and hydrological
components (e.g., ET, surface flow, and groundwater). To
complement these studies, this paper aims at understanding
the future hydrological system and assessing the responses of
the hydrologic system to climate change.

In the present study, two sets of climatic data, that is,
RCM outputs and SCC data, are used to force SWAT [11]
and are applied to the Kaidu River Basin, a typical watershed
on the south slope of the Tianshan Mountains, to assess
future changes of the hydrologic cycle and the hydrological
effects of changes in climate variables. Questions that are
addressed include the followings. (1) How will the future
climate and hydrology change in this region? (2) What is the
effect of climate change on the hydrologic cycling? (3) What
is the difference between simulations with RCM outputs
and SCC? Understanding these issues will enable assessing
the future hydrological change and its unique hydromete-
orological processes better. The remaining is constructed
as follows: Section 2 introduces the study area and data;
Section 3 describes the hydrological model, bias correction
methods, and analysis procedures; Section 4 provides the
results and discussion, followed by conclusions in Section 5.

2. Study Area and Data

The Kaidu River Basin, with a drainage area of 18,634 km2
above the Dashankou hydrological station, is considered
to be a very typical watershed in the Tianshan Mountains
(Figure 1). Its altitude ranges from 1,342m to 4,796m above
sea level (asl) with an average elevation of 2,995m. The
climate here is temperate continental with alpine climate
characteristics and obvious seasonal variation. This river
provides water resources for agricultural activity and the
ecological environment of the oasis, with an area of over
70,000 km2 and a population of over 1.15 million, which is
mainly stressed by water scarcity [12]. Therefore, projecting
the impact of future climate change on water resources is
urgent for the sustainable development of this region and
it also provides information on the implications of climate
change on the water tower in Central Asia.

The daily observed meteorological data (including pre-
cipitation, maximum/minimum temperature, wind speed,
and relative humidity of two meteorological stations Bayan-
bulak and Baluntai) from 1970 to 2005 are from the China
Meteorological Data Sharing Service System (http://www
.cma.gov.cn/2011qxfw/2011qsjgx/). The annual mean temper-
ature at the Bayanbulak meteorological station amounts
to −4.1∘C and the mean annual precipitation is 278mm
(Figure 1). Generally, precipitation falls as rain from May to
September each year and as snow from October to April.

The observed streamflow data at the Dashankou hydro-
logic station are from the Xinjiang Tarim River Basin Man-
agement Bureau. The average flow at the Dashankou hydro-
logical station amounts to approximately 120m3/s (equivalent
to 202mm runoff/year), ranging from 15m3/s to 973m3/s.

Bayanbulak

Baluntai

Dashankou

China

Kaidu River Basin

Sea area

Land area

Hydrological station

Meteorological station
River

DEM (m)
High: 4796

Low: 1342

Tianshan Region

Average T = −4.1∘C

Annual P = 278mm

Average Q = 120m3/s

0
100
200
300
400

J F MAM J J A S OND

J F MAM J J A S OND

J F MAM J J A S OND

0

20

0

2

4

6

−20

−40

T
(∘

C)
P

(m
m

)
Q

(m
3 /s

)

4
2
∘ 0

 N
4
3
∘ 0

 N
4
4
∘ 0

 N
4
5
∘ 0

 N

4
2
∘ 0

 N
4
3
∘ 0

 N
4
4
∘ 0

 N
4
5
∘ 0

 N

83∘0E 84∘0E 85∘0E 86∘0E 87∘0E 88∘0E

83∘0E 84∘0E 85∘0E 86∘0E 87∘0E 88∘0E

Figure 1: Location (top left), topography, and hydrometeorologic
stations (bottom) of the Kaidu River Basin and the daily average
temperature (𝑇) and precipitation (𝑃) at the Bayanbulak station and
streamflow (𝑄) at the Dashankou station (top right).

3. Methodology

3.1. Regional Climate Model and RCP Scenarios. The outputs
of a regional climate model (RegCM4.0) [13] forced by
a global climate model (Beijing Climate Center Climate
System Model, BCC CSM1.1) [14, 15] at a horizontal reso-
lution of 50 km are used as future climate data. Firstly, the
RCM model was validated with the observational data set
over China for the period from 1976 to 2005 and then it
was used to predict the future climate change under the
new emission scenarios of the Representative Concentration
Pathways, RCP4.5 (lower emission scenario) and RCP8.5
(higher emission scenario). RCP4.5 is a stabilization scenario
with the total radiative forcing rising until 2070 and then
remaining at a stable centration of 4.5W/m2. In contrast,
RCP8.5 is a continuously rising radiative forcing pathway (at
a target of 8.5W/m2 in 2100) with a further enhanced residual
circulation and significant CH

4
increases [16, 17]. The RCM

validation shows reasonable simulations of temperature and
precipitation were obtained over China and, compared to
the BCC CSM1.1 model, marked improvement of the RCM
was achieved in reproducing present day precipitation and
temperature (for more details refer to [18]).

3.2. Bias Correction Methods. Five precipitation and three
temperature correctionmethodswere selected to bias-correct
the raw RCM outputs. Precipitation correction methods
include linear scaling, local intensity scaling, power transfor-
mation, distribution mapping, and quantile mapping. Tem-
perature correction methods include linear scaling, variance
scaling, and distribution mapping. They are combined into
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15 schemes to evaluate their performances in simulating
streamflow. It turns out that the precipitation correction
methods have more significant influence than the tempera-
ture correction methods on streamflow simulation, and the
power transformation and quantile mapping perform best in
terms of frequency based statistics. Thereafter, the quantile
mapping method (for precipitation) and the distribution
mapping (for temperature) are selected to correct the raw
RCM outputs for the future period (for more details see [19]).

3.3. Hydrologic Model and Uncertainty Analysis Method.
SWAT has been extensively used for the comprehensive
modeling of the impact of management practices and climate
change. SWAT simulates the hydrologic and sedimentary
processes, plant growth, river routing, and in-stream water
quality process, among which the surface runoff is calculated
from daily rainfall and snowmelt with a modified Soil Con-
servation Service (SCS) curve number method [20]; water
routing is simulated using variable storage or theMuskingum
river routing method [11].

The SWAT model input includes the digital elevation
model (DEM), soil textural and physicochemical properties,
and land use data. The meteorological variables including
daily precipitation,max./min. temperature, relative humidity,
solar radiation, and wind speed were used to force the
SWAT model. SWAT uses elevation bands to represent the
topographic effects on precipitation and temperature.Within
each elevation band, the precipitation and temperature are
estimated based on their lapse rates. For more details, refer
to the SWAT manual (http://www.brc.tamus.edu/).

The SWATmodel (forced by the observedmeteorological
data) was calibrated against the observed streamflow.The cal-
ibration period is from 1986 to 1989 and the validation period
from 1990 to 2005 [21].The calibrated optimal parameters are
then kept fixed in the following simulations. The evaluation
indices for the hydrological model include NS, PBIAS, and
the determination coefficient 𝑅2. Consider
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where𝑌obs
𝑖
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𝑖

are the 𝑖th observed and simulated flows,
𝑌

mean is themean of the observed data, and 𝑛 is the number of
observations. Normally NS > 0.50, |PBIAS| < 25%, and 𝑅2 >
0.6 are taken as the criteria for satisfactory modeling of the
river discharge and the model performance can be evaluated
as excellent if NS > 0.75 and |PBIAS| < 10% [22].

GLUE (generalized likelihood uncertainty estimation)
[23] is an uncertainty analysis technique, in which the
parameter uncertainty accounts for all sources of uncertainty,
such as input uncertainty, structure uncertainty, parameter
uncertainty, and response uncertainty [24]. In GLUE, the
parameter uncertainty is described as a set of discrete
“behavioral” parameter sets with corresponding “likelihood
weights.”

The procedure of a GLUE analysis consists of three steps.
Firstly, after the definition of the “generalized likelihoodmea-
sure,” 𝐿(𝜃), a large number of parameter sets are randomly
sampled from the prior distribution and each parameter set
is assessed as either “behavioral” or “nonbehavioral” by com-
paring its value of 𝐿(𝜃) to the threshold value. Secondly, each
behavioral parameter set is given a “likelihood weight” and
we gave them equal weights in this study. Finally, prediction
uncertainty is represented by 5% and 95% quantiles of the
cumulative distribution of the behavioral parameter sets.

Two indices are used to quantify the quality of the
uncertainty performance. Those indices are the percentage
of measurements bracketed by the 95% prediction uncer-
tainty band (𝑃-factor) and width of band (𝑅-factor, cal-
culated by the average width of the band divided by the
standard deviation of the corresponding measured vari-
able).

3.4. SCC Data Description and Analysis Procedures. In the
following section, temperature and precipitation are denoted
as 𝑇 and 𝑃 and the absolute and relative changes are repre-
sented by Δ and 𝛿. For example, Δ𝑇 refers to an absolute
temperature change and 𝛿𝑃 a relative precipitation change.
The hydrological processes analyzed in this study include
streamflow, surface runoff, subsurface runoff, and evapotran-
spiration, which are denoted as 𝑄, 𝑅

𝑠
, 𝑅
𝑔
, and ET, and their

relative changes are described as 𝛿𝑄, 𝛿𝑅
𝑠
, 𝛿𝑅
𝑔
, and 𝛿ET,

respectively.
The SCC was constructed to represent a wide range of

changes in climatic variables and how these changes might
translate in streamflow and other hydrological components
and also to analyze the differences between simulations
with RCM outputs and SCC. For SCC, perturbations of the
corrected RCM simulated 𝑃 and 𝑇 from 1986∼2005 (control
period) are set; that is, for 𝑇, an additive change (Δ) is
used: Δ𝑇 = −1, 0, 1, 2, 3, 4, 5, and 6∘C. For 𝑃, a relative
change (𝛿) is used: 𝛿𝑃 = −20%, −10%, 0, 10%, 20%, 30%,
40%, 50%, and 60%. They are put into 81 SCC scenarios,
with Δ𝑇 = 0 and 𝛿𝑃 = 0% being the climate for control
period.

By investigating the transient evolution of climate change
in the corrected RCM outputs on decadal scales, five periods
(each spanning 20 years) are defined: 1986∼2005 (control
period) and 2020∼2039, 2040∼2059, 2060∼2079, and 2080∼
2099. Due to the intra-annual characteristics of the hydrom-
eteorology in the Kaidu River Basin (Figure 1), the wet season
(from April to September) and dry season (from October
to March next year) are defined based on the intra-annual
distribution of 𝑃 and 𝑄; for example, 𝑃 and 𝑄 in the wet
season account for 88% and 73% of their annual amounts.
The climatic and hydrological changes are classified into three
categories, that is, a significant change, small change, and
insignificant change, to clearly demonstrate the changing
magnitude according to the values of relative change for
precipitation and hydrological components and absolute
change of temperature. These categories are presented in
Table 1.
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Table 1: Classification of magnitude for climatic and hydrological
changes. 𝛿 and Δ represent relative change and absolute change.

Precipitation &
hydrological

components (%)

Temperature
(∘C)

Significant
change |𝛿| ≥ 20 |Δ| ≥ 2

Small change 10 ≤ |𝛿| < 20 1 ≤ |Δ| < 2

Insignificant
change |𝛿| < 10 |Δ| < 1

4. Results and Discussion

4.1. Validation of the Hydrological Model and the Bias Correc-
tion Methods. Performance of the hydrological model forced
by observed meteorological data and the 95% prediction
uncertainty bands are shown in Figure 2. The simulated
streamflow agrees quite well with the observation for both
calibration period (1986∼1989) and validation period (1990∼
2002). For the uncertainty analysis, NS is used as 𝐿(𝜃) and
0.70 as threshold value with 10,000 initial parameter sets;
288 sets were selected as behavioral points. The results show
that most of the observations are bracketed by the 95%
prediction uncertainty band (𝑃-factor being 87% and 80%
for calibration and validation periods and 𝑅-factor being 1.18
and 1.19, resp.). The lower 𝑃-factor for the validation period
can be partly attributed to operation of hydropower station
since 1991 (Figure 2) which leads to great fluctuation inwinter
streamflow. Statistics of model efficiency (Table 2) indicate
excellent performances for both calibration and validation
periods, with “NS”s and “𝑅2”s over 0.80, which is highly
acceptable according to Moriasi et al. [22]. Concerning the
monthly streamflow, the “NS” is 0.89 during 1986∼2005 and it
indicates that the SWATmodel captured the natural monthly
streamflow variability adequately.

The performances of bias-corrected RCM outputs (com-
pared to observed meteorological data) are listed in Table 2.
The “NS”s are −0.57 (0.57) and 0.77 (0.95) for daily (monthly)
precipitation and temperature for 1990∼2005, respectively.
And the statistics of the streamflow simulated with the bias-
corrected RCM outputs shows acceptable results with “NS”s
equal to 0.46 and 0.62 and PBIAS within 10% for daily and
monthly streamflows.

4.2. RCM Projected Hydrometeorologic Changes

4.2.1. Changes in Temperature and Precipitation. Tempera-
ture is highly likely to increase in the future, with a basin
warming of 1.0∼2.2∘C and 1.6∼4.6∘C under RCP4.5 and
RCP8.5 in the 21st century (Table 3). Temperature increases
continuously under both scenarios but the magnitude is
larger under RCP8.5 (Figure 3).

Precipitation shows an overall increasing trend in the
21st century with an annual increase of 2%∼16% and 7%∼
24% under RCP4.5 and RCP8.5, which confirms the previous
arguments of Sorg et al. [1]. However, precipitation change
varies substantially among seasons (Figure 3). Normally,
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Figure 2: Time series of daily observed streamflows (dots) and
simulated streamflows forced by observedmeteorological data (blue
line) for calibration period (1986–1989) and validation period (1990–
2005) with 95% prediction uncertainty bands (blue shaded area).

a small increase in the wet season (−2%∼16%) and a signif-
icant increase during dry season (18%∼78%) are projected.
Note that the relative increase (not the absolute increment)
of precipitation for the dry season is much bigger than for the
wet season, which is in line with the climate changes in other
regions, for example, the semiarid Colorado River Basin [25]
and the wet Ganges-Brahmaputra-Meghna basin [26].

4.2.2. Changes in the Hydrological Cycle. The changes in
precipitation and temperature cause changes in potential
streamflow. The average annual streamflow rises by −1%∼
18% and 4∼20% under the RCP4.5 and RCP8.5 in the 21st
century, based on the average annual streamflow of 194mm
for the control period (1986∼2005) (Table 3). Note that the
streamflow stopped increasing in 2080∼2099 (end of 21st
century) under RCP8.5 despite the rise in precipitation,
which confirms the finding of Sorg et al. [1] andmay aggravate
water scarcity in this region.

Figure 3 also shows the projected changes in surface
runoff (𝑅

𝑠
), subsurface runoff (𝑅

𝑔
), and evapotranspiration

(ET) under RCP4.5 and RCP8.5. Overall, changes of hydro-
logic components are bigger for RCP8.5 than for RCP4.5.The
annual change of 𝑅

𝑠
is insignificant (<5%) but with obvious

seasonal variability; for example, changes of 𝑅
𝑠
range from

−22% to 2% for the wet season and in 4%∼78% for the dry
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Figure 3: Summary of future climate inputs (𝑃 and 𝑇) and simulated hydrologic components (𝑄, 𝑅
𝑠

, 𝑅
𝑔

, and ET) under RCP4.5 and RCP8.5,
compared to their values in the control period (1986∼2005). All these hydrometeorologic factors are presented in terms of wet season, dry
season, and annual values.

season under RCP8.5. The annual 𝑅
𝑔
changes by −0.7%∼17%

and 4%∼18% for RCP4.5 and RCP8.5, which is consistent
with the changes of 𝑄. ET increases continuously in the
21st century with average increases of 2%∼10% and 7%∼24%
under RCP4.5 and RCP8.5.

4.3. Response of Hydrological Cycle to Climate Change. The
response of the hydrological cycle to climate change is
estimated by running the hydrological model forced by SCC.
The responses of 𝑄, 𝑅

𝑠
, 𝑅
𝑔
, and ET to climate change are

demonstrated with response surfaces in Figure 4. 𝑄 is posi-
tively related to𝑃 and negatively related to𝑇.The relationship

of 𝛿𝑄 and 𝛿𝑃 is almost linear with the streamflow elasticity
(𝛿𝑄/𝛿𝑃) being about 1.0 when Δ𝑇 < 2∘C; that is, a 1% change
in the mean annual precipitation results in a 1% change in
the mean annual streamflow. 𝛿𝑄/𝛿𝑃 is lower than that for
other arid regions, for example, 2.0∼3.5 for Australia [27].The
possible reasons arementioned as follows: (1) theKaiduRiver
Basin, located in the south slope of the Tianshan Mountains
with a high average altitude (2,995m), is characterized by a
cold climate (average annual temperature is −4.1∘C for the
Bayanbulak station) and accordingly there is a low amount
of energy available for ET, which results in a relatively high
runoff coefficient (𝑄/𝑃 = 0.51) and consequently a low
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Table 2: Statistics of bias-corrected RCM outputs and SWAT simulated streamflows forced by the observed climate variables and bias-
corrected RCM outputs.

Statistics NS PBIAS 𝑅

2

“RCM simulated precipitation with bias correction”a

Validation period 1990∼2005 (daily)b −0.57 −6.80% 0.00

Validation period 1990∼2005 (monthly) 0.57 −6.80% 0.60

“RCM simulated maximum temperature with bias correction”a

Validation period 1990∼2005 (daily) 0.77 3.80% 0.80

Validation period 1990∼2005 (monthly) 0.95 4.00% 0.90

“Streamflow simulated with observed meteorological data”
Calibration period 1986∼1989 (daily) 0.80 0.01% 0.80

First validation period 1990∼2002 (daily) 0.81 2.94% 0.81

Second validation period 1986∼2005 (monthly) 0.89 2.86% 0.90

“Streamflow simulated with bias-corrected RCM outputs”
Validation period 1990∼2002 (daily) 0.46 −6.98% 0.47

Validation period 1986∼2005 (monthly) 0.62 −7.85% 0.63

aBias correction methods used are quantile mapping for precipitation and distribution mapping for temperature [19].
b“Daily” or “monthly” in the brackets means the time step used to calculate the statistics.

Table 3: RCMprojected precipitation change (𝛿𝑃), temperature change (Δ𝑇), and streamflow change (𝛿𝑄) for the 21st century under RCP4.5
and RCP8.5 compared to the control period (1986∼2005).

2020∼2039 2040∼2059 2060∼2079 2080∼2099

RCP4.5
𝛿𝑃 (%) 4.0 2.0 11.0 16.0
Δ𝑇 (∘C) 1.0 1.6 2.0 2.2
𝛿𝑄 (%) 6.0 −1.0 10.0 18.0

RCP8.5
𝛿𝑃 (%) 7.0 15.0 19.0 24.0
Δ𝑇 (∘C) 1.6 2.3 3.3 4.6
𝛿𝑄 (%) 4.0 16.0 20.0 15.0

streamflow elasticity; (2) the streamflow is also influenced
by temperature dominated snowmelt (snowfall accounts for
about 17% of watershed precipitation), which reduces the
dependence of streamflow on precipitation and therefore
results in a low streamflow elasticity [27].

The response of𝑄 toΔ𝑇depends on themagnitude ofΔ𝑇.
𝑄 decreases slightly when 0 < Δ𝑇 ≤ 2.0∘C while it decreases
dramatically when Δ𝑇 > 2.0∘C for both wet and dry seasons.
For example, when Δ𝑇 = 2.0∘C, a 40% precipitation increase
results in an average value of 𝑄 being 240mm (23% increase
compared to the average streamflow of 194mm) but when
Δ𝑇 = 4.0

∘C, the same precipitation increase only generates
an average 𝑄 of 180mm (about 7% decrease) (Figure 4).

The responses of𝑅
𝑠
,𝑅
𝑔
, and ET to climate change are also

demonstrated in Figure 4. For 𝑅
𝑠
, the responses of 𝑅

𝑠
to Δ𝑇

are quite different for the wet and dry seasons: the higher Δ𝑇,
the lower 𝑅

𝑠
for the wet season but the higher 𝑅

𝑠
for the dry

season. Since 𝑅
𝑠
in the dry season only accounts for 13% of

the annual 𝑅
𝑠
, the response of annual 𝑅

𝑠
is consistent with

that of the wet season. For 𝑅
𝑔
, the responses of 𝑅

𝑔
to Δ𝑇 and

𝛿𝑃 are similar to the responses of𝑄 due to the dominant role
of groundwater recharge in water yield in the Kaidu River
Basin. For ET, it is mainly influenced by Δ𝑇with temperature
sensitivity (𝛿ET/Δ𝑇) being 7.3%/∘C. To verify this result, we
firstly investigated basin-scale energy and water budget using

the Budyko method [28, 29]. It is shown that ET is mainly
energy limited rather than water limited (average ET/𝑃 =
0.67 and PET/𝑃 = 0.88). Secondly, the high determinate
coefficient 𝑅2 = 0.75 (significant level is smaller than 0.01)
between themean annual𝑇 and ET also indicates that ET has
a strong correlation with 𝑇. This is consistent with previous
studies, which have shown that a significant variation in ET
is expected to follow changes in air temperature [30, 31].

In addition, simulations with RCM outputs are shown
in Figure 4 to analyze the differences between simulations of
these two data sets. Two typical periods of RCM simulations
are selected, that is, 2020∼2039 under RCP4.5 and 2080∼2099
under RCP8.5, to represent mild and intense climate change
scenarios (shown as blue and red stars in Figure 4). It is
indicated that the simulations of hydrological components
with RCM outputs for 2020∼2039 under RCP4.5 (mild
climate change) are close to these of the nearby contour
lines (simulations with SCC), which suggests that similar
results of 𝑄, 𝑅

𝑠
, 𝑅
𝑔
, and ET are obtained for RCM outputs

and for SCC under mild climate change scenarios. However,
for 2080∼2099 under RCP8.5 with 𝛿𝑃 = 24% and Δ𝑇 =
4.6

∘C, the simulated values of 𝑄, 𝑅
𝑠
, 𝑅
𝑔
, and ET deviate

from the simulations of SCC.There are two possible reasons:
(1) changes of other meteorological inputs, that is, solar
radiation, wind speed, and humidity, are slightly smaller for
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Figure 4: Response surfaces of streamflow (𝑄), surface runoff (𝑅
𝑠

), subsurface runoff (𝑅
𝑔

), and evapotranspiration (ET) to climate change.
The simulations with RCM outputs for 2020∼2039 under RCP4.5 and for 2080∼2099 under RCP8.5 (their corresponding meteorological
changes are listed in Table 3) are indicated using blue and red stars with labels.

2020∼2039 under RCP4.5 than those for 2080∼2099 under
RCP8.5 (−0.8%, 2.6%, and 0.9% compared to −2.2%, 4.1%,
and 1.4%); (2) for 2080∼2099 under RCP8.5, precipitation
increases by 24% with great seasonal variation, which may
alter the hydrological regime; for example, precipitation
increases by 139% for March, April, and May while it
decreases by −0.1% for June, July, and August. Since changes
of solar radiation, wind speed, and humidity are within
±5%, the second reason, that is, the shift of the precipitation
temporal distribution, contributes a lot to the deviation of
simulations with RCM outputs from simulations with SCC.

Furthermore, the exceedance probability curves of the
annual runoff in response to climate change are demonstrated
in Figure 5. The exceedance probability curves are almost
parallel when Δ𝑇 ranges in 0∼6∘C. However, the responses
of 𝑄 to 𝛿𝑃 are not the same for each exceedance probability:
high sensitivity of 𝑄 with probabilities less than 0.1 and
low sensitivity of 𝑄 with probabilities larger than 0.9. A
comparison of the simulationswithRCMoutputs (four future
periods under RCP4.5 and RCP8.5) and with SCC (the same
changes in 𝑇 or 𝑃 with the corresponding RCM outputs)
indicates that differences between simulation with RCM
outputs and SCC are becoming greater as climate change

gets more intense; for example, the simulation with RCM for
2080∼2099 under RCP8.5 overestimates the corresponding
simulations with SCC (Figure 5(h)), which collaborates the
conclusion that under intense climate change scenarios the
simulated hydrology with RCM deviates from that simulated
with SCC.

The contributions of hydrologic components to water
yield are displayed by the De Finetti diagram in Figure 6. For
the control period, the averages of 𝑅

𝑠
, 𝑅
𝑔
, and ET are 0.22,

0.28, and 0.50. For SCC, as Δ𝑇 increases from 0 to 6∘C, the
contribution of ET increases rapidly from 0.49 to 0.73 and
the contributions of 𝑅

𝑠
and 𝑅

𝑔
decrease from 0.22 to 0.11 and

from 0.29 to 0.16. Δ𝑇 has a more significant influence on the
proportion change than 𝛿𝑃. As 𝛿𝑃 changes from −20% to
60%, ET decreases from 0.71 to 0.58 and 𝑅

𝑠
and 𝑅

𝑔
increase

from 0.13 to 0.15 and from 0.16 to 0.27. For simulations with
RCM outputs, proportions of hydrological components do
not change significantly under RCP4.5, while the proportion
of ET shows a significant increase under RCP8.5.

4.4. Sources of Uncertainty and Other Considerations. There
are uncertainties in estimating climate change impact on
hydrology. As indicated by previous studies [32], the sources
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Figure 5: Exceedance probability curves of average annual streamflow (𝑄) in response to temperature change and precipitation change
based on SCC with each plot either with fixed precipitation change (a∼d) or with fixed temperature change (e∼h). Dotted blue line in each
plot denotes exceedance probability curves of average annual streamflow for the simulation with RCM outputs given fixed 𝛿𝑃 and Δ𝑇 as
summarized in Table 3.

of uncertainty may rise from climate models, emission
scenarios, downscaling, and the hydrological model.

For hydrological modeling itself, the effect of future
climate in any specific catchment is difficult to project due to

the possibility that the hydrological system may not be sta-
tionary with complex feedbacks [33]. For example, the same
land cover and soil datawere used for both control period and
future climate change period, which may not well represent
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Figure 6: De Finetti diagram (ternary plot) of evapotranspiration
(ET), surface runoff (𝑅
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), and subsurface runoff (𝑅
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) for SCC
(shown as dots) and RCM outputs (shown as stars; for details of the
projected changes in RCM outputs refer to Table 3).

the land surface under the future climate changes. Effects of
land cover change on streamflows and other components of
the hydrological cycle are not considered.

Though uncertainty in hydrologic modeling was quan-
tified with the GLUE method, it only accounts for part
of the total uncertainty in climate change impact studies
[34]. Uncertainties associated with the climate model and
downscalingwere not considered here although two emission
scenarios were included. Any uncertainty associated with
them may cause the results to deviate from reality. However,
we are dedicated to pursuing a thorough investigation of the
response of the hydrological cycle to future climate change for
this region and we believe this study is an important first step
in achieving this goal.

5. Conclusions

This study assessed the implications of climate change on
hydrology in a typical watershed in the Tianshan Mountains
with two sets of climatic data, that is, RCM outputs and
SCC, loosely coupled to a hydrological model (SWAT).Major
conclusions can be summarized as follows:

(1) The hydrological model shows excellent performance
with “NS”s over 0.8 for the daily streamflow for both

calibration and validation periods. And the selected
bias correction methods were effective in downscal-
ing RCM outputs, with “NS”s being 0.57 and 0.95
regarding monthly precipitation and temperature.

(2) 𝑇 increases by 1.0∘C∼2.2∘C and by 1.6∘C∼4.6∘C under
RCP4.5 andRCP8.5 in the 21st century. For𝑃, it shows
an overall increasing trend (2%∼24%)with significant
increase for the dry season (18%∼78%) and relatively
small change for the wet season (−2%∼16%). The
projected 𝑄 shows an overall increasing trend (−1%∼
18% and 4∼20% for RCP4.5 and RCP8.5) in the 21st
century.

(3) 𝑄 increases almost linearly with 𝑃 while the response
of 𝑄 to 𝑇 depends on the magnitude of Δ𝑇 and 𝑄
decreases significantly when Δ𝑇 is greater than 2∘C.

(4) Similar responses of 𝑄, 𝑅
𝑠
, 𝑅
𝑔
, and ET to 𝑃 and 𝑇

are obtained for the RCM outputs and for SCC under
mild climate change scenarios. However, for intense
climate change scenarios, simulations of 𝑄, 𝑅

𝑠
, 𝑅
𝑔
,

and ETwith RCMoutputs (e.g., for 2080∼2099 under
RCP8.5) deviate from simulations with SCC.

(5) Δ𝑇 has more significant influence on the proportion
change of each hydrologic component than 𝛿𝑃 does.
As Δ𝑇 increases from 0 to 6∘C, the contribution of
ET increases rapidly from 0.49 to 0.73 and 𝑅

𝑠
and 𝑅

𝑔

decrease by 0.11 and 0.13. As 𝛿𝑃 changes from −20%
to 60%, ET, 𝑅

𝑠
, and 𝑅

𝑔
change by −0.13, 0.02, and 0.11

as a result.

It is valuable to quantify the future responses of hydrology
to climate change in the TianshanMountains.This study will
provide useful information for water resource management
and will serve as a basis for further climate change impact
studies.
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We applied an integrated approach to investigate the impacts of land use and land cover (LULC) changes on hydrology at different
scales in the Loess Plateau of China. Hydrological modeling was conducted for the LULC maps from remote sensing images at
two times in the Upper Fenhe River watershed using the SWAT model. The main LULC changes in this watershed from 1995 to
2010 were the transformation of farmland into forests, grassland, and built-up land. The simulation results showed that forested
land contributed more than any other LULC class to water yield, but built-up land had most impact due to small initial loss and
infiltration. At basin scale, a comparison of the simulated hydrological components of two LULC maps showed that there were
slight increases in average annual potential evapotranspiration, actual evapotranspiration, and water yield, but soil water decreased,
between the two intervals. In subbasins, obvious LULC changes did not have clear impacts on hydrology, and the impacts may be
affected by precipitation conditions. By linking a hydrological model to remote sensing image analysis, our approach of quantifying
the impacts of LULC changes on hydrology at different scales provide quantitative information for stakeholders inmaking decisions
for land and water resource management.

1. Introduction

Changing land use represents the greatest human impact on
the surface of the earth, and between one-third and one-
half has been altered over the last 300 years [1–3]. Land use
directly impacts the hydrologic components of a watershed,
such as evapotranspiration, surface runoff, groundwater
recharge, and streamflow [4–7]. Many previous studies from
around the world have demonstrated that land use signifi-
cantly impacts hydrological processes [8–15]. For example,
Ghaffari et al. (2010) found that a 34.5% decrease of grassland
with increases of shrubland (13.9%) and rain-fed agriculture

(12.1%) led to a 33% increase in the amount of surface runoff
and a 22% decrease in the groundwater recharge in northwest
Iran [8]. Nie et al. (2011) revealed the effects of urbanization
and agricultural development on the runoff inNorthAmerica
[9], and Wang et al. (2014), Li et al. (2015), and Yao et al.
(2015) revealed the effects of urbanization, land use patterns,
and changes on the runoff, temperature, evapotranspiration,
and surface climate in Chinese landscapes [10–12]. López-
Vicente et al. (2013) and Ohana-Levi et al. (2015) modeled
the effects of land use change on the runoff and sediment
yield in Europe’s Pyrenees and rainfall-runoff relationships
in an Eastern Mediterranean watershed, respectively [13, 14].
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Wang et al. (2014) assessed the impacts of land use changes on
evapotranspiration, quickflow, infiltration, and baseflow in
the upstream regions of the Three Gorges reservoir in China
[15]. Assessing impacts of land use and land cover (LULC)
changes on hydrology is essential for watershed management
and ecological restoration [7, 15, 16].

In general, regional impacts of land use change on
hydrology vary from place to place and need to be considered
for specific circumstances and environments [15, 16]. The
Loess Plateau of western China is infamous for serious soil
erosion and is the main source of sediment in the middle
reaches of the YellowRiver and has become the focus of world
attention. As early as the 1950s, China started soil and water
conservation works on the Loess Plateau in order to improve
the local environment and mitigate sediment accessions to
the middle reaches of the Yellow River, and works were
expanded after the 1970s [17, 18]. As a consequence, land use
in the Loess Plateau has undergone great changes. Likewise,
in the past century, a range of management measures were
carried out in the Fenhe River Basin on the eastern margin
of the Loess Plateau. Some research has been done on
the impacts of land use change on basin hydrology [19–
22], but research on the contribution of individual LULC
to the total runoff and the impacts of LULC changes on
watershed hydrology is lacking. In particular, there is a lack
of information for evaluating the benefits of soil and water
conservation in the Fenhe River basin and the whole of the
Loess Plateau, where it is difficult to distinguish the impacts
of LULC changes on hydrology. Greater understanding of
the contribution of individual LULC change to runoff and
the impacts of LULC changes on the hydrology at different
scales is needed to guide comprehensive natural resources
management in this region.

Methods for assessing hydrological impacts of land use
changes in watersheds include comparisons of paired catch-
ments, statistical analysis, and hydrological modeling [5,
23, 24]. Among these approaches, hydrological modeling
is the most suitable one for use in scenario studies at
different scales. Widely used hydrological models in stud-
ies on the impacts on watershed hydrology include the
Hydrologic Simulation Program, FORTRAN, the Soil and
Water Assessment Tool (SWAT), and WaTEM/SEDEM [4,
5, 9, 15]. The SWAT model is widely used to assess hydrol-
ogy and water quality in agricultural catchments around
the world (https://www.card.iastate.edu/swat articles/). It is
readily available and user-friendly for data input [25].

The overall objectives of this study are to investigate the
contributions of individual LULC change to runoff and to
determine the impacts of LULC changes on the hydrology of
the Upper Fenhe River watershed by an integrated approach
that combines hydrological modeling and remotely sensed
digital maps of LULC changes. To avoid the impacts of large-
scale water resource development projects on hydrological
processes, particularly the water diversion project from the
Yellow River to Fenhe River at Wanjiazhai in the study area
after 2002, the period from 1990 to 2000 was selected as the
study period, during which sufficient data are available. The
specific objectives are (1) to investigate the LULC changes of
thewatershed from 1995 to 2010with LULCmaps determined

by remote sensing images in 1995 and 2010; (2) to calibrate
and validate the SWATmodel in terms ofmonthly streamflow
based on the DEM, soil map, land use in 1995, and climate
data from 1990 to 2000; (3) to assess the hydrological effects of
individual land uses, and (4) to simulate responses of hydro-
logic components to land use changes at basin and subbasin
scales under the same climatic conditions.The results should
assist decision-makers in target water resources planning and
vegetation restoration on the Loess Plateau.

2. Study Area

The Fenhe River is located in the eastern part of the Loess
Plateau, North China, and runs north to south through
almost all of Shanxi Province [26].The study area is theUpper
Fenhe River watershed above the Hecha hydrological control
station, which measures the amount of water and sediment
entering Fenhe reservoir (Figure 1). The Upper Fenhe River
watershed has an area of about 3242 km2 and lies between
latitudes 38∘00 and 39∘00 and longitudes 111∘40 and 112∘40.
Elevations in the basin range from 1,124 to 2,762m and
it has an arid to semiarid climate with a mean annual
precipitation of 430mm. The precipitation is concentrated
between the months of June and September and accounts for
approximately 70% of total annual precipitation, coming in
the form of high-intensity storms that often cause extreme
soil erosion. The average annual temperature is 9.0∘C, with
a minimum average temperature of −5∘C in winter and
a maximum average temperature of 20∘C in summer. The
land use classes of the watershed include farmland, forest,
grassland, water or wetland, built-up land, and unused land;
their percentages in 2010 were 30%, 28.3%, 39.57%, 1.39%,
0.73%, and 0.01%, respectively. The region is covered with
highly erodible loess-derived soils. Major soil series include
loess soil, cinnamon soil, brown soil, and calcium skeletal soil.

3. Methodology

A conceptual framework consisting of three stages was devel-
oped (Figure 2): (1) transition matrix analysis to describe
the transformations of land use from 1995 to 2010; (2)
hydrological modeling to simulate hydrological components
for two LULC maps under the same climatic conditions; and
(3) comparison of the contribution of each land use class to
the watershed’s water yield and their hydrological effects on
subbasins.

3.1. Transition Matrix. The transition matrix of land use
change was calculated as
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where 𝐵 is the area of a certain kind of land use, 𝑛 is the
number of land use types in the study area, 𝑖 and 𝑗 (𝑖, 𝑗 =
1, 2, . . . , 𝑛) are the types of the land use before and after
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transition, respectively, and 𝐵
𝑖𝑗
is area of the land use 𝑖

turned into the land use 𝑗. The study period was defined as
1995 to 2010 because soil and water conservation practices
were first implemented from 1988 to 1997, and a second ten-
year conservation project was carried out from 1998 to 2007
[19, 20, 27]. The LULC maps in 1995 and 2010 represent
the surface cover conditions in the latter part of the first

conservation project and after the projects, respectively. The
LULC map for 1995 was used as input data to calibrate the
model.

3.2. Hydrological Modeling

3.2.1. SWAT Model Description. The SWAT 2005 model [28]
was applied to data of the Upper Fenhe River watershed
to assess the impacts of LULC changes on hydrological
components. The SWAT model is a continuous, long-term,
physically based distributed model developed to assess
impacts of climate and land management on hydrological
components, sediment loading, and pollution transport in
watersheds [25]. In the SWAT model, a watershed is divided
into subbasins. Subbasins are further divided into a series of
uniform hydrological response units (HRUs) based on slope,
soil, and LULC changes. Hydrological components, sediment
yield, and nutrient cycles are simulated for each HRU and
then aggregated for the subbasins.

Hydrological components simulated by the SWATmodel
include evapotranspiration (ET), surface runoff, percolation,
lateral flow, groundwater flow (return flow), and transmission
losses [25]. Evaporation and transpiration are simulated using
exponential functions of soil depth and water content and
a linear function of potential evapotranspiration (PET) and
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Table 1: Hydrometeorological stations in the study area.

Types of stations Name Factors Data series
Hydrological stations Jingle, Hecha Monthly streamflow 1990–2000

Precipitation stations
Baergou, Haizibei, Dongzhai, Qianmalong, Gedongzi,
Huaidao, Dongmafang, Ninghuabao, Xinbao, Tanger,
Duanjiazhai, Ximafang, Suopo, Jingle, Kangjiahui, and

Hecha

Daily precipitation 1990–2000

Meteorological stations Ningwu, Kelan, and Jingle
Daily precipitation and

maximum and minimum air
temperature

1990–2000

leaf area index. Hargreavesmethod was used to estimate PET,
which was originally derived from eight years of cool-season
Alta fescue grass lysimeter data from Davis, California [29],
and its reference crop is similar to grassland which is the
dominant land use type in this watershed. The surface runoff
is estimated using a modification of the SCS curve number
method with daily rainfall amounts. Percolation is calculated
using the combination of a storage routing technique and a
crack flow model. The lateral flow is estimated simultane-
ously with percolation using a kinematic storage model. The
groundwater flow (baseflow) into the channel is calculated
from hydraulic conductivity of the shallow aquifer, distance
from subbasin to main channel, and water table height.

3.2.2. SWAT Model Inputs and Outputs. The input data used
in the SWAT model included a digital elevation model
(DEM), soil data, digital LULC maps, and climate data.
The DEM was derived from the USGS National Elevation
Dataset with a resolution of about 90m, and the soil data
were obtained from the Resources and Environment Science
Data Center, Chinese Academy of Sciences, with the scale
of 1 : 1,000,000. The LULC data for two times (1995 and
2010) were used to assess the impacts of LULC change on
hydrology and were derived from Landsat TM images with
a spatial resolution of 30m using an interpretation method.
The climate data, including daily values of precipitation and
minimum-maximum temperature from January 1st, 1990,
to December 31, 2000, were derived from 3 meteorological
stations and 16 precipitation stations located in and around
the Upper Fenhe River watershed (Table 1).

The outputs of the SWAT model used in this study were
hydrological components, including precipitation (P), PET,
actual evapotranspiration (AET), water yield (WY), and soil
water (SW).

3.2.3. SWAT Model Calibration and Validation. Simulations
using the 1995 LULC map were used to calibrate monthly
streamflows from January 1992 to December 1995 at two
hydrological stations (Jingle and Hecha, Figure 1). After
model calibration, simulations with the same model param-
eters and LULC map data were used to validate monthly
streamflow from January 1996 to December 2000 (Table 2).

3.2.4. Performance Evaluation Criteria. The model was
calibrated manually and three criteria were used to evaluate

Table 2: The warm-up, calibration, and validation period for the
model.

Periods Warm-up
period

Calibration
period

Validation
period

Time series 1990-1991 1992–1995 1996–2000

performance of model calibration and validation. The
Nash-Sutcliffe efficiency (NSE) is a normalized statistic that
determines the relative magnitude of the residual variance
compared to the measured data variance. NSE indicates
how well the plot of observed versus simulated data fits the
1 : 1 line. Coefficient of determination (𝑅2) describes the
degree of colinearity between simulated and measured data
and the proportion of the variance in the measured data
explained by the model. Percent bias (PBIAS) measures the
average tendency of the simulated data to be larger or smaller
than their observed counterparts [29]. The calibration
and validation performance for the SWAT model were
considered acceptable when 𝑅2 and NSE were greater than
0.5. The SWAT model performance is satisfactory when NSE
is larger than 0.5, adequate when NSE ranges from 0.54 to
0.65, and very good when NSE is larger than 0.65.The SWAT
model is rated as satisfactory, when the absolute value of
PBIAS ranges from 15 to 25, rated good when from 10 to 15,
and very good when smaller than 10 [30].

3.3. Analyzing Hydrological Effects of Land Use Classes. The
calibrated and validated hydrological model was run for each
of the LULC maps (1995 and 2010) with constant DEM and
soil data, from January 1990 to December 2000 (11 years),
to quantify contributions of individual LULC classes to the
total discharge and to evaluate impacts of LULC changes on
hydrology at the basin and subbasin scales.

4. Results and Discussion

4.1. LULC Changes. The LULC maps of the Upper Fenhe
River watershed in 1995 and 2010 are shown in Figure 3.
Grassland, farmland, and forest were the main land use
classes in the Upper Fenhe River watershed.

The results of the transition matrix of LULC changes
between 1995 and 2010 are shown in Table 3.The transforma-
tions among farmland, forest, and grassland were the main
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Figure 3: Maps for land uses and land cover in 1995 and 2010 in the Upper Fenhe River watershed.

Table 3: Transition matrix of land uses from 1995 to 2010 (km2).

2010
Types Farmland Forest Grassland Water or Wetland Built-up land Unused land Total

1995

Farmland 908.26 17.74 79.66 1.13 6.99 0.29 1014.07
Forest 9.68 840.49 45.88 0.48 0.82 0.02 897.37

Grassland 54.04 59.11 1157.32 0.09 2.07 0.08 1272.71
Water or wetland 0.95 0.06 0.11 43.32 0.24 0.00 44.68
Built-up land 0.03 0.04 0.01 0.00 13.44 0.00 13.52
Unused land 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Total 972.96 917.44 1282.98 45.02 23.56 0.39 3242.35

forms of land use changes in the Upper Fenhe watershed;
the area of forest and grassland increased and the area of
farmland decreased. Farmland showed the largest change.
It was transformed into grassland in the northern part of
the watershed due to the implementation of the “grain for
green” government conservation program that compensated
farmers for converting arable land to grassland. Meanwhile,
due to the social development, the area of built-up land
increased markedly at the expense of farmland. Finally, a
tiny proportion of it was changed into water or wetland and
unused land. In the southeast, a part of the watershed grass-
land was turned into farmland. Overall, the vegetation cover
increased from 1995 to 2010, during periods of increased soil
and water conservation measures.

4.2. Model Calibration and Validation. Parameter sensitivity
analysis was carried out using the model parameters iden-
tified from the instructions for the calibration of the SWAT

model, as given in the user’s manual [29]. The model was
calibrated with a comprehensive model calibration method
[30]. The results of sensitivity analysis for the Upper Fenhe
River watershed and the value of the parameters are shown
in Table 4.

Comparisons between simulated and observed monthly
streamflow values in the periods of calibration and validation
are shown in Figure 4. Good matches were shown between
simulated and observed values, except in 1997 and 2000. In
these two years, the simulated runoff was overestimated for
both Jingle and Hecha. For 1997, this may be because the
water stored in the watershed in two consecutive wet years
(1995 and 1996) was released in the subsequent year. For
2000, the overestimation may have happened because 1999
was an extremely dry year, and water bodies such as small
swamps and lakes were dry, and the soil was also very dry.
This was followed by heavy rain in 2000 that firstly wetted
the soil, filled the dry water bodies, and did not form surface
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Table 4: The results of parameter sensitivity analysis and calibration.

Parameter Definition Hydrologic process or variable affected Rank Value
Alpha Bf Baseflow recession constant Baseflow 1 0.084
Cn2 Moisture condition curve number Surface runoff 2 30∼92
Ch K2 Effective hydraulic conductivity in main channel alluvium (mm/h) Concentration of channel 3 10
Esco Soil evaporation compensation factor Soil water and soil evaporation 4 0.6
Sol K Saturated hydraulic conductivity of first layer (mm/h) Infiltration and soil water 5 0∼2000
Sol Z Depth from soil surface to bottom of layer (mm) Soil water 6 0∼3500
Canmx Maximum canopy storage (mm) Interception 7 0∼10
Sol Awc Available soil water capacity (mm/mm) Soil water 8 0.0125∼0.5
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Figure 4: Monthly simulated and observed runoff in the Upper Fenhe River watershed. ((a) Hecha station; (b) Jingle station.)

runoff. This study did not take into account impounding of
water in small water bodies which could have resulted in the
overestimation of the actual runoff in 2000.

All NSE and 𝑅2 values for the monthly calibration and
validation were above 0.80, and PBIAS values were in the
range of −15% to 0 (most PBIAS values were in the range
of −10% to 0), suggesting very good model performance
[30]. The overall performance of the model was very good as
shown in Figure 4.

4.3. Contribution of Individual LULC Changes to Watershed
Water Yield. The proportional contributions of five LULC
changes (i.e., farmland, forest, grassland, water or wetland,
and built-up land) and simulated water yield (WY) are shown
in Figure 5. Grassland, farmland, and forest were the main
LULC changes in the Upper Fenhe River watershed, and
the sum of their areas accounted for 98% of the total area.
Their contributions to water yield were up to about 98%
but there was no obvious positive correlation between the
area of individual LULC changes and their proportional

contributions to watershed WY. The grassland class includes
mainly moderately dense and sparse grassland and very little
dense grassland, so its water-yielding capacity was large.
Although the area of forested land was much less than that of
the grassland, its contribution to watershed WY was slightly
more than the grassland’s, because forests in this watershed
are mainly shrubs and sparse trees. In addition, the rain
mostly came in the form of high-intensity storms, which
could reduce the amount of canopy interception compared
with light rain. This is similar to the results obtained by Hao
et al. (2004) in the upper Luohe River watershed and Song
and Ma (2008) in the Nanhe River basin in the Longxi Loess
Plateau [6, 7]. The area of farmland was between that for
forests and grasslands, but its water-yielding capacity was
much less.The farmland in the Upper Fenhe River watershed
is terraced and used to grow close and straight row-seeded
wheat and maize which greatly reduce the water yield.

By comparing the percentages of the area of each land use
type and their contribution to water yield, it was found that
an increase of built-up land was the main cause of increases
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Figure 5: Percentage of each LULC change and its contribution to the total average annual water yields (WY) for the Upper Fenhe River
watershed from 1992 to 2000.

of runoff, although the area of built-up land was very small.
This is because its water-yielding capacity was the highest due
to little initial loss and infiltration and rapid rainfall-runoff
processes [9, 31].

As LULCs changed from 1995 to 2010, the contribution
of individual LULC change to watershed WY changed too,
but the change process was complex, because the WY is an
integrated result of LULCs, soil, topography, and climate.

4.4. Impacts of LULC Changes on Hydrology at the Basin
Scale. The average basin values of P, PET, AET, WY, and SW
simulated from each LULC map in 1995 and 2010 are shown
in Table 5. Compared to the LULC change baseline year of
1995, the average annualWY over the watershed was 0.13mm
higher in 2010. Similar toWY, average annual PETwith LULC
in 1995 was 1026mm; it increased to 1028mm by 2010. The
AET increased from 391mm for LULC in 1995 to 393mm for
LULC in 2010. On the contrary, the average annual SW for
LULC in 2010 was 0.71mm lower than that in 1995.

Furthermore, compared to the LULC baseline year 1995,
the annual PET, AET, and SW for each year from 1992 to
2000 for LULC change in 2010 changed in a similar manner
as the average annual PET, AET, and SW. But in contrast to
the size of the average annualWY for LULC in 1995 and 2010,
the annual WY for each year in this period did not increase
consistently. For example, in years of abundant precipitation,
such as 1995 and 1996, the annual WY for the LULC change
in 1995 was higher than that in 2010. This indicated that the
precipitation could affect the impacts of the LULC changes on
the hydrology in this region, which was also found by Hao et
al. (2004) in the upper Luohe River watershed [6].

The comparison of variations of PET and AET and
changes in LULCs suggested that the increase of annual PET
could be mainly attributed to returning cropland to forest
and grassland and to urban expansion from 1995 to 2010.
Further comparison between changes in WY and changes
of LULCs indicated that an increase of WY was mainly
due to increases of urbanization, which can increase the
area of impervious surfaces, increase runoff, and decrease



8 Advances in Meteorology

Table 5: Annual basin values of hydrologic features for the Upper Fenhe River watershed on the different land use from 1992 to 2000 (mm).

Year P Scenario with land use in 1995 Scenario with land use in 2010
PET ET WY SW PET ET WY SW

1992 540.96 987.47 423.23 66.42 41.10 989.30 426.06 66.40 40.37
1993 395.4 1017.43 359.38 34.74 36.10 1019.25 361.25 34.90 35.66
1994 493.39 1029.46 409.19 67.96 38.68 1031.40 412.00 68.04 37.63
1995 709.2 1000.44 418.90 215.99 54.46 1002.42 421.12 215.94 53.76
1996 618.65 966.47 427.45 166.85 53.57 968.45 430.58 166.51 52.48
1997 437.26 1048.62 359.69 76.13 49.58 1050.60 361.02 76.82 49.03
1998 448.72 1081.87 403.59 50.94 43.10 1083.77 405.50 51.27 42.78
1999 327.71 1086.06 294.28 33.34 45.65 1088.06 297.30 33.41 45.17
2000 501.18 1020.10 424.42 58.84 54.54 1021.87 426.83 59.09 53.52
Mean 496.94 1026.44 391.12 85.69 46.31 1028.35 393.52 85.82 45.60
Note: P: precipitation; PET: potential evapotranspiration; ET: actual evapotranspiration; WY: water yield; SW: soil water.

Table 6: LULC changes and average annual hydrologic features from 1992 to 2000 of three subbasins.

Subbasin Number 7 Number 17 Number 35
LULC scenario 1995 2010 1995 2010 1995 2010
Total area (km2) 109.9 109.9 97.5 97.5 340 340
Farmland (%) 53.54 26.16 19.56 19.59 29.87 32.45
Forest (%) 9.31 17.42 49.6 46.51 15.57 16.78
Grassland (%) 36.98 55.35 28.1 31.18 52.75 48.23
Water or wetland (%) 0.01 0.72 2.29 2.29 1.25 1.24
Built-up land (%) 0.16 0.35 0.45 0.43 0.56 1.3
P (mm) 492.01 492.01 599.03 599.03 473.68 473.68
PET (mm) 918.93 926.55 1077.47 1077.5 1072.05 1072.18
ET (mm) 396.89 403.63 457.99 469.51 380.7 380.08
WY (mm) 64.74 66.57 124.43 116.62 71.17 72.17
SW (mm) 74.84 72.22 71.47 58.01 24.93 23.12

infiltration [9, 31]. An association between the decreases
of SW and forest, grassland, and built-up land expansion
from 1995 to 2010 could be indicated from the comparison
between variations of average annual SW and changes in
LULC from 1995 to 2010. Expansion of forest, grassland, and
built-up land by replacing themwith farmland could promote
water infiltration and drainage because of well-developed
root systems and prevention of infiltration due to increases
in the areas of impervious surfaces.

4.5. Impacts of LULC Changes on Hydrology at the Subbasin
Scale. Three subbasins (numbers 7, 17, and 35 in Figure 1)
with obvious LULC changes were selected for analysis of the
impacts of LULC changes on hydrology at the subbasin scale,
and the results are shown in Table 6. In subbasin number 7,
the area of farmland decreased sharply, and the areas of forest,
grassland, water, and built-up land increased from 1995 to
2010. The PET, AET, and WY increased, and, in contrast, the
SW decreased. In subbasin number 17 only the forested area
decreased and grassland area increased a little, so the impacts
on hydrology were that AET increased clearly and WY and
SW decreased. In subbasin number 35, areas of farmland,
forest, and built-up land increased and grassland decreased,
and WY increased and SW decreased. By comparing the

LULC changes and the hydrological responses to them in
these three sun-basins, obvious LULC changes may not
show obvious impacts on hydrology, which means different
combinations of LULCs may produce similar hydrological
effects. Furthermore, the impacts of the same LULC changes
on hydrology may be different under the conditions of
different precipitation intensity and distribution.

5. Conclusions

In this study we aimed to investigate the impacts of LULC
changes on hydrology in China’s Loess Plateau. Major
research findings and their implication on practices and
future research are as follows.

From 1995 to 2010, the main land use changes were the
transformations of farmland to forests and from farmland
to grassland, and the area of built-up land increased at
the expense of farmland. These changes were due to the
implementation of watershed management measures and
social and economic development. For the contribution of
each LULC to the total WY of the watershed, the forest,
grassland, and farmland areas were the largest contributors,
with up to about 39%, 38%, and 21%, respectively. The land
use that produced the greatest water yield was shown to be
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built-up land, which was higher than any other land use,
followed by forest, grassland, and farmland.

Accompanying the LULC changes in the Upper Fenhe
River watershed, increases in PET, AET, and WY indicated
soil and water conservation practices increased runoff, while
the expansion of the forest and grassland increased the PET
and AET. In addition, the consumption of SW was increased
by vegetation combined with decreased infiltration because
increases of the built-up land resulted in decreases in SW.
Furthermore, the precipitation could affect the impacts of
LULC changes on the hydrologic components in this arid and
semiarid area.

The approach used in this study simply determined con-
tributions of individual LULC classes to the total discharge,
providing quantitative information for decision-makers to
make better choices for land andwater resource planning and
management. This approach also provides a solid example of
the potential of hydrologic modeling using remotely sensed
digital LULCs in understanding the impacts of landscape
change onwater provisioning, a vital ecosystem service in the
Loess Plateau of China. It can be widely applied to a variety of
watersheds, where time-sequenced digital land cover data are
available, and to predict hydrological consequences to LULC
changes.
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In recent years, it has been documented that climatic variability influences hydrological processes; however, these influences,
such as hydrologic dynamics, have not yet been incorporated into models, which have been assumed as stationary with regard
to climatic conditions. In this study, the temporal variability of hydrological processes and their influence on the water balance of a
mountainous and data-sparse catchment inChile are observed andmodeled through the comparison of a stationary (time-invariant
parameters) and dynamic (time-variant parameters)model. Since conceptualmodels are themost adequate option for a data-scarce
basin, a conceptual model integrated with theMonte Carlo Analysis Toolbox is used to perform the analyses. Simple analyses aimed
at increasing the amount of information obtained frommodels were used. The General and Dynamic Identifiability Analyses were
used to perform stationary and dynamic calibration strategies, respectively. As a result we concluded that the dynamic model is
more robust than the stationary one. Additionally, DYNIA helped us to observe the temporal variability of hydrological processes.
This analysis contributed to a better understanding of hydrological processes in a data-sparse Andean catchment and thus could
potentially help reduce uncertainties in the outputs of hydrological models under scenarios of climate change and/or variability.

1. Introduction

Climate change has significant effects on the hydrological
cycle; among some of the expected effects of climate change is
an increase in the number (frequency) of floods and droughts
on the planet [1]. This has a direct impact on the availability
of water for agriculture, silviculture, and hydroelectricity,
among other activities. Agriculture and hydroelectricity are
the most important economic activities in south-central
Chile, and they depend directly on the availability of water
from Andean basins. Thus, it is necessary to improve the
quality of and confidence in hydrological predictions and, at
the same time, ascertain and better understand the behavior
of hydrological processes in Andean basins. It is here that

hydrological modeling comes into play, since it is one of
the most used tools for water resources management and
planning [2].

Currently, there aremany tools to supportwater resources
planning and management. In particular, conceptual hydro-
logical models have been widely used by the hydrologi-
cal community [3, 4] to provide a better understanding
of hydrological processes [5], to estimate long-term water
availability [6], and to make projections of climate [7–9]
and land use change [10, 11], among other uses. However,
there is still a need not only to reproduce the past behavior
of a basin, but also to evaluate the representativeness of
the chosen model and its processes to assess the quality of
the simulations for a given basin. This must be done not
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only in terms of a given measurement or objective function,
but also by incorporating a range of parameter values in
which the model exhibits physically meaningful behavior.
Recently, there has been an increasing concern for addressing
equifinality, identifiability, and quantifying the uncertainty
associated with model simulations [12].

The concept of equifinality [13] recognizes that several
parameter sets might result in simulations with similar good-
ness of fit when compared to observations and therefore a sin-
gle “best” parameter set cannot be identified [13]. However,
under climate change conditions, there are several reasons
to expect a change in model parameters as well [12]. There-
fore, calibration parameters might change along different
time periods or parts of the hydrograph [9].

Experience has shown that in rainfall-runoff modeling
one set of calibrated parameters (i.e., a stationarymodel) may
not yield equally good approximations of all events or for
different parts of the observed hydrograph [14]. Moreover,
for long-term simulations, the optimum parameter set may
be different for separate periods and also must change con-
currently with changes in boundary conditions and process
characteristics. Most scientists now acknowledge that the
traditional assumption of stationarity in a hydrologicalmodel
may no longer be adequate [15–17]. Therefore, to properly
consider the effects of hydrological variability (nonstation-
arity), different parameter sets are needed to represent the
dynamic behavior of the catchment. In other words, dynamic
calibration strategies are required for better confidence in
model predictions.

Some initial studies attempting to address the afore-
mentioned idea have been published [9, 18, 19]. They have
shown through various methods why and how models must
change in time and/or according to climatic and catchment
properties.

Recently, the concept of hydrological dynamics has been
much discussed in the hydrological literature to be further
incorporated into the conceptual formulation of a model
[12, 15, 20]. This means that changes in the response of a
basin caused by, for example, climate variability and change,
are taken into account in the modeling stage. It is therefore
important to find and study ways of detecting this behavior
in new models, in order to have more reliable simulations of
these changes and increase the efficiency and confidence in
the management of water resources and systems.

Traditionally, stationary model calibration (with fixed
model parameters) is conducted through parameter opti-
mization to maximize the agreement between observed and
simulated streamflows. Usually, a single objective function or
a combination of objective functions is used over the calibra-
tion period for better model representativeness and then for
model validation the calibrated model is verified against the
rest of the data. But is this method result adequate for long-
term predictions? Is this method valid for a basin affected by
climate variability such as the El Niño Southern Oscillation
Phenomenon (ENSO)? Are these results reliable for predic-
tions? As Luo et al. [21] mentioned, it is essential to carefully
design model calibration procedures in order to ensure
good performance of the hydrologic model for stream-
flow forecasting. Therefore, depending on the objective

of the study and the predictability expected for the model,
different calibration strategies will be needed.

Most climate change impact studies run hydrological
models calibrated against past observations with future cli-
mate inputs to predict future runoff characteristics. This
approach is probably adequate for predicting changes in near-
term runoff resulting from small changes in the climate
inputs. However, these models cannot be extrapolated to
predict changes in the future resulting from large changes
in climate inputs and hydrological processes [17]. In other
words, hydrological models calibrated using past observa-
tions may not adequately capture processes that may become
more dominant in future and therefore a dynamic calibration
strategy would probably be better in such cases.

This study aims to improve the representativeness and
simulation ability of models by incorporating observed
hydrological dynamics in a data-sparse Andean basin highly
affected by climate variability. In addition, observation of the
process dynamics of the basin will improve our understand-
ing of hydrological processes and deepen our knowledge
of the hydrology of an Andean basin. We thus expect to
improve the conceptual design of a hydrological model by
including dynamic calibrated parameters within the model
formulation. The General Identifiability Analysis (GIA) and
Dynamic Identifiability Analysis (DYNIA) [22] are carried
out to perform a stationary and dynamic model calibration,
respectively. Finally, the representativeness of the stationary
model is compared against the model calibrated with the
dynamic approach.

2. Study Area

The study area (Figure 1) corresponds to the upper Chillán
catchment, measured at the Chillán en Esperanza streamflow
station (latitudes 36.76∘ to 36.87∘S and longitudes 71.4 to
71.6∘W). The drainage area of this catchment is 210.4 km2,
with elevations ranging from 435m a.s.l. at the gauging
station up to 3200m a.s.l. at the Nevados de Chillán volcano
in the Andesmountain range.The catchment is located in the
Chilean Andes in the piedmont area. It exhibits a complex
topography and is a data-sparse area without rainfall and
temperature stations in the catchment (Figure 1).

According to the rainfall rate described byMardones et al.
[23] at 36∘45 south, there exists a positive gradient of rainfall
with the terrain altitude due to the so-called orographic
effect (eastward, from the sea to the Andes mountains).
Thus, rainfall increases at the western slopes of the Andean
mountains, reaching the values of up to 3000 (mm) per
year in the study area [24]. More than 70% of annual
precipitation is concentrated in the rainy period (from May
to September), and precipitation increases with elevation due
to the orographic effect of the Andesmountain range [24, 25].
The annual rainfall is 2200mm and the average seasonal
temperature varies from 3.3∘C in winter to 21.9∘C in summer.

The river has a pluvial regime (see Figure 1), since more
than 90% of the catchment is located below the annual
average snow line of 2500m a.s.l. [26]. Although the basin
contains part of the western slope of the Chillán volcano,
it does not present a marked snowmelt influence in spring
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Figure 1:Digital elevationmodel and location of theChillán en Esperanza basin (top), seasonal rainfall distribution (bottom left), and seasonal
variation curves of 5, 50, and 95% exceedance probability of the Chillán en Esperanza river basin (bottom right).



4 Advances in Meteorology

Precipitation
(PM)

Potential

(EM)

Direct deep
percolation

(PPD)

Infiltration (I)

Soil
moisture (H)

Maximum soilDeep
percolation

(PP)

Real
evapotranspiration

(ER)
Direct runoff

(EI)

Base-flow (ES)

(ETOT)

Surface layer
(nonstorage system)

Subsuperficial layer
(storage system)

Subterraneous layer
(storage system)

Snow
precipitation

(Psnow)

Snow

Snow runoff
(PS)

Snow layer
(storage system)

Mean temperature
(Tm)

Potential snow runoff
(PSP)

Precipitation (PM)

H

H

max

moisture (Hmax)

evapotranspiration

Total outflow = EI + ES

Figure 2: Conceptual model.

or early summer (see the seasonal variation curve of 5% of
probability of exceedance in Figure 1 where a second peak
between October and January is not observed).

Because the basin is located on the slope of a volcano,
it presents high slopes and highly permeable soil layers.
According to SERNAGEOMIN [27], most (over 80%) of the
basin area is covered by a PPl3 substrate (from the Plio-
cene-Pleistocene period). This substrate is composed mainly
of volcanic (extrusive) rocks formed when volcanic lava
emerges, favoring a high degree of fracturing and permeable
soil layers. Moreover, due to the old age of this substrate,
weathering processes have started, increasing rock perme-
ability. Therefore, the high slopes and permeable soil layers
related to the volcano influence the hydrology of the Chillán
basin with regard to rapid surface and groundwater runoff
processes and permit a high amount of water to be stored in
the basin each year. Moreover, these characteristics produce
fast runoff responses in the basin (see Figure 1).

The Chillán en Esperanza river basin is covered mostly
by native forest with scarce anthropogenic alterations [28],
mainly because the basin is located at the slope of the Chillán
volcano in a very difficult-to-access area.Therefore, negligible
land use and cover change have occurred during recent
decades.

3. Hydrological Model Description

Because the main characteristics in mountainous environ-
ments are the complexity and spatial variability of hydrocli-
matic patterns, one would be tempted to choose a detailed,

distributed, and physically based hydrological model to
represent the hydrological behavior of a basin and the
hydrological processes which occur in it [4]. But, in the case
of a data-sparse basin, there will always be a need for more
information (land use, soil map, vegetation map, etc.) than
is available. Therefore, conceptual models are the simplest
and most adequate option for data-sparse basins such as
Andean basins. Thus, considering that conceptual pluvial
models do not differ significantly in their conceptualization
and capabilities [8], we chose the Muñoz model [29] to
perform the analyses due to its simplicity and because it
integrates the General and Dynamic Identifiability Analyses
used in this study.

The model used in this paper is the conceptual water
balance model presented in Muñoz [29] and Muñoz et al.
[30] (Figure 2). This model simulates the rainfall-runoff and
snowmelt-runoff processes separately. Because the pluvial
regime predominates in the study area, only the rainfall-
runoff module has been used, and it will be briefly described
here.

