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Severe weather with heavy precipitation could bring unexpected hydrometeorological hazards, such as flash floods
and landslides, which might become disasters and cause significant injuries, deaths, infrastructure damage, transportation paralysis, and/or many other problems. These natural
hazards occur all over the world, although their frequency
and intensity are quite different from region to region.
Therefore, it is critically important to accurately monitor and
estimate the heavy precipitation so that the occurrence and
intensity of associated hydrometeorological hazards can be
well identified, detected, and forecasted. Currently, the most
powerful technique to monitor and study the severe weather
is remote sensing (e.g., radar). Associated observations on the
ground are necessary for calibrating remote sensing products, providing accurate and high-resolution precipitation
estimates, improving the accuracy flash flood forecasting, and
enhancing the understanding of causation and geophysical
processes of these natural hazards.
Many regions in the world experience severe thunderstorms and violent tornadoes every year. In the United States
(US), there are 58 tornadoes that occurred in Oklahoma only
on May 03, 1999, and 45 people died and more than 600
got injured [1]. Throughout the severe weather events, the
US emergency managers (EMs) use a variety of information
sources, particularly radar products [2, 3], and the radar
algorithms, attempting to detect, classify, and track the presence of severe thunderstorm cells, mesocyclone circulations,
tornadic vortex signatures, downbursts/microbursts, and

hail, among others. The severe weather detection algorithms
are based on radar observations and developed suites of
severe weather and aviation products [3]. The severe weather
detection algorithms have evolved over years, even though
the designs between the algorithms and the configurations
are different. Severe weather usually comes with heavy
precipitation and causes flash floods or landslides. Zhang et
al. (2016) [4] developed the Multiradar Multisensor (MRMS)
system to generate a suite of quantitative precipitation estimation (QPE) product with very high spatial (1 km) and
temporal (2 min) resolutions. The generated QPE products
are used to improve the tools for flash flood monitoring and
prediction across the US [5–7]. This special issue includes
selected articles that report recent investigations/advances
in Severe Weather Precipitation Detection, Estimation, and
Forecast through observational and numerical approaches.
Tropical rainfall generally has high-efficiency precipitation and may cause heavy precipitation in a short time.
However, it cannot be directly reflected in the reflectivity
field because the raindrop size is relatively small. L. Yang
et al. proposed one algorithm for improving the radarderived QPE based on the vertical profile of reflectivity
(VPR). Upon identifying a tropical VPR, the rainfall is
classified as either tropical-stratiform or tropical-convective
rainfall by a fuzzy logic (FL) algorithm. The results show
that the rainfall rates match closely the gauge observations. Y.
Huang et al. developed one classification system and flagged
the precipitation types into five categories with radar and
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satellite data, which finally improved the accuracy of radar
QPE.
Satellite-based precipitation products are expected to
offer an alternate to ground-based rainfall estimates in the
present and the foreseeable future. Z. Zhang et al. evaluated
the performance of TRMM 3B42 precipitation products in
the Yangtze River basin for the period of 2003∼2010 and
suggested that more attention should be paid to the influence
of complex climate and topography. In northeastern France
on Nov 03-04 2014, a 24-hour heavy rainfall event occurred.
B. Pauthier et al. evaluated the accuracy of radar QPE at
both mesoscale and local scales with two sets of rain gauge
observations and suggested that the merged products could
be invaluable for applications at very high resolution. With
the development of high-performance computer systems
and data assimilation techniques, storm-scale numerical
weather prediction (NWP) models are gradually used for
short-term deterministic forecasts. G. Wang et al. evaluated
and corrected the precipitation forecasts of a storm-scale
NWP model called the advanced regional prediction system
(ARPS).
In July 2008, five people were killed by a tragic flash
flood caused by a local torrential heavy rainfall in a short
time in Toga River. E. Nakakita et al. analyzed this event
and verified that the first radar echo aloft could be a
practical and important sign for early warning of flash
flood. Development of meteorological-hydrologic coupled
flood forecasting model and early warning model based on
the TIGGE precipitation ensemble forecast can provide the
flood probability forecast, extend the lead time of flood
forecast, and gain more time for decision-makers to make the
right decision. In this study, precipitation ensemble forecast
products from ECMWF, NCEP, and CMA were used to derive
distributed hydrologic model TOPX. J. Ye et al. developed
one flood forecast and early warning system for Yi River
catchment.
Aerosol properties are closely related to cloud generation
and severe weather precipitation. Y. Qiu et al. extracted
the cloud and aerosol profiles properties with The CloudSat/CALIPSO data. They found that the mean value of
cloud occurrence probability (COP) was the highest in the
mixed cloud layer (−40∘ C∼0∘ C) and the lowest in the warm
cloud layer (>0∘ C). The atmospheric humidity was more
statistically relevant to COP in the warm cloud layer than
aerosol condition. The differences in COP between the two
regions in the mixed cloud layer and ice cloud layer (< −40∘ C)
had good correlations with those in the aerosol extinction
coefficient. A radar reflectivity factor greater than −10 dBZ
occurred mainly in warm cloud layers and mixed cloud
layers.
There is no doubt that there are much more studies representing recent advances and research directions in Severe
Weather Precipitation Detection, Estimation, and Forecast.
However, the papers collected in this special issue cover a
wide range of research topics and shed light on some of recent
progress and ideas in the field. It will serve as valuable asset for
the scientists and engineers in hydrometeorology and related
fields.
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We discuss two different integration methods for radar-based quantitative precipitation estimation (QPE): the echo intensity
integral and the rain intensity integral. Theoretical analyses and simulations were used to test differences between these two
methods. Cumulative rainfall calculated by the echo intensity integral is usually greater than that from rain intensity integral.
The difference of calculated precipitation using these two methods is generally smaller for stable precipitation systems and larger
for unstable precipitation systems. If the echo intensity signal is sinusoidal, the discrepancy between the two methods is most
significant. For stratiform and convective precipitation, the normalized error ranges from −0.138 to −0.15 and from −0.11 to −0.122,
respectively. If the echo intensity signal is linear, the normalized error ranges from 0 to −0.13 and from 0 to −0.11, respectively. If the
echo intensity signal is exponential, the normalized error ranges from 0 to −0.35 and from 0 to −0.30, respectively. When both the
integration scheme and real radar data were used to estimate cumulative precipitation for one day, their spatial distributions were
similar.