The lumped model considers the watershed as a double
storage system: subsurface (SS) and deep storage (US). SS
represents the water stored in the unsaturated soil layer as soil
moisture, while US is the water covering the saturated soil
layer. The main input data for the model are rainfall (PM)
and potential evapotranspiration (PET). The model output
is the total runoff (ETOT) at the watershed outlet, which
includes both base-flow (ES) and surface runoff (EI). For a
further description of the model’s characteristics, please refer
to Muñoz [29] and Muñoz et al. [30].
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4. Data

To estimate representative rainfall data of the catchment, 10
rain gauge stations located in the vicinity of the catchment
were used as shown in Figure 1. It is important to point out
that Andean catchments are usually difficult-to-access areas,
and therefore most (even all in this case) meteorological
stations are located outside of the catchment and far from
the highest areas of the catchments under study. Therefore,
in studies of these catchments, it becomes a challenge to
adequately represent their meteorological characteristics.

Monthly data were provided by the National Water
Agency (Dirección General de Aguas, or DGA) and were then
interpolated using the inverse distance weighting method
to obtain representative catchment values. This method was
chosen due to its efficiency in interpolating rainfall from
point measurements and due to the mountainous nature
of the basin and its influence on the spatial variability of
precipitation [31].

Due to the absence of long-term and reliable tempera-
ture data from DGA stations, temperature time-series were
obtained from the Center for Climatic Research, University
of Delaware [32]. To estimate distributed temperatures in
the catchment, the Thiessen polygon method was used.
Temperature data were then used to compute potential
evapotranspiration using theThornthwaite method.

Themorphological characterization of the catchment and
its area was defined using Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER) images of 1
arc-second resolution (30m approximately) (Figure 1).

5. Methodology

To compare a model which includes hydrological dynamics
with one that does not, dynamic and stationary calibra-
tion strategies were used. Both calibration strategies were
executed based on the regional sensitivity analysis (RSA)
described by Hornberger and Spear [33]. For the stationary
calibration, an RSA was performed over the whole period of
analysis, while for the dynamic calibration the same analysis
based on RSA was performed, but with a moving window.

To study the sensitivity and temporal variability of
the model parameters the Monte Carlo Analysis Toolbox
(MCAT) [22] was combined with the Muñoz et al. [30]
hydrological model.

MCAT starts by running several simulations with dif-
ferent parameter sets sampled from physically meaningful
ranges previously defined by the user. Then, it stores the
parameter sets, the model outputs, and the values of the
objective function(s) associated with each simulation, in
order to evaluate model behavior afterwards [30]. The main
analyses that were carried out in this study were (i) the
General Identifiability Analysis (GIA) and (ii) Dynamic
Identifiability Analysis (DYNIA) [22, 34]. Both analyses are
based on the RSA and consist of a graphical consolidation of
the results obtained from the MCAT simulations.

On one hand, GIA gives an overview of the probability
distribution function (pdf) and the cumulative pdf (cdf)
of individual model parameters for the best 10% of the

simulations based on the objective function (OF) computed
over the whole simulation period. GIA relates the influence
that each parameter has on the model outputs according to a
predefined OF. This is achieved through a graphical analysis
that compares the cumulative distribution curve of each
parameter versus the value of each parameter for different
intervals within the parameters’ range.Thus, a greater slope in
the cumulative distribution curve indicates that the analyzed
parameter has a strong influence on the model outputs. In
the same way a constant slope indicates that the model is not
sensitive to the parameter.

On the other hand, DYNIA carries out a similar sensitiv-
ity analysis, but instead of using the entire simulation period,
it considers a moving window of length 𝑛 defined by the user.
This window is moved through the available time-series in
a stepwise fashion; that is, at time step 𝑡, it computes the
residuals between 𝑡 − 𝑛 and 𝑡 + 𝑛. The size of 𝑛 is selected
depending on the time length in which each parameter is
influential and on the period that is to be studied. The
measure of model performance is then used to condition the
marginal parameter distribution at that particular time step.
A threshold is applied to consider only the best performing
parameter sets (the best 10% in this study) according to an
appropriate support measure.

In this study, windows of 3, 7, and 13 months were used,
aiming at (i) obtaining the greatest variability associated with
each parameter and objective function (3 months) and (ii)
obtaining interannual variability in parameters (7 and 13
months).

It should be noted that DYNIA processes a great amount
of information that varies with modeling time, objective
function, and number of parameters. Thus, its graphical
representation consists of a grayscale graphic where the
darkest shading at any time step represents the steepest
slope of the cumulative distribution curve, that is, greater
identifiability. Similarly, lighter shading represents a gentler
slope of the cumulative distribution curve and therefore lower
identifiability (see Figure 3). A further description ofGIA and
DYNIA can be found in Wagener et al. [34, 35] and Wagener
and Kollat [22].

In this study, GIA was used to constrain model parame-
ters according to their identifiability and therefore to calibrate
the model as stationary with time-invariant model param-
eters. DYNIA was used to identify the time variability of
the most identifiable parameters and to calibrate a dynamic
model. Then, further analyses were carried out based on the
comparison of both calibration strategies.

5.1. Stationary Parameter Calibration. For the stationary
parameter calibration, the method described by Muñoz et al.
[30] was used as summarized below.

(1) Estimation of the adequate number of simulations:
because the MCAT is based on random trials, it
normally requires a large number of simulations to
cover the widest spectrum of possible simulations.
The number of Monte Carlo simulations was esti-
mated via trial and error, where the stop criterion was
met when the correlation (according to the Pearson
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Figure 3: Dynamic Identifiability Analysis plots for the RMSE OF and for 3, 7, and 13 months and for parameters 𝐴 (plots a, b, and c, resp.),
𝐶max (plots d, e, and f, resp.), and 𝐶𝑘 (plots g, h, and I, resp.). The dashed lines show the 5 and 95% confidence limits, the black lines show the
relative time-series of the streamflow data, and the blue lines show the time-series of highest identifiability for each time-window analyzed.

correlation coefficient) between uncertainty bands
(calculated as a linear correlation between the time-
series of the upper and lower limits of the bands of
uncertainty) of two different trials, but with same
number of simulations, was equal to or greater than
0.999. Under this criterion, it was determined that
the adequate number of simulations for this study is
10,000.

(2) Identifiability of the input modification factors:
because it is possible for the inputs to not be represen-
tative of the hydrometeorological characteristics of
the basin, the model considers the possibility of mod-
ifying them in terms of amounts in order to ensure
the closure of the long-termmass balance. To do this,
factors 𝐴 and 𝐵 serve the function of modifying the

precipitation and potential evapotranspiration series,
respectively.Therefore, the identifiability analysis was
first performed on 𝐴 and 𝐵. These factors were
constrained according to their positive identifiability
and through an iterative process of constraining and
then repeating the 10,000 Monte Carlo simulations.
The stop criterionwasmetwhen𝐴 and𝐵did not show
further identifiability and then the mean value of the
parameter range was used as a calibrated factor.

(3) Identifiability of the model parameters: due to the
parameter interactions, various Monte Carlo simula-
tions were carried out, in which the ranges of each
were constrained in accordance with its observed
identifiability from GIA. If the parameter showed a
range which has a positive influence on the model
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outputs (i.e., positive identifiability), the parameter
was constrained to that range. From this analysis the
new range of an identifiable parameter was defined
and then a new iteration (Monte Carlo simulations)
was carried out.
A steeper slope in GIA indicates that the parameter
is more observed (or repeated) in that range and
therefore is identifiable in that range. Otherwise, a
gentler slope indicates that themodel parameter is not
identifiable in such range and therefore was used to
discard a nonidentifiable range of a model parameter.
In this way, the range assigned to a particular param-
eter was constrained. The experiment was repeated
in order to observe identifiability in the remaining
parameters related to the aforementioned one. The
exercise stopped when identifiability was not further
observedwithin the range defined for each parameter.

5.2. Dynamic Parameter Calibration. An approach similar to
the GIA calibration was used for the dynamic calibration,
but instead of time-fixed, that is, stationary, parameter values,
time-variant parameters were used, following the variability
observed in the DYNIA. The calibration procedure is sum-
marized below.

(1) To define the adequate number of random trials for
the Monte Carlo analysis, the same analysis as for the
stationary calibration was used.

(2) Dynamic identifiability of the input modification
factors: as described above, factors 𝐴 and 𝐵 serve in
modifying the precipitation and potential evapotran-
spiration series, respectively. Therefore, the Dynamic
Identifiability Analysis was first performed on 𝐴 and
𝐵 starting with the one that showed the highest
identifiability.The criterion to estimate the factorwith
higher identifiability was the highest slope in the cdf
plot for the best 10% of the models (highest slope in
the GIA plots).
Then, to obtain the time-varying factor identifiability,
the same criterion as above was used but along
a moving window. Therefore, the darkest shading
for every time step was used to define the most
identifiable value of the factor (or parameter) along
time.

(3) After ascertaining the time-series of the identifi-
able parameter, it was processed, and its seasonality
(based on the mean monthly value of parameter) was
recorded. Then, a seasonal parameter was incorpo-
rated into the model for model calibration instead of
a fixed (stationary) parameter.

(4) The same approach was then repeated for the remain-
ing input modification factor, and then the same
method was used for the dynamic calibration of the
most identifiable model parameters.
It is important to point out that (i) the procedure
consists of an iterative procedure where dynamic
calibration is performed for each parameter one at

a time and (ii) the parameters that did not show
seasonality after DYNIA were calibrated as fixed
according to the GIA.

The analysis was performed using the full range of each
parameter aimed at covering the full spectrum of variations
that can present the different parameters along the moving
window.

5.3. Objective Functions. For the analysis, three objective
functions were used to analyze the influence of the hydrolog-
ical processes in the different parts of the hydrograph used.
The Root-Mean-Square Error (RMSE), transformed root-
mean-square error (TRMSE), and runoff coefficient error
(ROCE) were used (see (1)). These functions were selected
because they are focused on the analysis of high flows, low
flows, and the mass balance, respectively [36, 37]:

RMSE = √
1

𝑛

𝑛

∑

𝑗=1

(𝑆
𝑗
− 𝑂
𝑗
)

2

,

TRMSE = √ 1
𝑛

𝑛

∑

𝑗=1

(

(1 + 𝑆
𝑗
)

𝜆

− 1

𝜆

−

(1 + 𝑂
𝑗
)

𝜆

− 1

𝜆

)

2

,

ROCE = abs(
𝑄
𝑠

𝑃

−

𝑄
𝑜

𝑃

) ,

(1)

where 𝑂
𝑗
and 𝑆

𝑗
are the observed and simulated flows,

respectively, 𝜆 is related to the Box-Cox transformation for
the data series with a value of 0.3, and 𝑄/𝑃 represents the
mean annual runoff coefficient and is calculated by the rate
between themean annual flow𝑄 and themean annual rainfall
𝑃 for the simulated (𝑠) or observed (𝑜) flows.

5.4. Model Implementation. The hydrological model was
implemented on a monthly time step. Due to the data
availability, 17 years of hydrometeorological records were
used for calibration (1961–1977) and validation (1978–1994).
Additionally 10,000 simulations by iteration were carried out,
drawing random values from each parameter according to
their initial or constrained range.The initial range considered
is shown in Table 1.

Parameter values, simulated flows, and related OF values
were stored for each iteration. Then, using this information,
GIA and DYNIA were carried out.

It is important to point out that the streamflow stationwas
destroyed by a flood in 1995 and thus from then on no new
records are available at this location.

6. Results and Discussion

6.1. Hydrological Processes Representation. Results of the GIA
(not shown here) revealed that for RMSE, TRMSE, and
ROCE the most identifiable parameters were 𝐴, 𝐶max, and
𝐶
𝑘
.Therefore, the DYNIAwas carried out only on these three

parameters.
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Table 1: Description of the model parameters and adjustment factors range for the rainfall-runoff module.

Parameter Units Description Influence over Parameter range

𝐶max [—] Maximum runoff coefficient when the subsurface
layer is saturated

EI 0.1 0.7

𝑃Lim [mm] Limit of rainfall over which PPD exists PPD 50 1000

𝐷 [—] Percentage of rainfall over 𝑃Lim transformed into
PPD

PPD 1 100

𝐻max [mm] Maximum capacity of the soil layer to retain water 𝐶max and ER 200 700

PORC [—] Fraction of𝐻max that defines the soil water
content restricting the evaporation processes

𝐻crit and ER 1 100

𝐶
𝑘

[—] Subterranean runoff coefficient ES 0.1 0.7
𝐴 [—] Adjustment factor of the precipitation data PM 0.5 2.5

𝐵 [—] Adjustment factor of the potential
evapotranspiration data

PET and ER 0.5 2.5

EI: direct runoff; PPD: direct deep percolation; ER; real evapotranspiration; ES: subterranean runoff; PM: precipitation; PET: potential evapotranspiration.

Figure 3 shows, for example, the dynamic identifiability
plots according to the RMSE. It is observed that the shorter
the time-window used for the DYNIA is, the more variability
the time-series shows (e.g., Figures 3(a), 3(d), and 3(g)), and
therefore wider areas are covered by the 90% confidence
limits (area between the dashed lines) and the parameter
is less identifiable. These results are probably related to
uncertainties and noise in data (rainfall, evapotranspiration,
and streamflow data), which are reduced and averaged
out with larger time-windows. But also with larger time-
windows, less variability can be observed in parameter series
and aggregated responses are observed mainly because with
a larger time-window the DYNIA tends to approximate a
GIA. Figures 4, 5, and 6 summarize the information from the
DYNIA plots for 𝐴, 𝐶max, and 𝐶𝑘 and according to RMSE,
TRMSE, and ROCE OFs, respectively. The boxes show the
25th and 75th percentiles (bottom and top blue lines) for each
parameter, while the monthly average is shown by a red plus
sign. Figures 5 and 6 do not show the boxes for the ROCE,
because 𝐶max and 𝐶𝑘 did not show identifiability on this OF.

Figure 3 shows that parameter 𝐴 achieves values greater
than 1 for the three OFs studied. 𝐴 fulfills the function
of correcting for orographic precipitation amounts. This
parameter allows the long-term mass balance to be closed.
In the cordillera and precordillera in south-central Chile, it is
necessary to carry out this correction due to the absence of
meteorological stations in the high zones of the Andes, due
to which the increase in orographic precipitation is not well
measured by the available instruments [25]. Similar analyses
have been carried out byMuñoz et al. [30, 38, 39], and Zúñiga
et al. [40].

Figure 3(a) shows that parameter𝐴 exhibits greater iden-
tifiability during high-flow periods (darker shaded areas and
narrower ranges in high-flow periods). Figure 4 shows the
seasonal variation of each parameter using boxes with the
25th and 75th percentiles (bottom and top blue lines) and
the average (red plus sign) of the monthly time-series of each
parameter.The range between the 25th and 75th percentiles is
narrower for the rainy season (May–October), indicating that

𝐴 is more identifiable in winter than in summer (December–
March) (wider box) and suggesting that 𝐴 is highly related
to orography. Moreover, these results suggest that, for better
representativeness of the rainfall amounts in the basin, the
measured and interpolated data need to be amplified about
1.25 to 1.45 times in the rainy period.

Parameter 𝐴 is not identifiable (wider box) in summer
because there is no rainfall that needs to be corrected. Similar
results were obtained by Muñoz [4] in the Polcura River
basin, close to the basin under study, in south-central Chile.
These results suggest that the documented phenomenon
of orography described by previous studies (e.g., [23, 25])
must be considered as part of the main hydrometeorological
processes of the basin.

Parameter 𝐶max represents the maximum runoff coef-
ficient that is reached when the subsurface storage system
becomes saturated, and it is related to the surface runoff
processes.
𝐶max exhibits seasonal variability for RMSE (time-

window of 3 and 7 months) and TRMSE (time-window of 3
months) (Figure 5). Comparing the dry and wet season, low
parameter values are observed during summer (an average
of about 0.2), which are related to less surface runoff, while
the highest parameter values are observed during the rainy
season (May–October), mostly withmean values between 0.3
and 0.4. However, the results suggest not only an influence
of rainfall variability, but also the fact that geomorphology
has a strong influence on surface runoff values and variability.
More than 80% of the study area presents rocky and fractured
formations [41]. This type of geology along with steep hill-
slopes influences the maximum runoff coefficient, which
reaches only 0.2 during the dry period and up to 0.4-0.5
in rainy periods. Despite the high rainfall amounts that can
occur in the Chillán basin throughout the year and its high
slopes, the maximum runoff coefficient is not as high as
would be expected. This is probably related to the volcanic
nature of the basin and the high permeability of the soil layers
[27].Therefore, these results suggest that surface runoff tends
to be reduced by infiltration and percolation processes.
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Figure 4: Seasonal variation of parameter 𝐴 based on the DYNIA for the RMSE (left column), TRMSE (central column), and ROCE (right
column) OFs and for 3 (top), 7 (middle), and 13 (bottom) months.

In addition, the observed seasonality has a direct connec-
tion to the rainfall patterns of the zone, in which there are
greater 𝐶max values in periods with increased precipitation
and therefore a greater degree of saturation in the surface
layers of the basin.

Regarding variability of 𝐶max observed with the OF
ROCE, a clear trend is not observed. Lower identifiability was
observed in the dynamic identifiability plots (summarized by
Figure 5) than in the RMSE and TRMSE, probably because
ROCE is focused on the mass balance, and thus the runoff
rates will be, relative to the other functions, much less
identifiable than, for example, rainfall adjustment factor 𝐴.
This suggests that the OF ROCE is only adequate to study the
mass balance of the basin; after achieving it with the model,
no further processes can be clearly identified.

Figure 6 shows the seasonal variation of parameter 𝐶
𝑘
,

which represents the proportion of the subterranean storage

system that becomes the base-flow. It is observed that 𝐶
𝑘

shows higher identifiability during low-flow periods (darker
shadings in Figure 3(g)), indicating that it is more influential
on model outputs during summer, where the only observed
discharge is the base-flow. Similar results can be found in
Figure 6 where the boxes become narrower during summer.

Additionally, 𝐶
𝑘
tends to be larger during winter periods

than during summer. This behavior is probably due to the
type of geology described in the study area by SERNA-
GEOMIN [27] (fractured volcanic rocks), which favors the
rapidmovement of groundwater.Thus, as the basin recharges,
the proportion of the deep storage that is discharged as base-
flow also increases (in winter and early spring) increasing
the 𝐶

𝑘
values, and then when the catchment starts to get

dry the deep storage contribution decreases and therefore the
proportion of groundwater storage that becomes the base-
flow, that is, 𝐶

𝑘
, decreases.
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Figure 5: Seasonal variation of parameter𝐶max based on the DYNIA for the RMSE (left column), TRMSE (central column), and ROCE (right
column) OFs and for 3 (top), 7 (middle), and 13 (bottom) months.

For the TRMSE, it is observed that 𝐶
𝑘
values tend to be

more bounded than the rest of the analyzed OFs, suggesting
that the TRMSE is adequate for studying base-flow dynamics.

These results are in line with the expected conceptual
behavior of a volcanic basin with high slopes and highly per-
meable and fractured soil layers. The DYNIA is an adequate
method to observe the main hydrological process dynamics
and to perform a dynamic calibration strategy because it
recovers the natural variability of identifiable processes.

6.2. Stationary against Dynamic Calibration. To compare
both strategies of calibration, OF values were compared
(Table 2). Also the Nash–Sutcliffe efficiency index (NSE)
related to each calibration strategy (stationary or dynamic)
and related to each OF was included to better discuss the
model results.

Table 2 shows the OF values for the stationary and
dynamic calibration of 3, 7, and 13 months. For the RMSE
and TRMSE, the stationary calibration shows slightly better
values than the dynamic approach, which is counterintuitive.
However, for the 13-month time-window, the dynamic cal-
ibration shows a better RMSE value during the validation
period and also shows a slightly smaller value than that for
calibration. Something similar is observed for the TRMSE.
The calibration-validation varies from 0.483 to 0.606 with
a stationary calibration while it varies from 0.503 to 0.605
for a time-window of 7 months and from 0.489 to 0.585 for
a time-window of 13 months. This indicates that although
with dynamic calibration better values are not achieved, the
validation tends to be better (smaller). In other words, the
difference between calibration and validation values tends to
be smaller in a dynamic than in a stationary calibration.
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Figure 6: Seasonal variation of parameter 𝐶
𝑘

based on the DYNIA for the RMSE (left column), TRMSE (central column), and ROCE (right
column) OFs and for 3 (top), 7 (middle), and 13 (bottom) months.

Table 2: OF and NSE-related values for the stationary and dynamic strategies of calibration.

Stationary Dynamic
Calibration Validation Calibration (1961–1977) Validation (1978–1994)
1961–1977 1978–1994 3 months 7 months 13 months 3 months 7 months 13 months

RMSE 4.327 4.694 5.343 4.464 4.475 6.173 4.754 4.455
TRMSE 0.483 0.606 0.571 0.503 0.489 0.676 0.605 0.585
ROCE 0.001 0.006 0.002 0.000 0.000 0.010 0.007 0.008

NSE-related
RMSE 0.840 0.860 0.774 0.841 0.843 0.785 0.867 0.872
TRMSE 0.840 0.860 0.740 0.827 0.843 0.779 0.867 0.869
ROCE 0.840 0.850 0.728 0.770 0.749 0.734 0.757 0.758
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A stationary model calibration seeks to maximize the
agreement between observed and simulated streamflows
in the evaluation period; therefore, all parameter values
are defined to maximize a measure of evaluation (i.e., an
objective function). On the other hand, dynamic calibration
is performed to maximize the measure of evaluation as well
as hydrological process representativeness. These processes
(represented by parameters) have exhibited interannual vari-
ability and seasonality. The observed seasonality was realistic
for processes such as orography, surface runoff, and ground-
water runoff in a mountainous Chillán river basin.

As many authors have discussed (e.g., [12, 17, 18]), hydro-
logical processes vary in time, and therefore a dynamicmodel
should better simulate basin behavior and its processes.
The narrower range observed for the calibration-validation
analysis suggests that a dynamic model tends to be better
(more robust) than a stationary model and tends to better
approximate realistic basin behavior. Moreover, the dynamic
calibration also contributed to a better understanding of the
system under study and was a very useful option in poorly
understood basins such as Chilean Andean basins.

When we compare the ROCE no benefits are observed in
the dynamic calibration.This is probably due to theOFwhich
is only focused on the mass balance and therefore does not
take into account the hydrological processes of the basin and
the exact shape of the hydrograph while a good water balance
is achieved. Further studies using ROCE for studying the
mass balance combined with a secondary OF for comparing
the shape of the hydrograph can be recommended for the
future.

The NSE-related values show the same behavior as
discussed above. Validation NSE values tend to be slightly
better with the dynamic calibration (7 and 13 months),
suggesting that the model representativeness is improved by
including the dynamic variation of parameters in the model
conceptualization and its equations.

This study has shown for an Andean basin that, using a
time-varying approach for model conceptualization, a better
(more robust and representative) model can be obtained,
which is in full agreement with the results of Oudin et al. [18].

7. Conclusions

Stationary (with fixedmodel parameters) anddynamic (time-
varying parameters) calibration strategies were performed
based on the General and Dynamic Identifiability Analyses,
respectively.

The General Identifiability Analysis was performed to
maximize the agreement between simulated and observed
streamflows, while the Dynamic Identifiability Analysis also
aimed to better represent the variability of basin processes.

The DYNIA proved to be a very useful option for
studying data-sparse basins such as the Chillán en Esperanza
river basin. DYNIA, combined with a conceptual model,
was an adequate option for obtaining realistic information
about hydrological process variability in the basin.Therefore,
DYNIA contributed to a better understanding of a data-
sparse mountainous basin.

Time variability of processes such as the orography,
surface runoff, and base-flow was observed and moreover
modeled.

Dynamic calibration proved to be better than stationary.
Although stationary calibration resulted in better OFs in
calibration, the dynamic model presented better validation
values. Additionally, the differences between calibration and
validation were lower with the dynamic calibration strategy,
suggesting that the dynamic conceptualization and formu-
lation of a hydrological model are better (more robust) and
more realistic than in a stationary model.

The results shown in the present study suggest that the
incorporation of hydrological dynamics in models must be
considered in the modeling stage, not only for a better
measurement of the OFs but also because it is the most
adequate option for representing the hydrological processes
that predominate in the basin and the variability that they
could have in time.

This study helped to improve our understanding of
the hydrological processes related to groundwater runoff,
surface runoff, and the orographic effect produced in a data-
sparse Andean catchment. Regarding the seasonality of these
processes, it was observed that they could be directly related
to fluctuations in model inputs and are probably related to
climate variability and change.

Further studies which include larger scales variability
such as climate change trends and variability, caused by, for
example, the El Niño Southern Oscillation phenomenon, are
recommended.

It is expected that including these dynamics in modeling
will help make forecasts and predictions less uncertain and
more representative of the hydrological processes in the study
area.
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[12] E.Muñoz, J. L. Arumı́, andD. Rivera, “Watersheds are not static:
implications of climate variability and hydrologic dynamics in
modeling,” Bosque, vol. 34, no. 1, pp. 7–11, 2013.

[13] K. Beven, “A manifesto for the equifinality thesis,” Journal of
Hydrology, vol. 320, no. 1-2, pp. 18–36, 2006.

[14] G.Wriedt andM.Rode, “Investigation of parameter uncertainty
and identifiability of the hydrological model WaSiM-ETH,”
Advances in Geosciences, vol. 9, pp. 145–150, 2006.

[15] P. C. D. Milly, J. Betancourt, M. Falkenmark et al., “Stationarity
is dead: whither water management?” Science, vol. 319, no. 5863,
pp. 573–574, 2008.
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Revista Chilena de Historia Natural, vol. 80, no. 2, pp. 225–242,
2007.
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Watersheds located within amountain to coast physiographic setting have been described as having a highly interconnected surface
water and groundwater environment.The quantification of groundwater—surface water interactions at the watershed scale requires
upscaling. This study uses MIKE SHE, a coupled numerical model, to explore the seasonally and spatially dynamic nature of
these interactions in the Cowichan Watershed on Vancouver Island, British Columbia, Canada. The calibrated model simulates
a transition of the Cowichan River from mostly gaining within the valley, to losing stream near the coast where groundwater
extraction is focused. Losing and gaining sections correlate with geological substrate. Recharge across the watershed accounts for
17% of precipitation. Climate change is projected to lessen snowpack accumulation in the high alpine and alter timing of snowmelt,
resulting in higher spring and winter river discharge and lower summer flows.

1. Introduction

Watersheds located within a mountain-to-coast physio-
graphic setting are unique in that they have been described
as having a highly connected surface water and groundwater
environment [1]. The high degree of coarse alluvial material,
coupled with a steep topographic setting, creates conditions
whereby the surface water and groundwater systems strongly
interact. In regions where the climate is seasonally dry, the
principal source of water within a stream is often from the
discharge of groundwater [1–3]. Streams, however, may also
recharge the aquifer, particularly during the freshet (e.g.,
[4]). These relationships are often poorly understood aspects
of the hydrology within a mountainous watershed. Water
balances, including estimates of recharge and discharge, are
also highly variablewithin this type of setting, especially since
the climate gradient (heavy precipitation in the mountains to
relatively low precipitation near the ocean) is both seasonally
and spatially variable. Also, there is a high degree of geological
variability (shallow or exposed bedrock near the crest of the
valley, and alluvium of variable thickness and composition

within the valley). Management of water in such watersheds
thus requires sound understanding of a range of hydrologic
processes and particularly those factors that influence the
interaction of groundwater and surface water at a range of
spatial and temporal scales [1, 2, 5].

Coupled groundwater–surface water models are being
increasingly used to examine a variety of environmental
interactions, including interactions in small mountainous
catchments [6]; solute transport [7, 8], flood wave modeling
[9], catchment water resource management and understand-
ing [10–17], the role of aquifer heterogeneity [18, 19], and
wetland alterations and aquaculture [20, 21].

This study aims to contribute to the knowledge of surface
water and groundwater interactions within a mountain-to-
coast watershed, specifically through investigating how these
interactions may be influenced by different stressors within
the watershed. The study area is the Cowichan Watershed,
situated on Vancouver Island in British Columbia, Canada
(Figure 1). The steep topographical setting and geological
conditions create conditions whereby the groundwater and
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Figure 1: Location of the Cowichan Watershed, British Columbia, Canada.

surface water systems are dynamically coupled. The water-
shed is comprised of several catchments, covers an area
of approximately 930 km2, attains a maximum elevation of
approximately 1483metres abovemean sea level (masl) in the
headwater region to the west, and terminates at sea elevation
near its eastern extent. Cowichan Lake has a surface area
of 62 km2 and stretches nearly 31 km from west to east. The
Cowichan River flows from the headwaters at Cowichan Lake
eastward for nearly 45 km to the estuary in Cowichan Bay
near Duncan.

The watershed itself is a vast valley with a large accumu-
lation of valley fill sediments, flanked by valley walls with
thin veneers of soil. The climate is temperate with cool and
wet fall and winter seasons, while the spring and summer
months are warm and typically much drier. There is a strong
precipitation gradient (decreasing to the east) due to a rain
shadow effect. The lower coastal section of the watershed
receives half the amount of precipitation (∼1000mm/year)
than that received at Lake Cowichan (∼2000mm/year). It
is estimated that the mountainous regions at the western
boundary of this watershed can receive up to 4500mm of
precipitation annually [22]. Most precipitation occurs during

the winter months, while very low amounts are measured in
the summer months. At most, snow accounts for ∼5–15% of
the total precipitation.

Thewatershed provides freshwater to over 43,000 people,
as well as agriculture and several forms of industry (fish
farms, paper mills, etc.). More than 530 surface water licenses
have been issued to divert water from streams and lakes
in the watershed, and more than 1,300 wells have been
drilled to pump water from the aquifers [23]. Water users
within the watershed include agriculture, industry, and urban
and rural water supply. There are several large water users
within the watershed including, the pulp and paper industry
(Catalyst Paper), fish hatcheries, and municipal water supply
(Figure 2).

Recently, seasonal fluctuations, and changes in the timing
of rainfall events have created challenges for managing
water in the watershed. The variability in seasonal rainfall
is extremely large; flooding conditions can occur in the
winter, while drought conditions can prevail in the summer.
Water demand puts added stress onto the hydrologic sys-
tem, as peak demands for water occur during the summer
low flow season. In 2012, the seriousness of the problem
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became obvious as returning salmon struggled to reach their
spawning locations; this gained attention from the press.
To address these issues and gain insight on the hydrologic
conditions, a coupled groundwater-surface water model was
developed using MIKE SHE [24]. The calibrated model is
used to assess groundwater recharge and discharge, estimate
the contributions of groundwater to the surface water system,
identify key gaining portions of the Cowichan River, and
evaluate the impact of localized pumping on the system.
Lastly, the model is used to project how future climate may
affect the dynamics of the hydrogeological system (over the
next 40 and 70 years).

2. Materials and Methods

2.1. The MIKE SHE Modeling Interface. MIKE SHE is a
deterministic and distributed modeling system that uses
finite difference representations in mass and energy and
measured empirical relationships to simulate aspects of the
hydrologic cycle [24]. At its core is a framework of modules
that are used to simulate the following processes: interception
and evaporation, overland flow, unsaturated zone flow, satu-
rated zone flows, and water quality. Rivers, lakes, and other
channels are operated in the one-dimensional model, MIKE
11, which is coupled directly to the MIKE SHE model. The
interception and evaporation module computes the actual
evaporation (AET) from an area using user-defined potential
evaporation (PET), using the Kristensen and Jensen [25]
model.Thismodel requires vegetation dependent parameters
such as leaf area index (LAI), root characteristics, and an
interception parameter. Unsaturated flow is calculated in 1D,
vertically. A soil moisture retention curve along with the
saturated hydraulic conductivity are defined for each soil class
spatially, and the vertical layer. Richards’ equation is solved,
and water flows from the unsaturated zone to the saturated

zone, or vice versa. The overland flow component simulates
runoff when the infiltration capacity of the soil is exceeded,
when groundwater discharges to the surface, or when streams
flood their banks. In this study, the flow solution utilized the
diffusive wave approximation of the Saint-Venant equation,
whereby topography, and theManning’s𝑀 coefficient control
the direction and rate of runoff, respectively. The saturated
zone flow component in MIKE SHE is 3D and is based
on Darcy’s equation. Boundary conditions such as fixed
head, zero flux, gradient, and specified flux are options
which control the flow of groundwater within the model.
Subsurface conditions are modelled as layers and lenses, with
representative hydraulic properties assigned.

As mentioned, MIKE 11 controls the routing of water in
rivers and lakes.The riversmodule comprises fourmain com-
ponents: the river network, river cross-sections, boundary
conditions, and hydrodynamic parameters. MIKE 11 solves
channel flow through the use of a 1D St. Venant equation
based on the complete dynamicwave formulation [26].MIKE
SHE and MIKE 11 are coupled through the use of river links
(ℎ-points). During a simulation, the amount ofwater entering
or exiting the linking cells is calculated based on Darcy’s
equation. Lateral inflows and outflow from overland flow
as well as river-aquifer exchanges are completed for each
computational time step [24].

2.2. Model Setup. The simulation period spanned January
1, 1998, to December 31, 2012 (the most recent date of
available data). It was important to capture the year 2012,
as the motivation for this study was the anomalously low
river discharge of the Cowichan River during the salmon
spawning season and the timing of late summer rains in that
year. The initial groundwater levels were assigned at ground
surface, as discussed below; therefore, the model had to spin
up to achieve a dynamically stable state in which the deep
groundwater levels no longer decline over time. It was found
that starting the model in 1998 was adequate for both spin up
and providing a suitable time frame (12 years) for analysis. All
data output time steps were set to 24 hours with the exception
of groundwater, which was set to 48 hours.

Themodel grid size was 200m by 200m. Topographywas
assigned using a 200m digital elevation model (DEM). The
model boundary conditions consist of a zero flux boundary
to represent the topographical boundary of the watershed,
and a specified head (sea level) within the alluvial layer where
the model meets the ocean and Cowichan Bay. Underneath
the alluvial layer, the bedrock layer is set to a zero flux
boundary. These boundary conditions attempt to mimic
groundwater discharge in a coastal environment, whereby
deep groundwater is directed upward when it intersects the
freshwater-saltwater interface. Thus, any discharge from the
bedrock will be directed upward to the surficial sediments
and subsequently out of the model. Overall, the assigned
boundary conditions route whatever precipitation falls onto
the model domain out of the model along three potential
pathways: evaporation, surface water termination at the
ocean, and groundwater discharge upward along the coast
and directly into the ocean.
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Figure 3: Method of applying meteorological data across the watershed to the MIKE SHE model.

2.3. Meteorological Data. Precipitation was imported into
MIKE SHE using a “station based” time varying format.
Throughout the watershed, annual precipitation ranged from
approximately 1000 to 5600mm/yr and was used as a basis
to divide the watershed into 10 zones based on an increase
of 500mm/yr per zone (Figure 3). Zones 1 and 2 were
represented by the precipitation recorded at the Kelvin Creek
climate station, while Zones 3 through 10 were represented
by the Forestry Research Station (Figure 3). To model the
increase in precipitation due to orographic and rain shadow
effects, a proration was applied to each zone, based on the
median amount of precipitation observed within that zone as
illustrated on Figure 3.

Air temperature was defined using the dataset from the
Forestry Research Station as there were negligible differences
between this station and the Kelvin Creek Station.The spatial
variation in temperature was modified from the station data
according to a fixed temperature lapse rate (Figure 4(a)).
The temperature recorded at the Jump Creek Snow Pillow
Stationwas used as a calibration for the temperature lapse rate
parameter.

Potential evapotranspiration (PET) was calculated using
the Penman-Monteith method, carried out using a soft-
ware package AWSET [27]. Daily climate data consisted of
mean air temperature, humidity, solar radiation, and wind
speed. Due to the variability of these climate parameters at
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Figure 5: Spatial and seasonal variations of leaf area index (LAI) within the Cowichan Watershed.

the watershed scale, PET was estimated by recording the
variability of daily mean temperature as it relates to altitude
and location (Figure 4(a)), and then mapping the spatial
variability of solar radiation (slope and aspect) within the
region using the solar radiation analysis tool in ArcGIS [28]
(Figure 4(b)).These two spatial datasets were then merged to
create a PET zone map consisting of 42 zones (Figure 4(c)).
The PET values were adjusted to an appropriate range based
on values in an area with similar climate [29, 30]. All 42
permutations were added to MIKE SHE as time series.

Precipitation, PET, and temperature were set input
parameters not subject to calibration, while parameters such
as temperature lapse rate and snowmelt parameters were
adjusted, through calibration, to match observed snowmelt

data recorded at the alpine Jump Creek Snow Pillow Station.
Table 1 shows the final snowmelt parameters.

2.4. Land Surface Data. The Cowichan region is classified
into twomain biogeoclimatic zones: Coastal Douglas-Fir and
Coastal Western Hemlock (BC Biogeoclimatic Ecosystem
Classification (BEC) system). Leaf area index (LAI) was
estimated using satellite reflection imagery and calibrated to
a published statistical relationship [31]. Observed data were
grouped into five land use classes (Figure 5). For example,
LAI values between 0 and 1 were grouped into Class 1 and
assigned a LAI value of 0, which spatially represents open
bodies of water, and urban areas. LAI values ranging from 5 to
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Table 1: Final parameters used for the snowmelt module.

Snowmelt parameter Value
Temperature lapse rate (∘C/100m) −0.495
Melting coefficient for thermal energy in rain (∘C−1) 0.3
Degree-day melting coefficient (mm/∘C/d) 1
Max wet snow fraction (Fraction) 0.3

10 were grouped into Class 3 and assigned a LAI value of 7.5 to
represent a moderate LAI and distinguish previously logged
areas. Classes 4 and 5 represent old growth and biologically
dense areas, respectively.

These classes were also defined in terms of phenology
to represent seasonal variations in vegetation density. Due
to the fact that the Landsat satellite image used in the
calculation of LAI was recorded in August of the year 2002,
it likely represented a maximum LAI value. The BEC system
suggests that most of the mature trees within the study area
are coniferous (Western Hemlock, Redcedar, Douglas-Fir,
lesser Arbutus, and Garry Oak); however, the understory is
made up of ferns and shrubs. Therefore, some variation in
LAI is expected [32]. Accordingly, Class 3 was assigned the
highest seasonal variation as it represents a deforested system
and, therefore, would largely comprise quickly inhabiting
deciduous trees (Cottonwood, Aspen, Alder, and various
shrubs). The seasonal variation for Classes 4 and 5 was
set lower, based on the assumption that the forest cover is
likely more mature and reflects the descriptions in the BEC.
Within MIKE SHE, a consistent rooting depth of 400mm
was applied. Rooting depths are typically dependent on
soil fertility and structure; however, Curt [33] suggests that
majority of root mass is concentrated within the top 400mm
of soil, regardless of soil quality.

Along with the spatially and time varying LAI dataset,
the vegetation module also contains ET parameters, which
can be altered based on site specific data. The parameters
include canopy interception (value of 0.05mm), which needs
be met before stem flow and ground infiltration can occur,
and empirical coefficients labelled C1, C2, and C3, which
relate to the Kristensen and Jensen equation used to calculate
actual transpiration and soil evaporation. Coefficients C1
and C2 are plant dependent and influence the distribution
between soil evaporation and transpiration.These parameters
were set to 0.3 and 0.2mm/d, respectively. The coefficient
C3 is soil dependent and controls the release of water at
certain matrix potentials and root densities; this parameter
set to 20mm/day. Finally, AROOT controls the fraction of ET
extracted as a function of depth, as larger values have a greater
range of ET and approach uniformity as the value nears 0. A
value of 0.25m−1 was used.

Overland flow is defined as the portion of runoff that
occurs as sheet flow. If rainfall exceeds the infiltration
capacity of the soil, water will move horizontally across the
surface, being routed by surface topography at a rate that
is calculated using the diffusive wave approximation. The
resistance to flow overland is controlled by the “roughness” of
the land surface, which can be inferred from land use/cover

maps. Each land classification or surface then needs to be
transformed directly into a number that assigns hydraulic
“roughness.”WithinMIKE SHE, theManning’s𝑀 coefficient
(reciprocal of Manning’s 𝑛), which is equivalent to the Strick-
ler roughness coefficient, controls the amount of friction and
the velocity at which water can move horizontally. The value
of 𝑛 is typically in the range of 0.01 (smooth channels) to
0.10 (thickly vegetated channels). There are several literature
sources for estimating Manning’s 𝑛 coefficients over a variety
of surfaces (e.g., [34–36]), although most values tend to
be modified through the calibration process. The initial
settings of Manning’s𝑀 were obtained from Engman [35] as
described below.

To represent the land surfacewithin theCowichan region,
a present land use/cover dataset was used (Figure 6(a)) [37].
To representmountainous streams, which are often very steep
and rocky, all streams within the model were converted to
points, assigned a high Manning’s𝑀 coefficient (100m1/3/s)
and merged with the land use dataset. Accordingly, urban,
forested, recently forested, agricultural, streams, and so forth,
are represented in terms of a Manning’s𝑀 within the MIKE
SHE overland flow module (Figure 6(b)).

2.5. Unsaturated Zone Data. The surficial soils dataset was
obtained fromLiggett andGilchrist [38], which is a simplified
form of the soil type classifications of Jungen [39], based
on the soil’s drainage ability (very poorly to well drained).
Surficial geology maps [40, 41] illustrate a thin coverage, or
veneer, of soil towards the valley side walls. To capture this
morphology, the soil map was further defined to include
additional underlying strata. Within ArcGIS, the watershed
was divided into two main zones, alluvium and bedrock. The
soil classification map was imposed on top of the geology
layer and a “merge analysis” was performed, adding the
underlying geological contact to the soil layer.Therefore, each
of the soil classes contains either an “A” (alluvium) or “B”
(bedrock) to signify the underlyingmaterial.The unsaturated
zone geology was then defined vertically within the model.
All soil classes, with the exception of “10A and 10B,” were
assigned a base of 2m below ground surface. Below 2m
depth, the underlying material (alluvium or bedrock) was
assigned. Classes 10A and 10B were described as thin soil,
and therefore, the unsaturated soil depth is 1m.WithinMIKE
SHE, each unsaturated zone requires a “to and from” depth,
which must be defined for the full range of the unsaturated
zone.Therefore, the depths of the underlying units (alluvium
and bedrock) were extended to a range deeper than the
maximum simulated thickness of the unsaturated zone (up
to 60m). Figure 7 illustrates the spatial pattern of unsaturated
soils, as well as an example of the vertical representation along
a cross-section.

The soil class properties were initially defined based
on the UNSODA unsaturated soil hydraulic database [42].
Texture class was assigned to each soil class (drainage ability)
according to values of saturated conductivity (𝐾

𝑠
) in the

literature. Table 2 shows the van Genuchten soil parameters.
As mentioned previously, to represent the deep unsaturated
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zone, additional unsaturated zone materials and properties
were included for alluvium and bedrock.

2.6. Saturated Zone Data. The saturated zone is based on a
conceptual model of an alluvial valley and bedrock, whereby
a deeply incised valley has been infilled with alluvial sed-
iments, while the mountainous upland areas are covered
with a thin veneer of unconsolidated material. Therefore, the
saturated zone consisted of two geological layers, “Alluvium”
and “Bedrock.” The layers’ setup requires both geological

layers to be present throughout the model domain and a
measurement to the bottomof the unit specified. To represent
the “thinning” of the alluvium material outside of the valley
(up the mountain sides), the thickness was set to near zero,
while the thickness of the alluvium within the valley ranged
from 0.1 to 125m.The underlying bedrock extended to 500m
so that the “active flow zone,” considered to be in the upper
200m, was fully captured [45–47].

To represent eachmapped aquifer in the valley, geological
lenses were added to the model. Each lens represents a
hydrogeological unit (HGU), which contains a top and
bottom elevation and a spatial extent to represent the unit’s
limits. The hydraulic properties for each of the designated
aquifer HGUs were obtained from a summary of all available
pumping and recovery test data [44]. Not all identified
aquifers contained a well that had a pumping test completed
and, conversely, pumping tests were completed within areas
that did not contain a classified aquifer. Where pumping
test data were not available, estimates from the literature
were used according to material type [48]. The geomeans
of hydraulic conductivity and specific storage provided the
initial estimates of parameter values for the model. Through-
out the calibration process, several of these values were
altered based on model performance. Table 3 shows the
final parameter values and Figure 8 shows the hydraulic
conductivity distribution throughout the watershed.

2.7. MIKE 11 Stream Network and Hydrometric Flow Data.
MIKE 11 models lake and river interactions using cross-
sections and assigned elevations. The lake and river network
was obtained from the BC Watershed Atlas [49]. Lake and
rivers were represented in 1D as single line segments, with the
extent of the feature defined by the width of the cross-section.
Once MIKE 11 is coupled with MIKE SHE, bed topography
and the extent of Cowichan Lake are specified in detail (3D).

Cowichan Lake has amajor influence on the hydrology of
this region; therefore, special care was taken to represent the
lake as accurately as possible. The bathymetry of Cowichan
Lake was defined by digitizing published bathymetry maps
[50]. Cowichan Lake has a surface area of 62 km2, a shoreline
distance of approximately 106.78 km, an estimated average
volume of 2.5 billion m3, an average depth of approximately
50m, and a maximum depth of approximately 160m.

The Cowichan River network was converted to river
nodes (ℎ-points) and river branches. Discharge and stage
levels are calculated at “𝑄” and “ℎ” points, respectively.
The discharge measurements at 𝑄-points (positioned half
way between each ℎ-point) are extrapolated from points
in between input cross-sections. Stage measurements are
calculated at all ℎ-points and are determined by the dynamics
of flow within the cross-sections. The coupling of between
MIKE 11 and MIKE SHE takes place at the ℎ-points.

Conductance values that control the flow of water
between the river and the groundwater systemwere estimated
solely from the subsurface geology hydraulic conductivity
values as shown previously in Figure 8. These values were
adjusted during model calibration.
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Figure 7: Conceptual representation of the variation of unsaturated zone soils within the MIKE SHE model, spatially and with depth.

Boundary conditions were assigned to the MIKE 11 river
network. A closed boundary was assigned to the upstream
end of the network, while an open boundary was assigned
to the mouth of the Cowichan River at Cowichan Bay. This
coastal open boundary consists of a water level condition,
whereby the tide variations observed at Patricia Bay were
used as input. The tide varies from 1.79 to 3.02m over the
simulation period.

The lake stage was initially specified at elevation of
160masl, with a global bed resistance Manning number of
30. All other parameters (wind factor, computation scheme,
and computation parameters) were set to MIKE 11 default
values.

2.8. Groundwater and Surface Water Extraction. To model
the influence that large water users have on the groundwater
and surface water levels within the Cowichan, the estimated
extraction rates were added to the model. Six large ground-
water users and one large surface water user were included
(see Figure 2). The majority of the pumping occurs near the
City of Duncan (see Figure 1) clustered around the lower
reaches of the Cowichan River. Most groundwater extraction
values were provided as monthly totals and, therefore, were
modified to be a constant pumping rate in cubic metres
per second (m3/s). The groundwater extraction rates for the
municipal wells peak during the summer season, nearly dou-
bling relative to the other seasons. The hatcheries generally
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Table 2: van Genuchten parameters for unsaturated zone materials.

Model classification
(drainage ability)

Residual
saturation (𝜃

𝑟
)

Saturated moisture
content (𝜃

𝑠
) 𝛼 (cm−1) 𝑛 𝐾

𝑠
(cm/d) Bulk1 density

(kg/m3) Texture class

(1) V. poor 0.1 0.38 0.027 1.23 2.88 1280 Sandy clay
(2) Poor to v. poor 0.095 0.41 0.019 1.31 6.24 1280 Clay loam
(3) Imperfect 0.034 0.46 0.016 1.37 6 1280 Silt
(4) Mod. well to
imperfect 0.067 0.45 0.02 1.41 10.8 1280 Silt loam

(5) Mod. well 0.078 0.43 0.036 1.56 24.96 1360 Loam
(6) Well to mod. well 0.1 0.39 0.059 1.48 31.44 1280 Sandy clay loam
(7) Well 0.065 0.41 0.075 1.89 106.08 1440 Sandy loam
(8) Rapid to well 0.045 0.43 0.145 2.68 712.8 1520 Sand
(9) Rapid 0.045 0.43 0.145 2.68 712.8 1520 Sand
Alluvial2 0.034 0.46 0.016 1.37 6 1280 —
Bedrock2 0.068 0.38 0.008 1.09 4.8 2400 —
1Bulk density from Linsley et al. [43], 2initial estimates.
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Figure 8: Spatial representation of the initial hydraulic conductivity
values.

have an opposite withdrawal schedule, with extraction rates
doubling in the winter season compared to the summer
season. The identified small and medium water groundwater
users were not included in themodel as most represent single
domestic wells. These small domestic users of groundwater
also likely have a septic system on the property (which
recycles a large portion of the groundwater back to the
subsurface), and therefore, the amount of water lost to the
system is thought to be minimal.

Only one large user of surface water was included in the
model. Catalyst Paper has an intake on the lower reach of the
Cowichan River near Duncan and withdraws water directly
from the river. The water leaves the watershed. An annual

withdrawal of approximately 50 to 60 million m3 is extracted
annually from this location. To model this abstraction, a
point-source inflow boundary condition, at the location of
the intake, was defined in MIKE 11. The inflow boundary
condition was set to a maximum withdraw of −2m3/s for the
entirety of the model simulation. This rate equates to the 63
million m3 of water extracted annually.

2.9. Model Calibration and Validation. The model was setup
to run for a simulation period of 14 years (1998–2012). The
calibration period for this model was 2002–2010 (8 years).
The validation period was from 2010 to 2012. The degree
of model fit or calibration was determined by correlation
statistics including the mean error (ME), residual mean
square error (RMSE), correlation (𝑅), and the Nash-Sutcliffe
efficiency.

Model calibration first focused on the climatic conditions
(snowmelt modeling). Snowmelt calibration consisted of
adjusting model parameters including degree day coefficient,
temperature lapse rate, and the max wet snow fraction.
Each parameter affected the simulated timing (onset and
release of snow) and the amount of snow accumulation.
Mean daily temperatures measured at the Jump Creek Snow
Pillow Station were used to calibrate the temperature lapse.
The snow water equivalent (SWE) recorded at the climate
stationwas used to calibrate the amount of water held in snow
storage in the alpine regions. The second phase of calibration
focused on the hydrometric characteristics. The calibration
consisted of adjusting the physical conditions of the MIKE 11
stream system, Manning’s𝑀 for overland flow and channel
flow, and the streambed leakage coefficients. The next phase
of calibration included comparing the measured stage and
discharge from MIKE 11 to observed lake level and hydro-
metric data. The Water Survey of Canada (WSC) maintains
three stations within watershed, measuring Cowichan Lake
levels (08HA009), Cowichan River stage/discharge near the
junction of Cowichan Lake to Cowichan River (08HA002),
and the stage/discharge of the Cowichan River near Duncan
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Table 3: Saturated zone initial hydraulic properties.

HSU1 Material Unit type Horizontal
extent (km2)

Initial 𝐾
𝑋𝑌

(m/s)
Initial 𝐾

𝑍

(m/s)
Specific
yield

Specific
storage (m−1)

178 Sand and gravel Surficial confined 19.0 6.37E-04 6.37E-05 0.2 9.33E-05
179 Gravel and sand Surficial unconfined 7.6 1.00E-03 1.00E-04 0.2 2.00E-01
180 Sand and gravel Surficial confined 8.4 7.06E-06 7.06E-07 0.2 1.00E-04
182 Shale Bedrock 31.6 1.97E-06 1.97E-07 0.2 1.40E-03
183 Sand and gravel Surficial confined 6.3 1.00E-03 1.00E-04 0.2 5.00E-04
185 Sand and gravel Surficial confined 14.9 1.00E-03 1.00E-04 0.2 5.00E-04
186 Sand and gravel Surficial unconfined 17.0 2.27E-02 2.27E-03 0.2 7.10E-04
189 Gravel and sand Surficial unconfined 10.5 8.68E-04 8.68E-05 0.2 4.46E-03
190 Sand and gravel Surficial unconfined 1.9 1.39E-04 1.39E-05 0.2 3.89E-04
191 Sand and gravel Surficial unconfined 3.2 1.00E-03 1.00E-04 0.2 2.00E-01
Alluvial Alluvium Unmapped aquifer 287.0 1.00E-05 1.00E-06 0.3 1.00E-04
Bedrock Bedrock Base unit 980.0 1.00E-07 1.00E-08 0.05 1.00E-06
Aquitard Clay Till Confining unit 46.2 3.17E-10 3.17E-11 0.02 1.00E-03
1HGUs numbered using the BC Aquifer Classification System numbering.
Values in bold represent the geometric mean from pumping test data [44].

(08HA011). The final phase of calibration focused on the
groundwater flow within the region, while still evaluating
the hydrometric characteristics. Calibration of groundwa-
ter levels within the saturated zone involved adjusting the
horizontal and vertical hydraulic conductivity and specific
storage. Calibration for groundwater level used the hourly
data from the Ministry of Environment (MOE) observation
well #204 within Aquifer 186, which has the longest period
of record. Historical static groundwater levels measured at
the end of drilling of domestic wells (both in alluvium
and bedrock) were used to verify the calibration. All other
modules (evaporation, soil hydraulic parameters) remained
constant during the model simulations due to the limited
availability of calibration data.

2.10. Climate Change Simulations. The general consensus
from the results of climate modeling in British Columbia
indicates that temperatures will generally rise, with the largest
increases occurring in the summer [51]. Precipitation is
projected to increase in the winter months and decrease in
the summer months. These trends are expected to increase
atmospheric evaporative demand, decrease snow accumu-
lation, accelerate snowmelt, alter groundwater storage and
recharge, alter timing andmagnitude of steamflow, and result
in a variety of ecological changes [51].

In order to assess how vulnerable the Cowichan Water-
shed is to the potential impacts of climate change, future
climate change data were used to force theMIKE SHEmodel.
Two MIKE SHE simulations were run (one representing the
2050s and one the 2080s). The projected climate change
impacts were assessed using the BC Regional Analysis Tool
[52]. Specifically, the climate projections from the “TreeGen
ensemble” were used [53–55]. The TreeGen downscaling tool
was applied to an ensemble of global climate models (GCMs)
and SRESAR4 emissions scenarios, with the results compiled
for the Province of BC. The results from Canadian Global

Coupled Model 3 (CGCM3)-A2 (five model runs) and the
Max-Planck Institute for Meteorology (MPI) ECHAM5-A2
(one model run) were used in this study. The A2 emissions
scenario was selected because it represents a “worst case”
scenario in terms of emissions, CO

2
concentrations, and the

resulting temperature increase [56].
Several datasets were extracted for the Cowichan area:

absolute temperature change (max, min, mean, andmedium)
and percent change for precipitation and relative humidity for
the time periods 2050s (2039–2069) and 2080s (2070–2099).
Figure 9 illustrates the absolute change in mean monthly
temperature and relative change (as a percent) in monthly
precipitation averaged across the study area. Temperature
is expected to increase between 1 and 3∘C during the
period 2050, and by as much as 2–5∘C for the 2080s time
period (Figure 9, left).The largest temperature differences are
expected from July to August and fromDecember to January.
(Figure 9, right) indicates that by the 2050s an increase in
precipitation of 10–20% is expected for thewintermonths and
a reduction by up to 20% in the summer months. This trend
continues throughout the 2080s, increasing by up to 30% in
the winter months, and decreasing by 40% in the summer
months.

Themeanmonthly climate shift factors (from the selected
models in the ensemble) for each future time period were
applied to historical data (1998–2012) from the Cowichan
Lake Forestry Research Climate Station and the Kelvin Creek
Climate Station. Specifically, the meanmonthly climate shifts
were applied directly (subtraction or addition to the mean
daily temperatures or% increase/decrease to the precipitation
rates) to the temporal climate datasets in MIKE SHE. The
model was rerun for two 14 years’ period (representing a shift
in the 1998–2012 climate data to each of the 2050s and 2080s
climate). The baseline climate data and future climate data
are discussed in the section on results of the climate change
models (see Results and Discussion).
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Figure 9: Projected climate shifts for the 2050s and 2080s for the Cowichan Region (TreeGen ensemble—A2 emissions scenario). Data from
Pacific Climate Impacts Consortium [52].

PETwas also adjusted for the climate change simulations.
The projectedminimum,maximum, andmean temperatures,
as well as the projected changes in relative humidity were
used to calculate new PET values to reflect the projected
climate. Again, the AWSET program was utilized to generate
daily PET using the Penman-Monteith equation. The shifts
to the temperature and humidity were added to the AWSET
program by subtracting or adding the absolute temperature
change to the min, max, and mean historical daily values, as
well as the relative percent change to the historical relative
humidity daily values. Modeled solar insolation and wind
speed remained the same. By the 2050s, PET is expected to
increase by 6.4 to 12.1% and by the 2080s by 11.9 to 21.2%
for climate zone 22 (dominant zone in the watershed). The
relative shifts in PET closely reflect the projected shifts in
temperature. The same relative change in PET (% change)

obtained for zone 22 was applied to the daily PET estimations
for the other 41 PET permutations.

3. Results and Discussion

3.1. Model Calibration and Validation. The calibration fit
statistics are given in Table 4. Figure 10 shows the fit for
the two hydrometric stations, and Figure 11 shows the
fit for groundwater level. In addition, measurements of
groundwater levels made following drilling and reported in
the BC WELLS database were compared to the simulated
groundwater levels for wells completed in alluvium and
bedrock. For the wells completed in alluvium, the 𝑅2 was
0.97 and the root mean squared error (RMSE) was 10.78 (𝑛 =
327). For the bedrock wells, the 𝑅2 was 0.70 and the RMSE
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Table 4: Calibration results for snowmelt, lake level, stream discharge, and groundwater level (1998–2010).

Calibration station Data type ME MAE RMSE STDEV
residuals 𝑅-correlation Nash-Sutcliffe

Jump Creek Snow
Pillow Station

Snow water
equivalent (mm) 112.27 162.60 297.45 275.49 0.92 0.80

Alpine Temperature
at Jump Creek

Air temperature
(∘C) −0.66 2.25 2.93 2.85 0.91 0.81

08HA009 Cowichan
Lake

Water level
(Stagemasl) 0.061 0.57 0.64 0.63 0.83 −0.63

08HA002 Cowichan
River Discharge (m3/s) 8.59 11.93 20.55 18.67 0.91 0.79

08HA011 Cowichan
River Discharge (m3/s) 15.95 19.56 32.59 28.42 0.89 0.72

Observation Well
#204-Aquifer 186

Shallow GW water
level (masl) 0.0025 0.24 0.31 0.31 0.86 0.74

∗ME = mean error; MAE = mean absolute error; RMSE = root mean squared error; STDEV = standard deviation.

was 21.5 (𝑛 = 189) with observed groundwater levels being
slightly overestimated, likely due to the fact that water levels
measured in bedrock wells following drilling have not fully
recovered and so would tend to be too low.

3.2. Water Balance. A water balance extraction was per-
formed following calibration. Of interest to this study are
the overall exchanges of water between different parts of the
model (e.g., between the river and groundwater), the amount
of recharge to the saturation zone, and the effect of pumping
on the hydrologic system. The total input of water to the
model occurs solely as precipitation (100% in input). Water
is then partitioned (runoff or overland flow, infiltration or
recharge to saturated zone, evaporation) and leaves themodel
through evaporation, boundary flow from the saturated zone
into the ocean, river boundary flow to ocean, surface water
extraction, or groundwater extraction, with some water in
various stores at any one time (e.g., snow storage, canopy
storage overland storage, subsurface storage, etc.).

Table 5 reports the total water balance for the Cowichan
Region including error (mm/year). Values are reported for
the water year (October 1 to September 30). Recharge is
shown in the last column as a separate item. Recharge is
computed from the exchange between the unsaturated zone
and the saturated zone, and therefore, does not appear in the
overall water balance for the watershed.

The water balance results must be examined carefully
because there are numerous exchanges that take place.There-
fore, the annual percentages do not add up. Overland flow
to river (Cowichan River) and ET are the dominant fluxes of
water within the Cowichan, constituting 55 and 43% of the
annual budget water budget. ET is lost from the watershed;
however, overland flow to river may, at other points in the
watershed, contribute to groundwater (through the river
to baseflow component) and perhaps return to the river
downstream (baseflow to river). Thus, these terms are linked
and likely elevate the overland flow to river component.
The baseflow (groundwater) to river and river to baseflow
(groundwater) represent exchange flows between the MIKE

SHE and MIKE 11 models. These exchanges take place at the
ℎ-points.

Thewater balance results suggest that the CowichanRiver
is approximately equal in the amount of water the river loses
and gains along its length.This relationship is very consistent
throughout each water year. The spatial representation of
this relationship is explained in detail later. Small negative
and positive values are reported for changes in overland flow
and snow storage, while 3% of the average annual budget is
accounted for by storage changes in the saturated zone. Over
the long term, unless the saturated zone is being depleted,
this should be zero. The amount of water pumped from the
major groundwater users in the lower valley accounts for
less than 1% of the total water balance. The average error
associated with the convergence of processes in the model
was approximately 1% over the calibration and validation
periods of the model.

Based on the detailed saturated zone water balance (not
shown), annual recharge (determined as the amount of water
exchanged from the unsaturated to the saturated zone) is
438mm/yr, or 17% of the annual precipitation (last column
in Table 5). This amount is determined from a yearly aver-
age over the calibration and validation period (2002–2012).
During this period, the amount of recharge to groundwater
varies (253–630mm/yr) accordingly with yearly variations in
precipitation. Taking into account the total variation in pre-
cipitation, recharge to groundwater ranges from 14 to 21% of
the total annual (WY) precipitation. Hydrogeological studies
in close proximity [57–59] have estimated recharge rates to
be from 23 to 45% of annual precipitation. However, these
recharge rates reflect recharge to individual unconsolidated
sand and gravel aquifers, rather than the net recharge across
the entire watershed (including low conductivity bedrock).

At a monthly time scale (results not shown), the temporal
variation in exchanges with surface water and groundwater
mimic closely precipitation variations. Groundwater entering
the Cowichan River dominantly occurs from December to
May (6-7mm/month) and is slightly lower from June to
November. The exchange from surface water to groundwater
follows a similar trend; as one might expect, a higher
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Figure 10: Cowichan River discharge calibration results at (a) hydrometric station 08HA002 and (b) at hydrometric station 08HA011 and
(c) at higher resolution for both stations. The calibration statistics are also shown for the calibration period (2002–2010) and the validation
period (2010–2012).

exchange occurs during the summer when the groundwater
table is depressed. Recharge also varies significantly through-
out the year. The highest recharge occurs in October and
November (>100mm/month), while a recharge deficit (P-ET)
is indicated in themonths of June, July and August, with peak
deficits at −28mm/month (loss of water from the saturated
zone to the unsaturated zone).This deficit is not only evident
in recharge, but also when comparing ET to precipitation

over that same time period. May also experiences negative
moisture conditions (ET being greater than incoming precip-
itation); however, recharge is still positive.These results likely
reflect the effect of the melting snowpack in the alpine. As the
snow melts, it infiltrates the unsaturated zone and eventually
reaches the saturated zone.

The year 2012 was particularly bad in terms of sus-
tained discharge within the Cowichan River. Discharge was
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Figure 11: Calibration of groundwater levels within Aquifer 186 using Obs. well #204.

Table 5: Simulated total water balance for each water year (WY) and yearly averages (mm/yr).

Year 𝑃 ET OL-flow to
river

OL storage
change OL-BF Baseflow

to river
River to
baseflow

SZ-storage
change SZ-BF Pump Total

error Recharge

WY-02-03 2563 −1061
−1458 −1 −71

−57 59 113 0 −24 62 371
WY-03-04 2804 −1187

−1465 −6 −71
−60 59 −58 0 −24

−10 582
WY-04-05 2484 −1207

−1355 −1 −66
−56 59 129 0 −24

−37 417
WY-05-06 2594 −1151

−1487 0 −73
−56 60 124 0 −24

−14 411
WY-06-07 3490 −1167

−2071 −16 −100
−69 64 −77 0 −24 31 630

WY-07-08 2393 −1161
−1336 10 −66

−62 60 153 0 −24
−32 385

WY-08-09 1504 −1081
−546 3 −34

−46 49 134 0 −24
−42 253

WY-09-10 2950 −1142
−1608 −7 −83

−67 58 −55 0 −24 20 539
WY-10-11 2794 −1100

−1631 2 −83
−68 59 61 0 −24 9 431

WY-11-12 2349 −1009
−1424 2 −72

−63 59 188 0 −24 6 357
Yearly Avg. 2593 −1127

−1438 −1 −72
−61 59 71 0 −24

−1 438
Water (%) 100 −43

−55 0 −3
−2 2 3 0 −1 0 17

𝑃 = precipitation; ET = evapotranspiration; OL = overland flow; UZ = unsaturated zone; BF = boundary flow; SZ = saturated zone.

extremely low, and there was very little precipitation in the
later summermonths. August and September of 2012 differed
the greatest from the average conditions in the Cowichan
Watershed. August 2012 had unseasonably low precipitation,
resulting in a very large moisture deficit (−102mm/month)
compared to the average of –73mm/month.This also resulted
in greater than 100% reduction in recharge during that
month. September was much the same; the moisture deficit

in September was −57mm/month compared to the +21
mm/month average. The climatic variations also caused
a recharge deficit in September (−26mm/month) as com-
pared to the average groundwater recharge of 13mm/month.

3.3. Recharge and Discharge Areas. Recharge is highly vari-
able across the watershed (Figure 12), which reflects the
range of parameters that influence recharge: the rate and
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Figure 12: Averaged (2002–2012) and classified spatial distribution
of recharge and discharge throughout the Cowichan Watershed.

annual amount of precipitation, the rate of evapotranspi-
ration, topography and surface roughness coefficients, the
hydraulic properties of the unsaturated soil, and, likely most
importantly, the depth to the water table from ground surface
(unsaturated zone thickness). Areas with a thin soil cover,
high amounts of precipitation, and a permeable subsurface
material with a groundwater table close to surface will have
recharge that is orders of magnitude greater than areas will
less precipitation, a low permeability substrate and a deep
groundwater table. Figure 12 show a gradient of recharge
from west to east. This gradient results primarily from the
precipitation patternswithin the valley, as yearly precipitation
values in the west are several times larger than the east.There
are several relatively small circular areas of highly focused
recharge.These anomalous areas likely represent topographic
depressions in the DEM, where water ponds and infiltrates
throughout the simulation.

To assess the accuracy of the discharge features simulated
by themodel, the location of observed groundwater discharge
features, such as springs and wetlands, were superimposed
over the simulation results (Figure 12). The simulated linear
seepage faces along the northern valley slopes correspond
well to observed locations of springs. As well, observed
wetland features tend to correspond with low topographic
depressions within the lower valley where groundwater
discharge occurs. Most discharge features throughout the
watershed are situated in the valleys flanked by steep ridges.
The discharge occurs as saturated zone to overland exchange.

3.4. Groundwater/Surface Water Interactions. Exchanges at
the watershed scale are largely controlled by variations in
subsurface lithology, including depth to bedrock and aquifer
properties [60, 61]. For example, exchanges that occur in

reaches of the Cowichan River where surface water overlies
bedrock directly are controlled largely by the hydraulic
conductivity of the bedrock, whereas, in other locations, the
Cowichan River passes through zones of permeable alluvial
deposits where the river channel is deeply incised into the
alluvium. Valley width may also affect exchanges [60, 61].

To illustrate the influence of geology on exchanges, the
Cowichan River itself (A-A) was used as a cross-section
(Figure 13(a)). This cross-section illustrates the material in
contact with the river bed, the depth to bedrock or where
bedrock is exposed in the river bed, and the thickness of the
alluvial sediments. Also imposed on the figure are the relative
positions (at 𝑦-metres away from the river) of the surface
water diversion and groundwater extraction wells to the
nearest point of the river. All of the groundwater extraction
wells are within unconfined sand and gravel Aquifer 186.
Figure 13(b) shows the gaining and losing portions of the
river, alongside the geology based on the annual exchanges
simulated in 2008. For the majority of the up-river reaches,
the Cowichan River is a gaining system (with the exception
of a reach from 19500 to 21000m, near Stoltz Pool). However,
further down valley where the relief is lower, the river
becomes predominantly losing. Large volumes of water are
lost where the river crosses Aquifer 186. Right at the coast,
the Cowichan River gains water, as would be expected in a
coastal setting due to the presence of the saltwater-freshwater
interface at depth, which directs fresh groundwater discharge
upwards along a seepage face. As this was a freshwater
model, the actual interface was simulated by placing zero flux
boundaries in the bedrock and forcing discharge to exit the
model domain through the alluvium.

Groundwater discharge into the river is highest during
the spring season (when groundwater levels are highest) and
lowest during the fall (when groundwater levels are low)
(Figure 14). Losing conditions are the greatest (most negative)
during the winter months when the stage of the river is
high and the groundwater table may still be low (due to lag
time), resulting in a higher hydraulic gradient. At 44000m,
the exchange conditions shift from predominantly losing to
predominantly gaining, but the magnitude of the exchange
varies seasonally. When groundwater levels are greater than
the river stage (evident inMarch of 2008), the river is gaining,
which illustrates how important groundwater levels are to
conditions in the river.

As shown in Figure 15, the river is dominantly losing in
the area where a number of wells are concentrated. To assess
whether the pumping conditions within the lower reaches
of the river are the cause of losing conditions, the model
was rerun with the groundwater extraction rates set to zero.
Figure 15 shows the results of the simulationwith andwithout
pumping for 2008. While the overall shapes of the curves
are consistent, there are differences in the magnitudes of
exchanges (highlighted within the ovals). With no pumping,
the losing condition that is evident at 43000 and 44000m
during pumping becomes dominantly a gaining condition.
Within the losing segments, the large negative peaks are
lessened with no pumping, nearby, and at a fairly large
distance (kms) from the wells. This result suggests that the
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Figure 13: (a): the subsurface geology underlying the Cowichan River. Blue stars show groundwater wells and the red star shows the surface
water diversion (pumping wells: S-COD/N-COD—City of Duncan wells, MHH—Marine Harvest Hatchery, N.Cow—North Cowichan well,
VIH—Vancouver Island Hatchery, and CRH—Cowichan River Hatchery). (b): simulated annual exchanges between the Cowichan River and
the aquifer.

pumping wells can lower the water table such that the effects
are manifested at large distances.

3.5. Comparison of Simulated GW-SW Exchanges with Field
Data. In-stream data throughout the Cowichan Region are
limited due to data collection challenges including: the
bedrock and gravel river substrate makes installing piezome-
ters difficult; river discharge is high throughout much of the
year rendering it unsafe to make in-stream measurements;
and the perceived dangers of using of chemical tracers (e.g.,
solute and fluorescence tracers) on a Canadian Heritage
River. However, some data were collected during the sum-
mer low flow season in 2013 at a few in-stream locations
(S. Barroso, BC Ministry of Forests, Lands and Natural
Resources Operations personal communication). The data
include a series of in-streammini-piezometer measurements
of hydraulic head differences between the river stage and
shallow groundwater levels within the river bed (using a pres-
sure manometer board), as well as seepage rates between the
shallow aquifer and the riverbed (using the same piezometer
apparatus as a seepage meter). The seepage measurements
(volumetric flow) and the modeled MIKE SHE exchange
flow values were converted to a flux (m/s), by dividing the

measured flow by the surface area. An additional source data
came from snorkel surveys (fish count and habitat) that have
beenhistorically conductedwithin theCowichanRiver (Mike
MCCulloch, BC Ministry of Forests, Lands and Natural
Resource Operations, personal communication). Fish count
numbers, as well as descriptions of the habitat, were made.
Indications of groundwater welling (gaining reaches of the
river) often coincide with areas where fish counts are large
and decrease in the temperature of the water.

Figure 16 shows the geographic positions of the gaining
portions observed from snorkel surveys (blue markers), the
locations of losing portions from seepage measurements (red
markers), alongside the model results. The model is accurate
overall in representing the gaining and losing conditions
along the Cowichan River. Groundwater welling indicated by
the snorkel surveys correlate well with the gaining conditions
in the majority of the upper Cowichan River, although
the gaining conditions from the model are not strong due
to the low hydraulic conductivity of the sediments and
bedrock within that portion of the river. Overall, the first
40,000m (40 km) of the river is dominantly gaining (small
magnitude), while the bottom 10,000m (10 km) is losing
(large magnitude).
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Figure 14: Seasonal variations in GW-SW interactions for the lower
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on GW/SW interactions.

3.6. Climate Change Simulation Results. The climate change
results were analyzed over the last 10 years of the full 14-
year simulation period to avoid the model spin-up time. The
results represent a ten year time span during each of the 2050s
and 2080s. Compared to the annual water balance values for

the baseline model, the following trends are observed over
time (baseline to 2050s to 2080s):

(i) precipitation increases, with subsequent increases in
runoff (overland flow) to the Cowichan River;

(ii) evapotranspiration increases;
(iii) all other aspects of the water balance remain fairly

constant, including recharge, which is shown to
increase only slightly; the estimated changes in
recharge are within the uncertainty (error) range in
the model.

Table 6 summarizes the changes to precipitation, ET, and
recharge on a monthly basis for the baseline model and the
2080s (as amounts and percent changes). Key observations
are as follows:

(i) precipitation rates increase (relative to baseline)
from September through to June, with the greatest
increases in April, October, and November;

(ii) ET rates increase (relative to baseline) throughout the
entirety of the year, with the greatest increases from
December to January;

(iii) recharge rates increase (relative to baseline) for all
months except June andAugust; the greatest increases
(63%) occur in September.

The most noticeable effects of climate change within the
Cowichan Watershed are related to snow. The continued
increases in temperature consistently decrease the amount
of snow accumulation (water storage) and alter the melt
timing (earlier melt) as projected for other regions of BC
and the Pacific Northwest [62–64]. Snow accumulation
within the Cowichan is especially sensitive to climate change
due to the dependancy of altitude for snow accumulation
(currently simulated at above the 200masl snow line). A
warmer climate means that rain, as opposed to snow, will
fall at progressively higher elevations during the winter
months and elevations where snow accumulation is currently
limited may have less winter snowpack and that snowpack
will melt rapidly. Figure 17 illustrates the simulated spatial
snowpack for the Cowichan region under the current climate
condition, the 2050s, and the 2080s. A drastic decrease in
snow accumulation is projected for the 2050s and 2080s.
The snowpack becomes increasingly restricted to higher
elevations, controlled largely by the temperature lapse rates,
as temperatures within the valley are largely above 0∘C.
Both the spatial extent of the snowpack and the amount of
accumulationwithin snowpack areas are greatly reduced.The
timing of peak snowmelt also shifts from May-June to early
January (results not shown).

As larger portions of winter precipitation fall as rain in
future, the amount of water stored as snowpack decreases sig-
nificantly, which greatly alters river flow dynamics through-
out the year [51]. In general, in the Cowichan, the freshet will
occur approximately 44 days earlier by the 2050s, and >100
days earlier by the 2080s.The simulated earlier freshet season
results in increased peak flows during the winter months
and lower flows during the summer and fall. Figure 18 shows
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locations.

Table 6: Comparison of mean monthly water balance results for the baseline and 2080s (mm/month and percent change).

Parameter Precipitation ET Recharge
Scenario Baseline 2080s % change Baseline 2080s % change Baseline 2080s % change
Jan 464 549 18% −60 −74 23% 60 61 2%
Feb 221 252 14% −70 −85 21% 25 29 16%
Mar 309 352 14% −86 −100 16% 53 57 8%
Apr 154 200 30% −110 −124 13% 20 27 35%
May 98 114 16% −138 −154 12% 18 26 44%
Jun 55 59 7% −146 −161 10% −7 −4 43%
Jul 35 27 −23% −138 −152 10% −26 −31 −19%
Aug 43 34 −21% −108 −113 5% −20 −19 +5%
Sep 92 104 13% −81 −87 7% 8 13 63%
Oct 253 315 25% −66 −75 14% 103 124 20%
Nov 456 545 20% −54 −63 17% 126 136 8%
Dec 418 481 15% −53 −64 21% 65 68 5%

the Cowichan River discharge (at the 08HA011 hydrometric
station) near Duncan throughout the simulation for the base-
line and climate change simulations. The higher resolution
time series (bottom) shows that the peak flows in the winter
increase by asmuch as 100m3/s, while snowmelt-driven flows
are no longer observed and summer flows are more than 50%
less. These trends are fairly consistent for all model years.
The hydrologic results are consistent with results of studies
for other areas of BC [65, 66]. The simulation results suggest
that the decreased summer flowsmay put additional stress on
already sensitive aquatic habitat.

4. Conclusions

The MIKE SHE model was developed for the Cowichan
Watershed with the intent to simulate the regional hydrology.
Simplifications and assumptions were necessary to represent
the unsaturated zone, the saturated zone, and the surface

hydrology at a large scale. The following points summarize
the key findings of the study:

(i) the Cowichan River is dominantly gaining in the
upper reaches except at a few isolated locations. At
lower elevation, the river becomes dominantly losing;

(ii) the aquifer hydraulic properties appear to be themain
control on the magnitude of exchange that occurs, as
most exchange occurs through the aquifers with the
higher hydraulic conductivities;

(iii) groundwater recharge over the extent of the water-
shed is spatially variable and ranged from approxi-
mately 253 to 630mm/yr, with a mean of 438mm/yr
(17% of the annual precipitation);

(iv) recharge varies significantly throughout the year. The
highest recharge occurs in October and November
(>100mm/month), while a recharge deficit (P-ET) is
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Figure 17: Simulated spatial snowpack SWE (mm) for baseline,
2050s, and 2080s.

indicated in the months of June, July, and August,
largely reflecting precipitation patterns;

(v) simulated groundwater discharge locations coincide
with mapped springs and wetland areas;

(vi) evapotranspiration ranges from 0.5 to 10mm daily
and is estimated at 1126mm annually (44% of the
annual precipitation);

(vii) the water balance for year 2012 (extreme low flow
conditions in the Cowichan River) shows signifi-
cantly lower amounts of recharge and precipitation,
with increased evapotranspiration, when compared
to average conditions;

(viii) groundwater pumping noticeably affects exchanges
between the Cowichan River and the aquifer within
the lower valley (near Duncan). Exchange conditions
at this location change from gaining (no pumping
included in the model) to losing (pumping included).
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Figure 18: Simulated Cowichan River flows under baseline and
climate change conditions.

Within the losing segments of the river, the large neg-
ative peaks in losses are lessened with no pumping;

(ix) climate change is expected to influence the Cowichan
Watershed in the following ways: precipitation and
subsequent runoff increases; evapotranspiration
increases; while all other aspects of the water balance
remain fairly constant, including recharge, which is
shown to increase only slightly;

(x) climate change simulations show significant alter-
ation to the accumulation of snow within alpine
regions, as the snowpack in the 2080s simulation
become increasingly limited to higher elevations.
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Temporal changes and spatial patterns are often studied by analyzing land-cover changes (LCCs) using spaceborne images. LCC is
an important factor, affecting runoff within watersheds. The objective was to estimate the effects of 20 years of LCCs on rainfall-
runoff relations in an extreme rainfall event. A 1989 Landsat TM-derived classificationmapwas used as input for aKinematic Runoff
and Erosion (KINEROS) hydrological model along with the precipitation data of an extreme rainfall event. Model calibration was
performed using measured runoff volume data. Validation of the model performance was conducted by comparing the model
results to measured data. A similar procedure was used with a 2009 land-cover classification map as an input to the KINEROS
model, along with similar precipitation data and calibration parameters, in order to understand the possible outcomes of a rainfall
event of such a magnitude and duration after 20 years of LCCs. The results show an increase in runoff volume and peak discharge
between the time periods as a result of LCCs. A strong relationship was detected between vegetation cover and the runoff volume.
The LCCs with most pronounced effects on runoff volumes were related to urbanization and vegetation removal.

1. Introduction

Land-cover mapping and monitoring can serve as important
indicators of landscape and environmental status, distribu-
tions, and patterns. A common and effective way to better
understand temporal changes, as well as the spatial variability
of an area, is through the study of land-cover change (LCC)
and its analysis [1–3]. LCCs are caused by human activities
and in many cases have local and regional impacts on popu-
lations [4].There is a growing awareness of LCCs importance
and their impacts in order to gain a better understanding of
their effects on hydrologic, ecologic, climatic, and biologic
processes over space and time [5–8]. One of these processes
is the effect of LCC on runoff regime within a watershed.The
LCCs are often related to urbanization, a shift to agriculture,
afforestation, and vegetation removal [1, 9–12].

The impact of LCCs on the landscape features of water-
sheds greatly affects slopes and channel flows [13]. One of

the most influential changes is urbanization, as urban areas
increase runoff rates and peak discharges due to increased
imperviousness and reduced infiltration of precipitation [14–
17]. Moreover, vegetation removal, which usually accompa-
nies the process of urbanization, is responsible for the reduc-
tion of rainfall interception and storage and, in arid/semiarid
regions, the creation of physical crusts [18]. Other LCCs can
be attributed to the use of land resources for agricultural
activities, leading to the replacement of grasslands and
forested areas with croplands [9]. The spatial distribution
and patterns of land-cover dynamics are crucial factors in
estimating imperviousness along the slopes and quantifying
the areas that contribute runoff to the channels that drain the
watershed area [19]. Understanding the spatial variability and
patterns in LCCs can greatly improve the process of deter-
mining the most influential LCCs and other environmental
factors on rainfall-runoff relationship [20].
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Expected worldwide climate-change trends are likely to
introduce shifts in the frequency and intensity of extreme
climatic events, including increase in mean annual tempera-
tures and increase/decrease in mean annual rainfall, depend-
ing on the region in question [21, 22], and will have a strong
impact on hydrologic regime in the watershed scale. Future
global trends predict an increase in heavy precipitation events
[21].This projection and its probable effects on the hydrologic
regime in the watershed scale led to the decision to focus
on one storm event, with a return period of 50 years. The
problem at issue is dealing with the extensive urbanization
processes occurring worldwide, which are most likely to
increase runoff and consequently endanger the urban areas
along stream channels during future extreme storm events
[23]. These expected climate-change trends highlight the
importance of quantifying the shifts in land-cover through
time since the last extreme storm, in order to predict the
outcome of a similar hazardous event in the future and the
effects it may have on the well-being of the population within
the watershed.

Several means for observing LCCs have been developed
and documented. Satellite images have a great potential for
monitoring and analyzing LCCs both temporally and spa-
tially [24]. In this study, remote-sensing data was integrated
with geographic information system (GIS) techniques. In the
scope of this work, LCCs as well as patterns and distribution
were monitored and analyzed using remote sensing and GIS
techniques and then implemented into a hydrological model
in order to estimate their effects on the hydrologic patterns
caused by a sever rainstorm in a watershed scale [17, 25].

The hydrological model that was chosen for this study
was KINEROS2, for two main reasons: (1) it was originally
designed for arid and semiarid regions and is appropriate
for the research area; (2) it is an even-based model and suits
the study scope of modelling a single hydrological event
[26, 27]. Moreover, this research implements statistical and
spatial analyses for studying spatial and temporal LCCs and
hydrological trends. In order to quantify temporal LCCs,
a statistical ordination approach was used, after which the
LCC effects on runoff volume were analyzed using GIS
spatial analysis tools. Land-cover patterns effects of runoff
volume were also analyzed spatially, using spatial statistics
GIS tools. The aim of this work was to estimate the temporal
effects of LCCs on rainfall-runoff relationswithin theYarkon-
Ayalon watershed, Israel, on a subbasin scale. The specific
objectives were twofold: (1) to extract and characterize land-
cover classes, for each subbasin, using satellite imagery for
assessing LCCs between two time periods, 20 years apart; (2)
to use the LCCs findings, together with the data of an extreme
rainfall event scenario, in order to simulate runoff variables
for past and present land-cover status.

2. Methodology

2.1. Study Area. The research was conducted within
the Yarkon-Ayalon watershed, located in central Israel
(Figure 1(a)), due to its hydrologic vulnerability. This
watershed contains the most densely populated region of the
country: Tel Aviv and some of its satellite cities [28]. The

watershed is divided by the border between Israel and the
West Bank, Palestinian Authority (PA), hence the limitations
on conducting extensive field research and the inevitable
need for a remote sensing tool and LCCmonitoringmethods.
This area has experienced an extensive urbanization process
during the past decades, at the expense of agricultural and
natural areas [14, 29].

The Yarkon-Ayalon watershed has a total drainage area of
1,805 km2, originating in the Samaria Mountains, located in
the PA in the east and draining west towards the Mediter-
ranean Sea. There is a large variability in elevation along
this watershed, with its headwaters defined as mountainous
and reaching altitudes of about 800–900 meters above sea
level (Figure 1(b)) [30, 31]. The watershed area is located in
a semiarid climate zone with a mean annual precipitation of
about 550mm and a mean annual discharge of 43 million
cubic meters (MCM) [23].

The Yarkon-Ayalon watershed consists of several soil
types, as a factor of slopes and geological characteristics.
Soft rocks (chalk and marl) and harder rocks (limestone and
dolomite) are both abundant. The soils in this region are
mostly terra rossa and brown rendzina along the eastern
region of the watershed, while the plains along the central
area are characterized by gromosols [32]. Most of the vege-
tation in the watershed area is composed of Mediterranean
forests, woodlands, and shrubs, such as Palestine oaks,mastic
shrubs, carob trees, terebinths, Poteriums.

The research area contains a wide array of land-cover and
land-use types, some of which are still natural while most are
controlled andmanaged.These include forests, different types
of residential land-uses (high/low density, built/unbuilt areas,
large cities, and villages), industrial areas, commercial areas,
roads, grasslands, agricultural lands (row crops, orchards),
and quarries. All of these differ in magnitude, size, quality,
and shape between Israel and the PA.

The research was conducted on a subbasin scale. There-
fore, the Yarkon-Ayalon watershed was partitioned into six
subbasins according to the locations of the Israeli Hydro-
logical Service hydrometric stations: Yarkon, Beit Dagan,
Shilo, Natuf, Kana, and Lod (Figure 2). Each subbasin was
chosen according to hydrometric data availability and was
studied independently. As demonstrated in Figure 2, the
Yarkon subbasin contains both the Kana and Shilo subbasins,
and the Beit Dagan subbasin comprises the Natuf and Lod
subbasins. In 1957 a reservoir named Mishmar Ayalon was
built at the eastern part of Lod subbasin, in order tominimize
the peak discharges during severe flooding events, and was
never breached. This means that the outflow volume runoff
and discharge values that were measured at the hydrometric
station represented only the runoff generated downstream
from the reservoir. Therefore, the Mishmar Ayalon drainage
area was excluded from the Lod and Beit Dagan subbasin
areas (Figure 2).

2.2. Hydrological Model and Tools. The model used in the
course of this research for simulating runoff within the
Yarkon-Ayalon watershed was KINEROS2 [26, 27]. This
model is designed for assessing runoff rates and volumes
in ungauged watersheds in arid and semiarid regions. It is
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Figure 1: Yarkon-Ayalon watershed: (a) watershed location within Israel and theWest Bank (WB), Palestinian Authority (PA); (b) watershed
elevation map.

a physically based, distributed, event-oriented, and rainfall-
runoff model, which simulates runoff response over the
watershed.Thewatershed is divided into two types of spatially
distributed model elements with a specified connectivity: (1)
overland flow elements or planes (polygons) and (2) channel
elements (lines).These elements can be oriented so that a one-
dimensional flow can be assumed. Surface flow is simulated
for all planes and channels using a finite difference solution of
the one-dimensional kinematic wave equations [26, 33–35].

KINEROS2 describes a Hortonian overland flow from
complex watersheds and accounts for the spatial and tem-
poral variability of rainfall input. It deals with processes
of rainfall, interception, infiltration, overland flow, open
channel flow, erosion, sediment transport, reservoir routing,
and sedimentation [33, 34, 36]. The current research focuses
on the rainfall-runoff process only. A detailed and thorough
description of the model, its processes, and mechanisms can
be found inWoolhiser et al. (1990) and Semmens et al. (2008).

The choice of KINEROS2 was based on its capability to
simulate runoff in semiarid regions, which is appropriate
for the climate regime along the Yarkon-Ayalon watershed.
Moreover, this study aimed to examine the spatial behavior

and characteristics of one storm event. KINEROS2, being
an event-based model that deals with specific storms, was
suitable for the purpose of this study.

The model is operated using a GIS interface named the
AutomatedGeospatialWatershedAssessment (AGWA2) tool
[27, 37, 38]. It was developed in order to implement two
models: KINEROS2 and the Soil and Water Assessment
Tool (SWAT) via a GIS interface. The data requirements
for running the AGWA2 tool include elevation, classified
land-cover map, soil map, and precipitation data. The model
input variables are derived from these data using look-up
tables (LUTs), provided by the tool. The model requires
first generating the watershed outline followed by dividing
it into model elements. The desired model is then chosen
(KINEROS2 in this case), after which the soils and land-cover
maps, along with LUT data, are entered into the system, and
the storm event precipitation data is generated in order to
complete the input dataset. The model can then be calibrated
and run, and the simulation results can be displayed. The
model output includes runoff, sediment yield, infiltration,
peak runoff rate, and peak sediment discharge [27, 38].
The current study focused only on runoff simulations since
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Figure 2: Yarkon-Ayalon watershed partitioned into six subbasins
according to hydrometric stations. The number within each sub-
basin polygon represents its area.

gauged validation data for the other output variables were not
available.

2.3. Model Input Data. In order to meet the model’s require-
ments, the Yarkon-Ayalon watershed was initially divided
into six different subbasins according to available hydromet-
ric data for validation of the predicted results (Figure 2). Each
of these subbasins was modeled separately, and model results
were analyzed. Figure 3 shows the model’s flowchart that is
specified hereinafter.

A digital elevation model (DEM) was essential for
providing elevation data. The DEM for this research was
produced from optical stereo data acquired by the Advanced
Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) that operates on the NASA Terra platform and has
a spatial resolution of 30m [39].

Soil data was represented through a digital soil map of
theworld provided by the Food andAgricultureOrganization
(FAO) of the United Nations (UN) and the UN Educational,
Scientific and Cultural Organization (UNESCO). It was last
updated in 2003 and has a spatial resolution of 1 : 5 million
[40].

The model used a specific extreme rainfall storm that
occurred between December 29, 1991, and January 3,
1992, and had an average rainfall depth of 165mm over

the study watershed. Raw precipitation data from 24 stations,
within and in vicinity of the watershed, were extracted from
the Israeli Meteorological Service. The Thiessen polygon
interpolation method [41] was conducted in order to receive
estimations of precipitation values for each subbasin. Based
on aGeneralized Pareto Distributionmethod [42], this storm
event is known to have had a precipitation return period
of 50 years and led to the loss of 12 lives nationwide,
damaged agricultural yields, and direct damage to buildings
and infrastructure. Several main cities along the shoreline in
central Israel were flooded, and the storm events during this
winter were officially classified as a “natural disaster” [23].
Within the Yarkon-Ayalon watershed, some 153 million cubic
meters (MCM) was discharged (compared to a mean annual
discharge of 43MCM)with amaximumdischarge of 491m3/s
[23, 43]. Finally, a saturation index between 0.14 and 0.93 was
entered into the model, representing the initial relative soil
saturation [44].

Land-cover data was extracted using satellite imagery. In
order to understand the temporal effect of LCCs on rainfall-
runoff relationships, a model simulation of the same storm
event, given the land-cover data status of a time period
20 years later, was implemented. This required using two
images, both from the Landsat Thematic Mapper (TM), with
a 30m spatial resolution; the earlier image, representing
the land-cover status during the time of the selected storm
event, was acquired on December 17, 1989, and the second
image was acquired about 19 years later, on January 3, 2009.
The two images underwent radiometric and atmospheric
corrections, as well as a topographic correction, due to the
steep topography of the research area. All of these processes
were carried out using Atmospheric/Topographic Correction
(ATCOR) software that is specifically detailed in Richter
(1998, 2010) [45, 46].

Six different land-cover classes were then decided upon
in order to examine LCC through the years: (1) residential
areas; (2) agricultural land; (3) orchards; (4) natural areas;
(5) forests; and (6) bare exposed rocks, mines, and quarries.
In order to extract land-cover patterns and distribution, a
supervised maximum likelihood classification technique was
conducted for both images [47], followed by an accuracy
assessment procedure against high resolution orthophoto
data, using 600 validation points. The methods chosen for
classification accuracy assessment and evaluationwereKappa
coefficient and overall accuracy as calculated from an error
(confusion) matrix [48, 49].

Since each of the land-cover classes has its own charac-
teristics, they were expressed and linked to the land-cover
classes through the LUT; each of the six land-cover classes
received representative values for the following variables:
estimated canopy cover, interception, Manning’s roughness
coefficient, and imperviousness (percent paved area), specif-
ically detailed by Miller et al. (2007) and Semmens et al.
(2008). The LUTs are provided by the AGWA2 tool and can
be modified by the user.

2.4. Model Calibration, Validation, and Output. TheAGWA2
tool provides a number of output variables. In this work,
the focus was on outflow runoff volume (m3) and maximum
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Table 1: Calibration and validation objective functions (OFs). Vobs and Vsim are the observed and simulated runoff volume values,
respectively; QMXobs and QMXsim are the observed and simulated peak discharge values, respectively; Qpred and Qsim are the simulated
and observed discharge values, respectively. 𝑖 denotes time increment.

Function Description
VOL = (Vobs ∗ 100

Vsim
) − 100 Total runoff volume ratio between simulated and observed measurements, VOL, in %.

PQR = (QMXobs ∗ 100
QMXsim

) − 100 Peak discharge ratio between simulated and observed measurements, PQR, in %.

ADPQ = QMXpred −QMXsim
Absolute deviation between peak discharges of simulated and observed measurements,
ADPQ, in m3/s.

MAQD = 1
𝑛
∑
Qpred (𝑖) −Qsim (𝑖)


Mean absolute discharge deviation between simulated and observed measurements,
MAQD, in m3/s.

RMS = √ 1
𝑛
∑
Qpred (𝑖) −Qsim (𝑖)



2 Root mean square discharge deviation between simulated and observed
measurements, RMS, in m3/s.

MXAQ = max Qpred (𝑖) −Qsim (𝑖)


Maximum absolute discharge deviation between simulated and observed
measurements, MXAQ, in m3/s.

peak discharge (m3/s) (Figure 3). For each subbasin, these
model output variables were simulated and examined. The
in situ measured data for these variables enabled validation
of the model results. The output map given by the model is
discretized and represented by a collection of plane elements
(polygons) and channel elements (polylines). Each element
has its own value of the variable being examined.

The evaluation process was carried out using objective
functions (OFs) as measures of the ratios and differences
between the simulated values derived by themodel, using the
1989 classification image as an input representing land-cover
status during the storm, and the observed data measured
during the actual rainstorm. In order to avoid bias, a number
of OFs, rather than a single one, were chosen to evaluate
the model accuracy [50, 51]. The calibration and validation
OFs are summarized in Table 1. The objective was to keep
the deviation between observed and simulated volume runoff
values (VOL) as low as possible and in all cases under 1%,
so that there was a minimum of 99% accuracy between
measured and predicted total runoff volumes.

The calibration process included changing the model’s
parameter multipliers, which are values used to adjust plane
and channel parameters (e.g., percent cover, interception,
roughness for planes, and width, depth, and field effective
saturated hydraulic conductivity) [27]. This was conducted
up to the point where VOL is under 1%.

All of the OFs were calculated separately for the six
subbasins. Each of the validation OF results was plotted
against the subbasins’ sizes (in km2). A regression model,
along with its significance level, was fitted in order to
determine the relationship between the model accuracy and
the subbasin size.

Initially, the model was simulated using the 1989 classifi-
cationmap, representing land-cover status during the rainfall
event of winter 1991-1992. In order to determine the changes
in rainfall-runoff relations caused by LCCs during a period
of 19 years, the 2009 land-cover map was entered into the
model instead of the 1989 map, while all other input variables
remained static (e.g., calibration parameters, soil saturation
index, precipitation data, soil map, and DEM). This was
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performed in order to examine a scenario in which a rainfall
event, with a fifty-year return period, occurs after 19 years of
LCCs and to evaluate any changes and trends in future runoff
volumes and peak discharges.

2.5. Analyses. Two major trends were analyzed from the
model’s simulated results. The first was a temporal trend,
determining whether LCCs throughout 19 years affected
runoff volumes and peak discharges in each of the six Yarkon-
Ayalon subbasins and towhat extent.The secondwas a spatial
trend evaluating the factors that best-explain the spatial
variability of the runoff volume across the different subbasins.

In order to conduct the temporal analysis, two factors
were examined: (1) LCC between 1989 and 2009, using the
land-cover maps; and (2) comparison of model results of the
two time periods and how they were affected by LCCs. The
first factor was analyzed by summing the total number of
pixels for each land-cover in each subbasin, for both land-
cover maps. The total number of pixels for each of the six
land-cover classes was compared between the two images
(1989 versus 2009) in order to analyze shifts. Then, the two
land-cover maps were overlaid and a transition map was
extracted, followed by summing up all of the transitions for
every subbasin. For example, if a pixel with an agriculture
land-cover type in the 1989 map was classified as a residential
type in the 2009 map, it was defined as an agriculture-to-
residential transition. For every subbasin, all of the pixels
having this transition type were summed. This led to a total
of 31 different transition phases (with “no-change” transition
being the same for all types of land-cover undergoing no
transition). The different transition phases for all subbasins
were converted into a transition matrix and normalized to
the area of each subbasin.Then, the transitions were analyzed
using principal component analysis (PCA) ordination in
order to determine which transitions were more pronounced
in each subbasin.

The second factor of the temporal analysis initially
involved conducting, for every subbasin, a comparison
between total simulated runoff volume and peak discharge
values, between the real rainfall event and the 2009 rainfall
event scenario, and between their land-cover representations
(1989 and 2009) in order to examine the runoff trends.
This step included spatially examining the LCCs. It was
performed by zooming into every plane element (polygon) in
the subbasin and exploring the changes within the subbasin’s
elements, by calculating the percentage change between the
two simulated runoff volume values (1989 and 2009) of every
plane element. Only the most pronounced changes in runoff
volumes were of interest, so only plane elements that had a
value of above or below 1 standard deviation (SD) percent
change were considered.The third step was to determine how
LCCs affected the runoff changes in these plane elements. To
do so, a zonal statistic tool for majority calculation of land-
cover classes was used [52] for each plane element that was
extracted in step 2.Thismeans that each plane element (lower
or higher than 1 SD of percent change) received one value
of the land-cover class that had the largest representation
within it. This was done for both time period images so that
a qualitative comparison could be performed for each plane

element that exhibited runoff changes satisfying the threshold
of ±1 SD.

The spatial analysis process was performed in order to
gain a better understanding regarding the environmental
factors spatially affecting the runoff trends and was con-
ducted only for the 2009 land-cover map. For every subbasin,
the simulated runoff volume values were considered as
the dependent variable. Three explanatory variables were
examined as predictors of the runoff volume: land-cover,
represented by the land-cover classification map, elevation,
represented by DEM, and vegetation cover, represented by
a normalized difference vegetation index (NDVI) map [53],
extracted from the 2009 image. In order to determine
the relationship characteristics between these explanatory
variables and the runoff volume, a geographically weighted
regression (GWR)was conducted.Thismethod is designed to
consider spatial data and nonstationarity, where the variable
estimates vary locally, and spatially varying relationships can
be explored [54, 55]. The results were expected to point
out the relations between the runoff volume and the three
explanatory variables, represented by regression coefficient
𝑅
2, for each subbasin.Themain goal was to understandwhich

variable, or combination of variables, affects runoff volume
variability the most for each subbasin.

Seven GWR tests were built and considered for each
subbasin.Theywere conducted for the runoff volume variable
against each independent variable separately, followed by
modeling paired independent variables against runoff vol-
ume and finally by running all three independent variables.
The model with the highest 𝑅2 for each subbasin implies
which variable, or combination of variables, had the strongest
effect on runoff.

3. Results and Discussion

3.1. Model Input Data. Figures 4(a) and 4(b) show the
Yarkon-Ayalon watershed after the classification process for
the two time periods investigated. The overall classification
accuracy and Kappa statistics for the two classification maps
are 81.3% and 0.75 for the 1989 map and 82.97% and 0.78
for the 2009 map, respectively. Using the Thiessen polygons
method, followed by weighting each interpolated polygon
relative to its portion within each subbasin, six rainfall depth
(mm) values were extracted, one for every subbasin. The
totals of these values range between 155.3mm and 172.1mm
for the five-day event (December 29, 1991–January 3, 1992).

3.2. Model Calibration, Validation, and Output. The 1989
model results are presented in Table 2, describing the sim-
ulated and predicted runoff volume values. The 1989 model
output values were introduced into the OF equations, along
with in situ measurements, in order to validate the model’s
accuracy.

The OF results are shown in Table 3, each calculated for
all six subbasins. The relationships between the OF results
and the subbasin sizes were studied using a regressionmodel,
supported by significance levels (𝑃 value). Figures 5(a)–5(e)
display these relations, along with the supporting statistics.
Mean absolute discharge deviation (MAQD), root mean
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Table 2: Observed total runoff volume (million cubic meters
(MCM)) for the storm event that was used for model calibration.
The right column shows the simulated runoff values from the 1989
model after calibration.

Subbasin 1991-1992 observed
values (MCM)

1989 values (MCM)
after calibration

Yarkon 42.93 42.77
Beit Dagan 30.63 30.35
Shilo 10.72 10.77
Natuf 16.74 16.65
Kana 8.37 8.39
Lod 8.81 8.88

square discharge deviation (RMS), and maximum absolute
discharge deviation (MXAQ) all show linear, significant
relationships to subbasin size, with 𝑅2 values of 0.9, 0.9,
and 0.95, respectively. The peak discharge ratio (PQR) and
absolute peak deviation (ADPQ) OFs are both measures of
peak discharges and exhibit a nonsignificant relationship to
subbasin size. It can be concluded, from the OF relationships
to the subbasin areas, that as the latter increases, so does
the deviation between the model simulations and in situ
measurements concerning discharge throughout the event
(Figures 5(a)–5(c)).When dealingwith peak discharge devia-
tion (Figures 5(d) and 5(e)), however, there is no significance
to the subbasin size, and the modeled results show large
inaccuracies.

The validation results demonstrate that a smaller sub-
basin is preferable to use with this model [56], as its simu-
lations are most likely to perform more accurately.

3.3. Temporal LCC Analysis. The first factor of the temporal
analysis includes examination of LCCs. Comparison results
of the land-cover trends between 1989 and 2009 for each
subbasin are shown in Table 4. For all of the subbasins, the
residential class went through the largest change.The number
of pixels classified as residential was more than doubled
during the 19 years examined. Lod shows the highest increase
in the number of residential pixels by 2009,more than tripling
the number of pixels in 1989. However, when considering the
percent change relative to the entire subbasin area, a different
trend emerges. The agriculture land-cover class in three of
the subbasins went through the largest change, showing a
decreasing trend between −6% and −13%. The other large
trend belongs to the residential land-cover class, implying a
shift from agricultural lands to residential areas. Shilo shows
a quite different behavior, with a relatively large decrease in
natural area (−15%) and an increase of bare rock (13.1%), due
to urbanization processes that involve vegetation removal.
Next, the transition phases for each pixel were derived by
overlaying the land-cover classification maps. Figure 6 shows
a biplot of PCA results. Components 1 and 2 explain a
total of 85.2% of the data variance. The direction of each
transition phase vector points at the subbasin it characterizes
the most, while the length of the vectors expresses the
portion of the transition occurrence relative to the other
vectors. All of the subbasins are mostly characterized by no
change at all, while Lod and Yarkon experienced the slightest
change. The Yarkon subbasin experienced transitions from
agricultural land, natural area, and orchards to residential
area. The Shilo subbasin had greater transitions from natural
areas, agricultural land, and orchards to bare rock than any
other subbasin, along with transitions from natural area to
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Table 3: The results of the objective functions (OFs).

Subbasin Size
(km2)

Total runoff
ratio (VOL)

Peak
discharge
ratio (PQR)

Absolute peak
deviation
(ADPQ)

Mean absolute
discharge deviation

(MAQD)

Root mean
square discharge
deviation (RMS)

Maximum absolute
discharge deviation

(MXAQ)
Yarkon 947 0.36 −14.08 80.48 138.71 182.73 356
Beit Dagan 557 0.93 −2.96 11.48 80.16 104.77 224.37
Shilo 357 −0.45 35.85 50.66 30.19 43.67 126.4
Natuf 242 0.53 −13.64 25.01 44.56 57.03 125.46
Kana 236 −0.22 −1.632 1.7 22 35.12 94.25
Lod 134 −0.77 10.81 11.77 20.24 29.28 83.62
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Figure 5: Evaluation of (a) peak discharge ratio (PQR); (b) absolute deviation between peak discharges (ADPQ); (c) mean absolute discharge
deviation (MAQD); (d) root mean square discharge deviation (RMS); and (e) maximum absolute discharge deviation (MXAQ) as functions
of the subbasin area by means of objective functions.
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Table 4: Changes in land-cover classes between 1989 and 2009. Values in bold mark the largest changes.

Land-cover
Number of
pixels in
1989

Number of
pixels in
2009

Change of specific
land-cover

between years (%)

Change out
of total

subbasin (%)

Number of
pixels in
1989

Number of
pixels in
2009

Change of specific
land-cover

between years (%)

Change out
of total

subbasin (%)
Yarkon Beit Dagan

Residential 45830 116316 153.80 6.97 30496 79637 161.14 8.27
Bare rock 92196 145011 57.29 5.23 88798 63719 −28.24 −4.22
Forest 5022 3106 −38.15 −0.19 7302 8132 11.37 0.14
Orchards 283741 315179 11.08 3.11 123224 121657 −1.27 −0.26
Natural area 290190 259873 −10.45 −3.00 159854 182431 14.12 3.80
Agricultural land 293927 171308 −41.72 −12.13 184744 138838 −24.85 −7.72

Shilo Natuf
Residential 9208 19917 116.30 2.81 6955 18969 172.74 4.65
Bare rock 41795 91806 119.66 13.12 55905 49271 −11.87 −2.57
Forest 765 434 −43.27 −0.09 1343 3015 124.50 0.65
Orchards 115226 146357 27.02 8.17 72206 82477 14.22 3.97
Natural area 132613 75376 −43.16 −15.02 81506 80775 −0.90 −0.28
Agricultural land 81483 47199 −42.08 −9.00 40662 24070 −40.80 −6.42

Kana Lod
Residential 6620 18149 174.15 4.57 7664 25545 233.31 12.50
Bare rock 22029 35127 59.46 5.19 10374 6229 −39.96 −2.90
Forest 839 760 −9.42 −0.03 4581 4048 −11.64 −0.37
Orchards 92137 103379 12.20 4.46 25067 12789 −48.98 −8.58
Natural area 80675 77806 −3.56 −1.14 33743 42701 26.55 6.26
Agricultural land 49997 16994 −66.01 −13.09 61650 51764 −16.04 −6.91
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Figure 6: Principal component analysis (PCA) biplot of the transi-
tion phases’ data. The land-cover classes represented are residential
areas (res), agricultural land (crop), orchards (orch), natural areas
(nat), and bare exposed rocks (rock).

orchards. The Natuf subbasin shows the highest transition
portions from bare rock to orchards and natural areas. The
main transition in the Kana subbasin was from agricultural

land to orchards. The Lod and Beit Dagan subbasins did
not experience any major transition, apart from agricultural
land transformation to residential areas, as did the Yarkon
subbasin.

It is worth mentioning that the decrease in orchard land-
cover occurred mostly in the Israeli side of the watershed,
while increase in orchards was observed mainly along the PA
part of the watershed. This can be explained by the extensive
urbanization process in thewestern part of thewatershed that
led to a reduction in orchards in favor of urban development.
Along theWest Bank, however, orchards are an effectivemean
for Palestinian farmers to establish facts on the ground, thus
the increase in this land-cover type along the Palestinian side
of the watershed.

3.4. Temporal Runoff Change. The second factor of temporal
analysis, the comparison between simulated runoff volume
and peak discharge values for the two examined time periods,
is presented inTable 5, alongwith the percent change between
the simulated values. All of the subbasins show a moderate
increase in both runoff volumes and peak discharge, aside
from the Natuf subbasin that presents an opposite trend.This
trend corresponds to the findings of the Israeli Hydrological
Service reports during the past 40 years [57].

Thepercent changes in runoff volume above or below 1 SD
within the planes are shown in Table 6. It exhibits the portion
of the area that had experienced a change of ±1 SD from the
whole subbasin size. Figure 7 presents this data graphically.
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Table 5: Simulated runoff volume (million cubic meters (MCM)) and peak discharge values (m3/s) extracted from the 1989 and 2009models.

Subbasin 1989 simulated value 2009 simulated
value

Percent change between
simulated values

Yarkon Runoff volume (MCM) 42.77 43.74 2.26
Peak discharge (m3/s) 571.48 582 1.84

Beit Dagan Runoff volume (MCM) 30.35 31.96 5.3
Peak discharge (m3/s) 388.48 405.99 4.51

Shilo Runoff volume (MCM) 10.77 11.39 5.79
Peak discharge (m3/s) 141.34 147.245 4.18

Natuf Runoff volume (MCM) 16.65 16.56 −0.57
Peak discharge (m3/s) 183.66 182.71 −0.52

Kana Runoff volume (MCM) 8.39 8.78 4.64
Peak discharge (m3/s) 104.1 108.55 4.28

Lod Runoff volume (MCM) 8.88 9.47 6.69
Peak discharge (m3/s) 108.93 114.68 5.28

Table 6: Area size and percent change of ±1 SD increase, decrease, and total change in runoff volume values.

Subbasin 1 SD of % runoff
change area

Subbasin area
(km2)

Increase change
area (km2)

Increase change
portion

Decrease
change area

(km2)

Decrease
change
portion

Total
change

area (km2)

Total
change

Yarkon 3.45 946.7 123.0 0.13 2.1 0.00 125.1 0.13
Beit Dagan 66.87 556.7 80.9 0.15 0.0 0.00 80.9 0.15
Shilo 7.5 356.9 110.4 0.31 18.0 0.05 128.4 0.36
Natuf 2.95 242.1 48.4 0.20 24.2 0.10 72.6 0.30
Kana 16.4 236.3 23.4 0.10 18.4 0.08 41.8 0.18
Lod 16.1 134 24.4 0.18 0.1 0.00 24.5 0.18

The Shilo subbasin went through the largest total change
of ±1 SD, with 30% and 5% increase and decrease changes,
respectively, followed by the Natuf subbasin, in which 20% of
its total area experienced an increase in runoff values larger
than 1 SD, as opposed to only a 10% decrease of those below
1 SD. At the same time, the Natuf subbasin had the largest
decrease change value, compared to the other subbasins. The
other cases show similar trends, with about a 9–18% increase
change and a 5–8% decrease change of runoff volume above
or below 1 SD.

Examples of the temporal analysis results, for the two of
the six subbasins examined, are presented in Figures 8 and 9.
Maps in Figures 8(a) and 9(a) present the positive and nega-
tive changes in runoff volume of ±1 SD. It should be noted
that while Natuf exhibits a trend toward increasing runoff
where these values are limited to ±1 SD, the general trend of
runoff change (total increase and decrease percent change)
is 47.3% increase and 52.7% decrease. This is complementary
with Table 5 that implies a decreasing trend in runoff volume
for this subbasin.

A land-cover comparison is shown in Figures 8(b), 8(c),
9(b) and 9(c) through majority zonal statistics calculations
(each polygon receives the value of the most common land-
cover class within it) for the land-cover status of the polygons

Yarkon Beit Dagan Shilo Natuf Kana Lod
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Decrease change
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Figure 7: Increase, decrease, and total runoff volume change of ±1
standard deviation (SD) out of the total subbasin area, within the
planes.
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Figure 8: Temporal land-cover changes (LCCs) in the Lod subbasin between the years 1989 and 2009: (a) change in simulated runoff volume
of ±1 SD; (b) land-cover status in 1989, based on majority zonal statistics calculations; (c) land-cover status in 2009, based on majority zonal
statistics calculations.



12 Advances in Meteorology

Increase change (%)Planes Natuf
Natuf subbasin

Decrease change (%)
−3.78–−3.20
−4.34–−3.79
−8.13–−4.35
−9.20–−8.14

3.33

3.34–3.41
3.42–4.67
4.68–8.55

N01.25 2.5 5 7.5 10

(km)

(a)

Natuf subbasin
Planes Natuf

Land-cover (1989)
Rock
Orchards
Grassland
Agriculture

N01.25 2.5 5 7.5 10

(km)

(b)

N

Natuf subbasin
Planes Natuf

Land-cover (2009)
Rock
Orchards
Natural
Agriculture

01.25 2.5 5 7.5 10

(km)

(c)

Figure 9: Temporal land-cover changes (LCCs) in theNatuf subbasin between the years 1989 and 2009: (a) change in simulated runoff volume
of ±1 SD; (b) land-cover status in 1989, based on majority zonal statistics calculations; (c) land-cover status in 2009, based on majority zonal
statistics calculations.
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Table 7: Geographically weighted regression (GWR) results for runoff volume as the dependent variable and the digital elevation model
(DEM), land-cover classes, and the normalized difference vegetation index (NDVI) as explanatory variables. The bold highlighted values are
the highest 𝑅2 results for each subbasin.

Spatial statistics and explanatory variables Yarkon Beit Dagan Shilo Natuf Kana Lod
GWR-classification 0.9 0.86 0.82 0.78 0.91 0.82
GWR-DEM 0.65 0.66 0.77 0.43 0.67 0.59
GWR-NDVI 0.93 0.92 0.94 0.89 0.92 0.93
GWR-DEM + classification 0.57 0.63 0.96 0.39 0.72 0.92
GWR-NDVI + classification 0.88 0.84 0.73 0.77 0.89 0.79
GWR-NDVI + DEM 0.59 0.63 0.96 0.37 0.72 0.92
GWR-all 0.5 0.60 0.97 0.87 0.66 0.93

undergoing ±1 SD of runoff volume change (%), where
maps in Figures 8(b) and 9(b) are the 1989 status and
maps in Figures 8(c) and 9(c) represent 2009. This analysis
was conducted for all six subbasins (Table 6), providing the
following outcomes.

(i) Yarkon: most of the area that changed ±1 SD of the
total percent runoff change has experienced a positive
change in runoff volumes; this trend is owing to
an increase in residential areas, mostly downstream
towards the coastline. The shifts are usually from
agricultural areas to built-up landscapes.

(ii) Beit Dagan: there was no decrease in percent runoff
change below 1 SD; rather, all of the changes are
larger than 1 SD due to alterations from agricultural
activities to residential land-cover.

(iii) Shilo: most of the large changes are positive, located
upstream along the headwaters. The land-cover shifts
are of different characteristics. Some natural areas
changed into orchards or bare exposed rock and so
did the agricultural land. This greatly implies that
the growing built-up trend along the headwaters is
due to the activities of Palestinian villages and cities.
The rocky nature of the shift is due to quarries, road
paving, preparation of the area for urban develop-
ment, and a general exposure of the ground.

(iv) Lod (Figure 8): this subbasin experienced mostly
increase of larger than 1 SD runoff change, with
an insignificant portion of the area going through
decrease in lower than 1 SD runoff change (0.1 km2).
This is a result of a transformation of an agricultural
landscape to an urbanized landscape.

(v) Natuf (Figure 9): similar to the Shilo subbasin, this
area also experienced an increase in runoff change
along the headwaters, shifting from natural and
orchard land-cover to bare exposed rocks. However,
the lower areas show a decrease in runoff change
below 1 SD, due to a shift from bare exposed rock to
natural covered area. The lowest, western part of this
subbasin expresses a strong increase in runoff, mostly
due to urbanization development at the expense of
agricultural activities.

(vi) Kana: in this subbasin, similar portions of the area
went through both an increase and a decrease in

the amounts of runoff (10% and 8%, resp.). The
increase was mostly due to urbanization where some
natural cover or agricultural activities used to take
place, while the decreasing trend is a result of orchard-
covered areas’ transformation to natural covered
landscape.

Most increase changes are explicitly due to a transformation
from agricultural activities or natural land-cover to residen-
tial uses or bare rocks, mostly occurring along the rural-
urban fringe and known as “urban-sprawl,” on the Israeli
side of the watershed. This might be due to several reasons,
including immigration and increase in population, natural
growth, economic processes, and planning policies [58]. The
Palestinian part of the watershed has also experienced a
constant and rapid urban growth.The Ramallah governorate,
which is mostly contained within the Yarkon-Ayalon water-
shed and affects the Natuf and Shilo subbasins, has a popula-
tion size that constitutes about 12% of the total population in
the West Bank, with an urban expansion reaching its limits
in all directions of the municipal boundary. Between 1989
and 1994 the built-up area of Ramallah expanded by 16.1%
and, between 1994 and 2000, it added another 24.5% to its
area [29]. The inevitable outcome, in most cases of increased
urban areas, is increases in runoff volumes, peak discharges,
and flash floods [14, 59].

3.5. Geographically Weighted Regression (GWR) Statistical
Tests. The spatial analysis results for the GWR statistical tests
are shown in Table 7, where the final adjusted 𝑅2 values
for each of the statistical models that were performed are
presented. The GWR results indicate that, in all of the
subbasins aside from Shilo, the vegetation cover variable
(represented by NDVI values) alone was the best explanatory
variable for the runoff variation along these subbasins (in
Lod subbasin the coefficient of determination (𝑅2) value for
NDVI was slightly higher than the value received from all
of the explanatory variables combined). The NDVI variable
was able to explain 89 to 93% of the runoff volume spatial
variance.This corresponds to a large number of studies in this
field, concluding that vegetation cover decrease has a great
effect on runoff volumes, runoff peak discharge [10, 60], and
the lag time between the rainfall event and runoff generation
as well as on soil erosion and nutrient loss [61, 62]. For the
Shilo subbasin, all of the explanatory variables put together
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produced the highest regression coefficient; while vegetation
cover is the main contributor, the elevation variable provides
an additional explanation to the runoff volume variance,
owing to the steep topography along the headwaters of this
subbasin.

4. Conclusions

Between the years 1989 and 2009, some changes in land-cover
occurred along the Yarkon-Ayalonwatershed. Althoughmost
of the considered area experienced no change at all, themajor
trends that were observed at locations where change took
place included a decrease in agricultural lands and an increase
in residential cover or residential-related processes. Changes
in land-cover, through this period of 19 years, were spotted
via remote-sensing tools and coupled with hydrological sim-
ulation tools in order to find the relationship between LCC
and rainfall-runoff relationships. LCCs were found to have
some effect on the runoff volumes and peak discharges. In
locations in which land-cover shifts towards natural covered
areas occurred, a minor decrease in runoff was observed,
thus pointing once more to the strong relationship between
vegetative cover and runoff volumes and peak discharge
values. The LCCs that had the largest impact on the runoff
regime were those related to urbanization and vegetation
removal.

Spatially, this research demonstrates high correlations
between vegetation cover and runoff volume values within
the study area, implying that a continuing trend of vegetation
removal will result in higher runoff volumes across the
watershed during extreme rainfall events. Soil erosion trends
were not examined due to a lack of validation data, although
it can be expected that they would correspond to the runoff
findings.

An extreme rainfall event was used to examine the
outcomes of LCCs on runoff volumes and peak discharges.
While this might highlight different phenomena across the
watershed, it would be interesting and important to examine
the effects of frequent rainfall events on the runoff trends
throughout periods of changing land-covers, since these
events are far more frequent and have a greater impact on the
watershed area.
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Strong global warming has been observed in the last three decades. Central Europe, including Poland, is not an exception.Moreover,
climate projections for Poland foresee further warming as well as changes in the spatial and seasonal distribution and quantity of
precipitation. However, climate models do not agree on the sign of change of precipitation. In Poland precipitation is projected
to decrease in summer (this finding is not robust, being model-dependent) and to increase in winter. Therefore, there is still
considerable uncertainty regarding likely climate change impacts on water resources in Poland. However, there is no doubt that
changes in the thermal characteristics as well as in precipitation will influence changes in the water balance of the country. In
this study, the components of climatic water balance, that is, precipitation, evaporation, and runoff, are calculated for the average
conditions in the control period of 1961–1990 and in the future (2071–2100) in Poland.The changes of the water balance components
for the present and for the future are compared and analysed. Due to insufficient consistency between climate models a possible
range of changes should be presented; hence the multimodel projections from ENSEMBLES Project of the European Union are
used in this study.

1. Background

There is persuading evidence (cf. [1]) that significant global
warming has been observed over more than a century and
a particularly strong warming—over the last three decades.
Central Europe, including Poland, is not an exception. More-
over, climate projections for Poland foresee further warming
in all seasons, as well as changes in the distribution and
quantity of precipitation.

Observations and climate model simulations indicate an
acceleration of the water cycle, with possible consequences to
extremes [2, 3]. A warmer climate is likely to increase risks of
both floods and droughts in many areas [1, 4].

In the present climate, many regions of Poland (and
predominantly the Wielkopolska region) suffer frequent
shortages of water, especially in the growing season. Water
problems in the Wielkopolska region are particularly critical
due to the agricultural character of this region. On the
other hand, increase in intense precipitation in a warming
Europe (also in Poland) is observed and projected [5] and

may increase flood hazard. In the last two decades Poland
experienced many extreme events connected with heavy
precipitations, for example, floods in 1997 and 2010.

Climate changes noticeable today are projected to inten-
sify in the future.Therefore, water shortages/surplusesmay be
even more common and more severe in the future. Changes
in the thermal characteristics as well as in precipitation are
projected to influence changes in the climatic water balance
in the country. What will they be like? In what way will
they influence the water conditions in Poland? Will they
be spatially differentiated or perhaps have similar character
in the entire country? Unfortunately, climate projections for
the future foresee detrimental changes in water availabil-
ity caused mainly by higher temperature accompanied by
simultaneous changes in the distribution and quantity of
precipitations. For the northern part of Europe, the average
precipitation is projected to increase while for the southern
part considerable decreases are projected in brief—dry areas
are likely to be much drier and wetter—to become wetter.
Effects of future climate change on precipitation and water
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resources in Poland are particularly uncertain due to location
of Poland in the zone between northern Europe gettingwetter
and the south of Europe getting drier.

In the present paper, changes in the water balance in
Poland are evaluated, based on multimodel ensemble climate
projections, obtained within the ENSEMBLES Project of the
6th Framework Programme of the European Union.

2. Data

In this study, based on results from different climate models,
time series of ten-day values of the climatic water balance
components, that is, precipitation, evaporation, and runoff,
are examined for the average conditions in two time horizons,
that is, 1961–1990 (control period) and 2061–2090, for selected
stations over Poland.

For climate simulation, the model is expected to approxi-
mately reproduce the observed distribution of mean temper-
ature and of mean daily and seasonal cycles of temperature
since these are forced deterministic components.The remain-
ing variability is an internally generated nonlinear natural
random component. Its modelled and observed values are
not expected to be correlated either. Thus, as characteristic
for intercomparison results, different climate variables are
simulated with various levels of success by different models
and no single model is the “best” for all variables or for all
areas. Different studies on climate change suggest that, due to
insufficient consistency between climatemodels, the broadest
possible range of changes should be presented, which repre-
sent uncertainty.Therefore, the multimodel projections from
the ENSEMBLES EU Project are used in this study.

The main calculations are based on the simulation
results of daily temperature, precipitation, relative humidity,
and wind speed from five ENSEMBLES regional climate
models for 16 grid-cells around Poland. In selected grid-
cells, 16 Polish towns and cities are situated entirely or
partly, that is, Bialystok, Chojnice, GorzowWielkopolski,Hel,
Katowice, Kielce, Lodz, Olsztyn, Poznan, Rzeszow, Suwalki,
Swinoujscie, Warszawa, Wlodawa, Wroclaw, and Zielona
Gora (Figure 1). In this research chosen grid-cells are called
conventionally after the name of the city which is located
there.

The regional models from the ENSEMBLES Project used
in this study are C4IRCA3 from Rossby Centre (Norrköping,
Sweden); CLM from ETH (Zurich, Switzerland); KNMI-
RACMO2 from the Royal National Meteorological Insti-
tute (de Bilt, the Netherlands); METO-HC from the Met
Office’s Hadley Centre (Exeter, UK); and MPI-M-REMO
from the Max Planck Institute (Hamburg, Germany). Cho-
sen regional climatic models were generated based on two
different global circulationmodels (GCMs). Regional models
C4IRCA3, ETHZ-CLM, and METO-HC are based on the
global model METO-HC Standard, while models MPI-M-
REMO and KNMI-RACMO2 are calibrated based on the
global circulation model ECHAM of fifth generation.

All of the used ENSEMBLES regional climate models
cover Europe with a spatial resolution of about 25 by 25 km
and draw just one possible future, corresponding to a specific
SRES emission scenario, A1B [6].
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 grid-cell
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grid-cell
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Figure 1:The studied grid-cells (grid-cell containing the towns/cities
over Poland).

In order to verify model simulations and to assess the
usefulness of the ENSEMBLESRCMmodels for this research,
the control period data (1961–1990) from the models were
compared to observation data for selected stations in Poland
for the same period.

3. Verification of the Models

The models were validated for the territory of Poland based
on monthly observational data of temperature and precip-
itation for the reference period of 1961–1990 and values
simulated by five ENSEMBLES models for the same period.
The validation was significantly simplified as observational
data represented individual points in space derived from the
observation station and the model data were averaged for the
surface (usually a square 25 km × 25 km). So in fact, values
of the meteorological variables for the points were compared
with the values of the same variables for the grid-cell where
these points (stations in towns) are located. Validation was
carried out for 16 stations in case of the temperature and for
19 stations in case of precipitation and for 16 and 19 grid-cells,
respectively. Unfortunately, it was not possible to carry out
detailed areal validation due to lack of data.

There aremanyways tomeasure the skill ofmodel simula-
tions. In a study by Szwed et al. [7] the models were validated
based on such characteristics as sum of absolute differences
between real and predicted values, standard deviations, and
variances and correlation between real and predicted values
of the monthly data. These second-order measures were
analysed in the annual and seasonal context, for the warm
and cold thermal seasons.

For every point in space (observational station) the
models were ranked from 1 (best) to 5 (worst) according to
following rules: (i) correlation level (the higher positive the
better); (ii) sum of squared differences (the lower the better);
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Table 1: Comparison of modelled and observed temperature for the city of Poznan referring to second-order statistics: sums of squared
differences, ratios of variances, and correlation coefficients (corresponding rank in brackets) and the final ranks for the models based on the
temperature.

Model
Sum of squared
differences

(model − real) in ∘C

Ratio of variance of the model to
observational variance Correlation Final rank

C4IRCA 18.61 (4) 1.047 (1) 0.9967 (3) 3
ETHZ 21.46 (5) 1.282 (5) 0.9947 (5) 5
KNMI 10.23 (2) 0.823 (3) 0.9974 (1) 2
METO-HC 16.35 (3) 1.218 (4) 0.9955 (4) 4
MPI-M-REMO 6.48 (1) 0.867 (2) 0.9973 (2) 1

Table 2: Verification of models for temperature. The final ranks of models for all the stations and the mean ranks for Poland.
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(iii) variances for the model (the better fit to observational
variances the better). The ultimate rank for each model
was established by multiplication of all previously calculated
ranks. This procedure was applied separately to the values
of temperature and precipitation. Finally, for every model its
“average value for Poland” was calculated as an average range
from all the station data.

3.1. Validation for Temperature. The models are reasonably
successful in reproducing/simulating the observed distribu-
tion of mean temperature and of seasonal cycles of tem-
perature. Table 1 presents the comparison of two data sets
(modelled and observed) referring to second-order statistics,
such as square differences, variances, and the associated
correlation for the city of Poznan.

The average value of correlation for Poland between the
observed and the modelled temperature (mean value for all
the station data) is 0.99 or more for every model. There is no
one “best” model for the whole area of Poland. The degree
of consistency between modelled and observed values varies
betweenmodels and is location-specific. Yet, in all the studied
models, mapping of the average temperature is by far the
worst for the coastal areas, while being the best for some
central parts, depending on the model.

It seems, based on range values, that the MPI-M-REMO
and KNMI models simulate the temperature in the refer-
ence period 1961–1990 a little better than the other models
(Table 2). Applications using modelled temperature data for
Poland should be based on an ensemble of models, so that
the range of uncertainty, resulting frommodel disagreement,
is adequately illustrated.

3.2. Validation for Precipitation. As for precipitation, in most
cases the agreement between climate models and real data
for the control period is not satisfactory. There are very high
monthly and seasonal differences of modelled precipitation
values from the climatological mean. In some cases unreal-
istic distributions of annual precipitation seem to negate the
usefulness of certainmodels. Table 3 presents the comparison
of two data sets referring to second-order statistics, such as
square differences, variances, and the associated correlation
for the city of Poznan, for precipitation.

“Average correlations for Poland” (mean value for all the
station data) between observed and predicted values for every
model are rather low and vary from 0.014 to 0.864. There are
even negative correlations for some stations for 3 of models
(C4IRCA, for 9 stations, ETHZ, for 5 stations, and METO-
HC, for 2 stations). The degree of consistency between
modelled and observed values varies between models and is
location-specific. It seems, based on range values, that, for
Poland, the MPI-M-REMO model (from the ENSEMBLES
set) simulates the precipitation in the reference period 1961–
1990 better than other models (Table 4).

To recapitulate, Figure 2 (according to the concept of
diagram from [8]) gives the standard deviation and corre-
lation with observations of the total spatial and temporal
variability of temperature and precipitation in the validated
models (mean value for 16 stations for temperature and 19
stations for precipitation, resp.). The standard deviation is
normalized to its observed value and the correlation ranges
from zero along an upward vertical line (𝑦-axis) to unity and
along a line pointing to the right (𝑥-axis). Consequently, the
observed behaviour of the climate is represented by a point on
the horizontal axis which is a unit distance from the origin.
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Table 3: Comparison of modelled and observed precipitation for the city of Poznan referring to second-order statistics: sums of squared
differences, ratios of variances, and correlation coefficients (corresponding rank in brackets) and the final ranks for the models based on the
precipitation.

Model Sum of squared differences
(model − real) in mm

Ratio of variance of the
model to observational

variance
Correlation Final rank

C4IRCA 5583.10 (5) 0.284 (4) 0.123 (5) 5
ETHZ 4971.38 (3) 0.255 (5) 0.362 (4) 4
KNMI 4172.73 (2) 0.503 (3) 0.709 (2) 2
METO-HC 5543.56 (4) 1.096 (2) 0.563 (3) 3
MPI-M-REMO 3619.26 (1) 1.028 (1) 0.846 (1) 1

Table 4: Verification of models for precipitation. The final ranks of models for all the stations and the mean ranks for Poland.