1. Introduction
Weather radar is an effective tool for precipitation estimation and it can provide useful regional flood forecasts. In
many studies, weather radar has been used for quantitative
precipitation estimates [1–3] and also to develop monitoring
techniques [4–7] and integrated applications of multiple
estimation methods that are combined with rain gauge data
[8, 9].
Radar was first used for quantitative precipitation estimation in the late 1940s. Mershall et al. [10] introduced a
formula for calculating rainfall intensity (𝐼) from the radar
reflectivity factor (𝑍) termed the 𝑍-𝐼 model. Byers and
Braham [11] found a strong correlation between the volume
of a convective storm and the amount of precipitation. For the
radar echo beyond a threshold, the average rainfall intensity
is closely related to the radar echo. Several methods for
estimating precipitation were introduced later, including the

Brandes objective analysis method [12], regional calibration
method [13], the Vertical Profiles of Reflectivity (VPR)
method [14], and the Mean Vertical Profiles of Reflectivity
(MVPR) method [15].
Precipitation estimation has been improved using new
methods such as a combination of satellite-based precipitation products [16–19], merging radar and satellite precipitation [20], machine learning [18, 21], the fusion of multiple
radar-based precipitation products method [22], probabilistic quantitative precipitation estimation (PQPE) [23, 24], and
the Climatological Vertical Profiles of Reflectivity Identification and Enhancement (CVPR-IE) method [25]. On the basis
of Meteosat Second Generation (MSG) and Tropical Rainfall
Measuring Mission (TRMM) data, Ouallouche and Ameur
[18] used an artificial neural network (ANN) for modelling
and presented a new method to delineate rain areas in
Algeria. Their approach worked well and overcame the shortcomings of the scattering index (SI) method. Lee et al. [20]
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proposed a method based on the optimal weights needed
to fill the radar gap using surrounding radar estimated
precipitation and observations from the COMS satellite. This
method was tested for major precipitation events during
the summer of 2011 with assumed radar gap areas. The
results suggested that successful merging appears to be
closely related to the quality of the satellite precipitation
estimates. Rafieeinasab et al. [22] evaluated four procedures
for fusing QPEs of different resolutions based on Fisher
estimation and its conditional bias-penalized variant. They
searched for a fusion algorithm that can be implemented
as a postprocessor to the QPE operation in which multiple
gridded QPE products are processed. Their approach was
successful in improving the accuracy of high-resolution QPE.
Kirstetter et al. [24] used WSR-88D radar data and rain
gauge observations to develop a model that quantitatively
describes the relationship between radar reflectivity and
observed precipitation. They calculated the probability distributions of precipitation rates instead of the deterministic
values. This approach reduced the uncertainty structure of
radar quantitative precipitation estimation (QPE) at very fine
spatiotemporal scales. Based on VPR-IE (vertical profile of
reflectivity identification and enhancement) method, Wen et
al. [25] obtained climatological VPRs for different seasons,
rain types, and rain intensities from 11 years of Tropical
Rainfall Measuring Mission (TRMM) Precipitation Radar
(PR) data. When these climatological VPRs are used, the
TRMM PR products are integrated into the ground-based
rainfall estimation system in real time and the precipitation
estimate can be significantly improved.
The 𝑍-𝐼 relation [26–28] remains one of the most
widely used methods for quantitative precipitation estimation. According to the 𝑍-𝐼 relation formula, two different
integration orders can be adopted to calculate cumulative
precipitation. However, due to the nonlinear relationship
between the variables, the results from two different integration orders are different. One approach is to first carry out