M
od

el

Bi
els

ko
Bi
al
a

Ch
oj
ni
ce

H
el

Je
le
ni
aG

or
a

Ka
lis
z

Ka
to
w
ic
e

Le
gn

ic
a

Le
sk
o

Lo
dz

Po
zn
an

Rz
es
zo
w

Sl
ub

ic
e

Su
w
al
ki

Sw
in
ou

jsc
ie

Sz
cz
ec
in

To
ru
n

W
ar
sz
aw

a

W
lo
da
w
a

W
ro
cla

w

Za
ko
pa
ne

Av
er
ag
e

C4IRCA 5 5 3 5 5 5 5 5 5 5 5 5 5 1 5 4 5 5 4 4 5
ETHZ 4 3 4 2 4 4 4 4 4 4 4 4 4 5 3 5 4 4 4 2 4
KNMI 3 3 2 4 2 3 3 3 3 2 3 2 3 2 2 3 2 3 3 1 3
METO-HC 2 2 5 3 2 2 1 2 2 3 2 3 2 3 1 2 1 2 2 3 2
MPI-M-REMO 1 1 1 1 1 1 2 1 1 1 1 1 1 4 4 1 2 1 1 5 1

In this coordinate system, the linear distance between each
model’s point and the “observed” point is proportional to
the r.m.s. model error [8]. Based on this figure, it can be
concluded that the temperature is particularly well simulated,
with nearly all models closely matching the observed mag-
nitude of variance and exhibiting a correlation more than
0.99 with the observations. Precipitation is simulated rather
poorly, but for the MPI-M-REMOmodel the simulated vari-
ance is still within 20% of observed one and the correlation
with observations is noticeably positive (0.78).

Thus, the outcome of the verification of models for
the territory of Poland indicates that MPI-M-REMO model
provides the best fit for both temperature and precipitation
conditions.That is why the results of this model are presented
in this paper inmore detail. Nevertheless, as it wasmentioned
before, due to insufficient consistency between climate mod-
els, the full possible ranges of changes are presented.

4. Methods

The climatic water balance equation is the starting-point
for all the calculations in this study. It is usually written as
𝑃 = 𝐻 + 𝐸 + Δ𝑅, where 𝑃 is the precipitation, 𝐻 is the
climatic runoff, 𝐸 is the evaporation, and Δ𝑅 is the change
of retention (storage). If the assumption of no changes in
retention is made (for appropriately long time horizon), the
equation of water balance becomes𝑃 = 𝐻+𝐸. So the climatic
runoff is calculated as the difference between precipitation
and evaporation.Water balance components are expressed in
millimetres of water layer.

From the variables of water balance which should be
examined in this research only precipitation, input of water, is
“directly” available from models. However “output of water,”
that is, climatic runoff and evaporation, is an essence of the
problem. It is very important to know whether precipitation
“is enough” and what part of water remains “at disposal.”
Output elements of the water balance have to be estimated
for further analyses.

In this research, the values of evaporation for the different
land-use units for the growing season (March–October) are
estimated based on the heat balancemethod developed in the
Department of Agrometeorology of the Poznan University of
Life Sciences [9].This method was developed for the purpose
of estimating heat balance components based on standard
meteorological data, plant development stage, and land-use
conditions. Estimates of latent heat flux components allowed
obtaining values of areal evaporation and surface runoff.

The energy balance equation is Rn + LE + 𝐴 + 𝐺 = 0,
where Rn is the net radiation, LE is the latent heat flux, 𝐴
is the sensible heat flux, and 𝐺 is the soil heat flux. In the
remaining part of the year (November–February), the values
of evaporation were calculated based on the Ivanov equation;
that is, LE = 0.0018 ⋅ (𝑇 + 25)2 ⋅ (100 − Rh), where 𝑇 is
the air temperature and Rh is the relative humidity [10]. The
latent heat flux is used for calculating the actual evaporation
because a simple relationship exists between evaporation
expressed in mm (𝐸) and latent heat expressed in MJ⋅m−2
(LE); that is, 𝐸 = LE/2.83.

The method allows estimating heat balance components
based on standard meteorological data, plant development
stage, and land-use conditions.The heat balance components
are expressed in mega joules per square meter and given
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Figure 2: Taylor diagram—the standard deviation and correlation
of the validated models with observations for temperature and
precipitation (mean value for all the stations around Poland).

period [MJ⋅m−2⋅period−1] or in Watts per square meter
[W⋅m−1]. All fluxes towards the active surface are taken as
positive while the outgoing fluxes are assumed negative.

In the applied method, time series of ten-day values of
precipitation, air temperature, relative humidity, and wind
speed stemming from regional climate models are used. Ten-
day values of sunshine duration are calculated based on the
sunshine duration model for Poland according to Górski and
Górska [11], whereas values of plant development stages are
assumed according to Leśny [12].

The heat andwater balance structure depends not only on
meteorological conditions but also on many environmental
factors as well as plant characteristics. In this study, for all
analysed grid-cells the land-use structure is assessed based
on the Corine Land Cover 2000 as well as on additional
data from the Statistical Yearbooks for Poland (e.g., Figures 3
and 4). In this paper eight types of physiographical units are
taken into account, namely, coniferous and deciduous forests,
arable lands (including cereal and root crops), meadows,
wastelands, water bodies, and urban areas. The heat balance
components are calculated for all these land-use units.

All estimations are made for two time horizons, that
is, the control period 1961–1990 and the future interval of
2061–2090. In spite of the fact that the author has real
meteorological observation data (even if pertaining to points
rather than providing satisfactory areal coverage) in this
study the model-based values of meteorological variables
are used also for the present (control period). Hence for
estimation of changes of the water balance components in

Urban areas
Forests
Agricultural areas

Water bodies
Wetlands

Figure 3: Land-use units near the city of Poznan based on the
Corine Land Cover 2000.

8.7%

21.9%

47.6%
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6.8%
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Urban areas
Forests
Cereal crops
Root crops
Green crops
Wetlands and water bodies

Figure 4: Land-use units in the Poznan province based on the
Statistical Yearbooks for Poland.

the future it seems more sensible to compare model-based
simulations for two time horizons of interest than to compare
of observations (or reanalyses) from 1961 to 1990 and model-
based projections for 2061–2090.

5. Results

Results are presented for two 30-year periods of 1961–
1990 and 2061–2090, that is, the control and the projection
period, respectively.The 1961–1990 values are based onmodel
simulations and not on observations. In this study the land-
use changes in the future are not taken into consideration.

5.1. Changes in Precipitation. The present value of annual
precipitation based on models is slightly overestimated (by
about 25–35%), but the distribution and values of the
monthly precipitation differ significantly between modelled
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Table 5: The changes of the annual precipitation [in mm] in the future (2061–2090) compared to the control period 1961–1990, based on the
MPI-M-REMOmodel.

Grid-cell Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Year
Bialystok 8 3 10 12 14 −10 −3 2 12 −6 9 10 60
Chojnice 11 4 2 3 4 −8 6 −1 10 5 6 9 51
Gorzow 8 −3 −3 6 −2 −2 −5 −12 0 6 7 7 8
Hel 12 13 9 12 7 −2 3 4 6 2 15 24 104
Katowice 8 3 5 16 1 −18 −14 −5 15 0 7 5 22
Kielce 9 3 2 10 4 −20 −21 −4 12 −2 12 10 15
Lodz 7 6 0 6 5 −13 −2 −4 16 −6 9 9 32
Olsztyn 14 5 6 5 9 2 10 13 6 −12 7 7 74
Poznan 6 0 0 5 −8 −1 6 −13 4 1 11 8 18
Rzeszow 10 2 1 12 −3 −31 −22 −14 8 −6 8 7 −29
Suwalki 10 6 10 12 9 −7 9 11 6 −8 9 7 74
Swinoujscie 5 9 4 6 4 5 12 −11 14 7 9 21 85
Warszawa 7 3 7 8 6 −13 10 −5 11 −14 15 8 44
Wlodawa 5 0 2 16 5 −20 7 −9 7 −3 6 9 24
Wroclaw 8 1 4 12 10 −7 −5 −12 2 4 7 9 32
Zielona G. 6 −1 −3 7 1 1 3 −8 4 3 9 6 28

and observed data. The winter precipitation is too high,
while the summer precipitation is too low. All the models
overestimate the values of winter precipitation with surpluses
varying from 40 to 140%. On the contrary, precipitation for
June and July is often underestimated, even by 30%, while in
fact July is the most rainy month. The MPI-M-REMOmodel
overestimates precipitation during all the year.

Mostly the projections for the future foresee increases of
annual sum of precipitation. According to MPI-M-REMO
model (which correlates best with the current climatic con-
ditions), the annual precipitation is projected to rise in all,
but one, considered grid-cells in Poland, while the increases
range from 8mm (in Gorzow grid-cell) to 104mm (in Hel
grid-cell). In general, the smallest increases are projected
in the west (Wielkopolska region) while being the highest
in the northern part of the country (Baltic See coast and
Pomerania and Masuria Lake District). The only exception is
the southeast of Poland (grid-cell Rzeszow), where a decrease
of precipitation (28mm in an average year) is projected
(see Table 5). The general pattern of precipitation changes
after five climate models is similar to the one described by
MPI-M-REMO model. As for seasonal distribution, mostly
increases are projected in the winter season and decreases in
the summer. Summer increases of precipitation are projected
for Baltic coast and the Masurian Lake District. The highest
decreases of precipitation in summer are projected for the
south of Poland (Figure 5).

On average, simulation of precipitation changes by five
climate models is similar to the general pattern of changes
described by MPI-M-REMO model. Increases of annual
sums of precipitation around Poland are projected, with the
higher increases in winter season and decreases in summer
(except for areas in the northern part of Poland). The details
of changes of the monthly and annual precipitation are
included in Table 6 (annual values) and in Figure 6 (seasonal
values).

5.2. Changes in Evaporation. The evaporation was calculated
for eight land-use units, namely, coniferous and deciduous
forests, arable lands (including cereal and root crops), mead-
ows, wastelands, water bodies, and urban areas. MPI-M-
REMO model estimates that in average year the evaporation
from water bodies (i.e., maximum potential evaporation) in
Poland varies from 716mm (in Suwalki grid-cell) to 837mm
(in Wlodawa grid-cell). The highest monthly values—about
or above 140mm—are recorded in June and July.

Due to a large percentage of the cultivated area (60.3%
of the total area of Poland) and forested areas (30.7%)
[13] it seems interesting to describe the evaporation from
agricultural lands (e.g., of cereal and root crops) as well as
from forested areas in more detail. The evaporation for cereal
crops (based on MPI-M-REMO model) in Poland differs
annually from 508mm (in Suwalki grid-cell) to 598mm
(in Wlodawa grid-cell). The highest monthly values, above
100mm, are recorded also in June and July. For the root
crops these values are, respectively, from 498mm (in grid-
cell Suwalki) to 593mm (in Wlodawa and Hel grid-cells),
while being above 105mm in July. Coniferous forests occupy
over 60 percent of the area of Polish forests. The MPI-M-
REMOmodel estimates the average annual evaporation from
a coniferous forest in Poland from 652mm (in Suwalki grid-
cell) to 768mm (inWlodawa grid-cell).The forest evaporates
a lot of water during the growing season, with the highest
amounts—more than 100mm—each month from May to
August (Table 7).

Projections for the future foresee mostly increases of the
evaporation, among other due to increases of air temperature.
The evaporation from water bodies (according to MPI-
M-REMO model) is projected to rise throughout Poland.
The smallest changes (about 40mm) are projected for the
Masurian Lake District, while being the highest for the
southern part of Poland (with maximum value in Rzeszow
grid-cell—71mm). The increases on the arable ground will
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Figure 5: The changes of winter (a) and summer (b) precipitation [in mm] in the future (2061–2090) compared to the control period 1961–
1990, based on the MPI-M-REMOmodel.

Table 6:The changes of themonthly and annual precipitation [inmm] in the future (2061–2090) compared to the control period 1961–1990—
average value from five models.

Grid-cell Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Year
Bialystok 17 13 10 10 15 −8 6 −6 3 −4 9 16 81
Chojnice 17 13 7 2 6 1 9 −7 2 2 7 13 74
Gorzow 16 9 7 6 10 1 0 −11 −1 3 10 14 61
Hel 18 17 9 7 7 6 7 −2 3 3 10 19 104
Katowice 18 11 8 7 16 −8 −8 −6 1 −3 9 11 57
Kielce 15 11 8 4 13 −14 −6 −5 4 −3 12 14 53
Lodz 16 11 6 7 16 −5 1 −6 3 −4 10 15 69
Olsztyn 19 13 11 6 8 3 8 −1 −2 −2 9 15 89
Poznan 16 10 4 3 6 −2 4 −9 0 −2 9 14 52
Rzeszow 15 14 6 8 11 −20 −11 −12 3 −3 10 12 34
Suwalki 19 15 13 8 9 −3 4 −4 1 −1 8 15 83
Swinoujscie 15 14 10 4 8 6 7 −3 5 3 11 19 98
Warszawa 15 11 7 8 14 −5 4 −2 2 −5 12 15 76
Wlodawa 14 12 7 6 13 −17 1 −11 5 −3 10 16 53
Wroclaw 14 11 5 5 17 −2 −6 −7 −2 0 8 15 57
Zielona G. 15 10 2 5 13 0 3 −3 −1 3 10 12 69

probably vary from about 30mm in the Baltic Sea coast and
the Masurian Lake District to more than 60mm in the south
of Poland. The increases of evaporation from forested areas
will be even higher. They are projected at about 40mm in
Masurian Lake District to even 70mm in the south of the
country (see Figure 7(a) and Table 8). The MPI-M-REMO
model projects the largest changes of evaporation at the end
of the growing season (particularly in August).

Other models, similarly to the MPI-M-REMO model,
project the same direction of changes of the evaporation
values—that is, increases of evaporation from different land-
use units (see Figure 7(b), Table 9). Differences, sometimes
significant ones, concern these surpluses/values, as well as
distribution within one year. Thus, relatively a great unanim-
ity of 3 models (C4IRCA3, ETHZ, and KNMI) is prevailing
as for the annual values. For these 3 models the increases
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Figure 6: The changes of winter (a) and summer (b) precipitation [in mm] in the future (2061–2090) compared to the control period 1961–
1990, based on five models.

Table 7: The annual values of evaporation [in mm] for different land-use units for the control period 1961–1990 compared to the control
period 1961–1990, based on the MPI-M-REMOmodel.

Grid-cell Deciduous forest Coniferous forest Urban areas Water bodies Wastelands Meadows Cereal crops Root crops
Bialystok 596 654 307 718 381 466 510 500
Chojnice 617 678 321 744 393 485 528 517
Gorzow 644 706 340 772 411 508 552 541
Hel 678 736 400 803 477 552 588 593
Katowice 640 699 348 763 419 510 552 543
Kielce 649 711 344 778 418 513 557 547
Lodz 644 706 337 773 410 506 551 541
Olsztyn 609 667 321 731 394 480 522 513
Poznan 644 707 335 774 407 506 551 540
Rzeszow 663 725 355 790 426 524 568 561
Suwalki 594 652 307 716 382 465 508 498
Swinoujscie 663 721 372 788 448 529 567 575
Warszawa 641 702 334 768 406 502 548 538
Wlodawa 703 768 370 837 440 551 598 593
Wroclaw 654 715 355 779 425 520 563 555
Zielona G. 657 719 353 784 422 521 564 555

of evaporation from the free surface water in Poland in
the future amount to about 30–40mm. For the METO-HC
model, much differing from the other models, changes are
twice higher, of 60–80mm. There is an agreement between
these 4 models as regards when, in which months of the
year, those changes will take place. C4IRCA3, ETHZ, KNMI,

and METO-HCmodels similarly project the highest changes
in summer months (June-July-August), but in case of the
METO-HC model summer increases of evaporation are the
third part of all annual increases while in C4IRCA3 and
ETHZ models over half of the annual changes are projected
in summer.The changes of the evaporation values fromwater
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Figure 7: The increases of the annual evaporation from the water bodies [in mm] in the future (2061–2090) compared to the control period
1961–1990, based on MPI-M-REMOmodel (a) and average value from five models (b).

Table 8: The increases of the annual evaporation [in mm] for different land-use units in the future (2061–2090) compared to the control
period 1961–1990, based on the MPI-M-REMOmodel.

Grid-cell Deciduous forest Coniferous forest Urban areas Water bodies Wastelands Meadows Cereal crops Root crops
Bialystok 37 40 19 42 13 29 29 31
Chojnice 40 42 21 44 17 31 31 34
Gorzow 52 54 33 55 29 42 43 46
Hel 47 50 24 52 17 37 39 38
Katowice 55 57 36 58 31 45 45 50
Kielce 55 57 35 59 30 44 45 50
Lodz 50 52 30 53 25 40 40 44
Olsztyn 39 41 20 43 15 30 31 32
Poznan 52 54 32 55 28 42 43 46
Rzeszow 68 70 46 71 41 56 57 62
Suwalki 32 35 13 37 8 24 24 25
Swinoujscie 42 45 22 46 16 32 34 34
Warszawa 52 55 32 56 28 42 43 46
Wlodawa 55 57 34 59 29 44 45 48
Wroclaw 63 64 43 66 39 52 53 57
Zielona G. 40 42 21 43 17 30 31 35

bodies projected by five models for the future of 2061–2090
are presented in Table 10 for the example of the grid-cell of
Poznan.

5.3. Changes in Runoff. For every grid-cell analysed in this
paper (usually a square of 25 km × 25 km) a total evaporation
from the grid-cell area (taking into consideration the share
of individual land-use units) is estimated. The values of the
total evaporation from the area as well as the values of precip-
itation (directly available from the model) were the basis for

the runoff estimations.The values of a runoff coefficient from
every grid-cell are used for detailed analyses.

The estimated values of the runoff coefficient based on
modelled data are somewhat higher than the real ones. In
principle, they are similar to the values typical for the obser-
vations from a wet year. This is probably caused first of all
by the overestimation of precipitation and inaccuracies in the
distribution of monthly sums of precipitation. Secondly, one
should expect overestimated values of the runoff coefficient
due to quite substantial percentage of urbanized areas in



10 Advances in Meteorology

Table 9: The increases of the annual evaporation [in mm] from different land-use units in the future (2061–2090) compared to the control
period 1961–1990, based on five models (average values).

Grid-cell Deciduous forest Coniferous forest Urban areas Water bodies Wastelands Meadows Cereal crops Root crops
Bialystok 36 39 11 41 5 24 25 29
Chojnice 33 36 10 38 5 22 23 25
Gorzow 41 43 16 45 11 28 29 34
Hel 47 51 18 52 10 33 36 36
Katowice 44 47 18 48 12 30 32 37
Kielce 44 47 17 48 11 29 31 37
Lodz 43 46 17 47 11 29 31 36
Olsztyn 34 37 10 38 4 22 23 26
Poznan 44 46 18 48 12 30 32 36
Rzeszow 54 57 25 58 18 38 40 46
Suwalki 32 35 8 37 1 21 21 24
Swinoujscie 43 47 16 48 9 29 32 34
Warszawa 45 47 18 49 12 31 32 37
Wlodawa 48 51 20 53 13 33 34 40
Wroclaw 49 52 24 53 19 35 37 43
Zielona G. 42 45 18 46 12 29 30 35

Table 10: The increases of the monthly evaporation from water
bodies [in mm] in the future (2061–2090) compared to the control
period 1961–1990, based on five models—example of the grid-cell of
Poznan.

Models
C4IRCA ETHZ KNMI METO-HC MPI-M-REMO

Jan 3.7 1.1 4.1 5.6 7.3
Feb 0.1 0.8 3.9 6.8 8.4
Mar −0.8 1.4 2.7 9.3 7.5
Apr 1.0 −0.2 1.0 0.3 0.6
May 2.7 2.1 2.6 3.8 2.0
Jun 4.8 4.4 4.7 6.8 3.7
Jul 7.4 6.1 4.9 9.2 4.0
Aug 7.4 8.7 4.5 12.1 4.6
Sep 5.0 3.6 3.1 5.0 3.4
Oct 2.7 2.4 2.3 2.7 2.4
Nov 0.3 2.6 2.2 9.1 6.8
Dec 3.6 0.4 0.5 5.5 4.5
Year 37.7 33.5 36.6 76.2 55.3

selected grid-cells (with the maximum value for Warszawa
grid-cell about 0.52% of the area). The runoff coefficients
based on the five RCMs for the control period and for the
future are presented in Table 11. The spatial variability of the
runoff coefficient for Poland in the control period 1961–1990
is presented in Figure 8. Figure 8 presents two variants of the
runoff coefficient values: first one based on MPI-M-REMO
model and the second one as an average value from five
models.

According to RCMs, in an average year at present no area
in Poland experiences a dramatic problemwith water scarcity
or surpluses, though some water scarcity appears during
summer. Furthermore, regional climate models foresee slight

changes of the annual runoff coefficient in a normal year
(if the land-use changes in the future are not taken into
consideration). In Figure 9 estimated values of the runoff
coefficient in the future 2061–2090 are presented. Figure 9,
presented similarly to the convention applied to Figure 8,
illustrates two variants of the foreseen changes: (a) based on
MPI-M-REMO model and (b) as an average value from five
models.

Two models—METO-HC and MPI-M-REMO—point
at slight decreasing, while three—C4IRCA3, ETHZ, and
KNMI—point at slight increasing of the runoff coefficient
around Poland. In different models, the most severe scarcity
of water could appear during several seasons, for example,
summer and autumn, ETHZ, autumn and winter, C4IRCA3,
or summer and winter, KNMI, and so forth.

These differences result from different preconditions and
different projections of changes in some meteorological
variables,most notably precipitation. In any case, while all the
models are compatible with respect to the mean temperature
increase, not all of them are compatible as to the changes in
precipitation. All the studied ENSEMBLES RCMs indicate an
increase in winter precipitation (with different magnitudes),
but models disagree on projections for the summer precipita-
tion.Thus, for example, ETHZmodel foresees small decreases
in precipitation from June to October (on the level of 10–
20%),whileC4IRCA3projects large increases in precipitation
fromMay to July and in May alone even 50% higher.

6. Conclusions

In the present climate, many regions of Poland (and predom-
inantly the Wielkopolska region) suffer frequent shortages
of water, especially in the growing season. On the other
hand, increase in intense precipitation is observed. In the last
decades Poland experienced many extreme events connected
with heavy precipitations, for example, floods in 1997 and
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Table 11: The annual runoff coefficient for the control period 1961–1990 and for the future 2061–2090 based on five models.

Control period (1961–1990) Future (2061–2090)
C4IRCA ETHZ KNMI METO MPI C4IRCA ETKZ KNMI METO MPI
0.24 0.25 0.24 0.24 0.32 Bialystok 0.33 0.31 0.33 0.24 0.33
0.25 0.19 0.30 0.27 0.18 Chojnice 0.35 0.23 0.33 0.26 0.20
0.15 0.14 0.23 0.19 0.23 Gorzow 0.28 0.18 0.24 0.16 0.18
−0.13 −0.05 0.00 −0.12 −0.01 Hel 0.01 0.05 0.05 −0.09 0.06
0.26 0.30 0.34 0.42 0.26 Katowice 0.33 0.31 0.37 0.38 0.22
0.25 0.25 0.30 0.33 0.16 Kielce 0.30 0.24 0.32 0.28 0.11
0.28 0.23 0.27 0.41 0.20 Lodz 0.34 0.30 0.29 0.38 0.18
0.27 0.19 0.33 0.21 0.27 Olsztyn 0.36 0.27 0.36 0.21 0.29
0.16 0.24 0.20 0.26 0.21 Poznan 0.26 0.23 0.23 0.22 0.17
0.11 0.27 0.23 0.49 0.30 Rzeszow 0.18 0.29 0.23 0.44 0.21
0.37 0.19 0.36 0.27 0.23 Suwalki 0.44 0.26 0.39 0.26 0.27
0.06 0.14 0.15 0.01 0.22 Swinoujscie 0.16 0.21 0.18 0.07 0.25
0.23 0.34 0.33 0.33 0.41 Warszawa 0.36 0.40 0.35 0.30 0.39
0.05 0.11 0.12 0.12 0.13 Wlodawa 0.14 0.15 0.11 0.07 0.09
0.11 0.34 0.21 0.40 0.19 Wroclaw 0.21 0.35 0.25 0.35 0.15
0.09 0.16 0.12 0.27 0.13 Zielona G. 0.20 0.18 0.20 0.22 0.11
0.17 0.21 0.23 0.26 0.21 Average 0.27 0.25 0.26 0.24 0.20
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Figure 8: The annual runoff coefficient for the control period 1961–1990: (a) based on MPI-M-REMO model and (b) an average value from
five models.

2010. Climate changes noticeable today are projected to
intensify in the future. Therefore, water shortages/surpluses
may be even more common and more severe in the future.
There is still a great deal of uncertainty regarding likely
climate change impacts on water resources. However, there
is no doubt that changes in thermal characteristics as well as

in precipitation will influence changes in the water balance of
the country.

Due to insufficient consistency between climate models
a possible range of changes should be presented; hence
the multimodel projections from ENSEMBLES Project of
the European Union are used in this study. According to
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Figure 9: The annual runoff coefficient for the future 2061–2090: (a) based on MPI-M-REMO model and (b) an average value from five
models.

applied RCMs, at present in an average year no area in
Poland experiences a dramatic problemwithwater scarcity or
surplus, though some water scarcity appears during summer.

Climate models project changes in the water availability
in Poland in the future causedmainly by a rise of temperature,
as well as changes of values and distribution of precipitation.
The average value fromfive climatemodels points at increases
of annual sums of precipitation around Poland, with the
higher increases in winter season and decreases in summer.
Simultaneously, increases of evaporation from different land-
use units are projected. As a result, regional climate models
foresee slight changes of the annual runoff coefficient in
a normal year (if the land-use changes in the future are
not taken into consideration). However, there is a strong
uncertainty in future projections. Two models, METO-HC
and MPI-M-REMO, point at slight worsening, while three,
C4IRCA3, ETHZ, and KNMI, point at slight improvement of
the water conditions in Poland.

To conclude, projections for the future indicate continu-
ingwater problems in Poland. Even though projected changes
in water balance are not strong enough to force changes
in the land-use structure, the values of the water balance
components at present and in the future support the necessity
to modify the landscape in such a way as to improve the
water balance inmany regions of Poland. In any case, essential
system solutions capturing water outflow from the area of
Poland in early spring and optimal water management in
the agriculture could be put into practice. Probably, so-called
small water retention will need to be increased and/or build-
ing of water reservoirs will be required. Better adaptation of
the kind of cultivation plants/species to climatic conditions
and to the accessible water quality could also be necessary.
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[11] T. Górski and K. Górska, “An algorithm for evaluating the cycle
of sunshine duration in Poland,” inBook of Proceedings: EuroSun
98, The Second ISES Europe Solar Congress : [Portorož, Slovenia,
September 14–17, 1998], vol. 1, pp. 1–6, 1998.
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Hydrological time series data (1988–2008) of the Hei River, the main water source to Zoige wetland in the Eastern Tibetan Plateau,
were investigated. Results showed that the runoff distribution of Hei River varies with the relative change in amplitude (𝐶

𝑚
= 15.9)

and the absolute change in amplitude (Δ𝑄 = 37.1m3/s) during the year. There was a significant decreasing trend since 1988 with
annual runoff of 20.0m3/s (1988–1994), 19.0m3/s (1995–2000), and 15.2m3/s (2001–2008).Therewere double peaks in runoff during
the water year: the highest peak in the period of 1988–2000 occurred in July while in the period of 2001–2008 it occurred inOctober.
Shifting peak flowmeans less water quantity in wetland during growing season. Nearest neighbor bootstrapping regressive method
was used to predict daily runoff of the Hei River. Model results show that it was fitted with 94.23% of 𝑅2 for daily time series, which
can provide a basis for the development and utilization of regional water resources.

1. Introduction

The Zoige wetland contains the largest high altitude wetland
ecosystem in theworld, which is over 5,000 km2 and∼3500m
above sea level [1]. The Zoige wetland ecosystem provides
at least 30% of the water flowing into the upper reaches
of the Yellow River (e.g., [2, 3]). However, the area of the
wetland has been recently lost by desertification which is
increasing at a rate of more than 10% per year [4–6]. The
recent degradation of Zoige Peatland was often attributed to
both the ditching drainage and climate change [3]. With the
global warming becoming stronger, it will therefore become
increasingly necessary to understand hydrologic processes to
prevent further degradation (e.g., [7, 8]).

Hydrologic processes such as hydroperiod, flow dura-
tion and variability, and flood recession significantly impact
the dynamics of wetland ecosystems [9, 10]. Times series
approach to model hydrologic process and dynamics in river
and stream has been well documented (e.g., [11–14]), since
Thomas and Fiering [15] and Yevjevich [16] revealed that
the hydrological phenomenon shows objective dependency

on time domain and was described by the Markov model.
Shinohara et al. [17] used a stochastic approach to explore
the impact of climate change on runoff from a midlatitude
mountainous catchment in central Japan. Verma et al. [13]
explore the seasonal changes of soil moisture influenced by
daily rainfall in New SouthWales Australia using a stochastic
model.

More recently, a couple of studies with stochastic model
approaches have been published such as spatial and temporal
distribution stochastic model in Raoli River basin in Sanjiang
Plain and the hydrologic trend stochastic model in Wuyuer
River inZhalongwetland,Northeast China [18].However, the
stochasticmodels with hydrological time series used in alpine
region are probably different from low elevation areas. So it is
necessary to develop a stochastic model for runoff prediction
in Zoige wetland in the Eastern Tibetan Plateau.

The objective of this study is to explore the Hei River
runoff variations annually, monthly, and daily for a long term
(1988–2008) and to understand hydrologic process during the
wet and dry seasons and how the changes impact ecosystem
of Zoige wetland in the Eastern Tibetan Plateau with climate
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Figure 1: Location of the study area.

changes. Nearest neighbor bootstrapping regressive method
was used to model the variations of daily runoff in order to
provide a basis for the development and utilization of regional
water resources.

2. Data and Methods

2.1. Data. Hei River is located in the Eastern Tibetan Plateau
where wetlands are distributed widely. As the largest river
in Zoige wetland, Hei River is the major tributary of the
upstream of the Yellow River (Figure 1) and it flows from the
south to the north and turns to the northwest at Zoige county
town and flows finally to the Yellow River [19]. The length of
the Hei River is 455.9 km, with an average gradient of 0.2%
and the drainage area of 7608 km2 [20].There are many small
lakes, which mostly are small swamps and oxbow lakes in the
watershed.

We collected daily runoff, temperature, and precipitation
during 1988 to 2008 at the Zoige hydrologic station in the Hei
River middle reaches. The moving average method, Mann-
Kendall testing method [21], and self-correlation diagram
were used to analyze the trend and the dependency of the
annual runoff, and homogeneous degree and variation and
self-correlation diagramwere used to analyze the distribution
of the monthly runoff.

2.2. Nearest Neighbor Bootstrapping Regressive Model. Near-
est neighbor bootstrapping regressive model (NNBR) is data
driven and nonparametric, with potential priority, and needs
no assumption in the form of dependence and probability
distribution, as well as no estimate of many parameters [22–
24].

Generally, there exists correlation between hydrology
phenomena along timescale. Thus, to an extent, 𝑋

𝑡
depends

on the historical daily runoff𝑄
𝑡−1
, 𝑄
𝑡−2
, . . . , 𝑄

𝑡−𝑃
. Given𝐷

𝑡
=

(𝑄
𝑡−1
, 𝑄
𝑡−2
, . . . , 𝑄

𝑡−𝑃
), it is named as eigenvector of the daily

runoff series.Then,𝑋
𝑡
= (𝑄
𝑡
, 𝑄
𝑡+1
, . . . , 𝑄

𝑡+𝑚−1
) (𝑡 = 𝑃+1, 𝑃+

2, . . . , 𝑛−𝑚+1) can be defined as the succeeding value of𝐷
𝑡
.

Among 𝐷
𝑡
(𝑡 = 𝑃 + 1, 𝑃 + 2, . . . , 𝑛) which are con-

stituted by {𝑄
𝑡
}
𝑛
, there must be some nearest neighbor

eigenvectors to current eigenvector 𝐷
𝑖
. Suppose the number

of nearest neighbor eigenvectors is 𝐾, and it is represented
by 𝐷
1(𝑖)
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2(𝑖)
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1(𝑖)
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succeeding values of each corresponding eigenvector. The
nearest neighbor is judged by the difference between 𝐷
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𝑟
𝑡(𝑖)

= (

𝑃

∑

𝑗=1

(𝑑
𝑖𝑗
− 𝑑
𝑡𝑗
)
2

)

1/2

, (1)

where 𝑟
𝑡(𝑖)

represents the difference between 𝐷
𝑖
and 𝐷

𝑡
, 𝑑
𝑖𝑗

and 𝑑
𝑡𝑗
are number 𝑗 variable of𝐷

𝑖
and𝐷

𝑡
, respectively, and𝑃

is the dimension of eigenvector. Then, 𝑟
𝑗(𝑖)

(𝑗 = 1, 2, . . . , 𝐾) is
denoted by the difference between𝐷

𝑗(𝑖)
and𝐷

𝑖
, and it should

be mentioned that 𝑟
1(𝑖)

< 𝑟
2(𝑖)

< ⋅ ⋅ ⋅ < 𝑟
𝐾(𝑖)

(the number 𝑗
is ordered according to the value of 𝑟

𝑗(𝑖)
). The less 𝑟

𝑗(𝑖)
is, the

nearer𝐷
𝑖
and𝐷

𝑗(𝑖)
will be, and𝑋

𝑖
is more similar to𝑋

𝑗(𝑖)
. Let

𝐺
𝑗(𝑖)

be the nearest neighbor bootstrapping weight of 𝑋
𝑗(𝑖)

,
which shows similarity between𝑋

𝑖
and𝑋

𝑗(𝑖)
. Obviously,𝐺

𝑗(𝑖)

is related to 𝑟
𝑗(𝑖)

.
As discussed above, the relative value of number 𝑖 variable

of number 𝑗 nearest neighbor succeeding vector 𝑋
𝑗(𝑖)

is
known. The succeeding vector 𝑋

𝑖
can be obtained through

multiplying predicted daily runoff 𝐺
𝑗(𝑖)

. Thus, the ultimate
formula of NNBR model can be given as

𝑋
𝑖
=

𝐾

∑

𝑗=1

𝐺
𝑗(𝑖)
𝑋
𝑗(𝑖)
. (2)

NNBR model is confirmed when the number of nearest
neighbor 𝐾, the dimension of eigenvector 𝑃, and the nearest
neighbor bootstrapping weight 𝐺

𝑗(𝑖)
are estimated.

Generally, 𝐾 = int√𝑛 − 𝑃 is given. If 𝑃 ≥ 2, the
dimension of eigenvector 𝑃 can be estimated by runoff
autocorrelation graph or partial-correlation graph.

There are a number of methods to estimate bootstrap-
ping weight 𝐺

𝑗(𝑖)
. When estimating, first of all, its restraint

condition must be satisfied, and then bootstrapping weight
𝐺
𝑗(𝑖)

should be related to 𝑟
𝑗(𝑖)

, and the bootstrapping weight
function should equal one (3). As the number 𝑗 is ordered
according to the value of 𝑟

𝑗(𝑖)
, in this paper, the following

formula is adopted:

𝐾

∑

𝑗=1

𝐺
𝑗(𝑖)

= 1, (3)

𝐺
𝑗(𝑖)

=
(1/𝑗)

∑
𝐾

𝐿=1
1/𝐿

(𝑗 = 1, 2, . . . , 𝐾) . (4)

When𝐾 is confirmed, we can only calculate 𝐺
𝑗(𝑖)

once.
We used the following qualification rate (QR) and coef-

ficient of determination 𝑅
2 to estimate model fits for the

calibration and validation. In this study, if the prediction of
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Figure 2: Autocorrelation coefficient and lag time of the annual
runoff.

relative error was less than 20%, thus the model was assumed
to be qualified:

QR =
𝑛

𝑚
× 100%, (5)

where 𝑛 is the number of qualified predictions and 𝑚

represents the totality.

3. Results and Discussions

According to the runoff observation data from 1988 to 2008
(except 1998) at Zoige hydrologic station, the average annual
runoff is 20.40±1.70m3/s, the average annual runoff depth is
161.0±13.37mm, and the average annual discharge is (6.44±
0.53) × 108m3, respectively.

The degree of dispersion of annual runoff time series is
too large with the variation coefficient𝐶V = 0.37 and skewness
coefficient 𝐶

𝑠
= 0.2. It is because Hei River belongs to the

river with the rain-snow and ice fusion. Discharge of runoff
depends largely on the precipitation variation and snowmelt
[25]. However, because average annual runoff of the area itself
is small, interannual variation of runoff is relatively small,
which led to weak dependence of the annual runoff series
(Figure 2).

During the period of 1988∼2008, the largest annual flow
occurred in 1999 (up to 32.6m3/s), while the lowest annual
runoff occurred in 2002, only 8.3m3/s, respectively. Hei River
runoff decreasing trend is remarkable since 1988 (Table 1
and Figure 3). The higher temperature and less precipitation
led to the decreasing trend of runoff (Figures 4 and 5).
From 1988 to 1999 is the abundant water period; from 2000
to date is the drier period. According to the observation
data, the average annual flow from 1988 to 1994 is 27.0 ±

0.75m3/s and the average annual flow has decreased to 19.0±
1.24m3/s during 1995∼2000 and 15.2 ± 0.74m3/s during
2001∼2008, respectively (Figure 3). The trend of decreased
annual runoff impacted ecosystems of Zoige wetland and
partly contributed to wetland degradation with habitats loss.
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Figure 3: Trend of the variation of annual runoff.
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Figure 4: Trend of the variation of annual temperature.

Table 1: Tendency of the runoff series of years by Mann-Kendall
statistical test.

Test
statistic 𝑈

Significance
𝛼

Critical
value 𝑈

𝛼/2

Judge
result Tendency

−2.92 0.05 1.96 |𝑈| > 𝑈
𝛼/2

Significant
decrease

The results of this study are consistent with previous findings
of degradation of thewetland (−13.08% for swamp,−6.31% for
river, and −20.24% for lake) from 1987 to 2004 that associated
significantly with changes in hydrological processes [3]. Due
to decreasing annual runoff, it resulted in the fact that
overflow of water could not reach adjacent wetlands and led
to wetland function loss [3].
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Figure 6: Monthly runoff distribution during 1988 to 2008 with a
4-year increment.

Themonthly runoffdistribution during the year is uneven
(Figure 6), and the relative change amplitude 𝐶

𝑚
is 15.9

and absolute change amplitude is 37.1 ± 4.04m3/s. Peak
runoff mainly concentrated in the months 5–10. This river
is supplied at the same time by two ways: precipitation and
snow and ice ablation. In winter, the runoff is very small
because the low temperature makes the surface frozen. With
the spring coming, it becomes swarm, but the temperature
is still very low, and the wetland is covered by ice and snow,
while in summer when the temperature is higher, peak flow
occurred by precipitation, snowmelt, and the runoff of the
river in summer. Pulsing flooding water during growing
season made high net primary production from wetland
plant communities [10, 26].

Dry season (December to February) contributes only
4.4% of discharges for all the year, while wet season

Table 2: Daily runoff prediction for 2008 of Hei River using NNBR
model.

NNBR model Mean of relative error (%) QR (%) 𝑅
2

5.61 97.50 0.98

(May to October) contributes 82.8% of discharges for all
the year, respectively. The nonflood season (November to
next April) contributes 17.2% of discharge for all the year
(Figures 5 and 6). It may be because the precipitation’s rapid
decrease after July leads to the runoff ’s decrease, and the air
temperature is still higher; it has led higher evaporation in
August and September and lower in October. The highest
peak in the period of 1988–1994 and 1995–2000 occurred
in July while in the period of 2001–2008 the highest peak
occurred in October (Figure 6). Shifting peak flow means
less water quantity in wetland during growing season, which
significantly impacts plant communities and also biogeo-
chemical process [27]. The restoration approach used in
Zoige wetland resulted in one peat-mining site being filled
with water and aquatic vegetation with increased water levels
up to 26−50 cm higher than previously recorded in canals
and shallow water canal, respectively. Pioneering vegetation
including Eleocharis Horsetail (Equisetum, Eleocharis) and
Halerpestes (Halerpestes tricuspis) colonized in the restored
sites [3].The similar hydrologic function study was presented
from peat wetlands in Canada where the impact of a change
in hydrological function from transmitting to contributing
on aquatic chemistry may depend on the residence time of
water in the wetland. Shifting peak flow also contributed
a short residence time in the wetland to not fully develop
characteristic chemical traits of wetland ground water [28].
In general, natural- and human-induced factorsmay produce
gradual and instantaneous trends and shifts (jumps) in
hydroclimatic series. For example, the historical shifts in
snowmelts suggested that an increase in global and regional
temperature affected the discharge from amidlatitudemoun-
tain area of central Japan by using a simplified hydrological
model and associated stochastic treatments [17, 29]. The
occurrence of trends and shifts in hydrologic time series and
the ensuing effects on water resources, the environment, and
society still are concerned (e.g., [17]).

Through primary selection of the model parameters, trial
and error, it determines that 𝑃 = 2, nearest neighbor number
𝐾 = 33. Then daily runoff of 1988∼2007 is used to constitute
the feature vector𝐷

𝑡
, which is used to predict daily runoff of

the year 2008. The QR is 97.50% and the 𝑅2 is 0.98 (Table 2
and Figure 7) in validation phase owing to NNBR model’s
superiority.

Because NNBR model is data driven and nonparametric,
it avoids the uncertainty of parameter and the problem of
model choice which is different from other models based
on the traditional prediction patterns of “assume-calibration-
validation.” So it was widely used to predict the hydrological
series, such as the annual runoff of the Yangtze River in
the upper reaches [30]. However, NNBR, the same as other
models, would make no sense when the future motion trail
of the series is out of the law obtained by its historical data.
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Figure 7: Daily runoff prediction for 2008 of Hei River usingNNBR
mode.

4. Conclusions

The annual runoff of Hei River decreased from 27.0m3/s
(1988∼1994) to 15.2m3/s (2001∼2008). The monthly runoff
distribution during the year is uneven, and the relative change
amplitude 𝐶

𝑚
is 15.9; absolute change amplitude is 37.1m3/s.

The maximum value of runoff appeared in July in 1988
to 2000 and shifted to October after 2000, which may be
because of the precipitation’s rapid decrease after July leading
to the runoff ’s decrease, and the temperature is still high;
evaporation force is strong in August and September while
October evaporation is reduced, so the maximum appears.

A stochastic model and modeling schemes were devel-
oped for simulation of hydrologic processes of Hei River.
Daily runoff modeling with NNBR model during 2008 has
good fits with 97.5% which is probably more suitable than
liner regressive model especially when the time series has no
obviously short-dependency.
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Copyright © 2015 Victor M. Rodŕıguez-Moreno 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.

Open ecosystems in Mexico are under increasing pressure, due particularly to the expansion of cities and agricultural activities.
These developments occur without integrating biodiversity concerns in land use planning and result in extensive fragmentation and
transformation of the landscapes. The semiarid region of Mesa Central was characterized using ten precipitation-based indices.
Using multivariate statistical and geostatistical spatial analysis techniques, the influence of those indices on five land use strata
was explored. Land use analysis indicated that the maximum values of the five significant precipitation-based indices were found
in Grasslands, Agricultural Use, and Shrubs; minimum values were characteristic of substrates Secondary Desert Vegetation and
Other Use. Our results suggest that the greatest number of extreme precipitation events is likely to occur in open ecosystems and
consequently will have a strong influence on landscaping and land use.The semivariogram analysis and geostatistical layers demand
attention from research institutions, policymakers, researchers, and food producers to take the appropriate and coordinated actions
to propose scenarios to deal with climate change. Perhaps this study can stimulate thought concerning research endeavours aimed
at promoting initiatives for biodiversity conservation and planning programs for climate change mitigation.

1. Introduction

Climate results from a combination of atmospheric factors
and environmental conditions that operate at different levels
[1]. Indices for climate variability and extremes have been
used for a long time, often by assessing dayswith precipitation
observations above or below specifically based thresholds
[2]. Because vegetation covers most of the global land
surface, it strongly affects the land-atmosphere exchanges of
energy, momentum, andmaterials [3] through the distinctive
combination of interacting elements that are repeated in
similar form through the landscape; it also impacts runoff and
erosion rates along with soil stability. Most semiarid regions
suffer severe rainfall erosion [4]; sincewater has a high erosive

capacity,more damage is likely to occur in these areas because
of reduced vegetative protection.

Climate system warming is unequivocal, and since the
1950s many of the observed changes are unprecedented when
seen over decades, even millennia [5]. According to Zeng et
al. [3], arid and semiarid regions are dominated by shrub
communities with many subtypes. In addition, within the
spatial limits of these regions, an exceptional richness of
biodiversity and an astonishing variety of biomes are found;
exceptionally high species diversity and endemism occur.
Plant community spatial distribution is strongly influenced
by rainfall distribution, soil water retention rate, and the soil
itself as substrate. Additionally, temperature and geomor-
phic factors influence plant community distribution in the
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landscape by influencing evaporation rate and the amount
of sun insolation. According to Kuyler [6], the origin and
development of landscapes are influenced by a combination
of natural processes and human influences. Land use, par-
ticularly its intensity, is considered one of the determining
factors of the abundance and richness in populations of soil
organisms [7]. The diversity and heterogeneity of land use
processes require detailed analysis because of their differen-
tial effects on the environment. Land use degradation occurs
when the ecosystem is not able to regenerate its structures
and ecological processes (resilience) in order to recover its
stability. Most semiarid regions are characterized by a hot
summer and extremely limited and spatially erratic annual
precipitation (less than 300mm). Changes in temperature
and rain events have received extensive attention from
researchers, since many regions worldwide have experienced
significant variations in climate extremes during the past
few decades [8, 9]. The number and frequency of rainfall
events along with extended droughts raise the question as
to whether extreme climate events are truly increasing and
also whether they are associated with climate change. Knapp
et al. [10] documented growing evidence at global, regional,
and local levels that intra-annual precipitation regimes have
become more extreme; global precipitation records during
the 20th century show an average increase of only 9mm
over land areas, excluding Antarctica. Therefore, according
to Pearson et al. [11], climate data are essential input variables
for ecological modelling and play a significant role in flora
and fauna distributions.

Climate change impacts add further complication to the
already demanding watermanagement challenges in arid and
semiarid regions. Its effect on hydrological processes such
as infiltration, percolation, runoff, and soil water storage is
highly complex [12]. InMexico an issue demanding attention
is limited and often lack of serial climate data records on
open ecosystems because of the absence of meteorological
devices. Along with the high cost of maintenance, the spatial
representation of ground-weather monitoring stations is a
function of regional climatic variability, measurement site
characteristics, observational practices [13], and frequency of
instrument calibration to standards. Some stations may be
strongly influenced by an unusual or changing microclimate
within their immediate surroundings and therefore have
less utility representing climatic dynamism over large spatial
scales.The scientific community has extensively documented
the robust influence of geomorphic factors (elevation, slope
[north, south, east, west facing, or level]), and topographic
setting (ridge top, valley, etc.) as biased sources for recorded
data and trend analysis. A station near hills or hollows,
in or out of nocturnal drainage channels, or influenced by
other subtle features may result in errors in climate data
records. Concerning this issue, the World Meteorological
Organization (WMO) contends that for developing high
quality datasets the database must consider these potential
limitations: general measurement and sampling errors; lack
of homogeneity (where external factors can influence the
record, e.g., new trees or buildings near the observation site);
and the practice of having to make statistical averages over
large geographical regions when limited data are available to

represent those areas. According to Jamaludin and Suhaimi
[14], dealing with these issues implies a high cost and an over-
whelming number of procedures, in factway toomany. Scien-
tists, accordingly, have developed a number of interpolating
methods to keep inherent data uncertainty at a minimum to
ensure enough accuracy for its use in climate analyses.

Ordinary Kriging is an interpolator that works well on
any scale because of its accuracy in improving the calculation
of model error. In a geographic information system (GIS)
environment it uses statistical models that allow a variety
of thematic output maps that include predictions, standard
errors of predictions, probability, and quantile (ArcGIS).
With the use of interpolation, the idea is to have an estimate of
the distance one would need to travel before data points sepa-
rated by that distance are uncorrelated [15]. This information
is usually presented in the form of the variogram, which is
a function of the semivariance versus the distance lag. The
basic difference between variance and semivariance data is
that the first category is represented by a number (scalar) and
the second one by a curve (vector).

The use of indices instead of data is a better way to make
the influence of climate change on the landscape more evi-
dent. An index represents information derived from the data
itself and is useful for supporting a variety of climate change
analyses. The RClimDex is an R based package designed to
provide a user-friendly interface to compute indices of cli-
mate extremes [16].

This study endeavours to provide new information which
integrates a serial dataset of direct measurements of daily
precipitation in order to derive precipitation-based climate
indices, their spatial mapping interpretation, and trend anal-
ysis. The study area is the Mesa Central, a semiarid phys-
iographic province of Mexico. This region has highly frag-
mented land use and a landscape of contrasting elevation and
landforms. Daily precipitation data of a sufficient number of
ground-weather stations were used to derive climate indices
datasets as well as the slope of the estimated trend line equa-
tion. All datasets were fully incorporated into a GIS project
to extend the analysis to regional scale, taking into considera-
tion the land use categories.The goal is to improve the knowl-
edge of how precipitation-based indices may help to clarify
the way regional land use may be affected by climate change.

2. Materials and Methods

2.1. Description of the Study Area. TheMesaCentral is a phys-
iographic province that is part of the northern high plateau
region in Mexico and covers two-thirds of the country’s arid
and semiarid regions. It is located in centralMexico (Figure 1)
and embodies ∼8.6Mha. Its spatial limits were originally
delineated based on morphologic and geologic characteris-
tics contrasting with those of neighbouring physiographic
provinces [17]. It is a large area of folds and separated moun-
tain failures with vast flood plains that become part of large
and extended flat basins. Two physiographic features charac-
terize this region: a semiarid area of volcanic cones separated
by high alluvial basins adjacent to Sierra Madre Oriental
(SMOr) and, secondly, desert lands and semiarid areas along
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Figure 1: Digital elevation model (DEM (a)) and land use (b), along with the location of ground-weather stations. The scale is 1 : 250,000.

with inner basins, located in the lower central zone and
eastern region of the plateau [18]. The province combines
rough topographic relief and flat areas. Over half of its surface
is above 1,900 masl (Figure 1(a)) and the inside topographic
elevations are moderate, generally forming ramps at 600m
or less. On the north and east it is bordered by the SMOr,
on the west by the Sierra Madre Occidental (SMOcc), and on
the south by the depression known as El Bajio. The spatial
limits are in accord with the Instituto Nacional de Estadı́stica
y Geograf́ıa (INEGI) of Mexico. Regional land use incor-
porates five gross classes: the Agricultural Class, covering
∼2.65Mha (30.81% of the area); Shrubs (chaparral), com-
prising ∼2.76Mha (32.09%); Secondary Desert Vegetation
(SDV), embodying ∼1.89Mha (22.98%); Grassland, totalling
∼0.86Mha (10.00%); and Other Use, accounting for the rest
of the study area ∼0.44Mha (5.12%). Agricultural activity is
under both irrigation and precipitation-dependent regimes;
the shrub class includes crassicaule, rosetophyll, microphyll,
and submountainous species; the SDV stratum has holm
oaks, pine, mesquite, and their associations; the Grassland
category incorporates halophytic, along with introduced and
native species (Figure 1(b)); the Other Use stratum includes
water bodies, human settlements, and bare soil.

Because of its considerable latitudinal size, the province
was subdivided into three virtual regions, each corresponding
to ∼175 km of latitude distance. The Agricultural Class is
regional and widely distributed. In the northern region the
horizontal spatial distribution is dominated by a transition of
the Shrubs, SDV, and Agricultural Classes. This region also
displays an outstanding contrast in elevationwith a transition
from flat areas (northern) to peaks (east, central, and west).
The southern region is a blend of all land use strata where
the transition among classes is not specifically dominated by

any particular class; there is, however, a distinct transition in
elevation.Most of theOtherUse class is located in this region,
along with significant areas of the other land use strata. The
central region exhibits a pattern of land use distribution com-
parable to the north region.

2.2. Data Description and Quality. Daily precipitation data of
32 ground-weather stations (Figure 1 and Table 1) were used
to derive precipitation-based indices (Table 2).

The “𝑋” and “𝑌” columns refer to coordinate data: North
American Lambert Conformal Conic Projection, Datum
ITRF92. Bold numbers denote a simple consecutive list cor-
responding to the station numbers in Figure 1. The CNT col-
umn designates the number of years with data. Columns
Yr STRT and Yr END indicate initial and final years of
recorded data. Elevation data are provided in the ELEV
column; data was acquired by point extraction from a digital
elevation model (DEM) with ∼30m spatial resolution. The
serial dataset rangewas 41> years< 86. Elevation ranged from
1,594 to 2,310 masl.

Data quality was a priority because the indices are sensi-
tive to changes in station location, sun exposure, equipment
precision, and observer’s practice [19]. Before calculating the
indices, the dataset preparation and processing instructions
of the RClimDex user’s manual were followed, as proposed
by Zhang and Yang [20] to insure data quality. Two phases
are involved: the Quality Control (QC) and the Homogeneity
Test (HT).The goal ofQC is to identify errors in daily datasets
that may potentially interfere with the correct assessment of
the extremes; that is, all missing values (currently coded as
−99.9) are replaced with an internal code that the software
recognizes (i.e., NA: not available); and all allegedly aberrant
data are substituted with the NA code. The quality test also
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Table 1: Metadata of 32 ground-weather stations.

ID 𝑋 𝑌 CNT Yr
STRT

Yr
END

ELEV
(masl)

1 2479653 1109989 41 1970 2010 1910
2 2486208 1131433 52 1959 2010 2310
3 2482803 1143829 48 1963 2010 1990
4 2470043 1127050 70 1937 2006 1900
5 2503141 1099876 44 1967 2010 2020
6 2481042 1080332 62 1949 2010 1970
7 2483763 1110871 42 1969 2010 2030
8 2482620 1133640 49 1962 2010 2100
9 2493072 1124451 62 1949 2010 2015
10 2468155 1097585 64 1947 2010 1870
11 2500000 1097918 40 1971 2010 2005
12 2471762 1087203 62 1949 2010 1890
13 2329266 1426223 62 1948 2009 1594
14 2344222 1362695 65 1942 2006 2000
15 2363559 1381750 47 1963 2009 1800
16 2579963 997979 62 1949 2010 2280
17 2612885 994396 49 1962 2010 1909
18 2673414 1015524 62 1949 2010 2114
19 2610387 1017095 61 1951 2011 1937
20 2621930 982281 50 1961 2010 1850
21 2640491 1004184 49 1962 2010 2000
22 2537885 1024753 65 1947 2011 2100
23 2553592 1070379 86 1924 2009 2250
24 2616265 1010894 50 1961 2010 1915
25 2588990 1183040 41 1969 2009 1800
26 2589705 1140237 68 1942 2009 2062
27 2536066 1192513 45 1965 2009 2030
28 2630237 1113825 50 1961 2010 1970
29 2590633 1233933 69 1941 2009 2210
30 2521958 1157819 43 1967 2009 2122
31 2396833 1329940 68 1942 2009 1913
32 2371687 1283722 68 1942 2009 2071

identifies outliers in daily precipitation data. An outlier is an
observation that falls outside the statistical limits of proba-
bility or else is negative. Currently these limits are defined as
𝑛 times standard deviation (stdev) of the value for the day;
that is, (𝑥 − 𝑛 × stdev, 𝑥 + 𝑛 × stdev), where stdev stands
for the day and 𝑛 is an input from the user. Here we assigned
a threshold value of four stdev’s. According to Vincent et al.
[21], HT consists in the detection of shifts in climate time
series, which are often due to station relocation, changes in
instruments observation practices, and automation.

The RClimDex User’s Manual is the best source for a
more detailed and extensive description of these indices; it
is available for online consultation and downloading.

2.3. Statistical Analysis. All descriptive statistics were pro-
cessed according to Chebyshev’s theorem; it formally states

that “the proportion of observations falling within 𝑘 standard
deviations of those numbers of the mean of those numbers is
at least 1 − 1/𝑘2” [22]. The advantage of this theorem is that
it applies to any dataset regardless of the distribution shape
of the data. For calculation, the serial maximum datum was
indicated as the “upper limit” (1); then, 𝑘 datum was further
added to (2):

𝑘 =

[“upper limit” − 𝑥]
stdev

(1)

Chebyshev’s theorem = [1 − ( 1
𝑘

2
)] ∗ 100. (2)

In (1), the calculated 𝑘 is the number of standard deviations
that the serial maximum datum amounts to by dividing it by
the standard deviation. Stated simply, the theorem gives the
minimum proportion of data which must lie within a given
number of standard deviations of the mean; true proportions
foundwithin the indicated regions could be greater thanwhat
the theorem guarantees. The correct interpretation is that
at least Chebyshev’s value (percent) of each index is in the
interval of 𝑥 ± 𝑘 and the rest of the proportion is outside this
interval.

The geostatistical layers of surface map predictions were
obtained by applying the Ordinary Kriging interpolation
technique. It is considered superior to other commonly
used interpolation techniques for precipitation estimation
[23]. This technique provides an unbiased interpolation with
minimum square mean estimation error and it is used for
its ability to incorporate regional data and data indicating
local trends. It has also been used frequently in soil science
[24, 25], hydrology [26], and more recently in forestry [27],
ecology, and climatology [28–30]. Its calculation is based on
a semivariogram, a geostatistical tool that analyses the spatial
variability of one variable within the spatial limits of a specific
area. A semivariogram is commonly used to model spatial
structure in a single variable by measuring the strength of
statistical correlation as a function of distance. According to
Gringarten andDeutsch [31], the expected squared difference
between two data values separated by a distance vector, h, is
the variogram. The semivariogram 𝛾 (h) is one half of the
variogram 2 𝛾 (h). The variogram is a measure of variability;
it increases as samples become more dissimilar. According
to Webster and Oliver [32], the parameters that define the
variogram are (1) the sill, which is the total variance and
represents the variability in the absence of spatial correlation;
(2) the range, which is the distance at which the variogram
approaches the sill; and (3) the nugget effect, which is a com-
bination of spatially unstructured variance (e.g., attribute
error) and spatially structured variance at distances shorter
than the minimum measurement separation. The sill minus
nugget is known as partial sill or structural variance.

Because of the lack of the specific data for calibrating the
semivariogram runs, we used fixed parameters for all runs;
the primary variable was the precipitation-based index and
the covariable was the elevation grid. Run-parameters were
the model, ordinary co-Kriging; lag, 2,318.92; nugget, 0, 0;
range, 204,168.71; and sill, 1.5631. According to Schabenberger
and Pierce [33], the decision about whether or not to include
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Table 2: Acronyms and short descriptions of the ten precipitation-based indices.

ID Short name. Description Output time
units

CWD Consecutive wet days. Maximum number of consecutive days with RR ≥1mm Days
PRCPTOT Annual total wet-day precipitation. Annual total PRCP in wet days (RR ≥1mm) Annual
R10mm Number of heavy precipitation days. Annual count of days when PRCP ≥10mm Annual
R20mm Number of very heavy precipitation days. Annual count of days when PRCP ≥20mm Annual
R95p Very wet days. Annual total PRCP when RR >95th percentile Annual
R99p Extremely wet days. Annual total PRCP when RR >99th percentile Annual
R25mm Number of days above 25mm. Annual count of days when PRCP ≥25mm Annual
R1day Max 1-day precipitation amount. Monthly maximum 1-day precipitation Monthly
R5day Max 5-day precipitation amount. Monthly maximum consecutive 5-day precipitation Monthly

SDII Simple daily intensity index. Annual total precipitation divided by the number of wet days (defined as
PRCP ≥1.0mm) in the year Annual

a nugget effect is difficult. Its inclusion probably results in a
better-fitting model [34], but considering that the geomor-
phology of the study area varies considerably and also that
land use is disparate and delineated on a 1 : 250,000 scale, the
decision to set the nugget value at 0, 0 seemed appropriate.
This decision follows the recommendation of Schabenberger
and Pierce [33] that nugget inclusion is not necessary.

There are several models of semivariance to choose from.
According to Glover [15], the linear model seems to provide
the best results because the data do not support evidence for
a sill or a range; rather, they appear to have increasing sem-
ivariance as the lag increases. Gallardo [35] proposed a rule
of thumb about the number of pairs to represent a point in
the semivariogram; it must be greater than 30. This general
rule means that the number of data on the space object would
not be less than 50. The same author mentions that this rule
serves as a guide and does not have to be followed absolutely.
In this study the number of ground-weather stations is 32,
which seems adequate to support the research.

For statistical analyses, the multivariate analysis of vari-
ance (MANOVA) along with the post hoc Bonferroni test for
homogeneous groups was applied. To make the database for
analysis suitable for the general MANOVAmodel, one which
accepts categorical variables, the dataset was augmented with
two categorical predictors: the three virtual regions (North,
Central, and South) and the five land use classes. Resam-
pling the geostatistical surface map layer with a randomly
distributed dataset of 3,569 coordinate pairs provided the
land use analysis. Each data point is an n-dimensional vector
whose coordinates are 𝑥

1
(𝑡), 𝑥

2
(𝑡) . . . 𝑥

𝑖
(𝑡), at a time (𝑡) [36].

The required number of points, along with their distribution,
was determined by applying a random distribution function
and a restriction distance of 200m between points. Because
land use was originally delineated at a 1 : 250,000 scale and
also divided into five appreciable strata for this study, it
seemed imperative to select a minimum number of points
by class. Calculating an appropriate sample size relies on
the subjective choice of certain factors and sometimes crude
estimates of others; as a result, this outcome may seem rather
artificial. However, at worst it is a well educated guess, and it is

considerably more useful than a completely arbitrary choice
[37].

3. Results and Discussion

3.1. RClimdex. A variation in statistical significance of trend
lines was evident. Of the ten precipitation-based indices, five
were seen as significant (𝑃 < 0.05): PRCPTOT, R10mm,
R20mm, R25mm, and SDII. Hence, the discussion of the
results and analysis will be limited to these indices.

To choose indices for mapping purposes and statistical
analysis, along with a consideration of significance, we sepa-
rated indices by applying two additional criteria: a minimum
of 5 ground-weather stations had to result as significant for
the index and their spatial distribution could not be concen-
trated in reduced areas. Of the calculated 320 trend lines (32
ground-weather stations × 10 indices), a positive trend was
observed for 38 (∼12%), whereas a negative trend was per-
ceived for ∼5% (15); the remaining trend line equations, 267
(∼83%), were seen as nonsignificant (𝑃 > 0.05). These results
appear to accentuate a regional spatial distribution for pre-
cipitation events which lacks homogeneity in frequency and
intensity; they also seem to indicate that certain areas may be
more susceptible than others to a strong influence of topog-
raphy. Those regions may provide a good target for focusing
research on the effects of land use and climate change for inte-
grating plant communities and how thismay influence spatial
landscaping. As observed in Table 3, indices that met the
proposed criteria and resulted in a positive trend were those
related to heavy rain (R10mm), total precipitation (PRCP-
TOT), days with rain ≥25mm (R25mm), and SDII; the only
index displaying a negative trend was R20mm. Hereafter the
results and discussion will be limited to these five indices.

3.2. Surface Analysis. The variations and trend of climate
indices as well as the observed semivariogrammust be under-
stood for reliable interpretation and modelling. The surface
prediction maps on Figure 2 represent the individual spatial
variability of each index along with the positive/negative
trend of each ground-weather station. The legend (classes)
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Table 3: Significant trend line equations of precipitation-based indices by ground-weather stations; table includes only all the stations with
significant 𝑃 < 0.05 for at least one index. Bold numbers indicate a positive trend and normal text a negative trend; empty cells were
nonsignificant (𝑃 > 0.05).

ID PRCPTOT R10mm R20mm R25mm SDII
2 y = 0.08 ∗ +0.03
5 y = 4.33 ∗ +1.64 y = 0.07 ∗ +0.03
6 y = 0.06 ∗ +0.02
7 𝑦 = −0.15 ∗ +0.07

8 𝑦 = −3.06 ∗ +1.45 𝑦 = −0.14 ∗ +0.06

9 y = 2.045 ∗ +0.97 y = 0.09 ∗ +0.04 y = 0.06 ∗ +0.02
11 y = 3.24 ∗ +1.51
12 y = 0.15 ∗ +0.06
13 y = 0.09 ∗ +0.02
14 y = 0.11 ∗ +0.04 y = 0.04 ∗ +0.01
15 y = 4.39 ∗ +1.66
16 y = 0.16 ∗ +0.07 y = 0.09 ∗ +0.03
17 𝑦 = −3.41 ∗ +1.54

18 𝑦 = −0.14 ∗ +0.06 𝑦 = −0.09 ∗ +0.03 𝑦 = −0.05 ∗ +0.02

19 𝑦 = −0.04 ∗ +0.02

21 𝑦 = −5.51 ∗ +1.99

22 𝑦 = −0.16 ∗ +0.07 𝑦 = −0.09 ∗ +0.04 𝑦 = −0.07 ∗ +0.03

28 y = 3.52 ∗ +0.95 y = 0.09 ∗ +0.04
29 y = 0.10 ∗ +0.04 y = 0.07 ∗ +0.02 y = 0.06 ∗ +0.02
31 y = 0.07 ∗ +0.02 y = 0.06 ∗ +0.02
32 y = 0.04 ∗ +0.02 y = 0.04 ∗ +0.01 y = 0.02 ∗ +0.01

for geostatistical surface layers is in accord with regional land
use spatial distribution. Di Gregorio and Jansen [38] define
land use spatial distribution as the spatial arrangement of life
forms (e.g., trees, Shrubs, Grasslands, etc.) in a given region.
Land use spatial distribution reflects an ecological or an
evolutionary aspect of vegetation (e.g., scattered vegetation
in arid areas, agricultural encroachment inside forest areas,
and degradation due to overgrazing). In defining a particular
classification design in a particular area two concepts is
considered: the Minimum Mapable Area (MMA) and the
Mixed Mapping Units (MMU). Di Gregorio and Jansen
[38] mention that MMA is applied by cartographers when
addressing the smallest area that can be shown on a map;
it is scale-dependant and not related to classification. The
same authors mention that the MMA is cartography related.
The classifier is free to decide if land use implies an intricate
mixture of classes where no one class is clearly dominant.
Our study region was considered a spatially separate entity
(e.g., patches of each stratum of land use inside all) in an
intricate mixture (crops, Shrubs, and Grasslands). In the case
of spatially separated entities of two or more classes, we
followed the general criteria proposed by Di Gregorio and
Jansen [38] that the cover of each class considered must be
more than 20 percent (and consequently less than 80 percent)
of the mapping unit. Based on these criteria, we defined four
major classes for all significant indices.

The PRCPTOT index showed a pronounced effect on
model performance because of the strong influence of the
spatial autocorrelation range. Despite its designation as zero,

a slight nugget effect was observed in two locations (Table 4).
The nugget effect and the origin of slope are the most impor-
tant features for fitting the semivariogram [39] and the nugget
effect is also the most unpredictable because of the lack of
closer samples in the dataset.

The discontinuity in the semivariogram’s origin can be
viewed as a nonsense situation since landscape realities [40]
and environmental conditions may be considered a contin-
uous surface. According to Clark and Harper [41], the dis-
continuity of semivariogram origin should not occur in most
spatial environmental processes because space is generally
continuous; however, some individual processes in nature,
such as gold mineralization, are exceptions to this pattern.
Nevertheless, the semivariogram should be continuous at the
origin. “One of our basic assumptions is physical continuity
of the phenomena being measured” [41]. As evident in
the PRCPTOT index, the nugget effect indicates erratic
behaviour over very short distances along with considerable
variability over distances less than specified lag spacing or
sampling interval. This would imply that “perfect” sampling
would eliminate the nugget effect entirely, but the method-
ology and the applied analysis techniques of this study are
limited and circumscribed by the number of ground-weather
stations; this limitation prompts us to consider the resulting
value of the nugget effect as inconclusive. In addition, a key
issue is the interpolation approach for a given set of input
data [42]. This is especially true for areas such as those with
contrasting topography (mountainous regions), where data
collection is sparse and measurements for given variables
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Figure 2: Continued.
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Figure 2: Semivariograms and geostatistical surface map layers of significant indices. (a) = PRCPTOT; (b) = R10mm; (c) = R20mm; (d) =
R25mm; and (e) = SDII.

Table 4: Semivariogram parameters for significant indices by location.

Index Range Partial
sill 0,0 Partial sill 0,1 Partial sill 1,1 Nugget

0,0
Nugget
1,1

PRCPTOT 176,010.1 10,109.4 7,782.7 43,723.2 1,825.20 1,427.4
SDII 205,120.5 2.4 115.1 46,597.4 0.00 0.0
R25mm 204,168.7 1.6 112.7 46,574.8 0.00 0.0
R20mm 205,120.5 3.7 164.3 46,597.4 0.00 0.0
R10mm 205,120.5 16.7 285.9 46,597.4 0.00 0.0
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may differ significantly even at relatively reduced spatial
scales [43]. Burrough and McDonnell [42] state that when
data are abundant most interpolation techniques give similar
results. When data are sparse, the underlying assumptions
about the variation among sampled points may differ and the
choice of interpolation method and parameters may become
critical. Results of spatial interpolation contain a certain
degree of error, and this error is sometimes measurable [44].
As apparent in this study, land use in this semiarid region is
highly fragmented and the number of stations seems to be
locally adequate; this is notable in central region. According
to Ahrens [45], the geographical representativeness of the
stations diverges, but this is not systematically dependent on
station elevation. Since this is not addressed by geographical
distance weighting and by the knowledge that precipitation
increases with elevation, it is expected that interpolated pre-
cipitation will be tendencially overestimated in those areas
with rough terrain. One limitation that has been reported
when using geostatistical spatial analysis is that the under-
lying stochastic concept relies on the distribution and on the
stationarity ofmean and spatial covariance [46]. Some studies
have used prescribed data transformation: for example, Schu-
urmans et al. [47] use a square root transformation in applica-
tion with situations of abundant daily rainfall; Verworn and
Haberlandt [48] use a log transformation for selected flood
cases. Nevertheless, in our study region precipitation events
are erratic and even absent; to our knowledge the application
of transformation is not a common practice, and the effect
of transformation as well as the role of transformation choice
has not been systematically examined so far. Nonetheless, this
feature recommends further exploration for future research
studies andmay suggest incorporating additional datasets for
remotely sensed net shortwave and longwave radiation, latent
and sensible heat flux, and surface and subsurface runoff.

These results seem to support those reported by Wagner
et al. [49] where they indicate that in an interpolation scheme
the choice of a covariate had a significant impact on estimated
precipitation and runoff amounts. Our results demonstrate
that the incorporation of an elevation grid as a covariate
should improve and enhance the spatial representativeness of
ground-weather station datasets. Naimi et al. [50] mention
that the value of the covariate of an interpolated location
would be similar to that of an actual location. According to
Gringarten and Deutsch [31] at some scales the processes
are highly nonlinear and chaotic, leading to variations that
have no spatial correlation structure. Typically, only a small
amount of variability is explained by random behaviour. The
results here seem to validate the erratic distribution and
randomness of precipitation events in this semiarid region.

All semivariograms showed that spatial correlation to
elevation decreases with separation distance. For all indices
the size of the range of correlation scale depends on direction;
that is, the vertical range of correlation is much less than the
horizontal range due to the greater lateral distance between
stations.

The interpretation of the geostatistical layers resulted in
mean differences in all indices. Surfaces A and B resulted
in an almost comparable spatial distribution with an evident
latitude gradient that starts with the lowest area of the north

region and extends to the highest area in the south region. In
Figure 2(c), all of the north region and most of central region
fundamentally had the lowest number of heavy precipitation
days. For geostatistical layer D, themaximumnumber of days
in a year with precipitation ≥25mm is limited to a small area
in the south region where the most of the Other Use class is
present. For layer E, results indicated that themean precipita-
tion in wet days (6.8–8.3) was essentially homogeneous along
the central north/south length of the study area.

3.3. Land Use. Based on the Chebyshev’s theorem it appears
evident that the north region had the greatest dispersion
among land use strata and significant indices indicating the
proportion of observations from the mean (>41% proportion
<82%). This was especially notable for the Other Use and
Shrubs classes, but this was in contrast to the 𝑘 value which
regionally showed the closest approach to the mean, as
observed on the 𝑘 graphic with a >1.2 stdev <2.4 (Figure 3).
Consistently, the central region resulted in the highest pro-
portion around the mean (72–91%), but in contrast with the
highest range of 𝑘 (1.6–3.4); south region was influenced by
the values of the SDII index resulting in a smaller proportion
around the mean (47–66%), but the closest range from the
mean (>1.4 𝑘 < 1.7) (Figure 3). These results emphasize the
variation among strata by the latitude gradient and land use.

Among significant indices the PRCPTOT indicated the
lowest value for the Other Use stratum. This result may sug-
gest evidence that anthropogenic activity is influencing the
hydrologic cycle by affecting the total amount of precipitation
within the region. Jacobson and Kaufman [51] reported a
reduction in precipitation in California due to emissions of
anthropogenic aerosol particles and precursor gases; that is,
anthropogenic SO

𝑥
, NO
𝑥
, NH
3
, and speciated organic gases,

but not CO
2
, CH
4
, or N

2
O. This feature deserves further

research and extended study, but it is beyond the scope of this
project.

According to Gringarten and Deutsch [31], the extent of
spatial correlation decreases with separation distance until
reaching a distant point where no spatial correlation exists.
Virtually all climatic relationships impart trends which affect
land use. By way of examples, water distribution upland or
a systematic decrease in reservoir quality from proximal to
distal locations may have an impact on an ecosystem’s inte-
gration processes, gas exchange, and functionality; likewise,
geomorphology exerts a significant influence on the amount
of solar radiation incident on a surface, since radiation varies
with slope and aspect as a function of slope angle; elevation
influences spatial distribution of wetness on soil, biotic com-
position of plant communities, pedogenic process, and ru-
noff.This is especially important for terrain with highly com-
plex geomorphology, where topography shading generally
has important effects on energy balance. The cause for night
time warming and variations in energy balance has been
attributed to changes in atmospheric water vapour, cloud
cover, jet contrails, and changes in surface characteristics
such as land cover and land use [52–54]. Local effects such
as urban growth, irrigation, desertification, and variations in
local land use can affect the wetness distribution, particu-
larly in urban areas. Large-scale climatic effects on regional
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Figure 3: Chebyshev’s theorem (a) and 𝑘 value (unitless (b)) for the significant indices by land use by virtual region. From left to right: north,
central, and south regions.

Table 5: The Bonferroni test for homogeneous groups (𝛼 = 0.05) by region and by land use.

PRCPTOT R10mm R20mm R25mm SDII
Region

North 312.04a 10.77b 4.11b 2.48b 7.26b

Central 311.26a 10.57a 3.89a 2.25a 6.92a

South 408.48b 14.06c 5.82c 3.68c 8.10c

Land use
SDV 333.17b 11.35b 4.45b 2.70b 7.32b

Other Use 337.56ab 11.60ab 4.48ab 2.72ab 7.36ab

Shrubs 341.62a 11.72a 4.57a 2.78b 7.40a

Agricultural 343.28a 11.80a 4.58a 2.77b 7.43a

Grasslands 344.58a 11.85a 4.61a 2.78ab 7.44a

Each letter separates the significant differences between pairs of classes. The comparison is based on the calculated value of statistic F.

wetness distribution may include increases in cloud cover,
surface evaporative cooling from precipitation, greenhouse
gases, tropospheric aerosols [52], and extrememeteorological
events, along with hydric and energy imbalance. This in turn
may have consequences for runoff rate, sediment transport,
groundwater recharge, and of course land use conformation.

3.4. Statistical Analysis. Data analysis was performed on the
sample dataset points with added categorical variables for
land use and regions. The MANOVA model provided signif-
icant outcomes (𝑃 < 0.05) for both categorical predictors.
As expected, most of the variation was observed in land use
(Wilk’s lambda = 0.18, 𝐹 = 951.8, 𝑃 = 0.00) and less by
regions (Wilk’s lambda = 0.96, 𝐹 = 6.8, 𝑃 = 0.00). The
post hoc Bonferroni test showed significant differences (𝑃 <
0.05) for regions and indices, except for PRCPTOT where no
significance (𝑃 > 0.05) was observed between the central and
north regions (Table 5). The most outstanding results were
found in land use.

The PRCPTOT index indicated significantly different
results (𝑃 < 0.05) when pairing the Shrubs, Grasslands and
Agricultural Classes with the SDV stratum for all indices. For
the remaining paired associations, no significance (𝑃 > 0.05)
was observed (Table 5). For the R10mm, R20mm, and SDII
indices, results for a number of pairs were similar to PRCP-
TOT index; a notable exception was in the R25mm index,
which indicated two well defined groups. The first group
included the SDV, Shrubs, and Agricultural strata; the second
one encompassed the Other Use and Grasslands strata.

Regional variation is apparent by observing the latitude
gradient. The south region consistently received the highest
annual precipitation, the greatest number of extreme pre-
cipitation events, and the largest number of wet days per
year (SDII index). Land use analysis indicated two well
defined groups for all indices, except the most extreme
index (R25mm). Regionally the Shrubs, Agricultural Use,
and Grasslands strata ranked highest in all indices, showing
yearly more total precipitation, the greatest number of heavy



Advances in Meteorology 11

precipitation days, and the greatest number of wet days. By
contrast the SDV stratum ranked lowest in all indices.

In general, documentation showed that in the Mesa Cen-
tral region precipitation-based indices indicated a definite
influence on land use integration and the latitude gradient.
Mahmood et al. [55] showed that land cover changes exert
an important role in variations of atmospheric temperature,
humidity, cloud cover, circulation, and precipitation. These
changes have an impact ranging from local and regional
scale to subcontinental and even global scales; they affect
agriculture, deforestation/afforestation, desertification, and
urbanization. From this perspective Betts et al. [56] have
shown that land cover change can influence climate by mod-
ifying the physical properties of land surface.

4. Conclusions

This study, using multivariate statistical and geostatistical
spatial analysis techniques, explored how different land use
strata in the semiarid region of Mesa Central respond to
ten precipitation-based indices. The very first conclusion of
this study is that spatial autocorrelation, as observed through
the analysis of the indices’ interpolated geostatistical layers,
reduced the positional uncertainty in semivariograms and
decreased with distance. The nugget value appearing in the
PRCPTOTprompts the incorporation of other datasets, espe-
cially those that indirectly register sun insolation, soil humid-
ity, and runoff. These datasets would help to measure the
response of soil cover to precipitation and humid conditions.

The second conclusion is about the role of elevation as
a dispersion factor affecting the proportion of observations
from themean; the dispersion was greater in the north region
than in the central and south regions of theMesa Central; but
this dispersion is in contrast to the number of observations
closest to the mean (>1.2 stdev <2.4) and suggests further
research initiatives.

The last conclusion is based on an interpretation of the
semivariograms and predicted surface, along with the trend
in indices. The spatial interpretation of resulted geostatistical
layers deserves consideration as an important step in defining
programs for biodiversity conservation and land use plan-
ning, in designing climate change mitigation programs, and
in pursuing carbon sequestration and biomass production
studies. This study, therefore, provides a foundation that can
be confidently used in future research for exploring these
important issues.
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Two widely used approaches, nonparametric approach and Budyko framework approach, were used to calculate precipitation
elasticity of streamflow (𝜀) in China’s main river basins. While the Budyko framework illustrates only the effect of climate on
𝜀, the nonparametric approach illustrates the effects of both climate and human activity on 𝜀. Both approaches showed similar
spatial pattern of 𝜀, with high values for northern arid catchments and low values for southern humid catchments, suggesting high
sensitivity of streamflow to climate in the arid catchments in China’s north. Inland catchments had low 𝜀 values, probably because
most of the annual streamflow was driven by glacial and snowmelt. While strong anthropologic activities reduce the sensitivity of
streamflow to precipitation in some northern arid catchments, which was indicated by lower 𝜀 values produced by nonparametric
approach, the combined use of the two approaches underscored the significance in identifying the effects of anthropologic factors
on streamflow.

1. Introduction

Asprecipitation is amajor factor of streamflow, it is important
that water resources scientists and managers understand the
sensitivity of streamflow to precipitation.Most studies involv-
ing streamflow sensitivity are based on conceptual catchment
modeling by varying atmospheric inputs to estimate changes
in streamflow [1, 2]. However, conceptual model is limited
by high uncertainties in the structures and parameterization
[3, 4].

Sankarasubramanian et al. [2] developed a nonparametric
model for estimating precipitation elasticity of streamflow
(𝜀), which is the proportional change in streamflow resulting
from changes in precipitation. While 𝜀 = 2.0 indicates
that 1% change in precipitation results in 2% change in
streamflow, higher 𝜀 suggests higher streamflow sensitivity to
precipitation. Several studies suggest that 𝜀 is highly related to
catchment climate attributes, denoted as aridity index (AI),
which is the ratio of mean annual potential evapotranspi-
ration (PET) to precipitation. Using nonparametric analysis

of 219 Australian catchments for a 25-year period, Chiew
[5] noted that 𝜀 generally increases with increasing climate
dryness (i.e., increasing AI). Zheng et al. [6] also observed
a positive correlation between 𝜀 and AI in a long term
(1960–2000) of the headwater regions of Yellow River basin.
Sankarasubramanian and Vogel [7] noted that watershed
aridity index together with watershed soil water holding
capacity is more related to 𝜀.

A major advantage of the nonparametric method is
that it provides a simple estimate of the sensitivity of
streamflow to changes in long-term precipitation [5]. Its
main limitation is that it neglects the effects of precipitation
frequency, changes in vegetation, and feedback between the
atmosphere and land surface. To deal with this limitation,
algorithms considering more climatic factors were developed
[6, 8, 9]. Amongst them, Budyko framework estimator
(driven by AI) is widely used to quantify climate elasticity
of streamflow. Studies showed a strong similarity between
the nonparametric estimator and the other estimators in
unregulated catchments [5, 6].
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Figure 1: Location of 18 investigated catchments including 5
subcatchments in the Yangtze River basin (YT1, YT2, YT3, YT4, and
YT5), 5 subcatchments in the Pearl River Basin (PL1, PL2, PL3, PL4,
and PL5), 1 subcatchment in the Huai River Basin, 3 subcatchments
in the Yellow River Basin (YW1, YW2, and YW3), 2 subcatchments
in Songliao Basin (SL1 and SL2), Aksu River Basin, and Hei River
Basin (Hei).

China stretches across various climatic regions, ranging
from humid tropical climate in the south to arid/frigid
temperate climate in the north and from the plains in the east
to the “earth’s third pole” mountains of the Tibetan Plateau in
the west. Thus the water resources in the south of China are
rich while those in the north are poor. The increasing water
shortage in North China is driven by the rapid expansion
of population, agriculture, and industry. Despite this, the
response of streamflow to climate regimes and anthropogenic
activities in China’s main catchments remains largely unclear.

This study compares precipitation elasticity of streamflow
from the nonparametric estimator with that from the Budyko
framework estimator for seven main river basins in China—
Yangtze, Pearl, Yellow, Songliao, Huai, Aksu, and Hei (Fig-
ure 1).The specific objectives of this study are to (1) investigate
the spatial patterns of 𝜀 in the seven main river basins; (2)
determine any (in)consistency between the two approaches
and the related causes; and (3) compare 𝜀 between catchments
in China and catchments in other regions. This is critical for
water scientists and managers in taking informed decisions
for sustainable and environmentally friendly water resources
management and for the benefits it brings to water users and
society at large.

2. Materials and Methods

2.1. Study Area. A total of 18 of catchments with 55 years
(1955−2009) of annual streamflow data were used to analyze
precipitation elasticity of streamflow. The catchments belong
to seven large basins (Songliao, Yellow, Huai, Yangtze, Pearl,
Aksu, and Hei) stretching across different climatic zones
in China. The catchment boundaries were derived from
“Data Sharing Infrastructure of Earth System Science” at

Table 1: Surface coefficients used to convert pan evapotranspiration
into potential evapotranspiration in the six investigated main basins
in China.

Basin Coefficient Reference
Yangtze 0.69 Wang et al., 2007 [20]
Pearl 0.65 Liu et al., 2012 [21]
Yellow 0.53 Liu et al., 2004 [22]
Songliao 0.62 Liu et al., 2004 [22]
Huai 0.55 Liu et al., 2004 [22]
Inland (Hei and Aksu) 0.64 Liu et al., 2004 [22]

http://www.geodata.cn/Portal/metadata/viewMetadata.jsp?
id=210008-10081.

Songliao basin is chilly subhumid, Yellow basin is tem-
perate with subhumid upstream and subarid downstream,
Huai basin is warm subhumid, Yangtze basin is warm with
subhumid upstream and humid downstream, Pearl basin is
hot humid, and Aksu and Hei basins are arid temperate.
Figure 1 shows the distribution of the 18 catchments, with
each catchment denoted by a unique acronym. Except for
Hei, Huai, and Aksu, two letters are used to symbolize the
catchments as SL for Songliao, YW for Yellow, YT for Yangtze,
and PL for Pearl.

2.2. Data Types and Sources. Annual streamflow data for
the catchments were obtained from China river sediment
Bulletin (2000−2009) and other sources with catchment
outlet hydrological station data [10, 11]. Annual precipi-
tation and pan evapotranspiration data from meteorolog-
ical stations in the catchments were downloaded from
China Meteorological Data Sharing Service System at
http://cdc.cma.gov.cn/home.do. The pan evapotranspiration
was measured using 20 cm diameter and 10 cm high metal
pan installed at 70 cm above the land surface [12]. A surface
coefficient factor (Table 1) was used to convert the pan
evapotranspiration into PET. Simple arithmetic averages of
the station-based annual precipitation and PET within the
catchments were used to derive catchment-average values.
And AI (aridity index) is derived from the ratio of mean
annual potential evapotranspiration (PET) to precipitation.

2.3. Elasticity Estimation. Two approaches, nonparametric
estimator and Budyko framework estimator, were used to
calculate precipitation elasticity of streamflow. The nonpara-
metric estimator can be expressed as [2]

𝜀
𝑃
= median(

(𝑄
𝑖
− 𝑄)𝑃

(𝑃
𝑖
− 𝑃)𝑄

) , (1)

where 𝜀
𝑃
is precipitation elasticity of streamflow in a catch-

ment; 𝑃 and𝑄 are mean annual precipitation and streamflow
for the period of study; and𝑃

𝑖
and𝑄

𝑖
are annual precipitation

and streamflow for the 𝑖th year. Observed annual stream-
flow used in calculating 𝜀

𝑃
reflects the impacts of natural

factors and anthropogenic activities since the catchments are
heavily regulated via processes such as water diversions or
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Table 2: Details of the six commonly used forms of Budyko framework estimator and the related derivatives.

Function 𝑓(AI) 𝑓

(AI)

Schreiber,
1904 [23] 1 − 𝑒

−AI
𝑒
−AI

Ol’dekop,
1911 [24] AI tanh(1/AI) tanh(1/AI) − 4/⌊AI(𝑒−1/AI + 𝑒1/AI)2⌋

Budyko,
1958 [25] AI tanh(1/AI)(1 − 𝑒−AI)0.5 0.5[AI tanh(1/AI)(1 − 𝑒−AI)]−0.5[tanh(1/AI) − 1/AIsech2(1/AI)(1 − 𝑒−AI) + AI tanh(1/AI)𝑒−AI]

Pike, 1964
[26] 1/√1 + AI−2 1/[AI3(1 + (1/AI)2)1.5]

Fu, 1981
[27] 1 + AI − (1 + AI𝛼)1/𝛼, 𝛼 = 2.5 1 − (1 + AI2.5)−0.6AI1.5

Zhang et
al., 2001
[28]

(1 + 𝑤AI)/(1 + 𝑤AI + 1/AI),
𝑤 = 1

(2/AI + 1/AI2)/(1 + AI + 1/AI)2

control dams. Therefore 𝜀
𝑃
calculated using the nonpara-

metric method is the combined effects of both climatic and
anthropologic factors.

The second approach is the Budyko framework estimator,
expressed as [9]

𝜀
𝑃
= 1 +

AI𝑓 (AI)
1 − 𝑓

(AI)
, (2)

where 𝑓(AI) is the Budyko equation derivative which is a
function of AI, where AI = PET/𝑃. Here, long-term (>5
years) mean annual streamflow is the difference between
mean annual precipitation and actual evapotranspiration
(AET) in unregulated catchment (𝑄 = 𝑃 − 𝐸). In the Budyko
framework, AET is a function of AI. Thus the elasticity of
the Budyko framework represents only natural or climatic
effect on streamflow. Table 2 shows the six commonly used
Budyko frameworks and the related derivatives. In the table,
elasticity is the average of the six estimators from the six
Budyko frameworks.

2.4. Cluster Analyses. Using hierarchical cluster analysis
based on Euclidean distance (the shortest distance method)
and at a maximum of 3 clusters, precipitation elasticity
of streamflow was grouped into three clusters. Analysis in
MATLAB showed that elasticity within each group (cluster)
was much closer than between the different groups (clusters).
This was used to determine the similarity between every
two catchments in terms of the sensitivity of streamflow to
precipitation.

3. Results and Discussions

3.1. Nonparametric and Budyko Framework Approaches. Fig-
ure 2 plotted precipitation elasticity of streamflow estimated
for the 18 catchments using the nonparametric and Budyko
framework approaches. Although some of the catchments
such as the subcatchments of the Yangtze (YT1) and Yellow
(YW2 and YW3) River basins showed large deviations, the
spatial distributions of streamflow elasticity were similar for
most of the investigated catchments. Elasticity for relatively

arid basins (e.g., Songliao and Yellow River basins) was
higher than that for relatively humid basins (e.g., Yangtze and
Pearl River basins) and was lowest for inland basins. Com-
pared with Budyko framework (hereafter denoted as PE2),
estimated elasticity by nonparametric approach (hereafter
denoted as PE1) was much lower for catchments with large
deviations.

The large deviations in estimated elasticity between the
two approaches in three catchments (YW2, YW3, and YT1)
could largely result from the difference in 𝜀 calculation.
While nonparametric approach relies on actual streamflow
and precipitation for calculation of 𝜀, Budyko framework
approaches, on the other hand, use purely climate variables
for estimating 𝜀. Thus, the comparison of the two approaches
becomes very meaningful in identifying the intensity of
anthropologic activities.

Catchment YW2 is in the upstream region of YellowRiver
basin, receiving inflows from two tributaries—Huang River
and Tao River. Due to intense agricultural activities, water
use in Huang River is over 50% of the total streamflow [13].
Moreover, water-diversion projects take some 20% of flow in
Datong River (themain tributary of Huang River) and deliver
it to Qinwangchuan River in another province [14].

Catchment YW3 is the middle reach of Yellow River
basin, receiving flows from 17 tributaries. The section of
the Loess Plateau in the middle reach of Yellow River basin
produces large volumes of sediments, the major driver of
flooding in the downstream regions of the river. This calls
for more water/soil conservation efforts such as reservoir
construction and loss sediment control in the region [15].
There are some 2184 reservoirs in this section of the river
[16]. Such large amount of reservoirs heavily regulates the
streamflow in the middle reach and results in low streamflow
sensitivity to precipitation.

Catchment YT1 is the upstream region of Jinsha River,
an upstream tributary of Yangtze River. Previous studies
showed that precipitation in the headwater regions of the
three rivers greatly influences change in streamflow in the
upstream region of Jinsha River [10]. The weak correlation
between streamflow and precipitation in YT1 was because the
average precipitation was only for the local catchments.
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Figure 2: Comparison of precipitation elasticity of streamflow between nonparametric approach (a) and Budyko framework approach (b).
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Figure 3: Comparison of precipitation elasticity of streamflow between nonparametric approach (PE1) with Budyko framework approach
(PE2). The plot on the left is for all the catchments and the one on the right excludes three catchments in the red circle in the left plate.

There was virtually no correlation between PE1 and
PE2 (Figure 3), probably due to the large deviations for
YW2, YW3, and YT1 catchments. After removing these three
catchments, the coefficient of determination improved to 0.5.
Because PE1 includes the combined effects of anthropogenic
and climatic factors, the attribution analysis was limited to
this approach.

3.2. Nonparametric Estimated Elasticity. Figure 4 showed
how PE1 corresponds with AI, with that for the two inland
catchments depicted in the inset plot of the figure. Interest-
ingly, PE1 increased with increasing AI for humid catchments
(AI < 1.5) while it largely decreased with increasing AI for
arid catchments (AI > 1.5). It was assumed that PE1 for arid
catchments differed from that for humid catchments. How-
ever, hierarchical cluster analysis showed strong similarity in
arid and humid catchments in terms of streamflow sensitivity
to precipitation.

Compared with natural conditions, the study suggested
that streamflow in arid catchments was lower and less
sensitive to precipitation. This was attributed to intensive
water use due mainly to rapid expansion in population,
industry, and agriculture in the country. For instance, there is
intensive surface water and groundwater use in Yellow River
basin (YW1, YW2, and YW3) and Songliao River basin (SL1
and SL2), limiting streamflow and worsening water shortage
in the basins.The generally limitedwater resources in the arid
north of China are not conducive for the rapidly expanding
population, industry, and agriculture.

PE1 was lowest for Hei and Aksu inland catchments,
probably due to low sensitivity of flow to precipitation in
the catchments. According to Wang et al. [17], precipitation
counts for 55%, groundwater 35%, and snowmelt 10% of
streamflow in Hei catchment. This study suggested limited
annual streamflow variation in Hei catchment, driven largely
by groundwater and snowmelt. Like in Hei catchment,
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Table 3: Comparison of estimated elasticity in the literature with estimated elasticity in this study by the nonparametric approach.

Catchment Country Period Elasticity Reference
MDB Australia 1950–2006 2.14 Fu et al., 2011 [29]
Spokane USA 1940–2000 1.38–1.65 Fu et al., 2011 [29]
Yellow River China 1960–2000 1.76 Fu et al., 2011 [29]
1337 catchments USA 1951–1988 1.5–2.5 Sankarasubramanian and Vogel, 2003 [7]
219 catchments Australia 25–93 years 2.0–3.5 Chiew, 2006 [5]
521 catchments Globe 23–64 years 0.4–3.1 Chiew et al., 2006 [19]
Yellow River (headwater) China 1960–2000 2.1 Zheng et al., 2009 [6]
Han River Korea 1973–2006 1.5–2.0 Kim et al., 2013 [30]
Nakdong River Korea 1973–2006 0.7–1.5 Kim et al., 2013 [30]
Geum River Korea 1973–2006 1.0–2.0 Kim et al., 2013 [30]
Seomjin River Korea 1973–2006 1.2–1.5 Kim et al., 2013 [30]
Yeongsan River Korea 1973–2006 1.6–1.7 Kim et al., 2013 [30]
Yangtze River China 1955–2009 1.2–1.9 This study
Yellow River China 1955–2009 0.7–2.1 This study
Pearl River China 1955–2009 0.8–2.1 This study
Huai River China 1955–2009 2.2 This study
Songliao China 1955–2009 1.9–2.2 This study
Hei River China 1955–2009 0.6 This study
Aksu China 1955–2009 0.05 This study
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Figure 4: Correspondence of elasticity estimated by nonparametric
approach (PE1) with aridity index. The hierarchical cluster analysis
yielded three derivatives of precipitation streamflow elasticity—
cluster 1 denoted by shaded black circle, cluster 2 denoted by shaded
grey circle, and cluster 3 denoted by unshaded circle. The inset plate
is the precipitation elasticity of streamflow for Hei and Aksu inland
catchments in China.

snowmelt in Aksu catchment accounts for over 40% of
the total streamflow [18]. Figure 5 further clarifies this
point, depicting a weak correlation between precipitation and
streamflow in both Hei and Aksu catchments.

Boxplots showed the variations (by way of 7 basins) in
PE1, precipitation, streamflow, and PET for the 18 catchments
(Figure 6). While there was large PE1 for Yellow River
basin, the variations inmeteorological factors and streamflow
were small. This further explained the wide discrepancies in
the intensity of anthropologic activities in the basin. While
variations inmeteorological factors and streamflowwere high
in Yangtze River basin, those in PE1 were minimal. This
suggested that water resources in Yangtze River basin were
generally sufficient for anthropologic needs. Variations in all
the estimated variableswere relativelyminimal for Pearl River
basin, also suggesting rich water resources conditions in the
basin. The lower precipitation, higher PET, and similar PE1
for Songliao River basin suggested stronger anthropologic
activities in that basin than in Huai River basin. The lowest
PE1 was for the two inland catchments—Songliao and Huai
River basins.

3.3. Elasticity for China and Other Countries. Using the
nonparametric precipitation elasticity of streamflow, the
hydroclimatic characteristics of the main catchments in the
worldwere summarized in Table 3.The comparison in Table 3
further deepens our understanding of the characteristics of
the hydrologic cycle, precipitation elasticity of streamflow,
and water available in the world’s major catchments.

For 1337 catchments in USA, 𝜀 range is 1.5−2.5 [7] and
that for 219 catchments in Australia is 2.0−3.5 [5]. Also 𝜀
is notably higher for arid than for humid catchments. The
global range of 𝜀 is estimated at 0.4−3.1, with high values
for southeastern Australia and southern/western Africa and
low values for mid-/high-latitude Northern Hemisphere
[19].
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Figure 5: Precipitation and streamflow anomalies (1957–2009) for Hei and Aksu inland catchments in China.
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Figure 6: Boxplots of elasticity estimated by the nonparametric approach (PE1) for precipitation, streamflow, and potential evapotranspiration
(PET) for seven main basins in China.
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4. Conclusions

This study used two different approaches (nonparametric
and Budyko framework) to estimate precipitation elasticity
of streamflow in seven main basins in China. Both the two
approaches were driven by long-term (1955–2009) meteo-
rological and streamflow data from 18 large catchments in
China.

The results showed that the two approaches were gen-
erally consistent, both showing higher elasticity for dry
than for wet catchments. The disparities between the two
approaches were explained as the differences in the effects
of anthropologic activities on streamflow in the investigated
catchments. While the nonparametric estimator was posi-
tively correlated with AI for wet catchments (AI < 1.5), it
was negatively correlated with AI for wet catchments (AI >
1.5). There were large variations in elasticity for Yellow River
catchments along with minimal variations in meteorological
and streamflow characteristics, suggesting varying intensities
of anthropologic activities.

The study suggested that the Budyko-framework was
particularly good for quantifying the effects of natural factors
on precipitation elasticity of streamflow. Then the nonpara-
metric approachwas particularly fit for quantifying the effects
of both anthropologic and natural factors on precipitation
elasticity of streamflow. Generally, the discrepancies between
the two approaches identified the effects of anthropologic
activities on precipitation elasticity of streamflow. Compared
with precipitation elasticity of streamflow in catchments in
similar latitude zones, rivers in China were less sensitive to
precipitation due to heavy anthropologic activities.
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Precipitation is the main factor that drives hydrologic modeling; therefore, missing precipitation data can cause malfunctions in
hydrologic modeling. Although interpolation of missing precipitation data is recognized as an important research topic, only a few
methods follow a regression approach. In this study, daily precipitation data were interpolated using five different kernel functions,
namely, Epanechnikov, Quartic, Triweight, Tricube, and Cosine, to estimate missing precipitation data. This study also presents an
assessment that compares estimation of missing precipitation data through 𝐾th nearest neighborhood (𝐾NN) regression to the
five different kernel estimations and their performance in simulating streamflow using the Soil Water Assessment Tool (SWAT)
hydrologic model. The results show that the kernel approaches provide higher quality interpolation of precipitation data compared
with the 𝐾NN regression approach, in terms of both statistical data assessment and hydrologic modeling performance.

1. Introduction

Precipitation data are key factors in hydrologic modeling
for estimating rainfall-runoff mechanism [1]. Malfunctions
in running hydrologic modeling can occur due to non-
continuous time series precipitation inputs. In light of this
important issue, estimation of missing precipitation data is
a challenging task for hydrologic modeling. Many hydrologic
modeling require interpolation of missing precipitation data
[2], meteorological data series completion [3], or imputation
of meteorological data [4]. To estimate missing precipitation,
researchers should consider spatiotemporal variations in
precipitation (rainfall and snowfall) values and the related
physical processes. However, accounting for spatial-temporal
variation and physical processes can be difficult if there
is a lack of equipment for measuring precipitation. Thus,
statistical approaches have emerged as widely used methods
for filling in missing precipitation data [5].

Many studies have investigated supplanting missing
streamflow data with several statistical approaches [5], but
there are limited studies on the interpolation of incom-
plete precipitation and temperature data [6–10]. Recently,

the investigation of artificial neural networks (ANNs: [11]),
a more advanced statistical approach, to estimate missing
precipitation data, has been proposed [12]. ANNs can learn
from training data to reconstruct a nonlinear relationship and
obtain values for missing data. Pisoni et al. [13] investigated
the interpolation of missing data for sea surface temperature
(SST) satellite images using the ANN method; they found
that the results from the ANN approach show better accuracy
than the results from an interpolation system, as suggested by
Seze and Desbois (1987). Nevertheless, ANNs are still under
dispute because their neuron systems cannot provide clear
relationships between data [14].

The American Society of Civil Engineers (ASCE) Task
Committee [15] discussed that although the performance of
ANNs for estimating missing precipitation data has already
been verified, an alternate solution should be suggested for
cases in which the available data are insufficient due to
the reliance of ANNs on high data quality and quantity.
Additionally, ANNs have other limitations, such as a lack
of physical concepts and relations, based on the experience
and preferences of those using, studying, and training the
networks [15–17]. Since ANNs are regarded as black-box
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model [18], it is difficult to use this method for realizing
more linear relationships, even though ANNs can achieve
convergence for almost any problem [17].Thus, for realmech-
anisms in hydrologic models, in which linear relationships
exist between series of weather inputs, the solution is less
explicit [19].

Generally, a regression or a distance weighted method
is most commonly used for estimating missing precipitation
for hydrologic modeling [20]. Daly et al. [21] also propose
a variety of regression models to incorporate spatial vari-
ation in weather data. However, Creutin et al. [22] found
that even though simple linear regression of interpolation
approaches show satisfactory serial correlation of daily or
monthly streamflow; precipitation patterns do not show
proper correlation when simple linear regression or inter-
polation approaches are used. Furthermore, if a regression
method is used for estimating missing precipitation to make
refined precipitation time series, a small data sample would
not follow the normal distribution based on basic theory of
linear regression.

Another approach for estimating missing precipitation
data to use neighboring data is based on distance weight.
Xia et al. [23] used the closest station to reconstruct missing
precipitation data through geometrical distance weight;Will-
mott et al. [24] used arithmetic data averaging fromneighbor-
ing data to filling missing precipitation; and Teegavarapu and
Chandramouli [25] used an inverse distance weight method
from neighboring data to estimate missing precipitation
data. Smith [26], Simanton and Osborn [27], and Salas [28]
suggest that traditional weighting and data-driven methods,
namely, distance based weighting methods, are interpolated
for estimating missing precipitation data. Distance weight
approaches for estimating missing precipitation data are
combined with linear regression and median distribution
of regression [29, 30]. Young [31] and Filippini et al. [32]
suggested spatially interpolating the correlation to define
weight in terms of each station.

Estimation of missing precipitation data is possible when
data are available for the same location. Linacre (1992)
investigated the interpolation ofmissing precipitation data by
using the mean value of a data series at the same location
and Lowry [33] suggested simple interpolation between
available data series. Acock and Pachepsky [34] used data
from several days before and after missing precipitation data
points for estimating the incomplete precipitation data. 𝐾-
nearest neighborhood (𝑘nn) regression is a basic method for
estimating missing precipitation data that considers vicinity.
However, the method has some weaknesses when the data
have outliers or a nonlinear trend exists around the missing
data. While 𝑘nn regression has a fundamental assumption to
follow a normal distribution which is statistically unsound,
the kernel method uses a mean value, which can overcome
𝑘nn regression’s weakness through the kernel weighting
method. By using neighbor data in a kernel function, even
though the data show a nonlinear trend, it can overcome 𝑘nn
regression weakness.

The objective of this study was to reconstruct daily
precipitation data by using five different kernel functions
(Epanechnikov, Quartic, Triweight, Tricube, and Cosine) to

estimate missing precipitation data. This study also presents
an assessment that compares estimation of missing precipita-
tion data through 𝑘nn regression to the five different kernel
estimations and their performance in simulating streamflow
using the Soil Water Assessment Tool (SWAT) hydrologic
model. The remainder of this paper is organized as follows.
Section 2 provides a description of the study area and the
hydrologic model. In Section 3, the methodology of the five
different kernel methods is presented. Section 4 presents the
results of the interpolation of the missing daily precipitation
data and the hydrologic model simulation. Finally, conclu-
sions are in Section 5.

2. Study Area and Hydrologic Model

The Imha (Figure 1) watershed was selected as the test bed
for this study. The Imha watershed is a tributary of the
Nakdong River basin and is located in the upper side of the
Nakdong River basin in South Korea. It is characterized by
a mountainous area; approximately 79.8% of the total area of
1,361 km2 is mountainous. The slope in the Imha watershed
is 40% to 60%, that is, 655 km2 as 33% of total watershed
area. The elevation of the Imha watershed ranges from
80 to 1215m. The average annual precipitation, minimum
temperature, maximum temperature, humidity, and wind
speed for the Imha watershed are 1,050mm, 7∘C, 18.8∘C,
65%, and 1.6m/s, respectively (Water Management Infor-
mation System (WAMIS), http://www.wamis.go.kr/). Since
the climate conditions in this area are defined by warm
temperatures, there is no precipitation in the form of snow;
all precipitation consists of rainfall. For this evaluation of
interpolation of precipitation data and hydrologic model per-
formance, precipitation and streamflow gauges were selected
as shown in Figure 1 and precipitation and streamflow data
were sourced from the Water Management Information Sys-
tem (http://www.wamis.go.kr/).

This study selected the SWAT model for analysis. SWAT
has a GIS extension, ArcSWAT, which allows the use of
various GIS based datasets to model the geomorphology
of a given basin. The SWAT model was developed through
research by the USDA (United States Department of Agricul-
ture), Agricultural Research Service (ARS).Major data inputs
for SWAT include temperature (maximum and minimum),
daily precipitation, solar radiation, relative humidity, wind
speed, and geospatial data representing soil types, land cover,
and elevation. A watershed is divided into smaller subbasins,
which must be broken up into smaller units known as hydro-
logic response units (HRU). Each of these HRUs is char-
acterized by uniform land use and soil type. SWAT can be
used to accurately predict hydrologic patterns for extended
periods of time [35]. Canopy interception is implicit in the
curve number (CN) method and is explicit for the Green-
Ampt method. Infiltration is most accurately accounted for
using the CN method in SWAT. An alternative method may
be used to account for infiltration is theGreen-Amptmethod.
However, the Green-Ampt method has not been shown to
increase accuracy over the CN method, thus the CN method
was used in this study.
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Figure 1: Study basin locations including rain and stream gauges (left figure: map of South Korea; right figure: Imha watershed).

3. Methodology

This study used the five kernel functions, Epanechnikov,
Quartic, Triweight, Tricube, and Cosine, as a weight to pre-
dict missing values. Tricube method has large weight around
target point. Even though Tricube weight is similar to Tri-
weight, the decreasing acceleration of weight as far away from
target point is less than Triweight. Next higher weight around
target point is Quartic, which speed in decreasing weight is
similar to Triweight. Both Epanechnikov and Cosine have
small effect on neighboring values. A brief description of the
five kernel functions and their application for reconstructing
the missing values is presented in the following and specific
kernel functions are described in Appendix A.

3.1. Epanechnikov. TheEpanechnikov kernel is themost often
used kernel function. The Epanechnikov kernel assigns zero
weight to observations that are a distance of four, six, and
eight away from the reference point.These values correspond
to the choice of the interval width. This is often called the
choice of smoothing parameter or band width selection.
The main character of the Epanechnikov kernel is that even
though the distance is far away from target value, namely,
the missing value in this research, its estimation is smooth.
A brief description is given by the following:

𝐾 (𝑥) =
3

4
(1 − 𝑥

2
) , (1)

where 𝐾(𝑥) is the kernel function and 𝑥 is surrounding the
nearest value as an independent in data.

3.2. Quartic. The second kernel function used in this re-
search was the Quartic kernel which has more weight sen-
sitivity based on distance from the missing value. Since the
applied weight is largely different between near and far data
points, it is more influenced by surrounding data. It consists
of a fourth-order equation which has more sensitivity in
terms of distance than second-order equation. It is described
by the following:

𝐾 (𝑥) =
15

16
(1 − 𝑥

2
)
2

. (2)

3.3. Triweight. The third kernel function used in this research
was the Triweight kernel which consists of a sixth-order
equation. It has the most sensitivity in terms of distance
because a sixth-order equation estimates the missing value
based on the difference in distance with a weighted function
as shown by the following:

𝐾 (𝑥) =
35

32
(1 − 𝑥

2
)
3

. (3)

3.4. Tricube. The fourth kernel function used in this research
was the Tricube kernel, which uses absolute values. Since
it uses absolute values, it presents a smoother pattern
for nearest values than the Triweight kernel. However, as
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Table 1: Results of normality test with Shapiro-Wilk method for each𝐾-nearest neighborhood. DF represents degree of freedom and 𝑃 value
means significance probability.

4-NN 6-NN 8-NN
𝑊 DF 𝑃 value 𝑊 DF 𝑃 value 𝑊 DF 𝑃 value

Ep 0.808 19 0.0015 0.740 19 0.0002 0.766 19 0.0004
Qu 0.831 19 0.0033 0.768 19 0.0004 0.721 19 0.0001
Tw 0.827 19 0.0029 0.789 19 0.0008 0.745 19 0.0002
Tc 0.839 19 0.0045 0.764 19 0.0004 0.742 19 0.0002
Co 0.817 19 0.0020 0.742 19 0.0002 0.763 19 0.0003
Reg 0.876 19 0.0186 0.858 19 0.0089 0.883 19 0.0242
(Ep: Epanechnikov, Qu: Quartic, Tw: Triweight, Tc: Tricube, Co: Cosine, and Reg: regression).

the valuesmove further away from the nearest values, it shows
a steep trend. The Tricube kernel has the most sensitivity in
terms of weighted distance due to the fact that it consists of a
ninth-order equation, as shown in the following:

𝐾 (𝑥) =
70

81
(1 − |𝑥|

3
)
3

. (4)

3.5. Cosine. The fifth kernel function used in this research
was the Cosine kernel function. It is a widely applied kernel
function in various fields because it has a constant curvature.
Its shape is similar to the Epanechnikov kernel, even though
it uses a cosine function as shown in the following:

𝐾 (𝑥) =
𝜋

4
cos(𝜋

2
𝑥) . (5)

3.6. Calculation of the Missing Value. After using a kernel
function to calculate the weight of the missing data, estima-
tion of the missing data is performed using the following:

𝑀 =
1

𝑃

𝑃

∑

𝑖=1

𝑥
𝑖
⋅ 𝐾 (𝑢

𝑖
) ,

𝑢
𝑖
=

𝑁
𝑖

0.5𝑃 + 1
,

𝑁
𝑖
= −

𝑃

2
, . . . ,

𝑃

2
,

(6)

where 𝑀 is the missing value, 𝑃 is the number of the
nearest neighborhood, and 𝑢

𝑖
is the𝑁th nearest values which

correspond to 𝑥
𝑖
(positive means the right side and negative

means the left side).The kernel function should have bilateral
symmetry based on a value of zero. If using, for example, the
four nearest neighborhoods for estimating the missing value,
the neighborhood values used will be two from right side
and another two from left side. The specific equation for this
example is shown in the following and example calculation is
described in Appendix B:

𝑀 =
1

4
{𝐾(−

2

3
) ⋅ 𝑥
1
+ 𝐾(−

1

3
) ⋅ 𝑥
2

+ 𝐾(
1

3
) ⋅ 𝑥
3
+ 𝐾(

2

3
) ⋅ 𝑥
4
} .

(7)

3.7. Statistic Tests. A normality test is required to evaluate
for infilling the methods for filling in interpolation data.
The Shapiro-Wilk [36] normality test was used with nineteen
samples to determine whether the average difference is
normally distributed or not. The test statistic is as shown in
the following:

𝑊 =
(∑
𝑛

𝑖=1
𝑎
𝑖
𝑦
𝑖
)
2

∑
𝑛

𝑖=1
(𝑦
𝑖
− 𝑦)
2
, (8)

where 𝑦
𝑖
is the 𝑖th order statistic, namely, the 𝑖th smallest

value in the sample, 𝑦 is the mean of 𝑦
𝑖
, and 𝑎

𝑖
is a constant

given by ordered data. The null hypothesis of the Shapiro-
Wilk normality test is that sample is normally distributed, and
if significance probability is less than 5%, the null hypothesis
will be denied, meaning the sample does not satisfy normal
distribution. Since the significance probability for the entire
group (Table 1) is below 5%, the null hypothesis is denied.
This study should, therefore, use a nonparametric test for
normality analysis.

The Friedman test [37], which is a kind of 𝑘-sample test
that can provide the difference between paired values, was
selected as a nonparametric test. This method evaluates a
small sample for differences by ranking a sequence list. The
null hypothesis of the Friedman test is that there is no average
difference in each group and if the significance probability
is less than 5%, the null hypothesis will be denied, thus
conducting that in each group exists an average difference.
A brief description of Friedman test is in the following:

𝑄 =
SSt
SSe

, (9)

where SSt and SSe are the sum of the squared treatment and
sum of the squared error, respectively.

The null hypothesis in this instance was denied because
the significance probability was less than 5% for each and
this study concluded that each interpolation method has an
average difference, which is why each method is considered
independent, even though this study used five different kernel
methods. For example, the average rank for four reference
points for 𝑘nn-regression, Tricube, Quartic, Cosine, Tri-
weight, and Epanechnikov varies from a large average to
a small average rank (Table 2). For six reference points,
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Table 2: Chi-square (Χ2) test with Friedman method for finding difference among six infilling methods. SD represents standard deviation.
𝑃 value means significance probability.

(a) 4-NN

𝑁 Mean SD Min. Max. value Mean rank Χ
2

𝑃 value
Ep 19 −1.29 4.46 −15.50 5.76 2.53

55.602 0.0000

Qu 19 −1.42 5.03 −15.06 7.51 2.74
Tw 19 −1.64 5.37 −14.90 8.13 2.58
Tc 19 −1.18 5.06 −14.87 8.29 4.47
Co 19 −1.40 4.69 −15.42 6.08 2.68
Reg 19 2.76 5.42 −13.47 14.38 6.00

(b) 6-NN

𝑁 Mean SD Min. Max. value Mean rank Χ
2

𝑃 value
Ep 19 −2.61 4.72 −16.68 1.58 1.53

66.519 0.0000

Qu 19 −2.27 4.71 −16.20 2.82 3.16
Tw 19 −2.18 4.84 −15.89 4.06 3.79
Tc 19 −2.15 4.63 −16.20 2.84 4.21
Co 19 −2.54 4.69 −16.59 1.50 2.32
Reg 19 0.06 4.97 −15.48 7.33 6.00

(c) 8-NN

𝑁 Mean SD Min. Max. value Mean rank Χ
2

𝑃 value
Ep 19 −3.40 5.04 −17.33 1.94 1.32

75.812 0.0000

Qu 19 −3.10 4.75 −16.90 0.45 3.21
Tw 19 −2.74 4.79 −16.59 1.29 4.58
Tc 19 −2.93 4.77 −16.96 1.51 3.68
Co 19 −3.28 4.93 −17.25 1.85 2.21
Reg 19 −1.24 5.35 −16.49 8.08 6.00
(Ep: Epanechnikov, Qu: Quartic, Tw: Triweight, Tc: Tricube, Co: Cosine, and Reg: regression).

the 𝑘nn-regression, Tricube, Triweight, Quartic, Cosine, and
Epanechnikov were ranked as shown in Table 2. In another
example, eight reference points used 𝑘nn-regression, Tri-
weight, Quartic, Cosine, and Epanechnikov average rank
(Table 2). As shown in Table 2, the 𝑘nn-regression has the
largest average rank and Epanechnikov has the smallest rank
average for all of the reference point cases. This result proves
the dissimilarity of these methods.

To determine which methods are dissimilar to the others,
this study performed theWilcoxon signed rank test [38].The
basic feature of the Wilcoxon signed rank test is that data
samples that come from the same population are paired and
it is detailed in the following:

𝑊 =



𝑁

∑

𝑖=1

[sign (𝑦
2,𝑖
− 𝑦
1,𝑖
) 𝑅
𝑖
]



, (10)

where 𝑁 is the sample size, 𝑦
2,𝑖

is 𝑖th value of the second
data point, 𝑦

1,𝑖
is 𝑖th value of the first data point, and 𝑅

𝑖

is the rank of |𝑦
2,𝑖
− 𝑦
1,𝑖
|. If the 𝑊 value is less than 5%,

it means there is different mechanism used on the sample
data or method. Table 3 shows that the 𝑊 value for 𝑘nn-
regression is less than 5% for all cases. Accordingly, this
signifies that 𝑘nn-regression is completely dissimilar to the
othermethods.Although the five different kernelmethods for

data interpolation exhibit similarity or dissimilarity to each
other depending on the number of reference points, all of
the kernelmethods can be distinguished from 𝑘nn-regression
using the Wilcoxon signed rank test.

4. Results

Since Epanechnikov has the smallest average rank, which
signifies a small difference between the observation value
and the interpolated value for all reference points in Table 2,
interpolation data obtained from the Epanechnikov method
has the best result among the studied methods. Figure 2
shows that filling in data from 𝑘nn-regression has a large
difference at both four and six reference points. Interpolation
data from the kernel methods are close to zero for both the
average and median values at four reference points, meaning
that the interpolation data are similar to the observation data.
On the other hand, more than 75% of the interpolation data
from 𝑘nn-regression exhibits a difference than zero. When
the interpolation data are evaluated at six reference points in
Figure 2, the median value from the 𝑘nn-regression is shown
to be far away from zero. At eight reference points, 𝑘nn-
regression is close to zero for both average andmedian values;
however, it is difficult to conclude that this is an ideal method
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Table 3: Chi-square (Χ2) test with Wilcoxon signed rank method between regression and five different kernel methods.

(a) 4-NN

Ep Qu Tw Tc Co

Reg Χ
2

−3.823 −3.823 −3.823 −3.823 −3.823
𝑃 value 0.0001 0.0001 0.0001 0.0001 0.0001

(b) 6-NN

Ep Qu Tw Tc Co

Reg Χ
2

−3.823 −3.823 −3.823 −3.823 −3.823
𝑃 value 0.0001 0.0001 0.0001 0.0001 0.0001

(c) 8-NN

Ep Qu Tw Tc Co

Reg Χ
2

−3.823 −3.823 −3.823 −3.823 −3.823
𝑃 value 0.0001 0.0001 0.0001 0.0001 0.0001

(Ep: Epanechnikov, Qu: Quartic, Tw: Triweight, Tc: Tricube, Co: Cosine, and Reg: regression).
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Figure 2: Box plots for difference between actual precipitation and interpolated precipitation. 𝑦-axis represents mm per day.

because outlying maximum values will affect the average and
median value.

This study on precipitation data interpolation also eval-
uated the simulation of the interpolated data using the
SWAT hydrologic model. In SWAT hydrologic modeling,
the surface runoff is estimated by considering excess pre-
cipitation with abstractions and infiltration factor through
Soil Conservation Service CurveNumber (SCS-CN)method.

Green-Ampt (GA) infiltration method is another method
to calculate the surface runoff in SWAT. A study shows
that both methods give reasonable results, and there is no
significant advantage observed in using one over the other.
However, the GAmethod appears to havemore limitations in
modeling seasonal variability than the SCS-CNmethod does.
Hence, the SCS-CN method is used for infiltration factor in
this study. An SCS curve number based simulation needs
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Figure 3: Calibrated model result using original precipitation input. 𝑥-axis represents time in days and 𝑦-axis represents flow in cubic meters
per second.

Table 4: Details of SWAT parameters which are related to runoff mechanism for Imha watershed.

Parameter Description Selected value
ESCO Soil evaporation compensation factor 0.9500
EPCO Plant water uptake compensation factor 1.0000
EVLAI Leaf area index at which no evaporation occurs from water surface [m2/m2

] 3.0000
FFCB Initial soil water storage expressed as a fraction of field capacity water content 0.0000
IEVENT Rainfall/runoff code: 0 = daily rainfall/CN 0.0000
ICRK Crack flow code: 1 = model crack flow in soil 0.0000
SURLAG Surface runoff lag time [days] 4.0000
ADJ PKR Peak rate adjustment factor for sediment routing in the subbasin (tributary channels) 0.0000
PRF Peak rate adjustment factor for sediment routing in the main channel 1.0000

SPCON Linear parameter for calculating the maximum amount of sediment that can be reentrained
during channel sediment 0.0001

SPEXP Exponent parameter for calculating sediment reentrained in channel sediment routing 1.0000

time step updated information as soil water content changes.
Excess rainfall equation in SCS-CN method was generated
based on historical relationship between the curve number
and the hydrologic mechanism for over 20 years. Through-
out the surface runoff calculation, infiltration should be
updated over time according to the soil type. Other abstrac-
tions such as evapotranspiration and soil and snow evap-
oration are calculated by Penman-Monteith method and

meteorological statistics. Finally, the kinematic storagemodel
is used to compute groundwater storage and seepage. Flow
resulting in SWAT modeling is routed HRUs to watershed
outlet. Figure 3 shows the calibration of themodel simulation
as the initial step and the specific parameters are described
in Table 4. After the calibration of the SWAT model, the
six different interpolated precipitation datasets, with three
different reference ranges for each (a total of twenty-four
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Table 5: Details of simulation results with six different precipitation infilling methods in Imha watershed.

4-NN 6-NN 8-NN
𝐸NS 𝑅

2 RMSE 𝐸NS 𝑅
2 RMSE 𝐸NS 𝑅

2 RMSE
Ep 0.80 0.83 15.32 0.91 0.92 10.60 0.78 0.82 16.16
Qu 0.73 0.78 17.83 0.91 0.93 10.48 0.88 0.92 11.80
Tw 0.91 0.91 10.56 0.93 0.94 9.25 0.95 0.95 8.10
Tc 0.95 0.95 7.72 0.93 0.94 9.03 0.95 0.95 7.64
Co 0.93 0.94 8.83 0.95 0.95 7.72 0.91 0.93 10.44
Reg 0.69 0.80 19.14 0.21 0.65 30.71 0.71 0.73 21.48

interpolated precipitations data points), were used to assess
the performance of interpolated precipitation data for hydro-
logic model simulation. Streamflow simulations were done
for three years from 2008 to 2010. To evaluate the model
performance considering the use of different interpolated
precipitation datasets, this study used 𝐸NS (Nash-Sutcliffe
coefficient), 𝑅-square (coefficient of determination), and
RMSE (root mean square error). Table 5 and Figure 4 show
that the simulation results from 𝑘nn-regression exhibit low
SWAT simulation performance for streamflow estimations,
with 0.54𝐸NS, 0.74𝑅-square, and 23.78m3/s RMSE as an
average. All of the kernel functions, on the other hand,
exhibit good performance for hydrologic simulations with
interpolated precipitation data (Table 5 and Figure 4), the
average of 𝐸NS, 𝑅-square, and RMSE (1) for Epanechnikov is
0.83, 0.86, and 14.03m3/s; (2) for Quartic is 0.84, 0.88, and
13.03m3/s; (3) for Triweight is 0.93, 0.93, and 9.30m3/s; (4)
for Tricube is 0.94, 0.95, and 8.13m3/s; and (5) for Cosine is
0.93, 0.94, and 9.00m3/s, respectively.

5. Conclusions

Five different kernel functions were applied to the Imha
watershed to evaluate the performance of each weighted
method for estimating missing precipitation data and the use
of interpolated data for hydrologic simulations was assessed.
The following conclusions can be drawn from this research.

(1) To estimate missing precipitation data points, explor-
atory procedures should consider the spatiotempo-
ral variations of precipitation. Due to difficulty on
accounting for these variations, statistical methods
for estimating missing precipitation data are com-
monly used.

(2) Although ANNs are an advanced approach for esti-
matingmissing data,mechanisms are unclear because
the neuron system is ultimately a black-box model.
Thus, regressionmethods are widely used for estimat-
ing missing data, even though there are limitations
in that regression methods cannot follow normal
distribution when the sample is small.

(3) When using kernel functions as a weighted method,
estimated missing data would satisfy normal distri-
bution which is more statistically sound. Also, kernel
methods can overcome weakness in 𝑘nn-regression if

the data have outliers and/or a nonlinear trend around
the missing data points in terms of mean value.

(4) This study assessed the five kernel functions, Epan-
echnikov, Quartic, Triweight, Tricube, and Cosine, as
a weight for predictingmissing values. In comparison
with the 𝑘nn-regression method, this study demon-
strates that the kernel approaches provide higher
quality interpolated precipitation data than the 𝑘nn-
regression approach. In addition, the kernel function
results better conform to statistical standards.

(5) Furthermore, higher quality of interpolated precipi-
tation data results in better performance for hydro-
logic simulations, as exemplified in this study. All of
the statistical analyses of the streamflow simulations
showed that the simulations using the interpolated
precipitation data from the kernel functions provide
better results than using 𝑘nn-regression.

(6) Use of kernel distribution is a more effective method
than regression when the precipitation data have an
upward or downward trend. However, if the precip-
itation data have a nonlinear trend, it is difficult to
effectively reconstruct the missing values. For further
research, a time series analysis or a random walk
model using a stochastic process are possiblemethods
by which to estimate missing data where there is a
nonlinear trend.

Appendices

A. Kenel Functions

Kernel density estimation is an unsupervised learning pro-
cedure, which historically precedes kernel regression. It also
leads naturally to a simple family of procedures for nonpara-
metric classification.

A.1. Kernel Density Estimation. Suppose we have a random
sample 𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑁
draw from a probability density 𝑓

𝑥
(𝑥)

and we wish to estimate 𝑓
𝑥
at a point 𝑥

0
. For simplicity we

assume for now that 𝑥 ∈ 𝑅 (real value). Arguing as before, a
natural local estimate has the form

𝑓
𝑥
(𝑥
0
) =

#𝑥
𝑖
∈ 𝑁 (𝑥

0
)

𝑁𝜆
, (A.1)

where #𝑥
𝑖
means number of 𝑥

𝑖
which converges to𝑁(𝑥

0
) and

𝑁(𝑥
0
) is a small metric neighborhood around 𝑥

0
of width 𝜆.
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Figure 4: Scatter plots for SWAT simulation (EP, QU, TW, TC, CO, and𝐾NN represents Epanechnikov, Quartic, Triweight, Tricube, Cosine,
and 𝐾NN-regression, resp.).

This estimate is bumpy, and the smooth Parzen estimate is
preferred,

𝑓
𝑥
(𝑥
0
) =

1

𝑁𝜆

𝑁

∑

𝑖=1

𝐾
𝜆
(𝑥
0
, 𝑥
𝑖
) , (A.2)

because it counts observations close to 𝑥
0
with weights that

decrease with distance from 𝑥
0
. In this case a popular choice

for 𝐾
𝜆
is the Gaussian kernel 𝐾

𝜆
(𝑥
0
, 𝑥
𝑖
) = 𝜙(|𝑥 − 𝑥

0
|/𝜆).

Letting 𝜙
𝜆
denote the Gaussian density with mean zero and

standard-deviation 𝜆, then (A.2) has the form
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) (𝑥) , (A.3)

the convolution of the sample empirical distribution 𝐹 with
𝜙
𝜆
. The distribution 𝐹(𝑥) puts mass 1/𝑁 at each of the ob-

served 𝑥
𝑖
and is jumpy; in 𝑓

𝑥
(𝑥) we have smoothed 𝐹

by adding independent Gaussian noise to each observation
𝑥
𝑖
.
The Parzen density estimate is the equivalent of the local

average, and improvements have been proposed along the
lines of local regression (on the log scale for densities). We
will not pursue these here. In 𝑅𝑝 the natural generalization of
the Gaussian density estimate amounts to using the Gaussian
product kernel in (A.3),

𝑓
𝑥
(𝑥
0
) =

1
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𝑁
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2

. (A.4)
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Table 6: Weighted values depending on day distance with each 𝐾NN.

4-NN 6-NN 8-NN
1st 2nd 1st 2nd 3rd 1st 2nd 3rd 4th

Ep 0.667 0.417 0.703 0.563 0.328 0.720 0.630 0.480 0.270
Qu 0.741 0.289 0.824 0.527 0.179 0.864 0.662 0.384 0.122
Tw 0.768 0.188 0.901 0.461 0.092 0.968 0.648 0.287 0.051
Tc 0.772 0.301 0.824 0.579 0.167 0.844 0.709 0.416 0.100
Co 0.680 0.393 0.726 0.555 0.301 0.747 0.635 0.462 0.243

A.2. Kernel Density Classification. One can use nonparamet-
ric density estimates for classification in a straight-forward
fashion using Bayes’ theorem. Suppose for a 𝐽 class problem
we fit nonparametric density estimates 𝑓

𝑗
(𝑋), 𝑗 = 1, . . . , 𝐽

separately in each of the classes, and we also have estimates
of the class priors �̂�

𝑗
(usually the sample proportions). Then

P̂r (𝐺 = 𝑗 | 𝑋 = 𝑥
0
) =

�̂�
𝑗
𝑓
𝑗
(𝑥
0
)

∑
𝐽

𝑘=1
�̂�
𝑘
𝑓
𝑘
(𝑥
0
)

. (A.5)

In this region the data are sparse for both classes, and since
the Gaussian kernel density estimates use matric kernels, the
density estimates are low and of poor quality (high variance)
in these regions. The local logistic regression method uses
the tricube kernel with 𝑘-NN bandwidth; this effectively
widens the kernel in this region and makes use of the local
linear assumption to smooth out the estimate (on the logit
scale).

If classification is the ultimate goal, then learning the
separate class densities well may be unnecessary and can in
fact be misleading. In learning the separate densities form
data, one might decide to settle for a rougher, high-variance
fit to capture these features, which are irrelevant for the
purposes of estimating the posterior probabilities. In fact,
if classification is the ultimate goal, then we need only to
estimate the posterior well near the decision boundary (for
two classes, this is the set {𝑥 | Pr(𝐺 = 1 | 𝑋 = 𝑥) = 1/2}).

B. Procedures of Missing Precipitation

This step shows example calculation for kernel functions for
weighted mean. It is an example question about the weight of
each situation. If the kernel functions are all symmetric, same
values are used for weight based on day distance. Following
Table 6 1st, 2nd, 3rd, and 4th day distance and weighted
values are shown. For example, if we want to estimate
missing precipitation for 2010-02-12 (actual value is 6), see
following procedures (3 steps) with 4-NN Epanechnikov
kernel (Table 7).

Step 1. Select the date for target interpolation data.

Step 2. Decide𝐾th nearest days precipitation and each kernel
weight.

Step 3. Calculate the weight average to estimate missing.

Table 7: Example calculation to interpolate for missing precipita-
tion.