the rainfall intensity conversion through the 𝑍-𝐼 relationship,
then the rainfall intensity is integrated to obtain the total rainfall (termed the rainfall intensity integral). This is the most
widely used method for quantitative precipitation estimation
using the 𝑍 to 𝐼 conversion [26–28]. Another approach is
to first obtain the distribution of the radar reflectivity factor,
integrate the radar reflectivity factor, and finally convert the
integral radar reflectivity factor to the precipitation intensity
(termed the echo intensity integral). Based on theoretical
analysis and simulation studies, we discuss the differences as
well as the advantages and disadvantages of each method.
The results will help improve the accuracy of precipitation
estimation.

2. Fundamental Principles
The scattering of radar electromagnetic waves by precipitation particles is the basis for radar detection of precipitation.
After radar sends out a signal, the information returned is
closely related to the backscattering coefficient of precipitation particles. The weather radar measurement is the sum
of the backscatter power of precipitation particles within the

Advances in Meteorology
effective radiation volume. The echo intensity, denoted as
dBZ, represents the magnitude of the echo power, and it is
defined as
dB𝑍 = 10 lg 𝑍,

(1)

where 𝑍 (dB) is the radar reflectivity factor, and it is defined
as
∞

𝑍 = ∫ 𝑛 (𝐷) 𝐷6 𝑑𝐷.
0

(2)

When the vertical airflow near the ground is ignored,
the precipitation intensity, denoted as 𝐼 (mm/h), can be
calculated from the following formula:
∞

𝐼 = ∫ 𝑛 (𝐷) 𝑀 (𝐷) V (𝐷) 𝑑𝐷.
0

(3)

In this formula, 𝐷 is the diameter of raindrops, 𝑛(𝐷) is the
number of raindrops per unit volume, 𝑛(𝐷)𝑑𝐷 represents the
number of particles per unit volume of the raindrops whose
diameter ranges between 𝐷 and 𝐷 + 𝑑𝐷, and 𝑀(𝐷) and
V(𝐷) indicate the mass and the terminal falling velocity of
raindrops with a diameter of 𝐷, respectively.
The definitions of the radar reflectivity factor (𝑍) and
precipitation intensity (𝐼) show that they have close relationships with the raindrop size distribution spectrum. The
raindrop spectrum characteristics reflect the particle size
and the corresponding particle number concentration. 𝑍 is
proportional to the sixth power of the drop diameter (𝐷) and
its number, so the reflectivity factor can be calculated by the
raindrop spectrum data. Wu et al. studied raindrop influence
of spectrum change on precipitation estimation and found
that the echo intensity of radar observation is usually less
than the echo intensity calculated from the Ground Raindrop
spectrometer. The farther away from the ground, the greater
the underestimation of radar echo [28].
Because the raindrop size distribution varies with time
and space, especially with different types of precipitation
[29, 30], the 𝑍-𝐼 relation can only be derived theoretically
using several assumptions. The current widely used 𝑍-𝐼
relation is 𝑍 = 𝑎𝐼𝑏 . Radar detection of convective cloud
precipitation is characterized by strong reflectivity and a large
horizontal reflectivity gradient. When radar is used to detect
stratiform cloud precipitation, it is mainly characterized by a
relatively weak reflectivity factor and a fairly small horizontal
reflectivity gradient. For different precipitation types, the
corresponding relation can be obtained from a statistical
model with a large amount of raindrop distribution data
as input [31]. For example, according to statistical analysis
of United States summer convective precipitation, Mueller
and Sims [32] found a quantitative relationship between
the radar reflectivity factor 𝑍 and precipitation intensity
𝐼. The 𝑍 to 𝐼 conversion derived by Gerrish and Hiser
[33] used the average value of the coefficient and index
to obtain a 𝑍-𝐼 model of convective precipitation: 𝑍 =
300𝐼1.4 . Marshall and Palmer [34] deduced the stratiform
precipitation 𝑍-𝐼 relationship using a classical exponential
raindrop size distribution (M-P distribution): 𝑍 = 200𝐼1.6 .