Step 1 Step 2 Step 3
Date Prec. Weight Prec.⋅Weight Estimation
2010-02-10 15 0.417 6.255

5.949
2010-02-11 17.2 0.667 11.472
2010-02-12 6 — —
2010-02-13 9.1 0.667 6.070
2010-02-14 0 0.417 0

Table 8: Calculating missing precipitation for 2010-02-12 (actual
value is 6) with six different methods.

Method 4NN 6NN 8NN
Ep 5.949 5.172 4.862
Qu 5.956 5.302 4.936
Tw 5.755 5.294 4.952
Tc 6.205 5.407 4.963
Co 5.945 5.197 4.876
Reg 10.325 8.967 8.813
(Ep: Epanechnikov, Qu: Quartic, Tw: Triweight, Tc: Tricube, Co: Cosine, and
Reg: regression).

The rest of the kernel methods for estimating missing
precipitation are described in Table 8.

C. Sample Calculations with Real Value

This section shows how to calculate missing precipitation
with kernel mean weighed function by using certain number.
This sample selected daily data from 2008 to 2010 with
0.02 possibilities to bivariate by random. After selected data,
setting data location is operated. Zhang et al. [39] addressed
that kernel based nonparametric multiple imputation has
better performance than general linear regression when the
sample data is small or limited.

Table 9 shows procedure of kernel weight in each func-
tion. We used data Feb. 10, 2012 from Feb. 14, 2014 to
estimate Feb. 12, 2012 missing data. Epanechnikov kernel
showed that longest data has highest estimation as 0.417;
however, Triweight kernel showed that longest data has lowest
estimation as 0.188. Highest weight in nearest value is Tricube
kernel and lowest weight is Epanechnikov kernel. Generally,
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Table 9: Sample calculation with certain number.

(a) Epanechnikov

Date 2.10. 2.11. 2.12. 2.13. 2.14.
Prec. 15.0 17.2 6.0 9.1 0.0
Ep. weight 0.417 0.667 — 0.667 0.417
Prec.⋅weight 6.26 11.47 — 6.07 0.00
Estimation 5.95

(b) Quartic

Date 2.10. 2.11. 2.12. 2.13. 2.14.
Prec. 15.0 17.2 6.0 9.1 0.0
Qu. weight 0.289 0.741 — 0.741 0.289
Prec.⋅weight 4.34 12.75 — 6.74 0.00
Estimation 5.96

(c) Triweight

Date 2.10. 2.11. 2.12. 2.13. 2.14.
Prec. 15.0 17.2 6.0 9.1 0.0
Tw. weight 0.188 0.768 — 0.768 0.188
Prec.⋅weight 2.82 13.21 — 6.99 0.00
Estimation 5.75

(d) Tricube

Date 2.10. 2.11. 2.12. 2.13. 2.14.
Prec. 15.0 17.2 6.0 9.1 0.0
Tc. weight 0.301 0.772 — 0.772 0.301
Prec.⋅weight 4.52 13.28 — 7.03 0.00
Estimation 6.20

(e) Cosine

Date 2.10. 2.11. 2.12. 2.13. 2.14.
Prec. 15.0 17.2 6.0 9.1 0.0
Co. weight 0.393 0.680 — 0.680 0.393
Prec.⋅weight 5.90 11.70 — 6.19 0.00
Estimation 5.94

Tricube, that is, high weight, shows the overestimation for
missing precipitation.
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Quantifying the effects of climate change and human activities on runoff changes is the focus of climate change and hydrological
research. This paper presents an integrated method employing the Budyko-based Fu model, hydrological modeling, and climate
elasticity approaches to separate the effects of the two driving factors on surface runoff in the Luan River basin, China.The Budyko-
based Fumodel and the doublemass curvemethod are used to analyze runoff changes during the period 1958∼2009.Then two types
of hydrological models (the distributed Soil andWater Assessment Tool model and the lumped SIMHYDmodel) and seven climate
elasticity methods (including a nonparametric method and six Budyko-based methods) are applied to estimate the contributions
of climate change and human activities to runoff change. The results show that all quantification methods are effective, and the
results obtained by the nine methods are generally consistent. During the study period, the effects of climate change on runoff
change accounted for 28.3∼46.8% while those of human activities contributed with 53.2∼71.7%, indicating that both factors have
significant effects on the runoff decline in the basin, and that the effects of human activities are relatively stronger than those of
climate change.

1. Introduction

The water cycle is subjected to the dual influences of both
climate change and human activities [1]. Climate change,
especially the change of rainfall and temperature, will largely
determine the future runoff of a basin [2]. Human activities
such as land use and cover change (LUCC) [3] and water
resources projects [4] will also affect the water resources.
Hence, it is important to separate the effects of climate change
and human activities on runoff changes in order to identify
the leading factors and to develop sustainable water resources
management strategies in a changing environment. To date,
several studies have been attempted to separate the effects
of climate change and human activities. For example, Wang
et al. [2] analyzed the effects of climate change and human
activities on runoff in two basins in northern China using a
monthly water balance model and fixing-changing method
and showed that the effects of human activities (accounting

for 65% and 69%, resp.) are stronger than those of climate
change (accounting for 35% and 31%, resp.) in the two
basins. Zhang et al. [5] concluded that the effects of climate
change on annual runoff reduction accounted for about 43%
according to the Budyko-based Fumodel applied to theHun-
Tai River basin in China. Li et al. [6] found that the land
use change effects contributed with about 31∼40% to runoff
decline when using both hydrological models and sensitivity-
based approaches in three catchments in southeast Australia.
These studies together show that the effects of climate change
and human activities on runoff vary between different basins,
and regional analysis of the local-scale effects needs to be
considered, particularly for the basins with intensive human
activities where more aspects related to hydrological cycle
should be considered.

Present studies mainly follow the paradigm of “deter-
mining the abrupt change points and baseline period, and
then quantifying the effects of climate change and human
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activities.” Firstly, statistical methods (e.g., nonparametric
tests and time series analysis) and graphical methods (e.g.,
doublemass curve and flowduration curves) are often used to
detect the change points of runoff changes [7]. Secondly, the
hydrological modeling approach [8, 9] and climate elasticity
approach [10, 11] are used to quantify the effects of climate
change and human activities on runoff changes. Usually,
the hydrological modeling approach is used to measure the
effects using physically based distributed hydrologicalmodels
or lumped conceptual models. The lumped conceptual mod-
els are often easier to calibrate and use fewer input datasets,
while the distributed hydrological models are difficult to
apply to large basins due to their requirement ofmore detailed
inputs. However, the distributed hydrological models could
provide more details of the hydrological cycle with respect
to different spatial patterns. Compared to the hydrological
modeling approach, the climate elasticity approach is another
useful method using fewer hydroclimatic datasets; however,
climate elasticity methods are usually based on annual means
and so provide generalized relationships without considering
the underlying surface of a basin [6]. Two common types of
climate elasticity approaches are the statistical analysis-based
nonparametric method [12] and the Budyko-based analytical
derivation method [13, 14]. A comparison of the two types
may help to improve and extend the climate elasticity meth-
ods. In general, integrating the hydrological modeling and
climate elasticity approaches will be better for understanding
the complex relationships between climate change, human
activities, and the water cycle. Thus, this paper presents an
integrated method based on the Budyko-based Fu model,
hydrological modeling, and climate elasticity approaches to
quantify the effects of climate change and human activities on
surface runoff. Moreover, the two approaches (hydrological
modeling and climate elasticity methods) are also discussed
in terms of the uncertainties and the influencing factors of
the quantitative results, whereas few previous studies have
conducted these analyses.

The Luan River basin is one of the most vulnerable areas
to intensive human activities and climate change in China
[15]. It is also the main water source of some big cities in
northernChina. Fan et al. [16] found that reduced streamflow
is mainly an impact of precipitation change. However, Wang
and Liu [17] found that the reduced water resources are
mainly due to the impacts of human activities, including irri-
gation and water diversion. The studies found different con-
clusions, yet quantitative research distinguishing the influ-
ences of climate change and human activities on the water
cycle in this basin remains scarce. Therefore, we tried to con-
duct a systemic study on this topic in the basin using long-
term datasets covering 1958–2009 and found an efficient and
practical approach to separate the effects of climate change
and human activities.

The objective of this study is to quantify the influence of
climate change and human activities on runoff in the Luan
River basin using an integrated method combing a climate
elasticity approach (using one nonparametric method and
six Budyko-based methods) with a hydrological modeling
approach (the Soil and Water Assessment Tool (SWAT)
distributedmodel and SIMHYD lumpedmodel). In addition,

0 20 40 80 120
(km)

Reservoirs

N

Meteorological stations
Hydrological station
Rivers

Elevation (m)

42∘N

41∘N

40∘N

42∘N

41∘N

40∘N

116∘E 118∘E 120∘E

116∘E 118∘E 120∘E

Low: 2−

High: 2205

Figure 1: Location of the Luan River basin with meteorological and
hydrological stations and reservoirs.

the two approaches used for the quantification are also
discussed and analyzed. The paper is arranged as follows.
Section 2 describes the characteristics of the study basin
and data sources used. Section 3 describes the methodology
including the Fumodel for the abrupt change point detection,
the structures of the SIMHYD and SWAT models, the
hydrological model calibration and validation, details of the
climate elasticity methods, and methodology for separating
the effects of climate change and human activities. Results
are provided and discussed in Section 4 and conclusions are
summarized in Section 5.

2. Study Area and Data

The Luan River basin (LRB), shown in Figure 1, is located
in the region 115.5∘E∼119.3∘E, 39.2∘N∼42.5∘N in North China,
and covers an area of 44,750 km2.Thebasin lies in the temper-
ate continental monsoon zone with a hot and rainy summer,
dry and rainless spring and autumn, and dry and cold
winter. From 1958 to 2009 the average annual precipitation
was 491mm and the average annual temperature was 6.9∘C.
Since the 1980s, several large reservoirs including Miaogong
Reservoir, Daheiting Reservoir, Panjiakou Reservoir, and
Taolinkou Reservoir were built (Figure 1), and some water
diversion projects were also constructed to supply water to
Tianjin andTangshan cities and for irrigation in the Luanxian
Irrigation Area.

Data used in this study consist of daily precipitation,max-
imum and minimum temperature, and sunshine duration
at nine meteorological stations from 1958 to 2009 supplied
by the China Meteorological Data Sharing Service System.
Monthly runoff data covering the same period were obtained
for the Luanxian gauge station (Figure 1). The Luanxian
gauge station is located in the lower reaches of the basin and
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its hydrological characteristics represent the characteristics
of the whole basin. Daily potential evapotranspiration data
needed for hydrological modeling were calculated by the
Hargreaves method [18], which has been validated in this
region [19].

The digital geographic information data applied in the
distributed hydrological modeling including digital elevation
model (DEM) data at 500m resolution are from the public
domain of GTOPO 30 of the American Geological Survey,
and the land use and soil type data are from the resources and
environment data center of the Chinese Academy of Sciences
at 1000m resolution.

3. Methods

3.1. Detection of the Abrupt Change Point. According to the
Budyko [20, 21] hypothesis, there exists a water-heat coupling
balance relationship between the water and energy in a basin,
for which Fu [22] developed the following equation:

𝐸

𝑃

= 1 +

𝐸

0

𝑃

− [1 + (

𝐸

0

𝑃

)

𝑤

]

1/𝑤

,
(1)

where𝑃,𝐸, and𝐸
0
represent the average annual precipitation,

actual evapotranspiration, and potential evapotranspiration,
respectively; 𝑤 is the model parameter, which has little
correlation with the area of a certain basin but has a close
relationship with the properties of the underlying surface,
including the soil infiltration capability, plant-soil relative
water demand capability, mean slope of the basin [23], and
the runoff coefficient [24]. Also 𝑤 has a dependency on
the climatic properties of the watershed and the interaction
between the climate and the hydrological response in a basin
[25]. Therefore the parameter 𝑤 can be used to represent the
characteristics of the water cycle in a basin.

This study uses the 5-year moving averages of precipi-
tation and of actual and potential evapotranspiration as the
input to (1). In addition, the 5-year average actual evapotran-
spiration is calculated by the water balance equation based on
the presumption that soil water content remains stable within
a 5-year period [26]. With the results of 𝑤 based on (1), the
abrupt change point due to the effects of human activities can
be identified by the Mann-Kendall test [27, 28].

3.2. Framework of Separating the Effects of Climate Change
and Human Activities. In this study, the human activities
effects refer to the total influence of land use and cover
change and water diversion for irrigation and industrial and
domestic usage. The climate change effects refer to the total
influence by the precipitation, temperature, or potential evap-
otranspiration changes. The total changes in mean annual
runoff between two periods with different human activities
and climate characteristics can be estimated by the following
equation:

Δ𝑄 = 𝑄

test
obs − 𝑄

pre
obs, (2)

where Δ𝑄 is the difference in annual average runoff. 𝑄pre
obs

and 𝑄

test
obs are the mean annual measured runoff during the

pretreatment period and the testing period, respectively; the
period is divided by the abrupt change point identified in
Section 3.1. For a given catchment, the total runoff change
between the two periods can also be described as follows,
when considering climate change and human activities as
independent variables at the basin scale [2]:

Δ𝑄 = Δ𝑄

𝐶
+ Δ𝑄

𝐻
, (3)

where Δ𝑄
𝐶
is the average runoff change due to the climate

change andΔ𝑄
𝐻
is the runoff change due to human activities.

Sections 3.3 and 3.4 provide the details for estimating Δ𝑄
𝐶

and Δ𝑄

𝐻
using the hydrological modeling approach and

climate elasticity approach, respectively.

3.3. Hydrological Modeling Approach. In view of the uncer-
tainties associated with the model structure, parameter cal-
ibration, and scale change, we select two kinds of hydro-
logical models, the SIMHYD lumped model and the SWAT
distributed model. The hydrological model is calibrated
and validated in the pretreatment period and then used to
simulate the hydrological processes in the testing period.The
difference between simulated runoff and observed runoff in
the testing period is used to quantify the impact of human
activities as follows:

Δ𝑄

𝐻
= 𝑄

test
obs − 𝑄

test
sim, (4)

where 𝑄test
sim and 𝑄test

obs are the average simulated and observed
annual runoff for the testing period, respectively. The impact
of climate change can be quantified via (3).

The SIMHYD model is a lumped hydrological model
developed by Chiew et al. [29], which is simple but useful and
has been tested in China [30]. In SIMHYD, evapotranspira-
tion is calculated based on the potential evapotranspiration
constrained by available soil moisture. Runoff generation
is estimated from three sources: infiltration excess runoff,
interflow (saturation excess runoff), and base flow. The
inputs of this model are the daily precipitation and potential
evapotranspiration.

The SWAT model is a management model for large and
medium-size basins developed by the American Agricultural
Ministry [31]. In this study, the SWAT version 2005 is used.
The SCS curve method is adopted to calculate runoff for the
dailymeteorological data available and the Penman-Monteith
Equation is used to calculate the potential evapotranspira-
tion. Similar studies have confirmed the applicability of the
SWAT model in the Luan River basin [32]. The inputs to this
model include both meteorological datasets and the digital
geographic information datasets.

The Shuffled Complex Evolution Method (SCE-UA) [33]
is used to calibrate the parameters by maximizing the Nash-
Sutcliffe efficiency coefficient (NS) [34] for both models. The
NS, relative error (RE), and correlation coefficient (𝑟) are
selected as the model performance indicators.

3.4. Climate Elasticity Approach. Schaake [35] firstly em-
ployed the climate elasticity method to analyze the sensitiv-
ity of runoff to climate change.The runoff elasticity is defined
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Table 1: Six commonly used forms based on Budyko hypothesis.

𝐹 (𝜙) 𝐹



(𝜙)

Schreiber, 1904 [36] 1 − 𝑒

−𝜙

𝑒

−𝜙

Ol’dekop, 1911 [37] 𝜙 tanh (1/𝜙) tanh (1/𝜙) − 4/ [𝜙 (𝑒−1/𝜙 + 𝑒1/𝜙)
2

]

Budyko, 1948 [20] [𝜙 tanh (1/𝜙) (1 − 𝑒−𝜙)]
0.5

0.5 [𝜙 tanh (1/𝜙) (1 − 𝑒−𝜙)]
−0.5

×

[(tanh (1/𝜙) − sec h2 (1/𝜙) /𝜙) (1 − 𝑒−𝜙) + 𝜙 tanh (1/𝜙) 𝑒−𝜙]
Pike, 1964 [38] (1 + 𝜙

−2

)

−0.5

1/ [𝜙

3

(1 + (1/𝜙)

2

)

1.5

]

Fu, 1981 [22] 1 + 𝜙 − (1 + 𝜙

𝛼

)

1/𝛼

1 − (1 + 𝜙

𝛼

)

1/𝛼−1

𝜙

𝛼−1

Zhang et al., 2001 [39] (1 + 𝑤𝜙) / (1 + 𝑤𝜙 + 1/𝜙) (𝑤 + 2𝑤/𝜙 − 1 + 1/𝜙

2

) / (1 + 𝑤𝜙 + 1/𝜙)

2

The parameters 𝛼 and 𝑤 in the Fu and Zhang method should be calibrated firstly.

as the ratio of the runoff variation rate to the variation rate of
a certain climate factor as follows:

𝜀

𝑋
=

𝜕𝑄/𝑄

𝜕𝑋/𝑋

, namely: 𝜕𝑄
𝜕𝑋

= 𝜀

𝑋

𝑄

𝑋

. (5)

Based on the assumption that the response of runoff to the
climate factors ismainly caused by precipitation and potential
evapotranspiration, we can obtain the following equation
[10]:

Δ𝑄

𝐶
= 𝜀

𝑃

𝑄

𝑃

Δ𝑃 + 𝜀

𝐸0

𝑄

𝐸

0

Δ𝐸

0
, (6)

where Δ𝑃 and Δ𝐸

0
are the variation of precipitation and

potential evapotranspiration, and 𝜀

𝑃
and 𝜀

𝐸0
are the runoff

elasticity to precipitation and potential evapotranspiration,
respectively. By calculatingΔ𝑄

𝐶
, the effects of climate change

and human activities can be separated. 𝜀
𝑃
and 𝜀

𝐸0
need

to be estimated firstly. Sections 3.4.1 and 3.4.2 describe
the nonparametric method and Budyko-based methods to
estimate the climate elasticity coefficients.

3.4.1. NonparametricMethod. Sankarasubramanian et al. [12]
developed a nonparametric method to estimate 𝜀

𝑃
, and the

method has been validated in China [40]:

𝜀

𝑃
= median(

(𝑄

𝑖
− 𝑄) /𝑄

(𝑃

𝑖
− 𝑃) /𝑃

) , (7)

where 𝑄
𝑖
, 𝑃

𝑖
are the annual runoff and precipitation and 𝑄, 𝑃

are the average annual runoff and precipitation.

3.4.2. Budyko-Based Methods. Based on the water balance
equation and the Budyko coupling balance theory, we can
obtain the following equation [13, 41]:

𝜀

𝑃
= 1 +

𝜙𝐹



(𝜙)

1 − 𝐹 (𝜙)

, 𝜀

𝑃
+ 𝜀

𝐸0
= 1, (8)

where the aridity index 𝜙 = 𝐸

0
/𝑃 and six commonly used

forms of the Budyko hypothesis [13, 42] adopted in this study
are showed in Table 1.

4. Results

4.1. Abrupt Change Point Analysis. In this study, the Fumodel
based on the Budyko hypothesis and the Mann-Kendall
(MK) test are used to detect the abrupt change point in
the LRB using data covering 1958∼2009. First, the values
of 𝑤 in the Fu model are calculated based on (1) using
observed precipitation, calculated potential evapotranspira-
tion by Hargreaves method, and actual evapotranspiration
obtained from the water balance, as shown in Figure 2(a).
The actual evapotranspiration, which is important for the
application of (1), should be validated first. The average
annual actual evapotranspiration is about 400mm and shows
a slight increasing trend from 1958 to 2009, which is similar to
the results obtained by Xu and Yang [43]. Figure 2(a) shows
that 𝑤 varied markedly in the range 2.0 to 4.7 from 1958 to
2009 and then increased abruptly in the late 1990s. The MK
test is employed to analyze the change point of the 𝑤 series.
Yue and Wang [44] found that the MK test result is distinct
from the influence of time series autocorrelation when the
significance level is greater than 95%. Therefore, we analyze
the change point after excluding the series autocorrelation.
The results show that the change point in 𝑤 occurred in
1999 (Figure 2(b)). Furthermore, the double mass curve
analysis (the curve of the relationship between accumulated
annual observed runoff (RA) and precipitation (PA)), which
is frequently used to detect hydrological changes caused by
human activities [45], is also used to detect whether there is
a change point of the water cycle, as shown in Figure 3. The
predicted lines (I and II) show the slopes between RA and PA
changed in 1999 from 0.194 before 1999 to 0.027 after 1999.
Consistent with the results above, we can conclude that the
influction point occurred in 1999; that is, the pretreatment
period is 1958–1998 and the testing period is 1999–2009.

In this work, time series analysis is also used to estimate
the variation of annual runoff, precipitation, and potential
evapotranspiration (PET), as shown in Figure 4. The results
show a slight decreasing trend in PET (−0.51) and precipi-
tation (−1.25) and a relatively stronger decreasing trend in
runoff (−2.04). In addition, compared with the pretreat-
ment period, the reductions were 62.61mm, 15.06mm, and
87.30mm for precipitation, PET, and runoff, respectively, in
the testing period. The corresponding changing ratios were
−12.4%, −1.70%, and −84.5% (see Table 2).These values show
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Figure 2: Variations of 𝑤 from 1958 to 2009 (a) and the UF (forward trend-solid line), UB (backward trend-dash dotted line) curves by
Mann-Kendall test for 𝑤 and the 95% confidence level line (dashed horizontal line) (b).

Table 2: The Mann-Kendall test statics slope (𝑍
𝑐

) and changes of annual precipitation, potential evapotranspiration (PET), and observed
runoff during the pretreatment period and testing period.

𝑍

𝑐

Pretreatment period (mm) Testing period (mm) Difference (mm) Ratio (%)
Precipitation −1.26 504.61 442.00 −62.61 −12.40
PET −1.79 886.40 871.34 −15.06 −1.70
Observed runoff −2.29 103.31 16.01 −87.30 −84.50
In a two-side test, when −𝑍

1−𝛼/2
≤ 𝑍
𝑐
≤ 𝑍
1−𝛼/2

accepts a null hypothesis, or when𝑍
𝑐
< −𝑍
1−𝛼/2

indicates a decreasing trend, and when𝑍
𝑐
> 𝑍
1−𝛼/2

indicates
an increasing trend, 𝛼 is the significance level. In this study, 𝛼 is set to be 0.05 and the corresponding value of 𝑍

1−𝛼/2
is 1.96 [27, 28].
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Figure 3: Double mass curve of accumulated annual runoff (RA)
and accumulated annual precipitation (PA).

that the variation ratio of average annual runoff was much
larger than that of precipitation andPET. Table 2 also provides
the trend results of annual runoff, precipitation, and PET
based on the MK test, which indicate that annual runoff
decreased significantly (𝛼 = 0.05, 𝛼 is the significance level)
with an MK statistics slope of −2.29, while the annual pre-
cipitation and PET showed no significant decreasing trends
(𝛼 = 0.05). The results above suggest that the reduction of

runoff was not caused solely by the reduction in precipitation
and PET, so human activities may also have had an important
impact on the runoff decline.

4.2. Hydrological Modeling

4.2.1. Model Performance. The SWAT and SIMHYD models
are applied to simulate the hydrological processes in the
LRB. First, two-thirds of the observed data are used to
calibrate the two models and the calibrated parameters are
used to simulate the streamflow for the remaining one-third
of the observed data in the pretreatment period for model
validations. It should be noted that the two hydrological
models do not simulate the reservoirs in the calibration and
validation for the human activities is limited in this period.

Results of themodel calibration and validation atmonthly
time steps for the two models are shown in Figure 5. In the
scatter plots in Figure 5, the observed monthly streamflow
is plotted along the 𝑥-axis and the simulated streamflow is
plotted along the 𝑦-axis. Figure 5 shows that both models
perform well in model calibration and validation with high
Nash-Sutcliffe efficiency coefficient (NS), correlation coeffi-
cient (𝑟) values, and low relative error (RE) values, as also
shown in Table 3.The calibration NS values are 82% and 85%
for the SWAT model and the SIMHYD model, respectively.
The RE values are 0.05 and 0.07 for the two models, and the
𝑟 values are 0.91 and 0.92 in the calibration period. In the
validation period, the NS, RE, and 𝑟 values are 92%, 0.003,
and 0.95 for the SWATmodel and 90%, 0.02, and 0.96 for the
SIMHYDmodel, respectively.
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Figure 4: Variations of annual runoff (a), precipitation (b), and potential evapotranspiration (PET) (c) before and after inflection point (solid
line), the average annual values (dashed line), and the linear trend (dotted line).

Table 3: The performance of SWAT model and SIMHYDmodel.

Calibration (1958–1985) Validation (1986–1998)
NS RE 𝑟 AWBE AWED NS RE 𝑟 AWBE AWED

SWAT 0.82 0.05 0.91 0.05 0.14 0.92 0.003 0.95 0.03 0.02
SIMHYD 0.85 0.07 0.92 0.10 0.08 0.90 0.02 0.96 0.08 0.15

As discussed above, the difference between average
annual simulated runoff and observed runoff in the testing
period represents the impact of human activities. The water
balance error between annual observed runoff and annual
simulated runoff (AWBE)will impact the quantitative results.
From the statistical results in Table 3, the values of AWBE
are 0.05 and 0.10 in the calibration period and 0.03 and
0.08 in the validation period for the SWAT and SIMHYD
models, respectively; that is, the errors are acceptable for
the two models and they perform well for annual runoff
simulation. From Figures 5 and 6, we can see that the
simulated streamflow is much greater than the observed
streamflow in the testing period. Therefore, it is necessary to
examine the water balance error between annual observed
runoff and simulated runoff in the dry periods (AWED)

in the pretreatment period. We select the dry years (at a
guaranteed rate of 75%) to test the two models. As shown in
Table 3, the AWED values are 0.14 and 0.08 in the calibration
period and 0.02 and 0.15 in the validation period for the
SWAT model and the SIMHYD model, respectively. These
results indicate that the two models perform well and there
are no systemic errors in the simulation of annual runoff in
the dry periods, which can be regarded as a scientific basis for
distinguishing the influences of climate change and human
activities.

4.3. Quantifying the Effects of Climate Change and Human
Activities. The SWAT and SIMHYD models are used to
simulate the hydrological processes in the LRB during
the testing period, based on the calibrated parameters in
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Figure 6: Comparison of observed annual runoff and simulated annual runoff by the SWAT (a) and SIMHYD (b) models.

Table 4: The average annual simulated and observed runoff during
the pretreatment and testing periods (unit: mm).

Periods Observed
runoff

Simulated by
SWAT

Simulated
by SIMHYD

Pretreatment period 103.31 99.54 91.59
Testing period 16.01 66.57 62.45

the pretreatment periods. The scatter plots in Figure 5 (the
third column) and Figure 6 show a great difference between
observed streamflow and simulated streamflow at monthly
and yearly time steps in the testing period. Table 4 provides
the statistical values of observed and simulated runoff in
the pretreatment and testing periods. We can see that the
simulated annual runoff after the change point is much
greater than the observed annual runoff.

As stated previously, the difference between the average
observed and simulated runoff reflects the influence of
human activities. Meanwhile, the difference in the observed
runoff between the testing period and the pretreatment
period represents the total influence of climate change and
human activities. Therefore, the effects of climate change
can be obtained by calculating the difference between total
influence and human activities influence. Results presented
in Table 5 show the total difference caused by climate change
and human activities is 87.3mm.The reduction runoff caused
by human activities is 50.56mm and 46.44mm based on
the SWAT and SIMHYD models, respectively. The runoff
reduction caused by climate change was 36.74mm and
40.86mm based on the two models. The influence of human
activities on the runoff accounted for 57.9% and the influence
of climate change accounted for up to 42.1% according to
the SWAT model. According to the SIMHYD model, human
activities accounted for 53.2% of runoff decrease and the
influence of climate change accounted for up to 46.8%.

4.4. Climate Elasticity Analysis. The Fu and Zhang methods
should be calibrated with the average annual observed runoff

during the pretreatment period firstly. The parameter is
2.3 in the Fu method and 0.8 in the Zhang method. The
simulated average annual runoff is 95.7mm with the relative
values of 7.33% by Fu method and 93.8mm with the relative
values of 9.25% by Zhang method during the pretreatment
period, respectively. Then the climate elasticity of runoff to
precipitation in the basin is calculated by the nonparametric
method and six Budyko-based methods. From the results in
Table 6, we can see that there are some differences among
the seven methods for estimating the elasticity coefficients
varying from 2.078 to 2.849.

Based on (5), the impacts of climate change on runoff are
quantified as shown in Table 6. The results indicate that the
influence of climate change accounted for 28.3∼38.1% of the
runoff reduction, equivalent to about 29.9mm reduction in
runoff, while the contribution of human activities was 61.9∼
71.7%.

5. Discussion

The compared results by the two approaches including nine
methods in Figure 7 show that the runoff reduction caused
by climate change was 28.3∼46.8%, and the corresponding
contribution due to human activities was 53.2∼71.7%. The
results indicate that the effect of human activitieswas stronger
than that of climate change. This finding agrees with the
previous studies [46]. As described earlier, runoff showed a
remarkable decreasing trend even though precipitation and
PET presented no significant trends, thereby indicating that
human activitiesmay be the driving factors for runoff decline.
Water-related human activities including land use and cover
change and water diversion for irrigation and industrial and
domestic water use are considered to be responsible for the
runoff decline.

Statistics shows that the forest cover has decreased by
8% in the LRB since the mid-1990s, and the reduction in
forest cover usually results in an increase in runoff [47,
48]. However, the observed runoff in the LRB has shown
a decreasing trend in the past years; this may be related
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Table 5: Quantification of the impact of climate change (CC) and human activities (HA) on runoff based on hydrological modeling.

Model Total difference
(mm)

Runoff decline caused
by CC (mm)

Runoff decline caused
by HA (mm)

Percentage of
influence of CC

Percentage of
influence of HA

SWAT 87.30 36.74 50.56 42.1% 57.9%
SIMHYD 40.86 46.44 46.8% 53.2%

Table 6: Quantification of the impacts of climate change based on climate elasticity methods.

Climate change Impact Nonparametric Schreiber Ol’dekop Budyko Pike Fu Zhang et al.
𝜀

𝑃

2.849 2.797 2.780 2.804 2.637 2.158 2.078
Decline (mm) −33.27 −32.70 −32.51 −32.78 −30.93 −25.64 −24.75
Percentage (%) 38.1 37.5 37.2 37.5 35.4 29.4 28.3

37.5%

37.2%

37.5%

35.4%

29.4%

28.3%

38.1%

42.1%

46.8%
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Schreiber
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Figure 7: Comparison of impact results of change climate by the
nine methods.

to the negative effects of the human activities like water
diversion for irrigation and industrial and domestic water
use within this basin. There are four large reservoirs in the
catchment (Miaogong Reservoir (MR) in the upstream, Pan-
jiakou Reservoir (PR) in the midstream, Daheiting Reservoir
(DR) in the downstream, and Taolinkou Reservoir (TR) in
the Qinglong River (a tributary of the Luan River)). Water
diversion to Tianjin and Tangshan is used for industry and
urban life from the PR and DR. Water is also diverted for
the irrigation in the Luanxia Irrigation district from the
PR, DR, and TR and in Miaogong Irrigation district from
the MR following increases in the area of farmland. As
a result of the economic development and the population
increase, the water demand by industry, domestic usage, and
irrigation has increased [49, 50], subsequently resulting in
the decreases in streamflow in the basin. Meanwhile, the
irrigation may trigger high evapotranspiration and farmers
have to collect runoff to enhance crop yield, which will also
reduce the runoff [46]. Furthermore, the Mann-Kendall test
results of the outflow in the downstream of PR and TR show
a change point around 1999. The corresponding reduction in

the average annual streamflow was 43.98m3/s and 18.73m3/s
in the PR and TR, respectively. The reductions also indicate
human activities have a dominated impact on the surface
runoff compared with the climate change in the LRB.

In this study, two kinds of climate elasticity methods are
used to separate the effects using only the observed annual
hydroclimate data.The quantitative results mainly depend on
the estimation of the runoff elasticity to precipitation. From
these results, the nonparametric method overestimates the
reduction caused by climate change when compared with
the Budyko-based methods. A possible reason may be the
relatively small sample size of the historical data which leads
to a relatively large error in the nonparametric method [10].
Another reason may be the reduction in runoff influenced
by human activities, which lead to an overestimation of the
runoff elasticity to precipitation by nonparametric method
as shown in Figure 8(a), where the runoff elasticity increases
with the runoff decline. Among the six Budyko-based meth-
ods, the results of the Fu and Zhangmethods indicate a lower
impact of climate change than the other four methods, which
is also caused by the underestimation of the runoff elasticity.
Figure 8(b) shows the relationship between aridity index
and runoff elasticity to precipitation. From the curves in
Figure 8(b), we can see that when the aridity index is around
1.5 to 2.0 (the aridity index is 1.797 in the Luan River basin),
the runoff elasticity to precipitation calculated by Zhang and
Fu methods is smaller than that obtained by the other four
methods.

The quantitative results of the two hydrological models
reveal a slight difference between themodels, which ismainly
due to the model uncertainties. The uncertainties associated
with parameter calibration are shown in Figure 9. Figure 9
shows the simulated annual runoff in the testing period,
along with the 95% confidence range as obtained by the two
models.We can see that the difference of simulated runoff and
observed runoff ranges between 34.55mm and 63.41mm. In
the SWATmodel, the contribution of human activities to the
reduction in runoffwas 40∼70%with amean value 55%.With
the SIMHYDmodel, the difference between simulated runoff
and observed runoff varied from 23.80mm to 65.60mm.
The contribution of human activities to the reduction in
runoff was 30∼75% with a mean value of 53%. From the
uncertainty analysis, we can see that parameter calibration



10 Advances in Meteorology

1

2

3

4

5

30 60 90 120

Ru
no

ff 
el

as
tic

ity
 to

 p
re

ci
pi

ta
tio

n

Mean annual runoff (mm)

(a)

1

1.5

2

2.5

3

0 0.5 1 1.5 2

Ru
no

ff 
el

as
tic

ity
 to

 p
re

ci
pi

ta
tio

n

Aridity index
Schreiber
Budyko Turc-Pike
Fubaopu Zhang

Ol’dekop

(b)

Figure 8: The relationship between mean annual runoff and the runoff elasticity to precipitation (a), the relationship between aridity index
and the runoff elasticity to precipitation (b).
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Figure 9: Uncertainties of the quantification results based on the SWAT (a) and SIMHYD (b) models.

may have an influence on the quantitative results.Meanwhile,
we can see both the lumped SIMHYD model and the SWAT
model provide useful means of quantifying the impacts, but
the SIMHYD model uses fewer input datasets and is easier
calibrated as described above. However, to revealmore details
of the hydrological cycle, distributed hydrological models are
required in the quantitative studies.

In general, both of the climate elasticity and hydro-
logical modeling approaches have their own advantages.

The climate elasticity methods are comparatively simple with
fewer inputs, while the hydrological models can simulate
the water cycle with higher spatial and temporal resolution.
However, there are still uncertainties associated with the
results obtained by both approaches.The estimation of runoff
elasticity is still a difficult problem for the climate elasticity
methods, and themodel uncertainties will affect the quantita-
tive results produced by the hydrological modeling approach.
Furthermore, the method used for separating the effects of
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climate change and human activities as two independent
variables will also introduce uncertainties because these two
factors interact with each other. For example, human activ-
ities such as urbanization may affect the energy and water
fluxes back to the atmosphere which could cause changes in
climate variables such as temperature and precipitation and
thus changes in runoff. Meanwhile, climate change would
also influence human activities such as land use and therefore
subsequently cause runoff changes.

6. Conclusions

Here, an integrated quantitative method is successfully
applied in the Luan River basin using the Budyko-based
Fu model, hydrological modeling, and climate elasticity
approaches. Firstly, the Budyko-based Fu model is used to
explore the underlying surface characteristics of the basin.
The results indicate that the change point takes place in 1999.
Secondly, the hydrological modeling and climate elasticity
approaches are used to separate the effects of climate change
and human activities. The effect of climate change on runoff
changes is about 28.3∼46.8% and that of human activities
accounted for about 53.2∼71.7%.Thehuman activities includ-
ing land use and cover change and water diversion for irri-
gation and industrial and domestic water use are considered
to be responsible for the runoff decline in the basin. The
results in this study could provide a scientific basis for the
sustainable water resources planning andmanagement under
the influence of climate change and human activities.

In addition, the hydrological modeling approach and
climate elasticity approach are compared. Climate elasticity
methods are comparatively simplistic and based on fewer
data, which is a good attribute for large-scale application,
while the hydrological models can simulate the water cycle
with higher spatial and temporal resolution. It has been
proved that both approaches can effectively evaluate the influ-
ences of climate change and human activities on hydrological
processes. Although the effects of climate change and human
activities are successfully separated in this study, a more in-
depth analysis of the effects of climate variables, land use
and cover change, water diversion, and other water-related
human activities is needed in further work.
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To solve the messy problem of data types and form a unified data-processing solution, data in the Heihe River Basin were first
classified into five types to integrate them and achieve unified management of data and metadata, preventing the loss of metadata,
in the data model of eScience framework. Considering many of the challenges that exist in the construction of the online spatial-
temporal data integration and interoperability eScience platform, we used the open data interfaces and standards such as the
Common DataModel (CDM) interface, common scientific data modelling (i.e., NetCDF, GRIB, and HDF), and Open Geospatial
Consortium (OGC) standards. Through the eScience platform, we also provided online data processing tools by collecting free
tools (e.g., NetCDF tool, quality control tool). This eScience platform enables researchers to make full use of scientific research
information and results and facilitates collaboration, especially between theGIS community and othermembers of the earth science
community, with the purpose of establishing an online platform of uniform spatial data from the Heihe River Basin via common
scientific data modelling.

1. Introduction

Modern geoscience often requires massive datasets and a
huge amount of computation for numerical simulation and
data handling, and data needs increase daily [1–4]. In earth
and environmental science, data management is becoming
more challenging [5–7]. Volumes of geographic data have
been collected with modern acquisition techniques such as
global positioning systems (GPS), remote sensing, wireless
sensor, and surveys [8–12]. The increase in data volume has
led to more distributed archiving, and it is consequently
more difficult to analyse data at a single location and store
it locally [13, 14]. “Big Data” has become a ubiquitous new
term for researchers. It concerns not only the amount of
data but also timeliness (velocity), variety, and veracity.
The eScience environment makes full use of people, data,

and computing resources. Software enables convenient data
applications and saves manpower and resources [15]. In
addition to researchers, governments and private industries
also have enormous interest in both collecting spatial data
and using massive dataset resources for various application
needs, especially Web-based needs [16–19]. The eScience
environment supports the combination environment men-
tioned above and provides online workflow including inte-
gration, access, analysis, visualization, and quality control for
various data sources and formats [18, 20, 21]. Compared to
traditional research methods, eScience applications enable
researchers tomake full use of scientific research and facilitate
international collaboration [22, 23]. Chen et al. proposed
a geoprocessing eScience workflow model to integrate log-
ical and physical processes into a composite process chain
for sensor observations [24]. A case study on e-Cadastres
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was proposed to analyse the results of a survey to several
European Cadastral Agencies and estimate the benefits of
spatial data infrastructure [25].The challenge of constructing
a suitable data model for basin-scale research is real and
requires improved data interoperability, developing better
algorithms and good case studies.

Studies in the Heihe River Basin have examined the
weather, ecology, hydrology, and water resources of cold and
arid regions. With the development of remote sensing and
wireless sensor network technologies, the amount of data
that needs acquisition, storage, processing, and transmission
has multiplied [26, 27]. Data have been and continue to
be accumulated for the study of the Heihe River Basin,
becoming the basis for forecasting and decision analysis
[28]. As the data from the Heihe River Basin have become
more diverse in time period and format, more complex,
dynamic, and high-dimensional, and more metadata than
ever before, it is more difficult to analyse and effectively
visualize [29, 30].Therefore, constructing an eScience context
has been recognised as an urgent need for the unified man-
agement of data andmetadata andunifying data formats from
different disciplines.The eScience context provides the gamut
of spatial data through Web services with both efficient data
processing algorithms and effective visualization approaches
for data applications via the THREDDS (Thematic Real-
time Environmental Distributed Data Services) data server
(TSD), OGC (Web Coverage Servers) WCS/WMS (Web
Map Service), NcML-GML (NetCDF Markup Language-
Geography Markup Language), and object-oriented compo-
nents technology [9, 10, 12, 31, 32]. The internet-based plat-
form provides a convenient way to achieve spatial-temporal
data mining, integration, analysis, and distribution and can
help researchers to make full use of existing data resources.
Maximizing existing resources can reduce the duplication
of work and charges for data acquisition and collection,
which enhances collaboration, especially between the GIS
community and the rest of the earth science community.

The research issues that need to be solved for online-
integrated data management of the Heihe River Basin are
as follows. First, when constructing an online data integra-
tion and interoperability platform, the data contributed by
different users have different formats, unprecedentedly large
size, unexpected metadata, high dimensionality, and hetero-
geneous data sources. These data include remote sensing
data with the formats such as HDF5, JPGE, and TIFF, raster
data, radar data that are collected and processed by special
software, climate observations in GRIB, NetCDF, and ASCII
formats, shapefiles, and free-text files (e.g., TXT, word, and
CSV). Multiple service interfaces and algorithms for data
integration and interoperability are needed by data in dif-
ferent formats, which increases the difficulty of data sharing
and interoperability. The data’s computational algorithms are
directed at various time scales and research objectives, for
example, using daily versus monthly averages for forecasts of
short-term weather and large-scale climate changes. Second,
seamless management is difficult because the data has been
separated from the metadata. In addition, it is difficult to
download data on a specified period from a dataset, to
transmit data or share various fields and software systems.

Metadata must be effectively archived. There is an urgent
need for the design of a user-friendly interface to facili-
tate interoperability, geocomputation, and geovisualisation.
Third, unification of the heterogeneity of existing protocols
and standards in service-oriented architecture is also needed,
such as those applied to establish GIS standards. Finally,
experts from different disciplines are familiar with their
specific data format and processing software.They encounter
problems in converting one format to another or losing
information in converting the data formats.

To address these issues, spatial and temporal data from
the basin in an eScience context was classified to five
categories according to the data source. The data model
is a key factor of data sharing. Selecting the data model
to integrate spatial-temporal data is very important for the
efficient and seamless management in basin eScience. The
model determines whether we can efficiently describe the
state or evolution of a geographical entity and effectively
solve various problems related to time. Considering the
compatibility of data, it is hard to achieve a single, completely
uniform data model, so the goal may be a few data models.
The Heihe River Basin eScience platform selected the Net-
work Common Data Form (NetCDF) (http://www.unidata
.ucar.edu/software/netcdf/),HierarchicalData Format (HDF)
(http://www.hdfgroup.org/projects/), and GRib in Binary
(GRIB) (http://www.wmo.int/pages/prog/www/) to integrate
and interoperate the data according to requirements analysis.
Theplatform integratesmultisource and differently formatted
data into a few data models. It can solve the contradiction
between the high performance computing and the low effi-
ciency of the processing software, creatingmanagement stan-
dards for massive spatial-temporal datasets and metadata.
The new organization mode and collaborative environment
can unite disciplines, regions, and time scales and achieve
the complete value chain of the data integration, acquisition,
transport, storage, processing, application, and service on this
eScience platform via Web services [33]. The eScience envi-
ronment framework is convenient for cooperation between
experts in various fields and simplifies data postprocessing
analysis and data retrieval. It can be accessed openly and
freely by everyone. The primary focus is to improve data
and application interoperability via data models, interfaces,
standards, and Web services.

The emphasis of this paper is on the process andmethods
of unifying data from the Heihe River Basin in NetCDF and
on introducing the modules of online data integration and
interoperability.

2. Study Areas

The Heihe River is the second largest inland river in China.
It is 821 km long and originates from Qilianshan Mountain.
TheHeihe River Basin is a typical large inland river basin that
covers an area of approximately 130,000 km2 in the arid zone
of northwestern China. It is located in the middle section of
the Hexi Corridor of Gansu Province, which is composed of
upper, middle, and lower reaches. Its upper reaches originate
in the Qilian Mountains, where the headwater streams form
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Figure 1: The study area map of Heihe River Basin.

strong drainages, and its lower reaches end in the desert
Inner Mongolia. The middle reaches are primarily oases
surrounded by the Gobi Desert, and the landscape includes
heterogeneously distributed farmland, forest, and residential
areas [34]. The study area is shown in Figure 1.

The Heihe River Basin, as a typical study area for earth
science, has been the object of recent research on weather,
climate and remote sensing, ecology, and hydrology, which
frequently require analysing hundreds of thousands of vari-
ables. The data processing produces large numbers of results,
explanations, and other information in various formats and
files. In theHeihe River Basin, long-termmonitoring, testing,
and research are the main sources of data and the important

basis of earth system science research.Managing and process-
ing the long-termmonitoring data are some of the important
tasks for basin research. Therefore, in the eScience context
of the basin, issues such as the distribution, heterogeneity,
and volume of data need to be addressed during the design
and implementation of new data-oriented infrastructures,
services, standards, and systems.

3. Methods

3.1. Common Data Model and Spatial-Temporal Data Model
for EScience Context. The chosen spatial-temporal data
model has to address platform compliance with model
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interfaces and several protocols. It must also fit the service-
oriented architecture through open and free interfaces
because the eScience context is a service-oriented distributed
environment that allows scientist to share distributed data
resources and data processing components. Unidata’s Com-
mon Data Model (CDM) has a unified interface to access
NetCDF, HDF, and GRIB to build a bridge of interoperability
for different data models. The CDM interface is applied to
form the workflow of data integration, visualization, distri-
bution, and analysis in the eScience framework. The data
integration and interoperation interfaces of spatial-temporal
data are shown in Figure 2.

3.2. Data Classification and Archive in the Heihe River Basin
EScience Context. In the Heihe River Basin, to generate the
NetCDF format from heterogeneous multisource data (e.g.,
geoTiff, ASCII, free-text, shapefile, and grid), it is important
to classify and archive the Heihe River Basin data. According
to the characteristics of the NetCDF and the data formats,
these formats were classified into five types including station
point, point, grid, image, and radial to address messy prob-
lems in data formats (Table 1). Station types describe the time
series observation data that remain fixed in space and have
an exact set of specified spatial coordinates (e.g., hydrologic
station data and weather station data). Unlike station points,
points can change their location and have no relationship
with each other. They can record data in text formats. Grid
includes structured and unstructured data. A number of
traditional data files can be integrated and archived into a
single NetCDF file (e.g., free-text data) via these types, as
shown in Table 1. The NetCDF structure provides a powerful
mechanism for dealing with complicated scientific workflows
and resolves “messy” issues, such as traditional multiple files
and heterogeneous data.

Table 1: Classification and archive of various data types.

Data type Definition
Station point Station observations/time series
Point Unconnected point data
Grid Structured grid and unstructured grid
Radial Radar observation data
Image Satellite observation data

3.3. The Design Flow and Function of Data Integration and
Interoperability. Spatial-temporal data integration and inter-
operability platform were constructed based on the Web
service of B/S architecture to enhance sharing and interop-
erability. The design flows of conversion and interoperability
for data in the framework are shown in Figure 3. The CDM
interface was used to access different scientific data including
NetCDF, HDF, and GRIB. In addition to the CDM, we also
used two other technologies (XML schemas and object-
oriented components) to realize the data integration and
interoperability framework. TSD data server, NCML-GML,
and OGC WCS/WMS were achieved mainly through the
XML schemas. The XML schemas resolve the problems
in remote access to data and facilitate the interoperability
of GIS and other data via Web services. Object-oriented
component technology mainly addressed the issues that
different domains develop different data processing algo-
rithms in various computer languages (e.g., C,MATLAB, and
Fortran). We needed to provide object-oriented components
technology to construct components library via collecting
data processing program. In addition, we can access these
three data formats through the CDM interfaces via OPeN-
DAP or HTTP protocols. NcML-GML and the WCS/WMS
achieved the Web service of GIS data encoded in NetCDF.
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The framework is convenient for the standard management
of large-scale spatial-temporal data and facilitates cooperative
research across disciplines.

Figure 4 shows themain functions of the spatial-temporal
data in the eScience platform. The platform provides the
services including NetCDF metadata extraction, NetCDF

dataset operation, data format conversion, data visualization,
and data access. If the CDM interface cannot achieve spe-
cial data processing, appropriate components in component
libraries were selected according to the requirements of the
researchers. If a component does not exist, a new component
can be designed and added to the component libraries.
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The metadata extraction services in NetCDF extract
dataset attribute information including department, author,
and coordinate system and attribute names. They also can
be extracted via NcML. Dataset operation services include
the basic operations such as appending spatial-temporal data,
renaming, modifying and deleting attributes, variables, and
dimensions. Data format conversion services convert the
formats of point data, remote sensing data, radar data, and
the grid data to NetCDF and convert NetCDF to raster and
vector data format through third party software or an online
tools library such as GIS software to promote the sharing and
interoperability of data.The visualization services of NetCDF
offer dynamic visualization of long series spatial-temporal
data to achieve convenient comparisons and selection of the
data in a study area via WCS/WMS or online tools. NetCDF
access services acquire data online through THREDDS Data
Server and existing protocols (e.g., OPeNDAP and ADDE).
When the users are not interested in all the data, they can
extract sections of data for certain variables at certain times or
in certain regions from these datasets via theWeb. Analysis of
NetCDF realises arithmetic operations through the browser
on the NetCDF datasets such as computing averages.

3.4. NetCDFData Interoperability with TSD,OGCWCS/WFS,
and NcML-GML Technology in EScience Framework. Web
technology provides support for eScience development
through innovative technologies and protocols, the message
format and algorithms, and creative services such as Wikis,
TSD, andWCS [35, 36].The eScience framework is a service-
oriented interoperability platform for large spatial-temporal
datasets.The key technologies, THREDDSData Server, OGC
WCS/WFS, and NcML-GML, facilitate the interoperability
of the scientists in different disciplinary areas, as shown
in Figure 5. The THREDDS Data Server (TDS) is the Web
server for scientific data and lists the datasets in a THREDDS
catalogue, which is simply an XML file offering available
datasets and services. Through the TDS, users can obtain
the name and location of datasets from different institutions
and then access the datasets through OPeNDAP, ADDE, or
NetCDF/HTTP protocols [37]. TDS can serve any dataset
that the NetCDF-Java library can read (e.g., NetCDF-3,
NetCDF-4, HDF-4, HDF-5, HDF-EOS, GRIB-1, and GRIB-
2). It can also provide data access (subset) services (e.g., OGC

WMS and WCS), data collection services (e.g., aggregation),
and metadata services (e.g., NcML). Researchers can obtain
select parts of these datasets via Web browser (e.g., certain
variables at certain times or regions).

AnNcML document is an XML document describing the
content and structure of the data stored in a NetCDF file and
represents a generic NetCDF dataset (http://www.unidata
.ucar.edu/software/netcdf/ncml/) [38]. In our eScience con-
text, it can be used as a “public interface” for spatial-temporal
online data, conforming to the NetCDF data model. NcML
describes the metadata of the NetCDF data and does not
encode the data. The purpose of NcML is to define and
redefine NetCDF file. The NcML has the function as follows:

(i) Metadata to be added, deleted, and changed.
(ii) Variables to be renamed, added, deleted, and restruc-

tured.
(iii) Aggregated data from multiple CDM files (e.g.,

Union, JoinNew, and JoinExisting).
We take average monthly temperature NetCDF data of

the Heihe River Basin as an example. The data are in a CF-
complaint NetCDF format, and the visualisation is shown via
online tools in Figure 6. The NcML of the data is seen in
Appendix.

The aggregation function of the NcML is useful for time
series data combinations. Multiple time series NetCDF data
can be aggregated into a single, logical dataset with several
types of aggregation including Union, JoinExisting, and
JoinNew. To facilitate interdisciplinary work between earth
sciences and the GIS communities, NcML-GML is developed
to use NetCDF datasets in GIS software, providing themwith
all the necessary metadata in the form of GML (Geography
Markup Language) extensions to NcML. GML is written in
XML schema for the storage of geographic information with
the GIS community semantics. NcML-GML supports ref-
erencing information of spatial-temporal data and realizing
the function of the platform that describes the coverage data
derived fromNetCDF data file. NcML-GML andWCS/WMS
can map the NetCDF model into the model of GIS and
facilitate the interoperability between these two models and
different scientists. Through the technology above, users can
obtain metadata and the slices of data they require from
remote NetCDF files on a Web server accessible directory.
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3.5. The Key Object-Oriented Component Technologies of
Spatial-Temporal Online Data Integration and Interoperation.
To improve the calculation speed and convenient visualiza-
tion of the data, we selected the mixed solution of MATLAB
and Java to complete data integration based on theWeb as one
example of the object-oriented method to build components.
Quality control components are also built by the object-
oriented method. Figure 6 shows the technical framework.

The MATLAB and Java mixed solution is to complete
the custom framework and interface via Java and Web tech-
nology for special data processing and computation through
MATLAB with powerful matrix and numerical analysis
capabilities.Themixed solution can solve the problems posed
by MATLAB’s poor interactivity and the fact that MATLAB
programs cannot run outside the environment. In addition,
the characteristics of Java language such as crossing platforms
and exception handling, multithreading, and stable and fast
operation could also be utilized.

Figure 6 shows the workflow of mixed solutions technol-
ogy; first, the MATLAB code completes core algorithms of
NetCDF integration and generates the m files. Second, the
m files are then transformed into a component which will
interact with server-side through the Java language without
the MATLAB environment through MATLAB compiler and
MATLAB builder JA. Finally, an encapsulation function

would be called to achieve the core calculation of MATLAB
and online computing on the Web through the Java program
with the MATLAB dynamic library.

Figure 7 depicts an example of the processes within a
scientific workflow.TheNetCDF integration process contains
an integrated chain invoking first the data processing com-
ponent and then the integration process. After creating new
NetCDF, the add data component continues to increase the
variable to NetCDF, extending time dimension or adding
other variables. CDM is available as free software to process
NetCDF and is actually called several times as part of different
scientific workflows.

3.6. Online Spatial-TemporalDataQuality ControlMethods on
EScience Platform. Spatial data quality has been recognised
as an important issue in GIS. However, online spatial-
temporal data quality control has received little attention
from data processing. Irregularities cause unreliable results
because any initial spatial data error can be propagated
through the spatial data processing. Based on glaciers, per-
mafrost, deserts, and atmospheric, ecological, environmen-
tal, hydrological, and other elements, monitoring systems
established in Heihe River Basin realize automatic data
transmission and connect with the basin eScience context.
Before data integration and analysis, we achieve real-time
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data detection and calibration to ensure data quality control
on the eScience platform.

In this study, we mainly focus on the online data quality
control of outliers in the spatial-temporal data before con-
version to NetCDF. This is very important for data quality
control, especially for data transmission in wireless sensor
networks before data formats are converted to NetCDF files.
We provided quality control components for Web services
in the components library. In addition, we will continue to
enrich our components library to facilitate data processing
and data quality control.

According to the data request, the basin eScience platform
provides online outlier detectionmethods, including extreme
test method, 3𝛿 test method, Dixon’s test method, and
Grubbs’ test method. The platform will provide convenient
detection of abnormal data points, which will help users
to understand the data change rules over time and the
intrinsic relationships among the data. Based on the phys-
ical characteristics and statistical experience of the various
elements, the extreme test method gives the maxima and
minima values of the real-time data. For the 3𝛿 test method,
according to the theory of error, the random error 𝛿 obeys a
normal distribution. As the standard differential is generally
unknown, 𝑆 counted with a Bezier formula is typically used
instead of 𝛿. In formula (1), 𝑥 is the true value, and 𝑥

𝑖
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observation data. Consider
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For Grubbs’ test method, we assumed normal indepen-
dently measured samples 𝑥

1
, 𝑥
2
, 𝑥
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, . . . , 𝑥

𝑛
, where 𝑛 is the

number of the samples, the residual absolute value of the data
is 𝑥
𝑖
, and 𝑥 is the maximum. 𝑥 is the average of the samples.

Then, we constructed the statistic (𝑥
𝑖
−𝑥)/𝑆, with the formula

for 𝑆 being given by formula (2). At the selected significance
level 𝛼, we obtain the threshold 𝐺(𝛼, 𝑛) by formula (4). 𝛼 is
usually a value of 0.05 or 0.01. Consider
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can be given by the lookup table.
In the eScience platform, we also collect a range of open

and free data processing tools and provide them online,
such as visualization tools to facilitate collaboration like the
NetCDF tools (http://www.unidata.ucar.edu/downloads).

4. Results

4.1. The Case Study of Spatial-Temporal Data Integration
and Interoperability on EScience Platform. In this paper,
observation data from theMafengou subbasinwireless sensor
transmission site in the Heihe River Basin is used as a case
study for abnormal data quality control. The temperature
data are transmitted every 30 minutes with a total of 73
records. Figures 8(a), 8(b), 8(c), and 8(d) compare the dataset
before and after outlier quality control with four methods,
the extreme test, 3𝛿 test, Dixon’s test, and Grubbs’ test,
respectively. Figure 8(a) shows that three outliers were found
by the extreme test method. Figure 8(b) shows that the 3𝛿 test
method found the obvious abnormal data. Figure 8(c) shows
that five outliers were found by Dixon’s test method. Grubbs’
test method is the best, finding seven outliers, as shown in
Figure 8(d).

Figure 9 shows the NetCDF tools display of the grid map
of the temperature for the Heihe River Basin. The NetCDF
tools can also browse remote data model datasets (e.g.,
NetCDF, GRIB, andHDF) via the TSD data server. An online
tools library facilitates data processing and the interoperation
of the eScience context using tools with which researchers are
familiar.

4.2. Raster Data Integration. To demonstrate the data inte-
gration, we took average monthly temperature raster data
of the Heihe River Basin as an example and integration
components of the component library via Web services as
shown in Figure 10. The tool mainly achieved integration
and aggregation of the data. First, it converted grid data to
ASCII and then integrated the data online as NetCDF to
complete the long series data integration. In this example,
the grid size is 500 meters, the line number is 899, the
column number is 1041, the coordinate 𝑥 of the left bottom
corner is 666083.7 meters, and coordinate 𝑦 is 4008999.5
meters.These parameters and coordinate systemwere needed
on the webpage. When generating the m function files, we
choose grid size, rank number of the grid, and the left bottom
corner coordinates as the function’s parameters for NetCDF



Advances in Meteorology 9

Te
m

pe
ra

tu
re

 (∘
C)

0
.1

,2
0
1
1

0
2

:0
0

0
4

:0
0

0
6

:0
0

0
8

:0
0

1
0

:0
0

1
2

:0
0

0
2

:0
0

0
4

:0
0

0
6

:0
0

0
8

:0
0

1
0

:0
0

1
2

:0
0

1
4

:0
0

1
6

:0
0

1
8

:0
0

2
0

:0
0

2
2

:0
0

M
ar

0
2

Time

25

20

15

5

10

0

−5

−10

−15

−20

−25

−30

(a) Extreme test
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(b) 3𝛿 test method
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(c) Dixon’s test method
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(d) Grubbs’ test method

Figure 8: (a), (b), (c), and (d) compare a dataset before and after the outliers quality control with the methods extreme, 3𝛿, Dixon’s, and
Grubbs’ tests, respectively.

data integration, time as an unlimited dimensional variable
parameter, and the coordinate system as themetadata accord-
ing to the CF. The components can also add variables to the
NetCDF via aggregation. Figure 10 shows a visualizationmap
of one-month data from the NetCDF datasets of the Heihe
river upstream temperature data in November, 2005.

4.3. The Integration of Wireless Sensor Network Station Data.
Station point data from a wireless sensor transmission site
in the Heihe River Basin was used as a case study for
integrating point data. The data were transmitted every 15
minutes and examined via the quality control components
mentioned in Section 4.4 before conversion to NetCDF. The
soil humidity data of the observation data were defined in
NetCDF. The integration of NetCDF is divided into two
parts: the first describes the information of station number,
latitude, longitude, and altitude, and the other describes
the measurements such as meteorological and hydrological
elements. The visualization map of the NetCDF dataset for
soil humidity of the Mafengou subbasin wireless sensor
station in October is shown in Figure 11.The lines named soil
humidity1 and soil humidity2 were the data of NetCDF from
different time, and the soil humidity10 lineswere aggregations

of two NetCDF datasets with one of soil humidity1 NetCDF
and soil humidity2 NetCDF.

For the time series data of the observation station, vari-
ables aggregated can integrate different time series NetCDF
data into oneNetCDF database via NcML files in order to add
time series data. The following codes are a program example
aggregating different time series soil humidity data, shown in
Figure 8.

<NetCDF xmlns="http://www.unidata.ucar.edu/
namespaces/NetCDF/ncml-2.2">

<aggregation dimName="time" type=
"joinExisting">
<NetCDF location="humidity1.nc"/>
<NetCDF location="humidity2.nc"/>

</aggregation>

</NetCDF>

4.4. The Integration Examples of Image and Radial Data.
In integrating the array structure of image data into the
NetCDF data model, we consider the following variables: line
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Figure 9: Example using freely available software (NetCDF (4.2)
Tools) from the online library, which can process and visualize
NetCDF and NcML files and remotely access NetCDF, GRIB, and
HDF files via TSD.

(the number of satellites scan lines), elem (the element point
per scan line number), and the band (the band number
of observations). The geographical location is described by
latitude and longitude, and the observation values of each
band are defined as the main data variable of NetCDF.

In integrating the radial data (e.g., radar data), we mainly
consider the radial data to be located by azimuth, elevation,
angle, and orientation. A scan record is made up of a number
of adjacent radial data records. The main variables of the
NetCDF datamodel in the program include gate (the number
of the pulse of a radial data record), radial (the number of
radial data of recording a scan), scan (scan number), distance
(the distance of pulse), time (the time of the data record),
eleva (elevation angular), and azim (azimuth). In this paper,
NetCDF is used as a case study of technology to implement
the framework.

5. Conclusion

The eScience platform provides effective interfacing and
interacting strategies for data processing, sharing scientific
research and decision support with the general public. It is
an important method to solve the common problem of infor-
mation islands by offering public Web data access. Online
integration of heterogeneous data sources provided a uniform
interface for users to access, analyse, and seamlessly manage
the data and give a standard format for data processing
programs. The problem of messy data formats was resolved
by the eScience platform. It improved the ability of the users
to investigate complex phenomena such as climate change,
hydrological change, and soil dynamics. Finally, the eScience
environment will be gradually used to support decision-
making in the Heihe River Basin.

Figure 10: The raster data were integrated to NetCDF through the
components library based on Web service.

In further research, we will examine HDF and GRIB
data processing methods and gradually establish a single
online spatial data process in the eScience context for the
Heihe River Basin, developing a suite of efficient parallel
algorithms and constructing a geoscience data-supporting
library suitable for high performance parallel computation.

This study constructed the Heihe River Basin data inte-
gration and interoperability eScience context, which inte-
grated the spatial-temporal data and different formats into
NetCDF data models. The framework was constructed based
on HDF, NetCDF, and GRIB for uniform management of
the spatial-temporal data and metadata, which were long-
term, massive, and multidimensional. In addition, we can
access and analyse these data formats (e.g., HDF, NetCDF,
and GRIB) through the CDM interface, which provided a
convenient method for data mining, integration, and the
analysis of spatial-temporal data. The framework can estab-
lish the eScience cooperative work environment and support
the efficient application of the data viaWeb services. It is espe-
cially beneficial to the GIS and the earth science communities
for cooperative communication via eScience platform.

The data integration and interoperability eScience plat-
form of the combination of technological solutions can
achieve the following goals: (i) the integration of real-
time and historical data; (ii) solving the data application
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Figure 11: Aggregated different time series soil humidity data with one NetCDF.

problems cross fields, areas, and disciplines; (iii) conveniently
accessing and analysing the data resources from different
institutions; and (iv) addressing issues about heterogeneous
existing standards and existing protocols of Web data access.
The combination of solutions chosen could be interesting
for achieving the goals, but one kind of technology cannot
achieve them.

Through the platform, to generate the NetCDF format
from heterogeneous multisource data (e.g., geoTiff, ASCII,

free-text, shapefile, and grid), it is different from other data
share platforms and it is important to manage and share
scientific data. And Heihe River Basin eScience platform is
superior to other data share platforms in sophisticated anal-
ysis algorithm workflows, access to powerful computational
resources, analysis, and interactive visualization interface.
Our continuing work will provide scientists access to a
wide range of datasets, algorithm applications, access to
computational resources, services, and support.
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Appendix

The NcML of the data is as follows:

<?Xml version="1.0" encoding="UTF-8"?>

<NetCDFxmlns=http://www.unidata.ucar.edu/
namespaces/NetCDF/ncml-2.2
location="E:/200511.nc">
<dimension name="y" length="1041"/>
<dimension name="x" length="899"/>
<attribute name="Conventions" value="CF-
1.0"/>
<attribute name="Source_Software" value=
"ESRI ArcGIS"/>
<attribute name="History" value=
"Translated to CF-1.0 Conventions by
NetCDF-JavaCDM(NetCDFCFWriter)"/>

<variable name="r200511" shape="y x" type=
"float">
<attribute name="long_name" value=
"r200511"/>
<attribute name="esri_pe_string" value=
"PROJCS"/>
<attribute name="coordinates" value=
"y x"/>
<attribute name="grid_mapping" value=
"albers_conical_equal_area"/>
<attribute name="units" value="K"/>
<attribute name="missing_value" type=
"float" value="-3.4028235E38"/>

</variable>
<variable name="y" shape="y" type="double">
<attribute name="units" value="km"/>
<attribute name="long_name" value="y
coordinate of projection"/>
<attribute name="standard_name" value=
"projection_y_coordinate"/>

</variable>
<variable name="x" shape="x" type="double">
<attribute name="units" value="km"/>
<attribute name="long_name" value="x
coordinate of projection"/>
<attribute name="standard_name" value=
"projection_x_coordinate"/>

</variable>
<variable name="albers_conical_equal_area"
shape=""type="int">
<attribute name="grid_mapping_name"
value="albers_conical_equal_area"/>
<attribute name="longitude_of_central_
meridian" type="double" value="105.0"/>
<attribute
name="latitude_of_projection_origin"
type="double" value="0.0"/>

<attribute name="false_easting" type=
"double" value="0.0"/>
<attribute name="false_northing" type=
"double" value="0.0"/>
<attribute name="standard_parallel" type=
"double" value="25.0 47.0"/>
<attribute
name="_CoordinateTransformType"
value="Projection"/>
<attribute name="_CoordinateAxisTypes"
value="GeoX GeoY"/>

</variable>

</NetCDF>
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Excessive socioeconomic activities in theWeiheRiver region have caused severe ecosystemdegradation, and the call for the recovery
andmaintenance of the river health has drawn great attention. Based on the connotation of river health, previous research findings,
and status quo of the Weihe River ecosystem, in this study, we developed a novel health evaluation index system to quantitatively
determine the health of the Weihe River in Shaanxi Province. The river in the study area was divided into five reaches based on the
five hydrological gauging stations, and appropriate evaluation indices for each river sectionwere selected according to the ecological
environmental functions of that section. A hybrid approach integrating analytic hierarchy process (AHP) and a fuzzy synthetic
evaluation method was applied to measure the river health. The results show that Linjiancun-Weijiabao reach and Weijiabao-
Xianyang reach are in the “moderate” level of health and Lintong-Huaxian reach and downstream of Huaxian reach are in the
“poor” health rating, whereas Xianyang-Lintong reach is in the “sick” rating. Moreover, the most sensitive factors were determined,
respectively, for each reach from upper stream to lower stream in the study area.

1. Introduction

From an economic point of view, water resources are com-
posite assets that provide a variety of goods and services
for consumptive and productive activities of human being
[1, 2]. Water is an essential resource for the existence of both
human and other species on the earth [3]. In recent years,
the concept of environmental flow (E-flow) has received
increasing awareness; common understanding has come to
recognize the importance of preserving some amount of
water in a river to maintain the health of a river ecosystem
[4–7].

However, the problems ofwater scarcity and deteriorating
water quality, due to rapid socioeconomic development [1, 8]
and climate change [9], have becomemore serious around the
world, resulting in an increase in water demand for socioeco-
nomic sectors and reduction in E-flow [7].The survey results
of the United Nations Environment Programme (UNEP) on

25 rivers reveal that water quality of the major rivers in the
world is poor and deteriorated, and water quantity in the
rivers is decreasing [10]. It is estimated that, in 2025, 5 billion
out of the world’s 7.9 billion people will be living in areas
where it will be difficult or even impossible to meet basic
water demand for drinking, cooking, and sanitation [3, 11].

Catchment and riparian degradation has caused declin-
ing ecosystem health of streamsworldwide [12].Many studies
on river health evaluation have been conducted in order
to prevent river ecosystem from further deterioration [13–
18]. For example, the declines and improvements in river
health related to land use have been studied by using
macroinvertebrates sampled from sites along a dry-land river
in northwestern Zimbabwe to assess biotic responses to land
use changes along the course of the river [19]. Water quality
index, biotic index, and physical habitat quality index have
been used to assess river health conditions using 25 sampling
sites in the Liao River in China [20]. Biological monitoring,
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using coliform bacteria and macroinvertebrate populations
and diversity, was carried out monthly to determine the eco-
logical health of the Usuthu and Mbuluzi rivers in Swaziland
[21]. Sheldon et al. [12] identified the spatial scale of land
use that most strongly influenced overall river ecosystem
health score in Southeast Queensland, Australia, in which the
five component indicators (fish, macroinvertebrates, water
quality, nutrients, and ecosystem processes) make up the
score. Pinto et al. [22] used six water quality parameters,
namely, temperature, chlorophyll-a, dissolved oxygen, oxides
of nitrogen, suspended solids, and reactive silicates at weekly
intervals along theHawkesbury-Nepean River (HNR) system
in South-EasternAustralia to evaluate the human and natural
influences on the river system health in a periurban land-
scape.

China possesses total water resources of 2812.4 billionm3
ranking the 6th in the world, while its per capita water
resource only accounts for a quarter of world average in terms
of per capita water resources [1, 3]. The rapid development
results in increasing water requirements and overwhelming
amounts ofwaste discharge, which degrades thewater ecosys-
tem. The Weihe River in China is the largest tributary of
the Yellow River and plays an important role in developing
West China and the maintenance of ecosystem health of the
Yellow River [23]. Since the late 1990s, many parts of the
river have lost ecosystem functionality and such problems
have disturbed the sustainable development of the region
[23], which has become a widespread concern in China
[24]. Many researchers have conducted studies on ecological
environment of the river with significant results [25–27].
For the Weihe River, Shi [28] established healthy controlling
indicator system of the Weihe River based on the riverbed,
aquatic environment, and socioeconomic functions of the
river, while this system lacks specific evaluation and analysis
of the results. Feng [29] established the evaluation index
system applied to assess the Weihe River health based on
the status of environmental issues of the river. However,
this evaluation only focuses on flood control and river
sediment transport capacity. More recently, Wei et al. [7]
developed a complex system dynamics model (SD) to assess
socioeconomic impacts of different levels of E-flow allocation
in the Weihe River Basin of China, which aims to find
an optimal growth pattern considering both socioeconomic
growth and E-flow requirements. Li et al. [24] determined
the changes in major factors of stream flow, water quality,
channel morphology, and riparian vegetation affecting its
ecosystem health of the Weihe River. Wu et al. [30] assessed
the ecological health of the Weihe River using an index of
water and habitat quality (IWHQ) based on environmental
variables and habitat quality (QHEI). The study proposed a
strategy for sustainable development at a river basin scale, in
which water resources should be allocated efficiently, equally,
and fairly for socioeconomic development and a healthy river
system.However, this study does not analyze and evaluate the
current ecosystem health situations of the Weihe River.

This study developed an evaluation index system for the
health of the Weihe River in Shaanxi Province, where the
Weihe River (Shaanxi section) was divided into five sections
based on water function zoning method and then the river

health was evaluated section by section. This study improves
the indicator evaluation system for river health; the methods
and results concerned will provide theoretic and practical
support for river health assessment, river development, uti-
lization, and management, and river ecological restoration of
the Weihe River.

2. Study Area Description

The Weihe River, originating from north of Niaoshu Moun-
tain with an altitude of 3485m above sea level, is the largest
tributary of the Yellow River. It runs across 818 km through
the provinces of Gansu and Shaanxi and joins the Yellow
River from the right bank in the city of Tongguan, fromwhere
the Yellow River turns to the east (Figure 1). The drainage
area, annual flow flux, and annual sediment discharge of the
Weihe River account for 17.9%, 16.5%, and 2.5% of the total
amount of the Yellow River Basin, respectively. The channel
length in the confluence area is about 13.1 km [31].

The Weihe River flows across about 502.4 km with a
drainage area of 67,100 km2 in Shaanxi Province where the
well-known Guanzhong Plain in Northwest China is located.
The river basin plays a great role in social, ecological, and
economical development of Shaanxi Province (Figure 1).
About 64% of the population, 56% of the farmland, 72% of
the irrigation area, and 82% of gross industrial output value
of Shaanxi Province are distributed in this area. And about
81%of gross domestic product (GDP) of the Shaanxi Province
derived from the Weihe River Basin [32]. Xi’an, the capital
of Shaanxi Province, is one of the birthplaces of the ancient
Chinese civilization in the YellowRiver Basin and the starting
point of Silk Road. The total population of the municipality
is up to 8.5 million. Known as the leading city of China’s
Western Development Drive Program since 1990s, Xi’an is
an important economic, cultural, industrial, and educational
center in central-northwest region [33].

The most important topographic feature of the Weihe
River Basin is the Loess Plateau in the north, which is the
main source of sediments in the river [34, 35]. The Jinghe
River, the Beiluo River, and the Shichuan River flow into the
Weihe River from the Loess Plateau with hyperconcentrated
sediments. The topographic feature for the southern part
of the Weihe River Basin is the Qinling Mountains, and
the precipitation there is the main water supply resource
for the river flow. Tributaries of the river from the Qinling
Mountains are with less sediment [36].

The climate of theWeihe River Basin in Shaanxi Province
is continental, warm, and semihumid controlled by the East
Asianmonsoon climate [33].The annual average temperature
is about 13.3∘C and the annual rainfall is in the range of
558–750mm with a general increasing trend from north to
south.Themean annual precipitation of this basin area is 31.16
billionm3, accounting for 22.4% of the total precipitation of
Shaanxi Province [24]. About 78% of the rainfall concentrates
during May to October, among which the rainfall from July
to September accounts for 47% of the annual total. The
mean annual runoff of the basin area is 10.37 billionm3, and
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Figure 1: Study area showing hydrological gauging stations.

the mean annual variation coefficient of runoff is about 0.30–
0.35. The runoff discharge patterns are dominated by runoff
from July to September, which accounts for about 60–70% of
annual discharge [6].

A large number of groundwater pumping wells were
constructed near the river, which potentially reduces the infil-
tration of river water into the adjacent aquifers of the Weihe
River. Agricultural irrigation is the largest water consumer,
representing 60% of the total amount of water consumption,
which is withdrawn from the river and aquifers. Even in the
low flow period, 80% of water in the stream is impounded
by dams for agriculture irrigation in the Baoji district [24].
The ratio of water utilization volume for domestic, industry,
and agriculture makes up 47.9% to the total volume of water
resources in the Weihe River Basin. Meanwhile, the Weihe
River Basin has been one of the most serious soil loss areas
in the Yellow River Basin. The area suffering from serious
soil loss has reached 360,000 km2, taking up 65% of total
land area in the Weihe River Basin, which has not only
aggravated the deterioration of ecosystem but also resulted in
serious sediment deposition in the lower reach of the Weihe
River [31, 37]. The cumulative yield of sediment deposition
was 1.30 billionm3 in 2001, while the maximum amount
was 1.32 billionm3 in 1997 (Figure 2). The capacity of the
levees to prevent flood in the lower Weihe River decreased
from 50-year to 20-year frequency of flooding and further
to 10-year flood frequency [31]. The Weihe River streambed
was, however, elevated downstream near Tongguan due to
accumulation of silt and clay, leading to water logging and
increased risk of flooding in this region [38].

In addition, the Weihe River is the major sewage dis-
charge channel in the Guanzhong Region. Large amount
of untreated industrial wastewater and domestic sewage is
directly discharged into the Weihe River. Also, the nonpoint
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Figure 2: Cumulative volume of deposited sediment in the channel
of the lower Weihe River.

source of contaminated stormwater washing off parking lots,
roads and highways, and lawns (containing fertilizers and
pesticides) is drained into the river. According to the sur-
vey data from Shaanxi Provincial Environmental Protection
Bureau, a total number of 245 sewage discharge ports are
distributed on both sides of the Weihe River, and more
than 700 million tons of sewage is discharged into the river
annually, which has resulted in serious water pollution [24].

There are five hydrological gauging stations (Linjia-
cun, Weijiabao, Xianyang, Lintong, and Huaxian) along the
Weihe River in Shaanxi Province (Figure 1). Stream gradient
becomes gentle from Linjiacun to the mouth of the lower
reaches of the Weihe River. The average stream gradients
for the reaches of Linjiacun-Xianyang and downstream from
Xianyang are 1.24m/km and 0.28m/km, respectively [39].
On the basis of data related to ecology, society, economy,
hydraulics, and hydrology measured in 2007, a typical hydro-
logical year, the river health for five reaches is estimated,
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including Linjiacun-Weijiabao (LW), Weijiabao-Xianyang
(WX), Xianyang-Lintong (XL), Lintong-Huaxian (LH), and
the downstream of Huaxian (DH).

3. Methods

3.1. Fuzzy Synthetic EvaluationMethod. Fuzzy synthetic eval-
uation method applies fuzzy mathematical principles to
evaluate things and phenomenon affected by variety of factors
[40, 41]. Fuzzy-based techniques are helpful in addressing
deficiencies inherent in binary logic and propagating uncer-
tainties through models. Contrary to binary logic, fuzzy-
based techniques provide an intensity of exceeding regulated
thresholds with the help of memberships to various health
levels [42]. The fuzzy synthetic evaluation method regards
evaluation objectives as a fuzzy set (named the factor set 𝑈)
composed of variety of factorswith different assessment levels
selected. Another fuzzy set named the evaluation set 𝑉 is
employed to calculate the membership degree of each indi-
vidual factor in the evaluation set to establish a fuzzy matrix.
The quantitative evaluation value of each factor is finally
determined by calculating the weight distribution of each
factor in evaluation goal. It applies the fuzzy transformation
theory and maximum membership degree law and makes a
comprehensive evaluation on various factors [43, 44]. Specific
steps are as follows.

Firstly, evaluation factors are defined. In order to obtain
accurate assessment results for river health conservation and
protection, the factors reflecting the river health are deter-
mined based on the following rules. (1)Naturality:The factors
reflect the essential attribute of the ecosystem functions of
each section for the river [45]. (2) Representativeness: The
most significant factor is identified to represent the same cate-
gorical ones. (3) Stability and variability: The domain factors
can be determined within a certain time even though they
change for a larger temporal scale [46]. (4) Quantification:
The factors can be valued by the measured data and used to
calculate the evaluation of river health. (5) Operability: The
quality or function of these factors can be improved through
treatment measures by related government agency.

Based on these rules, the main ecosystem function of the
Weihe River and the water environmental function zoning
of Shaanxi Province was enacted by provincial government
in 2004. Factor set of evaluation object is determined,
which is expressed by 𝑈 = {𝑢

1
, 𝑢
2
, . . . , 𝑢

𝑚
}. It is a set

composed of 𝑚 evaluation indictors, which are defined
as follows. (1) Water quality: the major pollutant in the
Weihe River is organic pollution including chemical oxygen
demand (COD) and ammonia-nitrogen (NH

3
-N), which are

the national pollution indicators classified by environmental
quality standards for surface water (GB 3838-2002) defined
by the environment protection law of the People’s Republic of
China. (2) Guaranteed rate of discharge in dry flow season: it
is the ratio of average flow volume in the dry flow season to
the annual mean flow volume. (3) The ratio of wetland area:
it is the percentage of the wetland area to the whole basin
area. (4) Recreational value index: it is the ratio of measured
in-stream flow to desired flow for supplying recreational

activities, such as landscape appreciation, riverine travel. (5)
Riparian vegetation coverage ratio: it is the ratio of riparian
vegetation (grass, forestland, orchard, shrub, and riparian
zone) area to the total riparian land area. (6) Capacity of flood
discharge: it is the ratio of actual flood drainage flow to the
desired flood drainage flow. (7) Requirement rate of bankfull
discharge: it is the ratio of bankfull discharge to critical
flow under the conditions without erosion or deposition. (8)
Variation rate of streambed gradient: it is the ratio of stream
gradient during measured period to the previous gradient
before Sanmenxia Reservoir operation. (9) Proportion of fish
species: it is the ratio of current fish species amount to amount
in the 1980s.

Secondly, remarkable grades of evaluation factors are
determined: the rationality of the evaluation criteria directly
affects the accuracy of evaluation results. Considering
field investigation, expert advice, and literature review, the
five remarkable grades including excellent, good, mod-
erate, poor, and sick for the significance of the evalua-
tion factors are defined, which is expressed by set, 𝑉 =

{V
1
, V
2
, V
3
, V
4
, V
5
}.

Thirdly, the factor weights are determined. The accuracy
determination of the factor weight is of great importance
to the evaluation of estimation results. Many methods have
been developed to calculate factor weight, which can be
roughly divided into subjectivemethod and objectivemethod
according to the different sources of the original data.
Subjective method, such as Delphi method and analytic
hierarchy process (AHP), depends on the expert’s experience
and judgment, and so on. In contrast, objective method, such
as principal component analysis method, standard variance
method, and maximizing deviation method, is based on
measured data and thus has less subjective errors caused
by human judgment. Objective ways cannot reflect the sub-
jective requirements of decision-makers though they avoid
human interference. This study used AHP, one commonly
used method, to evaluate the health of the Weihe River
in Shaanxi Province. A formal questionnaire for evaluation
factor weights is proposed, the values of which are sug-
gested by researches and governors. Then, the weight for
each evaluation factor is determined, which is expressed by
𝑊 = {𝑤

1
, 𝑤
2
, 𝑤
3
, . . . , 𝑤

𝑚
}, a set composed of 𝑚 weight

values.
Fourthly, the fuzzy membership function is estimated.

There are some commonly used forms of functions to
calculate membership degree, such as normal type, partial
large-scale, partial small, triangular fuzzy numbers, lower
semitrapezoidal, trapezoidal, and ridge [47]. The conclu-
sions for the final analyses are consistent though the forms
of these membership functions vary; which membership
to select does not affect the study results [48]. In this
paper, the triangular fuzzy number membership function
was selected to determine the membership degree value
of the evaluation factors. Different evaluation degree 𝑈

𝑖𝑗

is measured by the standard value 𝑉
𝑖𝑗𝑘

of each evaluation
factor. The membership functions are defined as follows [47,
49].
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For the first grade (𝐾 = 1)

𝑔 (𝑥) =

{{{{

{{{{

{

1, 𝑥 ≤ V
𝑘
,

cos2 [(
𝑥 − V
𝑘

V
𝑘+1

− V
𝑘

) ×
𝜋

2
] , V

𝑘
≤ 𝑥 ≤ V

𝑘+1
,

0, 𝑥 ≥ V
𝑘+1

.

(1)

For the second, third, and fourth grade (𝐾 = 2, 3, 4)

𝑔 (𝑥) =

{{{{{{{{{{

{{{{{{{{{{

{

0, 𝑥 ≤ V
𝑘−1

,

sin2 [(
𝑥 − V
𝑘−1

V
𝑘
− V
𝑘−1

) ×
𝜋

2
] , V

𝑘−1
≤ 𝑥 ≤ V

𝑘
,

cos2 [(
𝑥 − V
𝑘

V
𝑘+1

− V
𝑘

) ×
𝜋

2
] , V

𝑘
≤ 𝑥 ≤ V

𝑘+1
,

0, 𝑥 ≥ V
𝑘+1

.

(2)

For the fifth grade (𝐾 = 5)

𝑔 (𝑥) =

{{{{

{{{{

{

0, 𝑥 ≤ V
𝑘−1

,

sin2 [(
𝑥 − 𝑠
𝑘−1

V
𝑘
− V
𝑘−1

)] , V
𝑘−1

≤ 𝑥 ≤ V
𝑘
,

1, 𝑥 ≥ V
𝑘
.

(3)

Formulas (1)–(3) are suitable for a factor with less value
indicating better quality. But for a factor with greater value
indicating better quality, the symbol “<” should be changed
to “>” and “>” to “<”.

Finally, the hierarchical fuzzy evaluation is calculated.
The fuzzy relation matrix 𝑅

𝑖
of each evaluation factor 𝑢

𝑖
for

remarkable grade V
𝑗
can be expressed as follows:

𝑅
𝑖
=

[
[
[
[
[
[
[
[
[
[

[

𝑟
𝑖11

𝑟
𝑖12

𝑟
𝑖13

𝑟
𝑖14

𝑟
𝑖15

𝑟
𝑖21

𝑟
𝑖22

𝑟
𝑖23

𝑟
𝑖24

𝑟
𝑖25

.

.

.
.
.
.

.

.

.
.
.
.

.

.

.

𝑟
𝑖𝑗1

𝑟
𝑖𝑗2

𝑟
𝑖𝑗3

𝑟
𝑖𝑗4

𝑟
𝑖𝑗5

.

.

.
.
.
.

.

.

.
.
.
.

.

.

.

]
]
]
]
]
]
]
]
]
]

]

, (4)

where 𝑟
𝑖𝑗𝑘

is the judge result of evaluation factor 𝑢
𝑖
to

remarkable grade V
𝑗
.

The first-grade fuzzy comprehensive evaluation set 𝐵
𝑖
for

the evaluation factor 𝑢
𝑖
to remark 𝑗 is calculated as follows:

𝐵
𝑖
= 𝑊
𝑖
∘ 𝑅
𝑖

= (𝑊
𝑖1
,𝑊
𝑖2
, . . . ,𝑊

𝑖𝑗
, . . .)
∘

[
[
[
[
[
[
[
[
[
[
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𝑟
𝑖11
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𝑖12
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𝑖13

𝑟
𝑖14

𝑟
𝑖15

𝑟
𝑖21
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𝑖22
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𝑟
𝑖𝑗1

𝑟
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𝑟
𝑖𝑗5

.
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.
.
.
.
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.
.
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]
]
]
]
]
]
]
]
]
]

]

= (𝐵
𝑖1,
𝐵
𝑖2
, 𝐵
𝑖3
, 𝐵
𝑖4
, 𝐵
𝑖5
) ,

(5)

where 𝑊
𝑖𝑗
stands for weights of the evaluation factor 𝑢

𝑖

to remark 𝑗 and “∘” is the matrix composite operator.
In this paper, considering the effect of input single data
on the evaluation results, one of general matrix algorithm
performed as 𝑀 (⋅, +) operator is used. This can clearly
reflect the differences in the membership functions of each
evaluation factor for each remarkable grade.

Based on formula (4), the judge decision-making matrix
of𝑚 evaluation factors is provided as follows:

𝑅 =

[
[
[
[
[
[

[

𝐵
1

𝐵
2

.

.

.

𝐵
𝑚

]
]
]
]
]
]

]

=

[
[
[
[
[
[

[

𝑊
1

∘ 𝑅
1

𝑊
2

∘ 𝑅
2

.

.

.
.
.
.

𝑊
𝑚

∘ 𝑅
𝑚

]
]
]
]
]
]

]

, (6)

where 𝑅 is the fuzzy connection of 𝑈 to 𝑉.
Then, the second-grade fuzzy synthetic evaluation set 𝐵

is determined as

𝐵 = 𝑊 ∘ 𝑅 = (𝑏
1
, 𝑏
2
, 𝑏
3
, 𝑏
4
, 𝑏
5
) . (7)

According to the principle of maximum membership
degree, the greatest value in the set 𝐵 indicates river health
conditions of the study area.

3.2. Sensitivity Analysis. Sensitivity analysis is a useful
method to determine which factors are the key drivers to
river health [50]. In general, the methods based on math-
ematical programming are complex and opaque, which has
the disadvantage of providing reference for identification of
factor’s sensibility. The simplest and most common approach
is one-factor-at-a-time (OFAT or OAT), where. To see which
parameters are the most sensitive factors to affect this
produces on the output [51]. OAT is a measurement process
to take out one parameter at a time while keeping the other
parameters constant. In comparison with the deviations for
the value from thewhole parameter, themost sensitive factors
are determined [52].

4. Results and Analysis

4.1. Definition of River Health Indicators. The reasonability of
determining the evaluation indicator will directly affect the
evaluation results of river health. Up to now, there has been
no cohesive standard to assess the river health in China [20].
Generally speaking, an improper evaluationmethodwill lead
to unfair consequences, and the main cause of which is that
every district, basin, or river has its distinctive characteristics
and uniqueness. Thus, there is no mandatory and probable
method to unify the evaluation standard to determine river
health [53].Themain objectives of river health evaluation are
to explore the main problems of the river health by assessing
the current situation of the river and hence to investigate
measures for amendment. To achieve these objectives, the
evaluation indicators with weight for river health evaluation
are determined by hierarchical structure including target
layer, criterion layer, and index layer (Table 1).
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Table 2: The evaluation results for the criterion layer of Weihe River in Shaanxi Province.

Section Criterion layer Excellent Good Moderate Poor Sick

LW
Water quality 0.04 0.81 0.16 0.00 0.00

Ecological function 0.00 0.20 0.47 0.05 0.28
Recreation function 0.00 0.00 0.50 0.50 0.00

WX
Water quality 0.00 0.00 0.00 0.00 1.00

Ecological function 0.00 0.19 0.76 0.05 0.00
Recreation function 0.00 0.00 0.21 0.79 0.00

XL
Water quality 0.00 0.00 0.00 0.00 1.00

Ecological function 0.33 0.18 0.49 0.00 0.00
Flood control 0.00 0.40 0.11 0.42 0.09

LH
Water quality 0.00 0.00 0.00 0.48 0.53

Ecological function 0.00 0.72 0.28 0.00 0.00
Flood control 0.00 0.00 0.00 0.55 0.46

DH
Water quality 0.00 0.00 0.09 0.42 0.50

Ecological function 0.00 0.00 0.48 0.38 0.15
Flood control 0.00 0.02 0.49 0.49 0.00

4.2. EvaluationResults fromCriterion Layer. According to the
principle of maximummembership degree and the estimated
value from the criterion layer (Table 2), result revealed that
that water quality was good in the upstream reach of LW.
However, water pollution became very serious in the reaches
of WX and XL but got better in the reach below the Lintong
gauging station. For the ecological function of the river, the
reach of LH maintained good state while the other four
reaches were in a moderate grade. The recreation function
for the reaches of LW and WX was poor and the flood
controlling capacity for the lower reaches was also in a poor
condition. The status of river health for segmented reaches is
demonstrated as follows.

(1) Reach of LW. In general, water quality is good (Table 3),
which indicates that the executive measures implemented to
control pollutants discharged from industrial and domestic
wastewater in recent years were significantly effective. How-
ever, the results show that water ecological and recreation
functions in the reach were not good. In particular, the
ecological function has sick grade, and this mainly resulted
from the larger shortage of environmental flow. Due to
reduction of precipitation and increase of water use for agri-
culture irrigation, industry production, and domestic life, the
water flow reserved in the stream for maintaining ecological
functions has been decreased. Agricultural irrigation is the
largest water consumer, accounting for 60% of the total
amount of water consumption.The ratio of water use volume
for domestic, industry, and agriculture to the total volume of
water resources in the Weihe River Basin runs up to 47.9%.
Even in the low flow period, about 80% of the river flow
is impounded by dams for agriculture irrigation in Baoji
district (Table 4). Therefore, the guaranteed rate of discharge
in dry flow season is very low. Meanwhile, the shortage of
incoming water induces a larger area of exposed sediments
in river channel, which has been cultivated as farmlands
by farmers. The aesthetic value and ecological functions of

stream landscape have been deteriorated due to destruction
of the connectivity between river and wetland.

(2) Reach of WX. Water pollution is very serious in this river
section (Table 3). The concentrations of typical pollutants
like chemical oxygen demand (COD) and ammonia-nitrogen
(NH
3
-N) are greater than the upper threshold values in

the environmental quality standard based on the surface
water function zoning of Shaanxi Province in 2004. A large
numbers of lands in Baoji area are cultivated with crops
and irrigated by dam water. Water pollutants from nonpoint
source of agriculture are the main factors causing serious
pollution of the river [24]. This reach is in the moderate
level and poor level, respectively, in terms of ecological
function and recreation function (Table 3). The coverage
ratio of riparian vegetation is high. However, fish species
has significantly decreased compared with that of 1980s,
which is caused by heavy pollution and great shortage of
environmental flow [24]. Moreover, the recreational value
has decreased due to loss of aquatic biological diversity and
damage of river landscape.

(3) Reach of XL. The pollution of water is also very serious
in this reach (Table 3). Most reach pollutants are discharged
from industrial wastewater and domestic sewage, especially
in Xi’an. The concentration of water pollution is greater
than that of aquatic environmental capacity. The ecological
functions are in good condition, which are mainly attributed
to the large areas of wetland. Meanwhile, the satisfaction
degree of water flow for ecological function requirements
is high. However, the capacity of flood discharge is low.
From the Xianyang hydrological gauging station, channel
sedimentation becomes a serious problem, which decreases
sediment transport capacity and increases the risks of flood.

(4) Reach of LH. Water quality is poor in this reach (Table 3),
especially the most serious pollution of the ammonia-
nitrogen (NH

3
-N) whose concentration is greater than the
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Table 4: Comparison of impounding water by dams and the runoff in Baoji area [23].

Month Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec.
Impounding water (106 m3) 38.0 34.5 38.8 34.0 31.0 46.2 55.3 81.6 65.9 71.0 47.2 40.1
Runoff (106 m3) 44.7 40.7 60.6 63.6 88.2 99.3 166.8 181.5 165.2 184.3 76.7 48.5
Ratio of impounding water to runoff 0.85 0.85 0.64 0.53 0.35 0.47 0.33 0.45 0.40 0.39 0.62 0.83

Table 5: Health evaluation results of the Weihe River in Shaanxi Province.

Reaches Excellent Good Moderate Poor Sick

River health index (RHI)

LW 0.01 0.32 0.40 0.11 0.17
WX 0.00 0.06 0.33 0.29 0.32
XL 0.05 0.23 0.13 0.22 0.39
LH 0.00 0.27 0.10 0.33 0.30
DH 0.00 0.01 0.42 0.45 0.13

upper threshold value of heavy pollution grade𝑉 in Environ-
mental Quality Standards for Surface Water (GB 3838-2002)
defined by the Environment Protection Law of the People’s
Republic of China. Industrial wastewater and agricultural
nonpoint source pollutants are the main sources inducing
such heavy water pollution [24]. Both the guaranteed rate of
discharge in dry flow season and riparian vegetation coverage
ratio are good (Table 3), whichmaintain well ecological func-
tion. However, due to the operation of Sanmenxia Reservoir,
the gradual channel sedimentation has resulted in a decrease
of stream gradient as well as capacity of bankfull discharge
(Table 3).

(5) Reach of DH. Water quality is still bad in this river section
though progresses on the treatment of some pollutants have
been made. Water quality in terms of chemical oxygen
demand (COD) is better in this reach than the above three
reaches (Table 3), while concentration of ammonia-nitrogen
(NH
3
-N) is still inferior to the water quality of grade 𝑉 in

environmental quality standards for surface water (GB 3838-
2002). Due to increase of construction and agricultural lands,
and shrinking of wetland caused by the decease of river
runoff, ecological function has degraded to the moderate
grade (Table 3). The habitat of aquatic organisms has dete-
riorated and is in danger of becoming extinct, and wetland
ecosystems have been severely damaged. Improper operation
of the Sanmenxia Reservoir has reduced the stream gradient
of the upper river, which is the direct reason resulting in river
channel deposition. Thus reducing elevation and enhancing
flood control capacity are the difficulty but also the focus for
management and governance of this reach.

4.3. Evaluation Results from Fuzzy RelationMatrix. Member-
ship matrix and the corresponding weights in the evaluation
criteria layer of each reach were used to calculate the health
situation of the Weihe River in Shaanxi Province (Table 5).
According to the principle of maximummembership degree,
the maximum level of membership in the healthy level was
taken as the river health status of each reach. The maximum
degree of membership is in morbid level in the XL reach,
indicating that the river health in this reach is in the “sick”

rating. The maximum degree of membership in LH reach
is in the “poor” health rating, which suggests that river
health in this reach is in poor health status level. The health
situation inDH section is in poor level because themaximum
membership degree in this reach is in poor rating. There is
no membership degree locating in excellent and good health
grating, which reveals that water heath in this reach is less
than “moderate” health level. In summary, health status of
the Weihe River downstream demonstrated a deteriorating
trend along its flowing way, although health situation in the
river estuary is improved. In general, the river health of
downstream is in a poor rating, which suggests an urgent
calling for the protection of the health of the Weihe River.

4.4. Sensitive Indictors for the River Health Evaluation. In this
study, the sensitive degree of an indicator to the river health
was determined by comparing the difference ofmeasurement
values between keeping the whole indicators and taking out
of the indicator. Based on the result variation of each indicator
before and after being removed, the influence degree, that
is, sensitivity degree of the indicator to the health evaluation
results of the Weihe River, was determined.

For the reach of LW, the guaranteed rate of discharge in
the dry flow season is themost sensitive factor, and the second
sensitive factor is the ratio of wetland area (Table 6). This
result indicates that the guaranteed rate of discharge in the
dry flow season is themost important factor influencing river
health of this reach. It suggests that insufficient in-stream
flow is the key issue in river health protection in this reach;
meanwhile wetland protection should not be neglected.

For the reach of WX, the riparian vegetation coverage
ratio, the proportion of fish species, and the guaranteed rate
of discharge in the dry flow season had an impact on the
results of the river health evaluation in this river section
(Table 6). The sensitivity analysis results confirm that the
guaranteed rate of discharge in the dry flow season and the
proportion of fish species are two factors which could cause
the largest variations of the comprehensive evaluation results.
However, from the results of a comprehensive evaluation of
river health, it is seen that membership in sick levels caused
by water quality still remained constant. Thus improving
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of water quality will definitely lead to the changes of the
comprehensive evaluation results of the river health. These
analysis results suggest that, in addition to the guaranteed rate
in the dry flow season, the impact of the river water quality
is the most important factor for river health of this reach;
thereby improving water quality is the most important task
for the governance of this river section.

For the reach of XL, the indicators that had greater
impacts on the comprehensive evaluation results included the
riparian vegetation coverage ratio, variation rate of streambed
gradient, and capacity of flood discharge (Table 6). The indi-
cator that will affect the evaluation result to the largest extent
is capacity of flood discharge, and this is mainly because the
Jinhe River with large amounts of sediment transport joins
theWeihe River in the reach and the sediments are settled due
to reduction of flow velocity here. A large quantity of settled
sediments block the channel, which causes flooding, and thus
improving flood control capacity including nonstructural
measures and engineering measures is the focus for the
protection of this reach.

For the reach of LX, pollutant of COD and the require-
ment rate of bankfull discharge are the most influential
factors affecting health evaluation results. In general, the
requirement rate of bankfull discharge was slightly more
sensitive than COD to the river health (Table 6). The reach
is located in the downstream of Xi’an city, the capital of
Shaanxi Province, and its water quality is very poor due
to large amounts of sewage and waste discharged from
Xi’an, and many organic pollutants from soil erosion of
irrigated agriculture on both sides of the Weihe River. Water
pollution control in Xi’an city is the key issue for water quality
improvement in this reach. Reduction of riverbed gradient
has resulted in sedimentation settlement, which is the most
important reason that led to insufficient requirement rate
of bankfull discharge. Another reason for river channel
recession is that low peak flows in recent years have not
effectively scoured the river channel. These analyses suggest
that the river water quality management and river regulation
are the most fundamental concerns for river protection and
exploitation in the reach.

For the reach of DH, each indicator directly impacts the
results of comprehensive health assessment to some extent
(Table 6), which suggests that each of these indicators has a
certain sensitivity degree to the river health evaluation results
in this reach. The sensitive indices in Table 6 display that
COD, the ratio of wetland area, and the variation rate of the
streambed gradient have large impacts on the comprehensive
evaluation results of river health in this reach, among which
the variation rate of the stream gradient has the largest
impacts. The sediment deposition in the lower Weihe River
has been cumulating over 1.3 billionm3 since the Sanmenxia
Reservoir was operated in 1960s [24]. Riverbed sedimenta-
tion, river channel shrink, and raising of Tongguan elevation
every year have gradually reduced the variation rate of the
riverbed gradient from 1/5000 before the construction of the
reservoir to 1/6000. Difficult sediment transport, pollutant
discharge, and exacerbating flood and related wetland loses
are the major problems that this reach is facing, which are

all caused by the reduction of variation rate of the stream
gradient.

5. Conclusions

River health is an indicator of the harmony between human
and water resources; therefore river health assessment is an
important tool for human to develop, utilize, and manage
the river in a sustainable way. This study applied a hybrid
approach combining AHP and fuzzy comprehensive evalua-
tion to calculate the river health of theWeihe River in China.
The results reveal that the reaches of LW and WX were in
the “moderate” level of health, and the reaches of LH and
DH were in the “poor” health rating, whereas the reach of
XL was in the “sick” rating. The key factors which influence
the river health are the guaranteed rate of discharge in the
dry flow season, water quality, capacity of flood discharge,
requirement rate of bankfull discharge, and variation rate of
streambed gradient, respectively, for each reach from upper
stream to lower stream in the study area.

Many factors in the evaluation process affect the results of
river health assessment in varying degrees, such as indicator
chosen, index weight determination, basis of reference, and
evaluation methods. There are various factors affecting river
health, which mainly include natural factors and human
disturbance. Natural factors mainly include precipitation
decrease, significant reduction in vegetation, and severe soil
erosion in the Guanzhong area, which have increased the
pressure on flood control in the downstream. As for human
disturbance, great increasing of water demand due to rapid
development of industry and agriculture and population
growth in recent years has greatly aggravated the situation of
insufficient river baseflow and even caused river blanking in
parts of reaches, which has reduced stream’s self-purification
capacity and exacerbated water pollution. In general, river
health ismore intensely affected by human activities, and thus
more attention should be paid in aspects of planning water
use, water saving, water protection, and promoting harmony
between human and water.

The health of the Weihe River is closely related to the
benefits of local people in the river basin, and thus the aspects
of a healthy river that supplies their basic living needs should
be fully investigated and incorporated in the evaluation
system. Their concepts and choice of a healthy river are
affected by the socioeconomic development situation and
their education and awareness. The expectation of river
health from local people according to their living needs and
so on requires more comprehensive social and economic
studies; therefore, it is not included in this study.
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GraçA, “Functional indicators of stream health: a river-basin
approach,”Freshwater Biology, vol. 55, no. 5, pp. 1050–1065, 2010.

[46] J. X. Song and H. E. Li, Ecological and Environmental Water
Requirements for the Wei River, China Water Conservancy and
Electronic Power, Beijing, China, 2004 (Chinese).

[47] X. H. Xue and X. G. Yang, “Seismic liquefaction potential
assessed by fuzzy comprehensive evaluation method,” Natural
Hazards, vol. 71, no. 3, pp. 2101–2112, 2014.

[48] Y. Wang, W. Yang, M. Li, and X. Liu, “Risk assessment of floor
water inrush in coal mines based on secondary fuzzy compre-
hensive evaluation,” International Journal of RockMechanics and
Mining Sciences, vol. 52, pp. 50–55, 2012.

[49] F. Xie and D. S. Tang, “The application of AHP and fuzzy
comprehensive evaluation in harmonious level measurement
between human and water in city,” Journal of Computational
Information Systems, vol. 6, no. 14, pp. 4647–4656, 2010.

[50] D. G. Cacuci, M. Ionescu-Bujor, and I. M. Navon, Sensitivity
and Uncertainty Analysis, Volume II: Applications to Large-Scale
Systems, CRC Press, Boca Raton, Fla, USA, 2005.

[51] J. M.Murphy, D.M. H. Sexton, D. N. Barnett et al., “Quantifica-
tion of modelling uncertainties in a large ensemble of climate
change simulations,” Nature, vol. 430, no. 7001, pp. 768–772,
2004.

[52] A. Saltelli and P. Annoni, “How to avoid a perfunctory sensitiv-
ity analysis,” Environmental Modelling and Software, vol. 25, no.
12, pp. 1508–1517, 2010.

[53] Y. Feng, B. Kang, and L. Yang, “Feasibility analysis of widely
accepted indicators as key ones in river health assessment,” Jour-
nal of Geographical Sciences, vol. 22, no. 1, pp. 46–56, 2012.



Research Article
Identifying Vegetation Dynamics and Sensitivities in
Response to Water Resources Management in the Heihe
River Basin in China

Dongqin Yin,1 Xiang Li,2 Yuefei Huang,1 Yuan Si,1 and Rui Bai1

1State Key Laboratory of Hydro-Science & Engineering, Tsinghua University, Beijing 100084, China
2State Key Laboratory of Simulation and Regulation of Water Cycle in River Basin, China Institute of Water Resources and
Hydropower Research, Beijing 100038, China

Correspondence should be addressed to Yuefei Huang; yuefeihuang@tsinghua.edu.cn

Received 27 November 2014; Revised 18 January 2015; Accepted 20 January 2015

Academic Editor: Yongqiang Zhang

Copyright © 2015 Dongqin Yin 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 Heihe River Basin, the second largest inland river basin in China, plays a vital role in the ecological sustainability of the
Hexi Corridor. However, the requirements for regional economic development and ecological balance cannot be fully met due
to water resource shortage and overexploitation induced by an extremely dry climate and population growth, especially in the
middle and lower basins. Thus, environmental conservation projects that reallocate water resources have been planned and
implemented step by step since 2001. The aim of this study is to evaluate ecosystem restoration benefits by identifying vegetation
dynamics and sensitivities. The MODIS Normalized Difference Vegetation Index (NDVI) and its derivative indices, coupled with
Geographic Information System (GIS), are introduced to explore ecosystem evolution at the pixel level, based on the hydrological
and meteorological data in the whole region at varying temporal and spatial scales. Results indicate there are slight vegetation
restoration trends in the upper, middle, and lower basin; the results of correlation analyses between vegetation and runoff into the
lower basin suggest that the impact of a water supplement lasts at most three years, and engineering or nonengineering measures
should be maintained for permanent ecosystem recovery.

1. Introduction

TheHeihe River Basin (HRB, see Figure 1), the second largest
inland river basin in China, plays a vital role in sustaining
ecological balance in the Hexi Corridor. However, in recent
decades, the HRB has suffered serious ecosystem degrada-
tion and desertification due to its extreme dry climate and
population growth, particularly in the middle and lower
basins [1–3]. The water resource situation of the HRB can
be summarized in two major points. (1) Water resource
shortage: the continental climate of the whole basin affects
the water resource availability.Themean annual precipitation
drops from 140mm in the southwest to 47mm in the north-
east, whereas the mean annual evaporation increases from
1410mm to 2250mm. Most areas in the HRB, approximately

93% of the total basin, hardly yield runoff in the middle and
lower basins. (2) Water resource overexploitation: with the
rapid social and economic development, the sharp increase
in water consumption in the middle basin for living and
production uses (from 1.5 billion m3 in the early 1950s to
2.45 billion m3 in the late 1990s) has resulted in a continuous
decrease in runoff into the lower basin (from 1.16 billion m3
to 0.77 billion m3). Water usage waste and inefficiency are
rather serious, resulting from unmanaged and unsupervised
water resources in the whole basin.Thus, ecological problems
of varying extents appear; specifically, natural forest and
grassland degradation and biodiversity loss occur in the
upper basin; soil salinization and desertification occur in the
middle basin; and a series of prominent problems such as
zero-flow rivers, dried-up lakes (the East and West Juyan
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Lakes), declining water tables, and a sharp reduction in
natural forest and grassland areas occur in the lower basin,
aggravating desertification and sandstorms.

Because of ecological problems resulting from water
resource shortage and overexploitation, the near-term envi-
ronmental conservation program (NTECP) has been planned
and implemented for the HRB since 2001 by the Ministry
of Water Resources (MWR) in China [4]. The objective of
the NTECP is to reallocate water resources between ecologi-
cal system maintenance and social-economic development.
Moreover, the allowable water resource amounts have also
been reallocated among upper,middle, and downstream river
basin. In the upper basin, ecological restoration projects were
implemented including forest and grassland conservation
and artificial afforestation. Water-saving projects, especially
for the irrigation regions, were undertaken in themiddle river
basin to ensure enough water releasing into the lower basin.
The projects, such as water diversion canal construction,
river regulation, irrigation system improvement, and grazing
control, have been implemented in the lower basin for
ensuring sufficient water reaching the most downstream
region, where ecological system is significantly vulnerable.

Vegetation has a significant impact on interactions
between terrestrial ecosystems and atmospheric processes
[5, 6]. Identifying the response mechanisms of vegetation
dynamics and sensitivities to water resource availability at
varying temporal and spatial scales makes it possible to
evaluate the ecosystem restoration benefits. For a long time,
the response of vegetation variability to air, water, and soil
has been an active study subject because of various natural
and cultural statuses in the context of changing climate and
frequent human activities [7–9]. Water resource availability
dominates the temporal-spatial distributions and dynamics
of vegetation, which maintains a regional ecosystem [10, 11].

Past studies indicate that climate change affects water
resource availability in the long term, and human activ-
ities have recently become more dominant in the short
term, particularly in arid and semiarid regions with high
population density but limited water resources [12, 13]. In
general, rainfall and runoff are the two major direct water
sources for nourishing regional vegetation. However, in an
arid/semiarid region, the rainfall is so scarce that it plays little
role in supplyingwater,making runoff themajor water source
[14, 15]. It is necessary to study the underlying correlations
between vegetation and hydrometeorological impact factors
to better manage limited water resources for ecosystem
conservation or restoration in arid and semiarid regions.

Because there is little field survey data, remote sensing-
based vegetation indices have been widely used to study land
uses and cover changes, including the Normalized Difference
Vegetation Index (NDVI) [16], the perpendicular vegetation
index (PVI) [17], soil-adjusted vegetation index (SAVI) [18],
and green index (GI) [19]. The NDVI is the normalized
difference between the near-infrared reflectance and visible
red waveband [16, 20]. It reflects the vigor and greenness
of the vegetation canopy by measuring the chlorophyll
content changes using visible red radiation absorption and
by measuring spongy mesophyll changes using near-infrared
radiation reflection [21]. The NDVI and its derivative indices
such as coefficient of variation (CV) [22] and vegetation
condition index (VCI) [23] have been proved effective for
vegetation dynamics identification [24, 25]. The NDVI has
also been successfully applied in many other fields, including
land cover classification [26], plant phenology [27], drought
assessment [28], and evapotranspiration estimation [29].

In this paper, ecosystem restoration benefits are evaluated
by identifying vegetation dynamics and sensitivities since
the environmental conservation projects in the HRB were
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Figure 2: Meteorological and hydrological conditions in the Heihe River Basin (1957–2010). ∗Bars indicate standard deviation of monthly
runoff during 1957–2010.

planned and implemented in 2001. This paper differs from
previous efforts [2, 30–32] through investigating vegetation
dynamics in the upper, middle, and lower HRB after imple-
mentation of the NTECP. Additionally, vegetation sensitivi-
ties and the corresponding time lags of vegetation change to
water reallocation in the lower basin are quantitatively identi-
fied at the pixel level, rather than qualitatively at the regional
scale. The paper is organized as follows: Section 2 describes
the study area; Section 3 introduces the data acquisition and
processing, along with the Normalized Difference Vegetation
Index (NDVI), based on the MODIS images, along with
its derivative indices, coupled with Geographic Information
System (GIS); Section 4 explores the vegetation dynamics and
sensitivities in response to the NTECP, using historical data
from the entire region; and Section 5 presents conclusions
and suggestions.

2. Study Area

The Heihe River Basin (HRB) is located in northwestern
China, covering an area of approximately 14.29 × 104 km2
(between 37∘43–42∘41 N and 97∘23–102∘72 E), as shown in
Figure 1.TheHeihe River originates from the north of theQil-
ianMountains inQinghai Province, flows through themiddle
Hexi Corridor in Gansu Province, and reaches the Ejina
basin in the InnerMongolia AutonomousRegion.The annual

mean runoff generated from the Qilian Mountains (the
Yingluoxia station) is approximately 16 × 108m3 from both
rainfall and melt water from glacier/snow in the mountain
region. As shown in Figure 2(a), approximately 80% of
precipitation occurs during the period of May to October. At
this period themeltwater fromglacier/snowalso significantly
increases due to temperature rising (Figure 2(b)). Both of
them result in runoff increase at the mountainous region
(the Yingluoxia station, Figure 2(c)). However, irrigation in
the middle Hexi Corridor consumes large amount of water,
leading to little surfacewater recharge to the lower Ejina basin
(the Zhengyixia station, Figure 2(d)). Therefore, the HRB
can be characterized with its extreme dry climate with low
precipitation, high potential evaporation, and low runoff.

The HRB is divided into the upper, middle, and lower
reaches by the Yingluoxia (YLX) and Zhengyixia (ZYX)
hydrologic stations, with lengths of 303 km, 185 km, and
333 km, respectively. The upper basin is characterized by
a wet and cold climate and serves as the major runoff
yield region, with annual precipitation of approximately
350mm/yr.The elevation in this region is 2000–5000m, with
steep topography, and the vegetation cover in the upper basin
is diversified and complex. The mountainous zone in this
region is covered with relatively dense vegetation (consisting
of forest, shrub, and grassland), and the plain terrain contains
oasis and gobi/desert. The middle basin is located in a dry
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environment with low annual precipitation (60–160mm)
and high annual potential evaporation (1000–2000mm).The
elevation in the middle basin is 1300–1700m, with relatively
flat topography. Most of the areas in this region are artificial
oases supported by highly developed irrigation systems with
a history of more than 2000 years, with the fastest expansion
of agricultural development occurring in the last 50 years.
The lower basin is in an extremely arid environment with
little annual precipitation (less than 100mm) and high annual
potential evaporation (more than 3500mm). The elevation
in the lower basin is 910–1450m, with very flat topography.
The lower basin is covered mainly by Gobi and desert, except
for regions close to the river. The Heihe River is separated
into two branches at the Langxinshan station, that is, the
East River and the West River, which end in the East and
West Juyan Lake, respectively. Water usage in the middle and
lower basins is primarily dependent on the runoff from the
upper basin.Themiddle basin serves as themajorwater usage
region for human beings (the population in the middle basin
occupies approximately 94% of the whole river basin) and has
an extensive irrigation system.

There are 10 cities/counties belonging to three provinces
in the HRB, and the total population is approximately 1.4
million, as of 2009. The upper HRB is dominated by shrub-
and grassland-based animal husbandry, with a small amount
of farming. Most areas in the middle HRB are covered by
artificial oases (3533 km2) which consume large amounts of
irrigation water. Part of the lower HRB, mainly the Ejina
oasis, is composed of grassland-based animal husbandry.
According to previous studies, the population in the HRB
increased by more than 100,000 from 1999 to 2009, with
the most dramatic increase occurring in the middle HRB
(approximately 80% of the total increase). The irrigation area
in the HRB increased by approximately 200 km2 from 1999
to 2009, with the most obvious increase also occurring in the
middleHRB.Overall, theHRBcanbe summarized as a region
with a shortage of water resources and a consistent increase
in population and water consumption, which stress the water
resources.

3. Materials and Methods

The geographic data, including the basin boundary, rivers
and lakes, and the locations of hydrologic stations, were
downloaded from the Cold and Arid Regions Science Data
Center at Lanzhou (http://westdc.westgis.ac.cn/). The hydro-
logical and meteorological data, including the historical
runoff at hydrologic control stations (i.e., the Yingluoxia, the
Zhengyixia, and the Langxinshan hydrologic stations) and
precipitation, were collected from the Heihe River Bureau
of the Yellow River Conservancy Commission and the CRU
TS3.21 database [33], respectively.

The Normalized Difference Vegetation Index (NDVI)
is acquired from the Terra-MODIS Vegetation Indices
MOD13A1 products from the Earth Observing System of
the National Aeronautics and Space Administration (NASA)
[34]. These products provide the vegetation conditions with

a 500-meter spatial resolution and a 16-day temporal resolu-
tion. For analysis, the time series of NDVI data from 2001 to
2010 are smoothed using the Savitzky-Golay filter to reduce
noise [35], and only NDVI data for the vegetation growing
season (fromApril to October) are selected to avoid distorted
or low values [36, 37].Note that a higherNDVI value of a pixel
representsmore vegetation coverage, and a lowerNDVI value
represents less or no vegetation coverage.

To identify the vegetation dynamics at the pixel level,
derivative indices based on NDVI data are introduced,
including (1) annual mean of NDVI (referred to as the mean
NDVI hereafter): this is the mean NDVI value from April to
October of each year and represents the average overall state
of vegetation coverage; (2) annual variation trend of NDVI:
this depicts the linear regression of NDVI data through the
year; the slope of the linear regression (referred to as the
NDVI slope hereafter) can represent restoration when the
value is positive and degradation otherwise and can therefore
assist in qualitative and quantitative analyses of vegetation
change direction and magnitude; (3) interannual coefficient
of variation (CV) of NDVI: this is the dispersion of NDVI
data over multiple years to its mean value; the value can
indicate the variation amplitude at the pixel level, with a
higher value representing a greater variation [22].

The impact of upstream runoff, that is, runoff at the
Langxinshan (LXS) station, on vegetation in the Ejina region
is expected to show a one-year lag due to agricultural activ-
ities and groundwater recharge [9]. To quantify the detailed
distribution of time scales at the pixel level, we investigated
the relation between anomalies of LXS runoff and NDVI at
different time lags (0–4 years) by shifting runoff anomalies
by one year at a time. In the correlation analyses, only the
positive time lags are considered because the water supply
generally leads the growth of vegetation. Additionally, the
specific time lags between anomalies ofNDVI andLXS runoff
in these derived pixels are identified.The Pearson correlation
analysis is used to analyze the relationship between runoff
and vegetation to identify the vegetation sensitivities. Signif-
icant pixels are selected to produce a statistically valid value
using the two-tailed 𝑡-test (where 𝑃 ≤ 0.05 means statistical
significance).

4. Results and Discussion

4.1. Overall Vegetation Dynamics. The overall vegetation
dynamics of the HRB are analyzed with the abovementioned
indices. The mean NDVI, NDVI slope, and interannual CV
from 2001 to 2010 are shown in Figures 3(a)–3(d). As shown
in Figure 3(a), there is a high vegetation coverage in the upper
basin but relatively low coverage in the middle basin (mostly
distributed among the irrigation regions) and lower basin
(mostly distributed among the riverside regions). Figures 3(b)
and 3(c) show that the vegetation evolutions exhibit obvious
distribution differences: vegetation restoration trends are
distributed throughout most regions (depicted in green), but
vegetation degradation trends still exist in a small portion
of regions (depicted in red), mostly in the upper portion of
the upper basin, the central irrigation region in the middle
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Figure 3: Vegetation dynamics in the Heihe River Basin.

basin, and the West Juyan Lake in the lower basin. As
shown in Figure 3(c), the significant increase of vegetation
mostly occurred in the middle and lower basins, rather than
in the upper basin. Moreover, vegetation increase mostly
occurred along the Heihe River in the upper and lower
basins. In the middle basin, a large proportion of areas show
significant improvement and a small region along the river in
the Linze and Ganzhou County shows a significant decrease
due to anthropogenic activities. The intensive restoration

or degradation of vegetation in the irrigation region in
the middle basin is probably due to the adjustment of
irrigation areas since the implementation of environmental
conservation projects in 2001. On average, vegetation has
recovered at the whole basin scale since 2001; the overall
vegetation restoration rates of the upper and middle basins
are similar to each other and faster than in the lower basin,
as the slopes of their linear regressions are similar to each
other and larger than that of the lower basin (see Figure 4).
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Figure 4: Vegetation evolutions of the upper, middle, and lower
basins. ∗Regression that is significant (𝑃 ≤ 0.05) or nonsignificant
(𝑃 > 0.05) is presented with solid line or dashed line, respectively.

The vegetation variation is very small in themean interannual
CV at the whole basin scale, as shown in Figure 3(d). The
high interannual CV values are distributed either in regions
of the upper and middle basins where vegetation coverages
are relatively low or in regions close to the rivers or water
bodies. This is likely because the regions with low vegetation
coverage are very unstable and sensitive to rainfall and runoff
variations in the upper and middle basins; the variation in
surface water level leads to the frequent transition between
high vegetation coverage and swamp near the rivers or water
bodies. The low interannual CV values are distributed in the
regions with no vegetation coverage because these regions are
significantly affected by desertification and in regions with
high and stable vegetation coverage but which are far away
from rivers or water bodies.

With the continuously increasing water discharge from
themiddle basin to the lower basin, the ecological situation of
oases in the lower basin has significantly improved. For this
study, several years of data from the oases in the lower basin
are extracted from the NDVI data and shown in Figure 5.
Because the water resources’ management was implemented
in 2001, the area of East Juyan Lake (depicted in black
dotted lines) has increased significantly, at an average rate
of approximately 4 km2 per year. The maximum area of the
East Juyan Lake has reached 46.8 km2 in 2010.The ecological
impact of water resource reallocation is positive for the
regions close to the East Juyan Lake. However, it is worth
noting that water resource reallocation has not prevented
the West Juyan Lake (depicted in red dotted lines) from
shrinking; the vegetation in the regions close to the West
Juyan Lake also shows a slight decreasing trend. The results
indicate that the water resource reallocation only brought
about benefits to the East Juyan Lake.

Though the vegetation has slight restoration trends in
some regions, the vegetation coverage has not changed
that much over the whole HRB. This may be because the
ecosystem conservation projects have not been completely
implemented in the upper basin; the improvement in
water usage efficiency in the middle river basin, while not

decreasing runoff to the lower regions, has limited impact on
vegetation recovery in the middle basin.

4.2. Vegetation Transformation Characteristics. To identify
the transformation speed quantitatively at the pixel level,
the frequency distribution of the NDVI slope with mean
NDVI for the upper, middle, and lower basins is shown in
Figure 6, where the domain of the mean NDVI is divided
into seven intervals (i.e., 0–0.1; 0.1–0.2; 0.2–0.3; 0.3–0.4; 0.4–
0.5; 0.5–0.6; and 0.6–0.7). The domain of the NDVI slope
is divided into five grades (i.e., <0; 0–20; 20–40; 40–60;
and >60) and defined as “degradation,” “slow restoration,”
“medium restoration,” “fast restoration,” and “extremely fast
restoration” for conducting subsequent analysis equidistantly
based on the distribution of the NDVI slope. In the upper
basin, the vegetated area (as represented by NDVI values
more than 0.1) accounted for approximately 90% of the total
area, and 38% of these areas were covered by relatively dense
vegetation (with NDVI valuesmore than 0.3). Approximately
84% of the total area in the upper basin showed vegetation
restoration trends, leaving only 16% of the total area in
vegetation degradation trends. Among the five intervals of
the NDVI slope, “slow restoration” occupiedmost of the total
area (approximately 40%), followed by 30% for “medium
restoration” and 12% for “fast restoration.” In the middle
basin, the vegetated area accounted for approximately 44%
of the total area, and only 16% of these areas were relatively
densely vegetated. Approximately 92% of the total vegetation
in the middle basin showed restoration trends, with only 8%
in degradation trends. Among these restoration areas, 56% of
them were “slow restoration” and 20% were “fast restoration”
and “extremely fast restoration.” In the lower basin, 96% of
the areas were covered by Gobi/desert (with NDVI values less
than 0.1), leaving only 4% of the areas vegetated. 77% of the
areas in the lower basin showed “slow restoration” and 18%
showed “degradation,” with these two parts explaining 95%
of the vegetation change trends in the lower basin. Overall,
there was a vegetation restoration trend over the whole basin,
and the fastest vegetation recovery occurred in regions where
meanNDVI valueswere between 0.1 and 0.5.The regionswith
nearly no vegetation (mean NDVI values between 0 and 0.1)
occupied most of the basin and the restoration speed in these
regionswas slow; thismight be because they are far away from
the river (e.g., most desert regions in the lower basin).

To identify the transformation dispersion at the pixel
level, the correlation between interannual CV and mean
NDVI for the upper, middle, and lower basins is shown in
Figure 7. The overall trends of interannual CVs in the whole
basin showed a decrease with the increase in mean NDVI
values, indicating that the regions with high vegetation cover
were more stable than areas with low vegetation cover. The
pattern is clearly shown in the upper basin in Figure 7(a); the
regions withNDVI values less than 0.05 were highly unstable,
and the corresponding CVs were between 0.1 and 1.2. CVs
decreased to 0–0.2 whenNDVI values were between 0.05 and
0.1. Finally, CVs were small when NDVI values were more
than 0.1, which indicates a relatively stable status. Similar
patterns also appear in the middle and lower basins, and the
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Figure 5: Variations in water bodies in both East and West Juyan Lakes. ∗The black and red dotted lines encompass the regions of the East
and West Juyan Lakes, respectively.

correlations of CVs andmean NDVI were separated into two
zones by ameanNDVI of approximately 0.05.Thus, themean
NDVI of approximately 0.05 distinguished the stable regions
from the unstable ones for the whole basin.

4.3. Vegetation Sensitivity in the Lower Basin. Water supply
from the middle basin is the essential factor that dominates
ecosystem restoration in the lower basin. As seen in Fig-
ure 8(a), the runoff changes at the ZYX, LXS, LXS West,
and LXS East stations located in the downstream of the
Heihe River show increasing trend after the implementa-
tion of water reallocation projects since 2001. Similarly, in
Figure 8(b), ratios of runoffs (i.e., ratio of runoff at the
downstream stations to runoff at upstream YLX station) at
the LXS and LXS stations also present increasing trends since
2001. That means an increase of water supply to the lower
basin since the 2000s. On the other hand, the oases, which
protect wildlife habitat and prevent fast desertification, are
largely located in the lower basin. Thus, it is necessary to
identify the temporal and spatial response of vegetation in
the lower basin to the release from the middle basin. The
correlations between NDVI data and releases of several past
periods are studied, with significant and positive correlation
points (𝑃 ≤ 0.05) picked out and shown in Figure 9. Note that
the historical release at the Langxinshan (LXS) hydrologic
station is used for the correlations, and the“𝑛 year(s) before”

denotes the correlation between NDVI data of a period
and water releases into this region 𝑛 year(s) before; for
instance, in this case, “Two years before” means the cor-
relation between NDVI data from 2001 to 2010 and water
releases from 1999 to 2008, and “Current year” represents
the relation between NDVI and water release in the same
year.

From the perspectives of temporal and spatial responses,
water release from the middle basin has a remarkable impact
on vegetation in the lower basin. The affected vegetation
(80% of the total area of the lower basin) is distributed in
the regions within 50–100 km along the Heihe River and
the East Juyan Lake. The vegetation affected by upstream
water release with one-year time lag is distributed in the
regions close to the Heihe River and the Badain Jaran Desert
(40% of the total area of the lower basin). The regions
with time lag more than two years are located near the
Heihe River (20%, 5%, and nearly 0% of total area of the
lower basin, with two, three, and four years’ time lags,
resp.). The correlation analysis results indicate that water
release from the middle basin will generate accumulative
efforts to vegetation in the lower basin within at most three
years. Ecosystem restoration can only be achieved through
continuous efforts in water supply increasing into the lower
basin.

Figure 10 shows the distribution of specific time lags
between anomalies of NDVI and runoff at the LXS station
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Figure 6: Frequency distribution of NDVI slope with mean NDVI.

in the derived pixels in Figure 9. Compared with Figure 9,
vegetation along the Heihe River is influenced by runoff at
the LXS station with time lag less than three years. Most
of these regions are affected by runoff at the LXS station
one year before. Additionally, regions along the West River
are prominently impacted by the runoff one to two years
before, while only small fractions at both the beginning
and end of the East River have significant correlations
with runoff anomalies. Except for regions along the river,
a small area located at the west side of the West River
also shows an obvious relation to runoff with one-year time
lag.

5. Conclusions

In this study, the ecosystem restoration benefits in the upper,
middle, and lower HRB are evaluated by identifying the
vegetation dynamics and sensitivities in response to the
near-term environmental conservation program in progress
since 2001. Surface water area has significantly increased

in the East Juyan Lake in the lower basin, but there is no
obvious increase in the water body of the West Juyan Lake.
Most regions in the basin have vegetation restoration trends,
with the fastest increase in vegetation occurring in parts
of the irrigation area in the middle basin and along the
Heihe River in the lower basin. Parts of regions still show
vegetation degradation trends, mainly located in the less
vegetated area of the upper basin, some in the irrigation
area in the middle basin and near the West Juyan Lake
in the lower basin. In terms of the vegetation variation
represented by the interannual CV values, the high variations
are distributed in regions either close to the rivers and water
bodies or with low vegetation coverage, which is caused by
variation in the surface water level and the instability of
less vegetated regions, respectively.TheNDVI slope indicates
that the fastest vegetation recovery occurs in regions with
medium mean NDVI values (between 0.1 and 0.5) instead of
the extremely sparsely (less than 0.1) and highly (more than
0.5) vegetated regions.The vegetation variations (CVs) of the
upper, middle, and lower basins are separated into two zones
by an annual average NDVI value of approximately 0.05;
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Figure 7: Relations between interannual CV and mean NDVI.
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Figure 8: Runoff variation in the Heihe River Basin before and after NTECP. ∗Regression that is significant (𝑃 ≤ 0.05) or nonsignificant
(𝑃 > 0.05) is presented with solid line or dashed line, respectively.

regions withmeanNDVI values more than 0.05 and less than
0.05 show stable and unstable status, respectively. Finally,
the correlation between vegetation and water release into
the lower basin suggests that there is a prominent impact
from the water supply (mainly the previous year’s runoff) on

the vegetation in the lower basin, particularly along the river.
The significant impact of water supplement could last at most
three years, and engineering or nonengineering measures
should be maintained continuously for at least three years for
permanent ecosystem recovery.