Advances in Meteorology

3

Using the change of radar echo intensity over time, we
divided precipitation into stable and unstable precipitation
components. If, during a set time period, the echo intensity
does not change abruptly, there is no significant change in
its maximum, and the waveform remains the same, then it
is a stable precipitation. If, during a set time period, the
echo intensity abruptly changes, there is a clear change in
its maximum, and the waveform undulates; it is an unstable
precipitation.
For the total amount of precipitation during a period of
time (𝑇), two independent methods can be used to obtain
the estimate. One method initially estimates the precipitation
intensity 𝐼(𝑡) based on the radar reflectivity factor 𝑍(𝑡)
obtained from the radar detection and then integrates the
estimated precipitation intensity over the period for the
total rainfall amount. It is the most widely used method for
quantitative precipitation estimation using 𝑍 to 𝐼 conversion.
Because it first estimates the instantaneous precipitation
intensity and then integrates the total rainfall intensity
according to the rainfall intensity, this method is called rain
intensity integral, (RI), and the formula is shown as follows:
𝑏 𝑍 (𝑡)
𝑑𝑡.
RI𝑇 = ∫ 𝐼 (𝑡) 𝑑𝑡 = ∫ √
𝑎
𝑇
𝑇

(4)

In this formula, 𝑎 and 𝑏 are the coefficient and index of 𝑍 to
𝐼 conversion (𝑍 = 𝑎𝐼𝑏 ), respectively.
From formula (2), we see that the radar reflectivity factor
(𝑍) is proportional to the sixth power of the drop diameter
(𝐷), and the greatest contribution comes from large particles.
The radar reflectivity factor contains information on the size
and quantity of precipitation particles. The other method first
obtains the distribution of radar reflectivity factor (𝑍) and
then integrates the radar reflectivity factor 𝑍(𝑡) over a period
of time (𝑇). It then converts the integral radar reflectivity
factor to the precipitation intensity. This method is termed
the echo intensity integral (EI), and the formula is as follows:
EI𝑇 = √
𝑏

𝑍Total √𝑏 ∫𝑇 𝑍 (𝑡) 𝑑𝑡
=
.
𝑎
𝑎

(5)

There are two ways to calculate the total precipitation
over a region (with 𝑆 radar detection units in the area) and
these are similar to calculating the total rainfall amount over a
period of time. 𝑍(𝑥) represents the echo intensity of detection
unit 𝑥
𝑏 𝑍 (𝑥)
𝑑𝑥,
RI𝑆 = ∫ √
𝑎
𝑆

EI𝑆 = √
𝑏

∫𝑆 𝑍 (𝑥) 𝑑𝑥
𝑎

.

formulas (4) and (6), the instantaneous rainfall intensity is
first calculated according to the 𝑍-𝐼 relation, and then the
rainfall intensity is integrated to obtain cumulative rainfall.
Because the relationship between 𝑍 and 𝐼 is nonlinear, the
results of the two methods are different when 𝑍 changes with
time. The differences between the two methods for calculating the cumulative rainfall are discussed in the following.