10 Advances in Meteorology

Correlation
0.97 0.63

(a) Current year

Correlation
0.97 0.63

(b) Previous year

Correlation
0.97 0.63

(c) Two years before

Correlation
0.97 0.63

(d) Three years before

Correlation
0.97 0.63

(e) Four years before

Correlation
0.97 0.63

(f) Five years before

Figure 9: Vegetation sensitivities to runoff in the lower Heihe River Basin.
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Figure 10: Time lag distribution between anomalies of NDVI and
runoff at the Langxinshan station at the pixel level.
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The NPS pollution is difficult to manage and control due to its complicated generation and formation mechanism, especially in the
data sparse area. Thus the ECM and BTOPMC were, respectively, adopted to develop an easy and practical assessment method,
and a comparison between the outputs of them is then conducted in this paper. The literature survey and field data were acquired
to confirm the export coefficients of the ECM, and the loads of TN and TP were statistically analyzed in the study area. Based on
hydrological similarity, runoff data from nearby gauged sites were pooled to compensate for the lack of at-site data and the water
quality submodel of BTOPMCwas then applied to simulate the monthly pollutant fluxes in the two sections from 2010 to 2012.The
results showed agricultural fertilizer, rural sewage, and livestock and poultry sewage were themain pollution sources, and under the
consideration of self-purification capacity of river, the outputs of the two models were almost identical. The proposed method with
a main thought of combining and comparing an empirical model and a mechanistic model can assess the water quality conditions
in the study area scientifically, which indicated it has a good potential for popularization in other regions.

1. Introduction

The nonpoint source (NPS) pollution refers to the pollution
that does not come from a specific, easily identifiable source
and generally results from the scouring effect of rainfall or
snowmelt, and the dissolved contaminant solids entered into
the receiving water bodies (including rivers, lakes, reservoirs,
and bays) through the process of runoff. NPS pollution,
which can cause the eutrophication of water bodies or other
forms of pollution [1], is generated from land use activi-
ties associated with agricultural development, rural areas,
or uncontrolled urban runoff from development activities.
The rural excessive and unreasonable use of pesticides and
fertilizers, small-scale livestock manure, untreated waste in
agricultural production, and rural garbage are the direct
factors causing the NPS pollution. According to the reports

by the United States and Japan, even though the point source
pollution is fully controlled, the compliance rates of water,
lake, andmarine are only 56%, 42%, and 78%, respectively [2].
At present, NPS pollution becomes the leading cause of sur-
face water impairment in many countries, such as UK, USA,
and China [3]. China has already been the largest fertilizer
consumer and is also the largest producing and using country
of pesticides in the world [4], and NPS pollution, especially
agricultural NPS, has already become a major contributing
factor to water pollution and one of the important reasons
for the deteriorating ecological environment in China [5,
6]. Therefore, the research of NPS pollution is of great
importance for the restoration of water quality.

Nowadays, developing a model to assess NPS pollution
and taking appropriate preventive measures have attracted
increasing attentions in the environmental research. NPS
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pollution assessment models can be generally divided into
two types: mechanistic models and empirical models [2].
Combined with hydrological process, soil erosion process,
and pollutants migration process, mechanistic model can
simulate hydrodynamic and water quality transformation
processes within the rivers.Most frequently usedmechanistic
models, such as QUAL2K [7],WASP6 [8],MIKE11 [9], SWAT
[10], and AnnAGNPS [11], require time series of hydromete-
orological data. Meanwhile, all sorts of data, such as land use,
soil, population, livestock breeding, pesticide, and fertilizer
use, should be collected and prepared for modeling [12]. In
fact, it shows difficulties on practical applications especially
in the watershed in most parts of China because the reliable
related data are scarce and only very limited monitoring data
for spatial and temporal variations of pollution sources and
water quality are available. Besides, there are some complica-
tions. Taking the SWAT, a very promising and popular mech-
anistic model for modelling NPS pollution on the catchment
scale formore than 20 years, as an example, it has hundreds of
parameters with tremendous uncertainties to model outputs
[13, 14], and how to detect the key parameters for calibration
is one of the most difficult problems that restricted the use
of SWAT. Compared with complex mechanistic model, the
simple empirical model has the advantages of requiring less
data and having fewer parameters. Based on the establish-
ment of empirical relationship between the natural physical
characteristics of the watershed and the output of pollutants,
empirical model, such as export coefficient model (ECM)
[3, 15] and source strength coefficient method [16], can easily
calculate the NPS pollution loads in the outlet of the basin
under the low requirement of inputting data and parameters
setting. Although it can neither describe the hydrological
pathways in determining nutrient delivery to surface waters
and the mechanism of contaminant migration, furthermore,
nor predict them in real time, it is still an ideal toolwith strong
practical and wide application in regions with sparse data.

NPS pollution shows some characteristics, such as ran-
domness, hysteresis, and uncertainty. Obviously, the selection
of model should be based on the study purpose and data
accessibility. An empirical model can easily give some neces-
sary and useful assessment results and is less data demanding
and a distributed simulation model can well characterize
the NPS pollution process and provide more precise results
to reflect the variety of quantitative pollution mechanism
of pollutants and spatial-temporal distribution in detail as
long as the space of the study area is discretized for better
analysis, so to combine and compare an empirical model and
a distributed simulation model is very attractive.

The goal of this study was to establish a simple and prac-
tical NPS pollution assessment method for the data sparse
regions. A basin in Xichong county, China, was taken as a
case study in this study. Two widely used models including
an empirical model and a physically based distributed hydro-
logical model, ECM and BTOPMC, are adopted to build
an easy and practical assessment method on NPS pollution.
By integrating the advantages and comparing the results of
the two models, a more objective assessment conclusion was
obtained. The principles of this method were as follows: (1)
it is to quantitatively assess the total nitrogen (TN) and total

phosphorus (TP) which are the main pollutants in Xichong
River basin by using the ECM and (2) based on hydrological
similarity, the BTOPMCwas adopted to solve the problem in
regions with sparse hydrological data by using the parameter
transferring method, trying to generate discrete grids in the
space of study area, and quantitatively reflected the pollution
mechanism of TN and TP by applying a simple submodel of
water quality.

2. Materials and Methods

2.1. Study Area and Available Data. Xichong County, of
which the latitude and longitude are 30∘52N∼31∘15N and
104∘4E∼105∘36E, is situated in the north part of Sichuan
Province, China. It is in the back zone of Jialing River
and Fujiang River and its altitude varies from 282m to
569m, lying northwest high and southeast low. The region is
characterized by a subtropical monsoon humid climate and
has an average precipitation of about 1000mm per year, most
of which occurs between July and September. Xichong River,
which is the largest river in the Xichong County and flows
through 23 villages and towns, includes two branches, the
Hongxi River and Longtan River (Figure 1).TheHongxi River
has a total length of 42.5 km and the basin area is 289.87 km2,
and the Longtan River has a total length of 39.8 km and the
basin area is 189.73 km2. After the main stream flows out of
the Xichong County, the river flows through Jialing district
and Shunqing district in Nanchong city in the direction of
southeast before importing the Jialing River.

Xichong River is regarded as the mother river in Xichong
County. Not only is it an important regional water source
for the basin along the river, but it also plays an important
role in local environment protection and national economy
development. Unfortunately, it has been seriously polluted
since the 1980s. According to China’s water quality classifi-
cation criteria, the monitoring results on the two sections
(Yanjiaxiang section and Xiyangsi section, see Figure 1) from
2010 to 2012 showed that the monthly concentrations of TN
and TP were worse than that of the V class of water quality.

The sources of the data used in this study include the
following: (i) the terrain data was obtained from Computer
Network Information Center, Chinese Academy of Sciences
Data Center (http://www.gscloud.cn/) which can provide
90m × 90m resolution digital elevation model (DEM) data;
(ii) land use/vegetation cover type data was obtained from
the Standard International Geosphere Biosphere Programme
(IGBP) 1 km × 1 km resolution data which were provided
by the US Geological Survey; (iii) the soil information was
obtained from the Food and Agriculture Organization of
the United Nations (FAO) which can provide 1 km × 1 km
resolution data; (iv) daily observed precipitation data from
2010 to 2012 in study area were provided by the Xichong
meteorological station. The hydrometeorological data from
1985 to 1987 in hydrological reference basin were collected
from theHydrological Yearbook,Ministry ofWater Resource,
China; (v) in the study area, there are two water quality
monitoring sites, Yanjiaxiang section in the Longtan River
and Xiyangsi section in the Hongxi River. The two water
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Figure 1: Stream network, division of influence regions, and the distribution of stations.

quality monitoring sites have a total amount of water quality
monitoring data for 20 months from September 2010 to
April 2012 and all the data were provided by the local
environmental monitoring department; (vi) the number of
agricultural and nonagricultural populations, livestock, and
poultry of each town was mainly provided by corresponding
local government sectors, as well as the field survey for
the local committees of the village, farmers, and scientific
and technical personnel. All above the satellite data should
be standardized to 300m × 300m in order to match the
resolution of the BTOPMC calculationwith ArcGIS software.

2.2. ECM Description

2.2.1. Method. The ECM was first presented by Johnes and
O’Sullivan in 1989 [17] and then modified by Johnes in 1990
[18]. The modified model takes some new nutrient export
factors into account: inputs of nitrogen to the catchment
through nitrogen fixation by each agricultural crop, areas
of seminatural vegetation and woodland, whether human
settlements were connected to a main sewage system or
used a septic tank system, and notable land management
practices known as the cause of the increases in nutrient
export, such as the direct grazing of fodder crops on the
fields by livestock and the cultivation of oilseed rape. The
ECM has been recognized as an applicable and acceptable
model for NPS pollution assessment; however, the ECM still
has some limitations; for example, the ECM does not take
the terrain and the uneven temporal-spatial distribution of
precipitation into account, which are supposed to be the key

factors affecting NPS pollution [19]. The modified model is
formulated as follows:

𝐿 =

𝑛

∑

𝑖=1

𝐸

𝑖
[𝐴

𝑖
(𝐼

𝑖
)] + 𝑝, (1)

where 𝐿 is the loss of nutrients, 𝐸
𝑖
is the export coefficient

for the nutrient source 𝑖, 𝐴
𝑖
is the area of the land use type

𝑖, or the number of the livestock and poultry type 𝑖, or the
population in the catchment, 𝐼

𝑖
is the input of the nutrients to

source 𝑖, and 𝑝 is the input of the nutrients from atmospheric
deposition.

2.2.2. Export Coefficients. The main nutrient sources can be
identified into five categories: agricultural fertilizer pollution
related to six kinds of land use types (such as natural wood-
land, wasteland, dry land, paddy fields, fruit woodland, urban
land, and livestock), poultry pollution related to four kinds of
types (such as cattle, pigs, sheep, and poultry), and rural and
urban residential pollution. The determination of the ECM
parameters (export coefficients) exerting greatest control
over model output is usually summed up in three ways:
the literature survey, field experiment, and the hydrological
statistics, which can determine the export rate of nutrients
(TNandTP) fromeach identifiable nutrient source to the sur-
face stream network. These three methods have their respec-
tive advantages and disadvantages: (1) the literature survey is
relatively easier and cheaper than the latter two methods, but
with a lower accuracy; (2) the field experiment has the highest
accuracy but needs more investment and is time consuming;
(3) and the thirdmethod reflects the hydrologicalmechanism
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Table 1: The classification and value of export coefficient in study area.

Type

Land use/t⋅km−2⋅yr−1 Livestock and poultry/t⋅(104 ca⋅yr)−1

Rural
population/t⋅(104 ca⋅yr)−1

Dry
land

Paddy
field

Fruit wood
land

Natural
woodland

Waste
land Urban Cattle Pig Sheep Poultry

TN 0.115 0.075 0.040 0.119 0.745 0.550 3.660 0.695 0.700 0.030 18.700
TP 0.006 0.006 0.003 0.009 0.031 0.014 0.186 0.085 0.027 0.003 2.140

with higher accuracy [20] but requires a large amount of
hydrological data and water quality data which is lacking in
most medium and small basins of developing countries. Due
to the shortage of the monitoring data, this study mainly
adopted the literature survey [21–26] which makes sure the
export coefficients are adjusted only within the range of data
published for basins in upper reaches of Yangtze River com-
bined with the field data, such as land use, the agricultural
and nonagricultural population of each town, the dosage
of the chemical fertilizer, and the number of the livestock
and poultry to determine the export coefficients. The export
coefficients in this study were determined in Table 1.

2.3. BTOPMC Description. BTOPMC is a physically based
distributed hydrological model, in which runoff and nutrient
are transported grid by grid along stream networks, and
it consists of some submodels for topographical analysis,
TOPMODEL based runoff generation, and Muskingum-
Cunge flow routing [27–30]. A submodel of water quality was
originally developed by Zhang [31] which has the ability to
simulate pollutants migration in slope surface and pollutants
migration and transformation in channel.Themodel can not
only effectively show the spatial-temporal heterogeneity of
topography, soil, land use, and pollution load but also reflect
the response of the quantity and quality of water caused by
natural variations and human activities. The mechanism of
pollutants (including TN and TP) transformation on channel
is based on the SWAT concept [32] and the process of
pollutants migration on channel and slope surface is based
on mass balance of pollutants within the grid established. It
is outlined as follows [31]:

ΔTN = ∑TNself in +∑TNdirect in

+∑𝐶TN in𝑉in − 𝐶TN out𝑉out,

𝑉in =
𝑞ini in + 𝑞end in
2

Δ𝑡,

𝑉out =
𝑞ini out + 𝑞end out
2

Δ𝑡,

(2)

where ΔTN is the mass change of water pollutants in the
grid within the period, ∑TNself in is the self-generated or
reduction amount of pollutants in the grid within the period,
∑TNdirect in is the direct human-activity-caused amount of
pollutants in the grid within the period, 𝑉in is the inflow of
water body in the grid within the period, 𝑉out is the outflow
of water body in the grid within the period, 𝑞ini in is the
initial inflow, 𝑞ini out is the initial outflow, 𝑞end in is the final
inflow, 𝑞end out is the final outflow, 𝐶TN in is the input of

pollutant concentration in the grid, and 𝐶TN out is the output
of pollutant concentration in the grid.

The parameters related to runoff generating and flow
routing in BTOPMC have physical meaning and can reflect
the physical characteristics of underlying surface in the basin.
Due to the characteristics of parsimonious calibrated param-
eters, relatively low requirement on inputs, being simple to
operate and able to take advantage of satellite remote-sensing
data, and so forth, BTOPMC can be applied to ungauged
basins for hydrological simulation [33]. The main structure
of BTOPMC is shown in Figure 2.

3. Results and Discussion

3.1. Calculation of TN and TP Based on ECM. The loads of
all kinds of pollution sources (TN and TP) in study area
in 2012 can be calculated by the ECM general expression
after the export coefficient and data source information are
determined. And they were summed to obtain the total
area loads as shown in Table 2. According to Table 2, the
polluted loads of TN and TP in this area are 868.50 t⋅yr−1 and
65.08 t⋅yr−1, respectively.

The estimated average TN and TP load intensities are
1.811 ton⋅km−2⋅yr−1 and 0.136 t⋅km−2⋅yr−1, respectively. The
results of source apportionment are shown in Figure 3 and
it shows that the agricultural fertilizer and sewage from
rural residents contribute the most to TN and TP which
is because the sewage from residents and livestock is often
simply processed through septic tanks and digesters due to
the lack of proper sewage pipe network and sewage treatment
facilities in the study area. Thus, the generated biogas can
be directly used as energy resource and a large amount of
chemical fertilizers can be used in agricultural production
with low utilization rates, which causes serious NPS pol-
lution. The major sources of TN are agricultural fertilizer,
which accounted for 53.42% of the total, followed by rural
sewage (23.37%) and livestock and poultry sewage (11.18%).
Besides, urban sewage is also amajor polluted source. Among
those six land use types, dry land, paddy field, and natural
woodland which have been fertilized contribute the most
(52.73%). Rice, wheat, and corn are the dominant crops in
agricultural land. To improve the economic yield from these
crops, large doses of fertilizer have been used, which in
turn raised environmental contamination level. Furthermore,
crop residues, which are not systematically managed, are an
N-rich pollution source [34].Themajor sources of TP ranked
differently from those of TN, with rural sewage (42.82%),
followed by agricultural fertilizer (23.76%), urban sewage
(16.81%), and livestock and poultry sewage (15.61%). Taking
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Figure 2: The main structure of BTOPMC.

Table 2: TN and TP loads calculation of all kinds of pollution sources in 2012 (unit: ton⋅yr−1).

Types Types of pollution source TN Proportion/% TP Proportion/%
Land use
Dry land

Fertilizer

340.84 39.24 9.47 14.55
Paddy field 97.28 11.20 4.24 6.52
Orchard 2.36 0.27 0.10 0.15
Natural woodland 19.85 2.29 1.50 2.30
Waste land 3.63 0.42 0.15 0.23
Subtotal 463.96 53.42 15.46 23.76
Urban land Urban runoff 24.77 2.85 0.65 1.00
Livestock and poultry
Cattle

Livestock and poultry

10.05 1.16 0.51 0.78
Pig 70.85 8.16 8.70 13.37
Sheep 11.09 1.28 0.43 0.66
Poultry 5.15 0.59 0.51 0.78
Subtotal 97.13 11.18 10.16 15.61
Population
Rural population Rural sewage 202.96 23.37 27.87 42.82
Urban population Urban Sewage 79.67 9.17 10.94 16.81
Total 868.5 100.00 65.08 100.00

into account the synthetic factors for loads TN and TP, there-
fore agricultural fertilizer, rural sewage, and livestock and
poultry sewage are the main pollution sources influencing
loads of nonpoint source nitrogen and phosphorus in the
study area.Obviously, these sources should be controlled first.

One limitation of this ECM is that calibration of export
coefficients is not based on hydrological and water quality
data and may affect the accuracy of the calculation. But
available field data are reliable, and the ECM can identify
to some extent the main pollution sources and reflect NPS
pollution status in study area. Furthermore, compared with
output of BTOPMC, the calculation of the ECM can be
assessed scientifically.

3.2. Simulation by BTOPMC

3.2.1. Runoff Simulation. Runoff data in control sections
are required to simulate the water quality, but there is no
measured runoff data in Xichong River basin. Therefore, the
BTOPMCwas adopted to simulate the daily average runoff in
2010 and 2011 by the transplantation of hydrological parame-
ters derived from Lizixi River. Lizixi River basin (Figure 1) is
about 40 km away from the Xichong River basin. They share
the same climate zone and show similarities about the basin
area, annual rainfall, temperature, soil, and the land use.

The daily runoff data from 1985 to 1986 at Zhaojiaci
station in Lizixi River basin were applied to calibrate the
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Figure 3: TN and TP load of all kinds of pollution source distribution figure.
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Figure 4: Calibration and validation results in Lizixi River basin: observed and simulated daily hydrographs.

parameters and the daily runoff data in 1987 were used
for validation. Figure 4 shows the simulated and observed
hydrographs of the flood and the long-term case (including
calibration and validation periods). It can be seen thatmost of
the simulated hydrograph agrees well with observed, except
the low flow. The simulated discharges during dry season of
calibration period were notably higher than those observed.
This discrepancy might have been caused by the influences
of water use systems or limited by the resolution of the soil
and land cove map. The Nash efficiency coefficients [35] of
calibration and validation periods were determined to be
67.9% and 76.30%, respectively.

Parameter transferring from Lizixi River basin to the
Xichong River basin was needed before the daily runoff
processes of Xiyangsi section and Yanjiaxiang section in
Xichong River basin were simulated by BTOPMC (Figure 5).
The simulated results show that the yearly average flows of
Xiyangsi section and Yanjiaxiang section in 2010 and 2011
are 2.47m3/s and 1.89m3/s, respectively, and the maximum
yearly flows are 68.47m3/s and 53.00m3/s, respectively,
which both appear in the 506th day. From Figure 5, it can
be seen that there is an obvious corresponding relationship
between the process of daily runoff and rainfall sequences.
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Figure 5: Precipitation and simulated daily hydrographs at water
quality monitoring stations.

Meanwhile, the runoff coefficient is 0.36 which fits the
range of runoff coefficient in Jialing River basin (the runoff
coefficients in Beibei station and Shanxi station are 0.37 and
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Figure 6: Observed and simulated TN and TP at Yanjiaxiang or Xiyangsi (monthly calibration period).

0.28, resp.). From the analysis above, the simulated results
related to the runoff are reasonable.

3.2.2. Water Quality Simulation. The model parameters
related to the TN and TP are calibrated and validated by
using the data measured in Xiyangsi section and Yanjiaxiang
section. The data for calibration are monthly measured from
September 2010 to August 2011 and the data for validation
are monthly measured data from September 2011 to April
2012.The calibration and validation results show that all Nash
efficiency coefficients are above 50%, of which the Nash effi-
ciency coefficient in Yanjiaxiang section is 67.24% (Table 3).
By comparing the simulated andmeasured curve, it is obvious
that this model can offer reasonable simulations of actual
water quality, but it shows some gaps in the peak value in
the curve between the simulated and measured data due
to the relatively low accuracy of simulation at some node
points (Figures 6 and 7). Overall, the calibrated model is
comparatively efficient for simulating the process of nonpoint
resources pollution.

Table 3: The evaluation of calibration and validation of the model.

Period Section Pollutants The efficiency of Nash (%)

Calibration
Yanjiaxiang TN 67.24

TP 52.31

Xiyangsi TN 59.05
TP 53.12

Validation
Yanjiaxiang TN 55.64

TP 53.07

Xiyangsi TN 57.3
TP 54.2

The NPS pollutions in the Longtan River and Hongxi
River were simulated from 2010 to 2012 by using calibrated
model. The simulated annual fluxes of these two sections are
shown in Table 4, which indicates a growing trend about the
TN and TP from 2010 to 2012. In 2012, the total flux of TN
in two sections is 642.55 t, of which the flux of TN amounts
to 362.58 t in Hongxi River section and 279.98 t in Longtan
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Table 4: The simulated results of pollutant loads in TN and TP.

Year Index 2010 2011 2012

Longtan River
Average flow (unit: m3/s) 0.7 3.08 4.94

TN (unit: ton) 79.13 199.21 279.98
TP (unit: ton) 7.73 16.69 17.08

Hongxi River
Average flow (Unit: m3/s) 0.96 3.98 6.32

TN (unit: ton) 146.24 269.2 362.58
TP (unit: ton) 11.05 26.13 33.62

Total TN (unit: ton) 225.37 468.41 642.55
TP (unit: ton) 18.78 42.82 50.7

River section. And the fluxes of TP in two sections amount
to 50.7 t, of which the flux of TP in Hongxi River section
and Longtan River section is 33.62 t and 17.08 t, respectively.
It indicates that the flux of pollution in Hongxi River is more
than that in Longtan River and this phenomenon is highly
related to the area of basin, population distribution, industrial

structure, and other factors. The area of Hongxi River basin
and Longtan River basin is 289.86 km2 and 189.73 km2.

The ECM and BTOPMC were, respectively, adopted to
calculate pollutant loads in Xichong River in 2012. The
comparisons of results of the twomodels are listed in Table 5.
The statistical results by the ECM are the yearly input amount
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Table 5: The comparison of loads in TP and TN between the ECM
and BTOPMCmodel (unit: ton).

Pollutants Data source Hongxi River Longtan River

TN
ECM 530.31 338.19

BTOPMC 362.58 279.98
Difference 167.73 58.21

TP
ECM 40.49 24.59

BTOPMC 33.62 17.08
Difference 6.87 7.51

Note: the statistical results by ECM are expressed as the amount of pollutants
which are input to the river in 2012.The results by BTOPMC are expressed as
the yearly fluxes of pollutants in sections in 2012. The amount of difference
between these two results reflects the environmental capacity and self-
purification capacity of rivers.

of pollutants and the simulated results by BTOPMC are the
fluxes of pollutants in two sections. The differences between
the outputs of the two models can reflect the self-purification
capacity of the river. The simulated results indicate that the
differences of TN and TP inHongxi River sections are 167.73 t
and 6.87 t, respectively, while those in Longtan River are
58.21 t and 7.51 t, respectively, which reflect that the self-
purification capacity of the Hongxi River is higher than
that of Longtan River. According to the runoff data, the
yearly average runoff in Hongxi River and Longtan River
is 6.32m3/s and 4.94m3/s, respectively. The yearly average
runoff in Hongxi River is larger than that in Longtan River
which also reflects that the self-purification capacity of the
Hongxi River is higher than that of Longtan River. In sum-
mary, considering self-purification capacity of rivers and a
reliable calibration of the BTOPMC against the observed TN
and TP concentrations in the two water quality monitoring
sites, results of statistical analysis and mechanistic model
simulation are mostly identical and reasonable.

4. Conclusions

Due to easy acquisition of initial input data, an easy and
practical assessment method on NPS pollution can be built
by combining the ECM with the BTOPMC. The main
conclusions are as follows: (1) based on the literature survey
in the study area, the field data was adopted to confirm the
export coefficients of the ECM, the loads of TN and TP were
statistically analyzed, and the main pollutant sources were
identified in 2012. The quantity of TN and TP estimated by
the ECM was 868.5 t and 65.08 t; (2) based on hydrological
similarity, runoff data from nearby gauged sites were pooled
to compensate for the lack of at-site data; thus, the water
quality submodel of distributed hydrological model can be
developed to simulate themonthly fluxes of TN and TP in the
two sections (Yanjiaxiang section and Xiyangsi section) from
2010 to 2012, and the quantity of TN and TP in 2012 simulated
by the BTOPMCwas 642.56 t and 50.70 t, respectively. Under
the consideration of self-purification capacity of river, the
results of these two models in 2012 were both reasonable and
mostly identical; (3) based on an overall analysis of conditions
counting in all factors, agricultural fertilizer, rural sewage,

and livestock and poultry sewage are the main pollution
sources influencing loads of TN and TP in study area and
should be controlled first; (4) considering the data shortage in
developing countries, the method adopted in this paper can
require minimal input data and is especially effective for NPS
pollution loads estimation and pollution sources identifica-
tion in the small-scale and data-sparse watersheds or regions.
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The analysis of the spatiotemporal trends of precipitation and drought is relevant for the future development and sustainable
management of water resources in a given region. In this study, precipitation and Standardized Precipitation Index (SPI) trends
were analyzed through applying linear regression, Mann–Kendall, and Spearman’s Rho tests at the 5% significance level. For this
goal, meteorological data from 9 meteorological stations in and around Aksu Basin during the period 1960–2010 was used, and
two main annual drought periods were detected (1978-1979 and 1983–1986), while the extremely dry years were recorded in 1975
and 1985 at almost all of the stations. The monthly analysis of precipitation series indicates that all stations had increasing trend
in July, October, and December, while both increasing and decreasing trends were found in other months. For the seasonal scale,
precipitation series had increasing trends in summer and winter. 33% of the stations had the decreasing trend on precipitation in
the spring series, and it was 11% in the autumn. At the same time, the SPI-12 values of all stations had the increasing trend. The
significant trends were detected at Aheqi, Baicheng, Keping, and Kuche stations.

1. Introduction

Drought is the result of insufficient or lack of rainfall for
an extended period, which causes a substantial hydrological
(water) imbalance. Numerous indices have been applied to
determine different drought characteristics depending on
the study purpose. Precipitation-based drought indices with
prearranged thresholds are valid since the main reason of
drought is rainfall deficit [1, 2].

In the past decade, many scientists have analyzed the
spatial variability of drought using drought indices and
precipitation characteristics [2–8]. There were a lot of studies
on drought [8–13] and various indices have been applied
to measure different drought characteristics depending on
research goals. The study related to precipitation is a pre-
requisite for other research studies. Analysis of precipitation
data outputs helpful conclusion, which will be applied to plan
and manage water resources system. For arid and semiarid
regions, precipitation is a particularly important factor for

water resources planning and drought risk management.
Moreover, arid areas propose a challenge due to large
contradistinction between dry and wet conditions within a
temporal cycle.

The arid region of northwest China is one of the most
sensitive areas in the world in terms of responding to global
climate change [14, 15].The Aksu River Basin is located in the
western part of the middle southern slope of the Tianshan
Mountains and at the northwestern edge of theTarimBasin in
Xinjiang Uygur Autonomous Region of northwestern China.
Research on drought for this area can contribute to early
warning and water resource plan. Therefore, it is important
to research the spatiotemporal trend of precipitation and
drought in the past several decades in the Aksu River Basin.

Many scholars have studied the characteristics of precip-
itation changes in different regions in China over the past 50
years [16–20]. The major results indicated that precipitation
in summer in eastern China shifted southward in the late
1970s [21, 22], national average precipitation increased with
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the increasing precipitation in spring but slightly decreasing
in autumn in the last decades [23] and the frequency of heavy
precipitation events increased in China [24]. Mechanisms
have also been proposed to explain precipitation changes [25–
27]. Affected by decadal changes of the global climate sys-
tem, precipitation in China is characterized with significant
decadal changes, especially since the 1990s, and the increased
global warming plus the reenhanced East Asianmonsoon are
bound to influence the regional precipitation distribution and
its changing trend. Precipitation changes might greatly affect
regional climate stability, hydrological processes, and water
availability.

Furthermore, there have been a number of drought and
precipitation studies for different periods in Aksu River
Basin. Related studies [28–35] have indicated that there
is a change about precipitation and drought indices. For
example, Chen et al. [36] summarized that the streamflow
from the headwaters of the Tarim River shows significant
increase and is sensitive to precipitation, but the streamflow
along the mainstream of the river has decreased. Chen
et al. [37, 38] analyzed the fifty-year climate change and its
effect on annual runoff at Aksu River Basin. The streamflow
showed a significant increasing monotonic trend.The annual
runoff in the Aksu River had increased by 10.9% since 1990.
They also detected the long-term trends of the hydrolog-
ical time series using both parametric and nonparametric
techniques based on temperature and precipitation data
from the past 50 years. The temperature, the precipitation,
and the streamflow from the headwater of the Tarim River
exhibited a significant increase during the last 20 years. Lee
and Zhang [39] further developed the relationship between
NAOand drought disasters in northwesternChina. Statistical
results show that NAO and drought disaster were negatively
correlated, as positive modes of NAO caused northward-
displaced, stronger-than-average midlatitudeWesterlies with
an enhanced latitudinal water vapor gradient into the central
Asian drylands, resulting in reduced drought frequency and
intensity in northwestern China. Ling et al. [40] investigated
intra-annual runoff trends and periods in the headstream
areas of the Tarim River Basin by nonparametric tests and
wavelet analysis. The results showed that the runoff, air
temperature, and precipitation of the headstreams increased
remarkably during both high-flow and low-flow periods.

However, most of the previous work on a comprehensive
analysis of trends and variability using statistical test and
drought indices in precipitation series over Aksu River Basin
is still lacking. Thus, it is necessary to analyze the trend of
precipitation and characteristics of drought to explore the
causes and the formation mechanism of Aksu River Basin
drought, which is vital for drought forecast, defense, and
mitigation. The analysis of drought variability can improve
water resources management in the area.

The main goals of the study were to study variability of
precipitation on monthly, seasonal, and annual time scale
through applying the linear regression, Mann–Kendall, and
Spearman’s Rho methods to assess precipitation prediction
for the Aksu River Basin in China and to analyze the impact
of serial correlation in detecting trends and to investigate the
drought in study area from 1960 to 2010.

2. Materials and Methods

2.1. Study Area and Database. The Aksu River Basin (75∘35–
82∘00E; 40∘17–42∘27N) is located in the western part of
the middle southern slope of the Tianshan Mountains and
at the northwestern edge of the Tarim Basin. The total
area is 5.14 × 104 km2, of which the area of the region
in China is 3.1 × 104 km2. The basin is in the interior of
the Eurasian continent. Vast territory, diverse topography,
complex terrain, and typical regional climate variationsmade
up the characteristics of the northwest mountain climate.
It has lower temperatures, plentiful precipitation, and aged
snow in the high mountain zone, while the middle mountain
zone brings about changes in temperature clearly and is
the largest precipitation distribution area. The low mountain
zone suffers from drought, large temperature changes, and is
fairly well in heat conditions. Due to the Taklimakan Desert
in the south and the Tianshan Mountains in the north, the
cool air and vapor derived from Central Asia, Siberia, and
Arctic Ocean do not straightly enter into the southeastern
plain region, which causes typical temperate continental dry
climate regional characteristics such as minimal precipita-
tion, intense evaporation, adequate sunshine, and extreme
heat [41].

Daily precipitation, saturation vapor pressure, net radia-
tion, soil heat flux density, temperature, average 24 h wind
speed at 2m height, and vapor pressure data were collected
from 9 meteorological stations distributed in study area
(shown in Figure 1) for the period 1961–2010 and were
obtained from meteorological data shared in service system
of China (http://data.cma.gov.cn/). Seasons were defined as
follows: winter = December, January, and February; spring =
March, April, and May; summer = June, July, and August,
and autumn = September, October, and November. The
geographical location of the selected meteorological stations
is presented in Table 1.

The precipitation datasets were investigated for homo-
geneity and absence of trends. The autocorrelation analysis
was applied to the monthly precipitation time series of each
station. The precipitation data were quality controlled (QC)
from [42].

2.2. Rainfall Variability Index (RVI). RVI (𝛿) is calculated as
follows:

𝛿
𝑖
=

(𝑃
𝑖
− 𝜇)

𝜎

, (1)

where 𝛿
𝑖
= Rainfall Variability Index for year 𝑖, 𝑃

𝑖
= annual

rainfall for year 𝑖, and 𝜇 and 𝜎 are the mean annual rainfall
and standard deviation for the period of the year 1961–2010.
A drought year occurs if the 𝛿 is negative.

According to WMO [43], rainfall time series can be
classified into different climatic regimes:

extreme dry: 𝑃 < 𝜇 − 2 ⋅ 𝜎,

dry: 𝜇 − 2 ⋅ 𝜎 < 𝑃 < 𝜇 − 𝜎,

normal: 𝜇 − 𝜎 < 𝑃 < 𝜇 + 𝜎,

wet: 𝑃 > 𝜇 + 𝜎.

(2)
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Figure 1: Location map of the 9 synoptic stations in Aksu River
Basin of China.

Table 1: Location of the stations.

Site name Code Lat. (N) Long (E) Elev. (m)
Aksu 51628 41. 10 80. 14 1105
Aheqi 51711 40. 93 78. 45 1986
Alar 51730 40.55 81.27 1012
Baichen 51633 41.79 81.9 1229
Keping 51720 40.5 79.05 1162
Kuche 51644 41.72 82.97 1082
Turgat 51701 40. 31 75. 24 3507
Wuqia 51705 39.72 75.25 2176
Kashi 51709 39. 28 75. 59 1291

2.3. Aridity Index (AI). In this study, we employed Aridity
Index [44] to quantify the drought occurrence as a numerical
indicator of the degree of dryness of the climate at each
study location. According to the ratio of precipitation (𝑃) to
potential evapotranspiration (PET), regions were classified
from extremely arid to humid. PET was calculated using
the FAO Penman-Monteith method widely [45]. It can be
calculated as [46]

PET =

0.408 ⋅ Δ ⋅ (𝑅
𝑛
− 𝐺) + 𝛾 ⋅ (900/ (𝑇 + 273)) 𝑈

2
⋅ VPD

Δ + 𝛾 ⋅ (1 + 0.34 ⋅ 𝑈
2
)

,

(3)

where PET = potential evapotranspiration (mmday−1); Δ =
slope of the saturation vapor pressure function (kPa∘C−1);
𝑅
𝑛
= net radiation (MJm−2 day−1); 𝐺 = soil heat flux density

(MJm−2 day−1); 𝛾 = psychometric constant (kPa∘C−1); 𝑇 =

mean air temperature (∘C); 𝑈
2
= average 24-h wind speed at

2m height (ms−1); and VPD = vapor pressure deficit (kPa).
The locations were then classified as extremely arid

(𝑃/PET ≤ 0.05), arid (0.05 < 𝑃/PET ≤ 0.2), semiarid
(0.2 < 𝑃/PET ≤ 0.5), subhumid (0.5 < 𝑃/PET ≤ 0.65), or
humid (𝑃/PET > 0.65) [2, 47].

2.4. Drought Indices. Drought indices are themost indispens-
able elements for drought analysis and monitoring since they
enable identification and quantification of droughts. There
have been numerous drought indices such as Standardized
Precipitation Index (SPI), the Palmer Hydrological Drought
Index (PHDI), Standardized Precipitation Evapotranspira-
tion Index (SPEI), the Surface Water Supply Index (SWSI),
Palmer Drought Severity Index (PDSI), and the Standardized
Anomaly Index (SAI). The establishment of unique and
universally accepted drought indices does not exist, although
a number of drought indices have been proposed [13, 48, 49].

In this study, the SPI was applied, because of its good
characteristics in drought identification and prediction of
drought class transitions [8–10]. During the first decade of the
21st century, the Standardized Precipitation Index (SPI) was
widely used. And it is simple and considers only precipitation
data, which can be found nearly everywhere.

2.4.1. Standardized Precipitation Index. The Standardized
Precipitation Index (SPI) was proposed by McKee et al. [50,
51] to indicate the precipitation deficit at different time scales
(i.e., accumulated over given time spans). The SPI is a proba-
bility index that involves only precipitation.The probabilities
are standardized so that an index of zero indicates the mean
precipitation amount. The relative simplicity of the SPI is
one solid advantage of the index [52]. The main criticism to
the SPI is that its calculation is based solely on precipitation
data, not considering other variables that determine drought
conditions such as temperature, evapotranspiration, wind
speed, or the soil water holding capacity.

Calculating the SPI for a certain time period at any
places requires completed monthly data for the quantity of
precipitation, at least 30-annual sequence [53, 54].

SPI ismathematically based on the cumulative probability
of some precipitation recorded at the observation post.
Research has shown that precipitation is subject to the law
of gamma distribution [55–57]. One whole period of obser-
vation at one meteorological station is used to determine
the parameters of scaling and the forms of precipitation
probability density function:

𝑔 (𝑥) =

1

𝛽
𝛼

⋅ Γ (𝛼)

𝑥
𝛼−1

⋅ 𝑒
−𝑥/𝛽

, 𝑥 > 0, (4)

where 𝛼 = form parameter; 𝛽 = scale parameter; 𝑥 =
precipitation quantity; Γ(𝛼) = gamma function defined by the
following statement:

Γ (𝛼) = ∫

∞

0

𝑦
𝛼−1

𝑒
−𝑦

𝑑𝑦. (5)
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Parameters 𝛼 and 𝛽 are determined by the method of
maximum probability for a multiyear data sequence; that is,

𝛼pro =

1

4𝐴

(1 + √1 +

4𝐴

3

) ,

𝐴 = ln (𝑥sr) −
∑
𝑛

𝑖=1

ln (𝑥
𝑖
)

𝑛

,

𝛽pro =

𝑥sr
𝛼pro

,

(6)

where 𝑥sr is the mean value of precipitation quantity; 𝑛 is
the precipitation measurement number; 𝑥

𝑖
is the quantity of

precipitation in a sequence of data.
The acquired parameters are further applied to the deter-

mination of a cumulative probability of certain precipitation
for a specific time period in a time scale of all the recorded
precipitation.The cumulative probability can be presented as

𝐺 (𝑥) = ∫

𝑥

0

𝑔 (𝑥) 𝑑𝑥 =

1

𝛽

𝑥pro
pro Γ (𝛼pro)

∫

𝑥

0

𝑥
𝛼pro−1

𝑒
−𝑥/𝛽pro

𝑑𝑥.

(7)

Because the gamma function has not been defined for 𝑥 =
0 and the precipitation may be up to zero, the cumulative
probability becomes

𝐻(𝑥) = 𝑞 + (1 − 𝑞)𝐺 (𝑥) , (8)

where 𝑞 is the probability that the quantity of precipitation
equals zero, which is calculated using the following equation:

𝑞 =

𝑚

𝑛

, (9)

where 𝑚 is the number which represented how many times
the precipitation was zero in a temporal sequence of data and
𝑛 is the precipitation observation number in a sequence of
data.

The calculation of the SPI is presented on the basis of the
following equation [58–60]:

SPI =

{
{
{
{
{

{
{
{
{
{

{

−(𝑡 −

𝑐
0
+ 𝑐
1
𝑡 + 𝑐
2
𝑡
2

1 + 𝑑
1
𝑡 + 𝑑
2
𝑡
2

+ 𝑑
3
𝑡
3

) , 0 < 𝐻 (𝑥) ≤ 0.5,

+(𝑡 −

𝑐
0
+ 𝑐
1
𝑡 + 𝑐
2
𝑡
2

1 + 𝑑
1
𝑡 + 𝑑
2
𝑡
2

+ 𝑑
3
𝑡
3

) , 0.5 < 𝐻 (𝑥) ≤ 1.0,

(10)

where 𝑡 is determined as

𝑡 =

{
{
{
{
{

{
{
{
{
{

{

√ln 1

(𝐻 (𝑥))
2

, 0 < 𝐻 (𝑥) ≤ 0.5,

√ln 1

(1 − 𝐻 (𝑥))
2

, 0.5 < 𝐻 (𝑥) ≤ 1.0.

(11)

And 𝑐
0
, 𝑐
1
, 𝑐
2
, 𝑑
1
, 𝑑
2
, and 𝑑

3
are coefficients whose values

are [58–60]
𝑐
0
= 2.515517, 𝑐

1
= 0.802853, 𝑐

2
= 0.010328,

𝑑
1
= 1.432788, 𝑑

2
= 0.189269, 𝑑

3
= 0.001308.

(12)

Table 2: Drought classification of SPI.

Drought class SPI value
Nondrought SPI ≥ 0
Near normal −1 < SPI < 0
Moderate −1.5 < SPI ≤ −1
Severe/extreme SPI ≤ −1.5

The drought classification of SPI is presented in Table 2
that grouped the severe and extremely severe drought classes
formodeling aims since transitions referring to the extremely
severe droughts are much less frequent than those for other
classes [9]. The SPI on shorter time scales (e.g., 3 and
6 months) describes drought events affecting agricultural
practices. In this study, the SPI at 12-month time scale was
selected and analyzed because it is more suitable for water
resourcesmanagement purposes in a certain region andmore
appropriate for identifying the persistence of dry periods
[8, 10, 13, 61, 62].

According to the criteria of McKee et al. [50, 51],
severe and extreme droughts corresponding to the categories,
respectively, are as shown in Table 2.

2.5. Statistical Methods. Many statistical techniques (para-
metric or nonparametric) have been developed to detect
trends within time series such as linear regression, Spear-
man’s Rho test, Mann–Kendall test, Sen’s slope estimator,
and Bayesian procedure [63–68]. In this study, the Mann–
Kendall and Spearman’s Rho tests were used to analyze the
precipitation trends, while the linear regression was used to
calculate magnitude of trends.

2.5.1. Mann–Kendall Trend Test. The Mann–Kendall test
statistic 𝑆 [69, 70] is calculated as

𝑆 =

𝑛−1

∑

𝑖=1

𝑛

∑

𝑗=𝑖+1

sgn (𝑥
𝑗
− 𝑥
𝑖
) , (13)

where 𝑛 is the number of data points, 𝑥
𝑖
and 𝑥

𝑗
are the data

values in time series 𝑖 and 𝑗 (𝑗 > 𝑖), respectively, and sgn(𝑥
𝑗
−

𝑥
𝑖
) is the sign function determined as

sgn (𝑥
𝑗
− 𝑥
𝑖
) =

{
{
{
{

{
{
{
{

{

+1, if 𝑥
𝑗
− 𝑥
𝑖
> 0,

0, if 𝑥
𝑗
− 𝑥
𝑖
= 0,

−1, if 𝑥
𝑗
− 𝑥
𝑖
< 0.

(14)

In cases where the sample size 𝑛 > 10, the mean and
variance are given by

𝜇 (𝑆) = 0,

𝜎
2

(𝑆) =

𝑛 (𝑛 − 1) (2𝑛 + 5) − ∑
𝑚

𝑖=1

𝑡
𝑖
(𝑡
𝑖
− 1) (2𝑡

𝑖
+ 5)

18

,

(15)

where 𝑚 is the number of tied groups and 𝑡
𝑖
denotes the

number of ties of extent 𝑖. A tied group is a set of sample data
having the same value.
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In the absence of ties between the observations, the
variance is computed as

𝜎
2

(𝑆) =

𝑛 (𝑛 − 1) (2𝑛 + 5)

18

. (16)

The standard normal test statistic 𝑍
𝑆
is computed as

𝑍
𝑆
=

{
{
{
{
{
{

{
{
{
{
{
{

{

𝑆 − 1

√𝜎
2

(𝑆)

, if 𝑆 > 0,

0, if 𝑆 = 0,

𝑆 + 1

√𝜎
2

(𝑆)

, if 𝑆 < 0.

(17)

Positive values of 𝑍
𝑆
indicate increasing trends while the

negative 𝑍
𝑆
shows decreasing trends.

Testing of trends is done at a specific 𝛼 significance level.
In this study, the significance level of 𝛼 = 0.05 was used. At
the 5% significance level, the null hypothesis of no trend is
rejected if |𝑍

𝑆
| > 1.96.

2.5.2. Spearman’s Rho Test. Spearman’s Rho test is nonpara-
metric method commonly used to verify the absence of
trends. Its statistic 𝐷 and the standardized test statistic 𝑍

𝐷

are expressed as follows [71, 72]:

𝐷 = 1 −

6∑
𝑛

𝑖=1

(𝑅 (𝑋
𝑖
) − 𝑖)
2

𝑛 (𝑛
2

− 1)

,

𝑍
𝐷
= 𝐷√

𝑛 − 2

1 − 𝐷
2

,

(18)

where 𝑅(𝑋
𝑖
) is the rank of 𝑖th observation 𝑋

𝑗
in the time

series and 𝑛 is the length of the time series.
Positive values of 𝑍

𝐷
indicate increasing trends while

negative 𝑍
𝐷
show decreasing trends. At the 5% significance

level, the null hypothesis of no trend is rejected if |𝑍
𝐷
| > 2.08.

2.5.3. Serial Autocorrelation Test. To remove serial correla-
tion from the series, von Storch andNavarra [73] suggested to
prewhiten the series before applying the Mann–Kendall and
Spearman’s Rho tests. The lag-1 serial correlation coefficient
of sample data 𝑥

𝑖
(designated by 𝑟

1
) is computed as [74, 75]

𝑟
1
=

(1/ (𝑛 − 1))∑
𝑛−1

𝑖=1

(𝑥
𝑖
− 𝜇 (𝑥

𝑖
)) ⋅ (𝑥

𝑖+1
− 𝜇 (𝑥

𝑖
))

(1/𝑛)∑
𝑛

𝑖=1

(𝑥
𝑖
− 𝜇 (𝑥

𝑖
))
2

,

𝜇 (𝑥
𝑖
) =

1

𝑛

𝑛

∑

𝑖=1

𝑥
𝑖
,

(19)

where 𝜇(𝑥
𝑖
) is the mean of sample data and 𝑛 is the sample

size.
For the two-sided test, Unkašević and Tošić [68] recom-

mended that the 0.05 significance level for 𝑟
1
can be computed

by

𝑟
1
(0.05) =

−1 ± 1.96√𝑛 − 2

𝑛 − 1

, (20)

where 𝑛 is the sample size.

3. Results and Discussion

3.1. Summary of Statistical Parameters. Statistical parameters
of monthly precipitation time series at 9 synoptic stations
during the period 1960–2010 are summarized in Table 3.
The minimal monthly precipitation is 0mm for all stations.
The mean monthly precipitation is ranged from 4.076mm
to 20.554mm. Moreover, it is obvious that 3 mountainous
synoptic stations in the northwest (Aheqi, Turgat, andWuqia)
had the highest mean monthly precipitation.

The highest kurtosis of the precipitation values was
observed at Aksu station with 16.699, while the lowest
kurtosis of 2.682 was found at Turgat. This phenomenon
indicated that themonthly precipitation in Turgat is relatively
homogeneous. But it is converse in Aksu.

Time series of annual precipitation at the 9 synoptic
stations are shown in Figure 2. The results indicated that
the annual precipitation had a certain degree of variance
during the observed period. In Aksu, Alar, Kuche, and
Kashi, the annual precipitation is relatively low and basic by
about 50mm. However, the annual precipitation in Aheqi,
Wuqia, and Turgat, is above 200mm. In addition, the annual
precipitation in Baicheng, Kuche, and Keping has obvious
upward trend during the observed period.These results show
that the precipitation in upstream of Aksu basin is larger than
that in downstream.

3.2. Aridity Index. The estimatedUNEPAridity Index for the
9 synoptic stations is given in Table 4. The FAO-56 Penman–
Monteith equation as a part of the model based on service-
oriented paradigm [76, 77] is used for estimating PET. The
results indicated that the Aridity Index ranged from 0.048 at
the Alar station to 0.397 at the Turgat station.TheAlar station
is extremely arid and the Aheqi station and the Turgat station
are semiarid, while all other stations are arid.The upper limit
for extremely arid climate is 0.05, but Alar had a slightly lower
value.TheAlar station is extremely arid because of the highest
PET, minimum of the annual precipitation, and the highest
value of the temperature difference.

3.3. Rainfall Variability. Annual rainfall variability indices
for the observed synoptic stations are shown in Figure 3,
while the percentage distribution of dry, normal, and wet
years during the period 1960–2010 is given in Figure 4. It is
obvious that there was no extremely dry year for all stations.
Although, considering both time series of precipitation and
annual rainfall variability indices for the 9 synoptic stations,
there were two main periods which were characterized by
long and severe droughts, namely, 1978-1979 and 1983–1986.

During the first period, the drought years were approx-
imately 55% of the total years. The second period is char-
acterized by approximately 47% of the drought years. In
addition, it should be noticed that there were 4 dry years,
1961, 1975, 1985, and 2007.These four years were characterized
by approximately 89% negative values of the annual rainfall
variability index.

3.4. Analysis of Precipitation. The serial correlation coeffi-
cient can improve the verification of the independence of
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Table 3: Statistical parameters of monthly precipitation time series at 9 synoptic stations during the period 1960–2010.

Station name Min (mm) Max (mm) Mean (mm) Standard deviation (mm) CV (%) Skewness Kurtosis
Aksu 0 92.2 6.162 10.148 164.672 3.343 16.699
Aheqi 0 145.2 17.920 23.597 131.676 1.983 4.520
Alar 0 50.9 4.076 7.546 185.139 2.737 8.473
Baicheng 0 76.8 9.920 12.367 124.664 2.115 5.874
Keping 0 81.2 8.029 13.348 166.253 2.553 7.537
Kuche 0 65.3 5.818 8.832 151.812 2.499 7.620
Turgat 0 122.1 20.554 21.380 104.015 1.615 2.682
Wuqia 0 121.6 15.009 18.471 123.071 1.878 4.080
Kashi 0 78.5 5.615 9.561 170.283 3.099 12.861
Note: cv-coefficient of variation.

Table 4: Aridity Index, annual precipitation, and reference evapotranspiration estimated using FAO-56 Penman–Monteith equation.

Station name Precipitation (mm/year) PET (mm/year) Aridity index Climate
Aksu 73.947 972.22 0.076 Arid
Aheqi 215.045 985.51 0.218 Semiarid
Alar 48.910 1023.91 0.048 Extreme arid
Baicheng 119.041 832.52 0.143 Arid
Keping 96.343 1102.73 0.087 Arid
Kuche 69.812 1164.73 0.060 Arid
Turgat 246.653 621.34 0.397 Semiarid
Wuqia 180.106 1082.91 0.166 Arid
Kashi 67.380 1125.91 0.060 Arid
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Figure 2: Annual precipitation time series at the 9 synoptic stations.
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Figure 4: Distribution in percentage of dry, normal, and wet years
for the 9 synoptic stations during the period 1960–2010.

precipitation time series. If the time series are completely
random, the autocorrelation function will be zero for all lags
other than zero. In this study, to accept the hypothesis 𝐻

0
:

𝑟
1
= 0 (that there is no correlation between two consecutive

observations and there is no persistence in the time series),
the value of 𝑟

1
should fall between −0.2544 and 0.2544.

Autocorrelation plot for the annual precipitation at the
9 synoptic stations is presented in Figure 5. As shown, the
precipitation had both positive and negative serial correla-
tions. The highest and at the same time the significant serial
correlation of 0.260 was obtained at the Baicheng station,
while the lowest serial correlation of −0.104 was detected at
the Wuqia station.

Lag-1 serial correlation coefficients for seasonal precipi-
tation data at the observed stations during the period 1960–
2010 are presented in Table 5. As shown, a positive serial
correlation was found in the spring, summer, autumn, and
winter series at 77.8%, 88.9%, 66.7%, and 77.8%of the stations,
respectively. The significant serial correlation was detected
in the autumn at Aheqi station. Trends of precipitation are
considered statistically at the 5% significance level using the
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Figure 5: Lag-1 serial correlation coefficient for the precipitation at
the synoptic stations.

Table 5: Lag-1 serial correlation coefficients for seasonal precipita-
tion data.

Station name Spring Summer Autumn Winter
Aksu 0.102 0.105 −0.042 0.181
Aheqi 0.199 0.009 0.395 0.102
Alar −0.006 0.147 −0.108 −0.078
Baicheng 0.192 0.160 0.140 0.187
Keping 0.059 0.167 0.014 0.113
Kuche 0.106 0.035 −0.077 0.077
Turgat 0.028 0.019 0.090 0.163
Wuqia −0.020 0.100 0.131 −0.068
Kashi 0.054 −0.050 0.090 0.019

Mann–Kendall test and the Spearman’s Rho test. When a
significant trend is identified by two statistical methods, the
trend is presented in bold character in Table 6.

The results of the statistical tests for the monthly precip-
itation series during the period 1960–2010 are summarized
in Table 6. As shown, the precipitation in Baicheng station
had the significant increasing trend in June and September.
The significant increasing trend was also detected at the
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Figure 6: Variations of monthly precipitation in stations with the significant trends during the study period.

Kuche station in January, June, and December. There was
no decreasing trend. Besides, A statistically significant trend
𝑍
𝑆
= 2.380 was detected in September at the Aheqi station

before eliminating the effect of serial correlation. After
removing lag-1 serial correlation effect, an insignificant trend
of 𝑍
𝑆
= 1.673 was obtained. Furthermore, an insignificant

trend 𝑍
𝐷

= 1.633 was detected in January at the Kuche
station before eliminating the effect of serial correlation. After
removing lag-1 serial correlation effect a significant trend of
𝑍
𝑆
= 2.893 was obtained.
Seasonal and annual trends of precipitation obtained

by statistical methods are given in Table 7. According to
these results, the increasing trends in annual precipitation
series were detected at Aheqi, Baicheng, Keping, and Kuche,
while there is no significant trend for other stations which
is consistent with our analysis in Section 3.1. On annual
level, precipitation quantities are increasing, with the highest
increase in winter.

For the seasonal scale, there were increasing trends
in summer and winter precipitation series. The decreasing
precipitation trendwas found in the spring and autumn series
at 33% and 11% of the stations, respectively. Besides, the
significant increasing trends were found at Aheqi and Kashi
in autumn and at Alar and Kuche in winter. Furthermore,
the significant increasing trends were detected at Baicheng
in summer, autumn, and winter. The precipitation of Keping
also had increasing trends in summer and autumn.

3.5. Analysis of SPI-12. Time series of SPI-12 at the 9 synoptic
stations during the period 1960–2010 are shown in Figure 7.
Characteristics of drought at 12-month time scale are shown
in Table 8. It should be observed that themost severe drought
of Aheqi and Alar was 1975, while that of Keping and Wuqia
occurred in 1985. Besides, the most severe drought year was
1976 at Bacheng station and 1986 at Aksu station. The Wuqia
station had the lowest SPI-12 with −2.5986 in 1985. The
number of drought years during the observed period at the
stations is presented in Table 8. According to the results, the
total drought years ranged between 14 (at Wuqia and Kashi
station) and 19 (at Alar station). Almost 32.2% of the observed
years were drought years at all the 9 stations.

Lag-1 serial correlation coefficient for the SPI-12 at the
observed synoptic stations is illustrated in Figure 8. The
highest and at the same time the significant positive serial
correlation coefficient of 0.2676 was detected at the Aksu
station. On the other hand, negative values were observed at
the Turgat, Wuqia, and Kashi stations.

The results of the Mann–Kendall and Spearman’s Rho
tests for the SPI-12 series are presented in Figure 9. It can
be noted that all stations have the increasing trend. The
significant trends were detected at Aheqi, Baicheng, Keping,
and Kuche stations.

Although a significantly increasing trend was detected
in the SPI-12 series of all the observed stations, it can be
determined that the western regions of Aksu River Basin have
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Figure 7: Time series of SPI-12 at the 9 synoptic stations.

become much drier than the other parts during the period
1960–2010. This had significant impact on agriculture and
water supply.

4. Conclusions

Based on the analysis of the variation of precipitation and
drought indices and correlation in the multisites in this study
area during 1960–2010, the following conclusions can be
drawn from this study.

Precipitation trends and drought behavior at monthly,
seasonal, and annual time scale in Aksu River Basin between
1960 and 2010 were investigated, respectively. In order to
achieve this, monthly, seasonal, and annual precipitation
data from 9 Serbian synoptic stations were analyzed using
the Mann–Kendall test and the Spearman’s Rho test after
eliminating the effect of significant lag-1 serial correlation
from the time series. Besides, aridity and annual rainfall
variability indices were estimated.

According to these results, two main annual drought
periods were detected (1978-1979 and 1983–1986), while the
dry year was 1975 and 1985 at almost all of the stations.
The monthly analysis of precipitation series suggests that all
stations had increasing trend in July, October, andDecember,
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Figure 8: Lag-1 serial correlation coefficient for the SPI-12 at the 9
synoptic stations.

while both increasing and decreasing trends were found in
other months. At the seasonal scale, there were increas-
ing trends in summer and winter precipitation series. The
decreasing precipitation trend was found in the spring and
autumn series at 33% and 11% of the stations, respectively.
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Table 6: Results of the statistical tests for the monthly precipitation during the period 1960–2010.

Station Test Month
January February March April May June July August September October November December

Aksu
𝑍
𝑆

0.233 0.760 0.411 −0.579 0.276 1.755 0.796 −0.926 1.365 0.976 0.000 1.588
𝑍
𝐷

0.410 0.884 0.586 −0.279 0.232 2.014 0.793 −0.890 1.318 1.203 0.789 2.060
𝑏 0.023 0.060 0.058 0.016 0.011 0.184 0.036 −0.075 0.138 0.122 −0.008 0.038

Aheqi
𝑍
𝑆

0.139 0.383 0.789 0.545 0.016 −0.244 1.576 0.390 1.673 2.795* 0.798 1.088
𝑍
𝐷

0.159 0.319 0.816 0.615 0.026 −0.146 1.766 0.524 1.729 3.249* 1.020 1.250
𝑏 0.014 0.019 0.129 0.019 0.058 −0.054 0.513 0.236 0.877 0.227 −0.001 0.024

Alar
𝑍
𝑆

1.454 1.175 −0.102 −0.171 0.073 1.276 1.186 −0.016 −0.552 0.026 0.603 1.523
𝑍
𝐷

1.964 2.166* 0.658 0.494 −0.025 1.439 1.309 0.021 −0.399 0.521 2.088* 2.747*

𝑏 0.025 0.028 0.023 −0.014 −0.050 0.078 0.106 0.069 −0.067 0.013 −0.003 0.027

Baicheng
𝑍
𝑆

1.206 1.007 0.253 0.262 1.089 2.193* 1.901 1.324 2.161* 1.322 0.886 1.605
𝑍
𝐷

1.394 0.786 0.247 0.339 1.155 2.477* 1.926 1.175 2.207* 1.339 1.313 1.783
𝑏 0.042 0.083 0.037 −0.025 0.077 0.268 0.234 0.122 0.228 0.231 0.089 0.042

Keping
𝑍
𝑆

0.311 1.171 1.308 −0.198 −0.073 0.918 1.706 1.405 2.278* 1.363 −0.249 0.937
𝑍
𝐷

0.525 1.064 1.665 −0.185 −0.026 0.999 1.849 1.485 2.447* 1.726 1.112 1.482
𝑏 0.045 0.037 0.102 0.009 −0.014 0.112 0.273 0.367 0.284 0.079 −0.012 0.031

Kuche
𝑍
𝑆

2.633* 0.919 −0.694 0.679 0.699 2.437* 0.999 1.357 0.553 0.513 1.896 2.533*

𝑍
𝐷

2.893* 1.024 −0.541 0.773 0.808 2.747* 1.057 1.279 0.476 0.651 2.626* 3.113*

𝑏 0.048 0.052 −0.036 0.023 0.106 0.207 0.061 0.063 0.019 0.013 −0.010 0.039

Turgat
𝑍
𝑆

0.033 −0.455 0.723 0.227 −0.382 1.527 0.796 0.398 −0.106 2.713* 0.122 2.211*

𝑍
𝐷

−0.046 −0.428 0.619 0.254 −0.387 1.498 0.794 0.392 −0.066 2.810* 0.190 2.307*

𝑏 −0.003 −0.018 0.019 0.091 −0.058 0.285 0.164 0.130 0.023 0.253 −0.006 0.093

Wuqia
𝑍
𝑆

0.708 −1.122 −0.228 −0.041 0.195 1.600 1.787 −0.024 0.699 2.847* −0.016 1.027
𝑍
𝐷

0.699 −1.394 −0.375 −0.097 0.007 1.822 2.194* −0.008 0.677 2.983* −0.151 1.176
𝑏 0.032 −0.039 −0.048 0.011 −0.092 0.465 0.407 −0.076 0.141 0.239 −0.015 0.029

Kashi
𝑍
𝑆

0.507 −0.638 1.455 −0.156 0.602 0.999 1.406 0.268 1.223 3.249* 0.365 1.035
𝑍
𝐷

0.685 −0.387 1.758 −0.164 0.401 1.146 1.327 0.199 1.294 3.908* 1.071 1.430
𝑏 0.048 −0.015 0.106 −0.058 −0.115 0.096 0.111 −0.025 0.104 0.170 0.024 0.020

𝑍
𝑆
: Mann–Kendall test, 𝑍

𝐷
: Spearman’s Rho test, and 𝑏: slope of linear regression.

Bold characters represent trends identified by 2 statistical methods together.
*Statistically significant trends at the 5% significance level.
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Figure 9: Mann–Kendall test (𝑍
𝑆

) and Spearman’s Rho test (𝑍
𝐷

) for the SPI-12 series.
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Table 7: Results of the statistical tests for seasonal and annual precipitation during the period 1960–2010.

Station Test Season
Spring Summer Autumn Winter Annual

Aksu
𝑍
𝑆

0.341 0.780 1.673 1.154 1.495
𝑍
𝐷

0.295 0.952 1.696 1.264 1.690
𝑏 0.084 0.145 0.253 0.125 0.603

Aheqi
𝑍
𝑆

0.309 1.056 2.209* 0.739 2.819*

𝑍
𝐷

0.434 1.106 2.338* 0.529 3.026*

𝑏 0.206 0.695 1.103 0.055 2.062

Alar
𝑍
𝑆

−0.520 1.592 −0.390 1.947 1.129
𝑍
𝐷

−0.567 1.793 −0.325 2.152* 1.159
𝑏 −0.041 0.253 −0.057 0.083 0.235

Baicheng
𝑍
𝑆

0.390 2.713* 2.266* 2.112* 2.193*

𝑍
𝐷

0.392 3.029* 2.444* 2.214* 2.620*

𝑏 0.089 0.624 0.548 0.166 1.427

Keping
𝑍
𝑆

0.244 2.372* 2.429* 1.357 2.875*

𝑍
𝐷

0.404 2.567* 2.552* 1.483 3.300*

𝑏 0.097 0.752 0.351 0.113 1.313

Kuche
𝑍
𝑆

0.430 1.852 0.423 2.145* 2.494*

𝑍
𝐷

0.416 2.050* 0.263 2.274* 2.743*

𝑏 0.093 0.331 0.023 0.141 0.585

Turgat
𝑍
𝑆

0.195 1.503 1.194 1.803 1.527
𝑍
𝐷

0.283 1.379 1.225 1.874 1.667
𝑏 0.052 0.579 0.270 0.099 0.973

Wuqia
𝑍
𝑆

−0.260 1.462 1.698 0.065 1.251
𝑍
𝐷

−0.342 1.599 1.579 0.062 1.281
𝑏 −0.129 0.796 0.365 0.014 1.054

Kashi
𝑍
𝑆

−0.195 1.121 2.527* 0.390 1.129
𝑍
𝐷

−0.223 1.150 2.547* 0.499 1.055
𝑏 −0.067 0.182 0.297 0.041 0.466

𝑍
𝑆
: Mann–Kendall test, 𝑍

𝐷
: Spearman’s Rho test, and 𝑏: slope of linear regression.

Bold characters represent trends identified by 2 statistical methods together.
*Statistically significant trends at the 5% significance level.

Table 8: Characteristics of droughts at 12-month time scale.

Station The most severe drought Number of drought years during the observed period
SPI Year Near normal Moderate Severe/extreme Total

Aksu −2.2748 1986 7 7 3 17
Aheqi −2.1138 1975 10 6 2 18
Alar −2.2262 1975 11 6 2 19
Keping −2.5112 1985 8 5 3 16
Baicheng −1.9470 1961 5 6 4 15
Kuche −1.8056 1965 8 6 4 18
Turgat −2.1432 1976 7 5 5 17
Wuqia −2.5986 1985 3 8 3 14
Kashi −1.9757 1994 6 3 5 14

For the SPI-12, all stations have the increasing trend. The
significant trends were detected at Aheqi, Baicheng, Keping,
and Kuche stations (As shown in Figure 6). Based on the
analysis of trends of precipitation and drought behavior,
precipitation in Aksu River Basin had an increasing trend.

And drought condition, including drought severity and
drought duration, became better. The analyzed results of
precipitation and SPI-12 series can be helpful for basin-
scale water resources management, agricultural produc-
tion. Further research in analyzing the spatial variation of
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precipitation trends and the relationship with the climate
change projection is recommended. Moreover, the future
work will be oriented into developing an information system
for monitoring and early drought warning.
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