3. Discussion of Different Integration Methods
After discretizing the integrals in formulas (4)–(7), we obtain
two formulas to calculate the cumulative precipitation over a
period of time (𝑇) and/or within a certain region (region 𝑆).
These are shown in formulas (8) (discretizing calculation for
the cumulative precipitation over a period of time (𝑇 interval)
and/or within a certain region (region 𝑆)).
Formulas (8) show that the cumulative precipitation
calculated from the echo intensity integral method is
larger than that calculated by the rainfall intensity integral
method.
To analyze the characteristics of the difference 𝑓(𝑍1 ,
𝑍2 , 𝑍3 , . . . , 𝑍𝑛 ) between the two integration methods, we
used three different functions to represent the variations of
echo intensity. Specifically, the sinusoidal, linear, and the
exponential functions are used to simulate echo intensity,
and then the accumulative rainfalls for both stratiform
and convective precipitation are calculated with these two
methods
EI𝑇 = √
𝑏

𝑎

≈√
𝑏

∑𝑇 𝑍 (𝑡) ⋅ Δ𝑡
𝑎

=√

(𝑍1 + 𝑍2 + 𝑍3 + ⋅ ⋅ ⋅ + 𝑍𝑛 )
𝑎

=√

𝑍1 𝑏 𝑍2 √𝑏 𝑍3
𝑏 𝑍
+√
+
+ ⋅⋅⋅ +√ 𝑛
𝑎
𝑎
𝑎
𝑎

𝑏

𝑏

+ 𝑓 (𝑍1 , 𝑍2 , 𝑍3 , . . . , 𝑍𝑛 ) ,
𝑏 𝑍 (𝑡)
𝑏 𝑍 (𝑡) ⋅ Δ𝑡
RI𝑇 = ∫ √
𝑑𝑡 ≈ ∑ √
𝑎
𝑎
𝑇
𝑇

(6)

=√

(7)

EI𝑆 = √

Formulas (4)–(7) all indicate the relationships between
cumulative rainfall and the radar reflectivity factor 𝑍. In
formulas (5) and (7), the echo intensity is first integrated
to obtain raindrop spectrum distribution, and then the
cumulative rainfall is calculated through the 𝑍-𝐼 relation. In

∫𝑇 𝑍 (𝑡) 𝑑𝑡

𝑏

𝑏

≈√
𝑏

𝑍1 𝑏 𝑍2 √𝑏 𝑍3
𝑏 𝑍
+√
+
+ ⋅⋅⋅ +√ 𝑛,
𝑎
𝑎
𝑎
𝑎
∫𝑆 𝑍 (𝑥) 𝑑x
𝑎

𝑍1 𝑏 𝑍2 √𝑏 𝑍3
𝑏 𝑍
+√
+
+ ⋅⋅⋅ +√ 𝑛
𝑎
𝑎
𝑎
𝑎

+ 𝑓 (𝑍1 , 𝑍2 , 𝑍3 , . . . , 𝑍𝑛 ) ,
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Figure 1: Variation of echo intensity with time/space (lines: 𝑛 = 1;
dash line: 𝑛 = 0.5; dotted line: 𝑛 = 0.1).

𝑏 𝑍 (𝑥)
RI𝑆 = ∫ √
𝑑𝑥
𝑎
𝑆

≈√
𝑏

integral is always greater than that from the rainfall intensity
integral. The changes of cumulative rainfall calculated from
the two methods are consistent with the change of 𝑛. As
illustrated in Figure 2, the cumulative stratiform rainfall (a)
calculated by the echo intensity integral ranges from 17.5
to 20 mm, and the cumulative rainfall calculated via rain
intensity integral ranges from 13 to 15 mm. For convective
precipitation (b), the estimated cumulative rainfall from the
echo intensity integral ranges from 19.8 to 22.5 mm, and
the cumulative rainfall calculated via rain intensity integral
ranges from 15.5 to 18 mm.
To compare the difference between the two integration
methods, we used the normalized error, defined as RE (RE =
(RI − EI)/(RI + EI)), to quantitatively represent the difference
between the two integration methods. Figure 3 shows the
variation of normalized error with 𝑛 for stratiform precipitation (a) and convective precipitation (b). The normalized
error ranged from −0.138 to −0.5 and from −0.11 to −0.122,
respectively.
The above analysis shows that if echo intensity varies as
a sinusoidal wave, the difference between the two methods
is not obviously related to frequency. The normalized error
exhibited a small fluctuation that was smaller for convective
precipitation than for stratiform precipitation.
3.2. Linear Variation. If the temporal/spatial variation of the
radar echo is simulated by a linear function, then the formula
of the echo intensity is as follows:

𝑍1 𝑏 𝑍2 √𝑏 𝑍3
𝑏 𝑍
+√
+
+ ⋅⋅⋅ +√ 𝑛,
𝑎
𝑎
𝑎
𝑎
(8)

in which 𝑓(𝑍1 , 𝑍2 , 𝑍3 , . . . , 𝑍𝑛 ) is a function of 𝑍.
3.1. Sinusoidal Variation. To make accurate quantitative precipitation forecasts, the probability distribution of the precipitation must be considered. Previous studies have demonstrated that the summer rainfall in China generally exhibits
a normal distribution [35–38]. In this section, the temporal/spatial variation of the precipitation echo is represented
by a sinusoidal function, and the echo intensity formula is as
follows:
2𝜋
𝜋
(9)
dB𝑍 (𝑡) = 15 sin (
⋅ 𝑡 − ) + 35,
60𝑛
2
where 𝑡 represents the detection unit within a period/region
(60 units in total); 𝑛 is a parameter used to control the speed
of the sine wave; and its range is 0.02∼2. When 𝑛 is 0.1, 0.5,
and 1, the variations of the echo intensity with 𝑡 are shown
in Figure 1. The figure shows that the curve is similar to the
curve of normal distribution, and the variability of the echo
intensity increased with a decreased 𝑛. The total amounts
of reflectivity collected by each experiment with different
frequency are almost 50% of the rectangle area (outlined by
maximum echo functions).
According to formula (9), if 𝑛 = 2, the echo intensity
curve is exactly a half sine wave; if 𝑛 > 2, the curve is only
a portion of a half sine wave; if 𝑛 is very large, the curve is
similar to a linear signal. The variations of cumulative rainfall
from the two integration methods are shown in Figure 2.
The cumulative rainfall calculated using the echo intensity

dB𝑍 (𝑡) =

𝑚⋅𝑡
+ 20.
60

(10)

In this formula, 𝑡 represents the detection unit (60 units
total) within a period/region. The parameter 𝑚 controls the
speed of the linear wave and it ranges from 0 to 30. Given
𝑚 = 30, 𝑚 = 20, and 𝑚 = 10, the variation of the echo
intensity with the time and space is shown in Figure 4. The
echo intensity increases with time, and the variation rate of
the echo intensity increases with 𝑚.
The parameter 𝑚 indicates the variation rate of the
input signal which reflects the stability of the precipitation
process. A greater 𝑚 indicates a greater change of the echo
intensity and a more unstable system. The variation of
cumulative rainfall of these two integral methods with 𝑚 is
shown in Figure 5. Similar to sinusoidal wave simulation, the
accumulative rainfall from echo intensity integral is always
greater than that from the rainfall intensity integral. With
an increase of 𝑚, the linear amplification speed of echo
intensity increases. As a result, the maximum value of the
simulated echo also increases, which ultimately increases the
total accumulated rainfall. According to Figure 5, (1) if 𝑚 =
0, the simulated echo intensity is a constant (20 dBZ), and
the accumulated rainfall from two integration methods are
the same; (2) if 𝑚 = 30, the echo intensity changes from
20 dBZ to 50 dBZ, and the difference of the accumulated
rainfall is greatest, which is 4.5 mm (stratiform) and 3.3 mm
(convective), respectively.
Analysis of the variation of normalized error with 𝑚
for different precipitation types (Figure 6) shows that the
normalized error always increases with 𝑚. For stratiform
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Figure 2: Variation of cumulative rainfall in two methods with the change of 𝑛 (lines: rain intensity integral; dash line: echo intensity integral;
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Figure 3: Variation of normalized error between the two cumulative methods with the change of 𝑛 ((a) 𝑍 = 200𝐼1.6 ; (b) 𝑍 = 300𝐼1.4 , the same
in the following figures).

precipitation, the normalized error ranges from 0 to −0.13,
and for convective precipitation, the normalized error ranges
from 0 to −0.11.
Therefore, if the echo intensity has linear variation, the
normalized error between the two methods depends on the
value of 𝑚. If 𝑚 increases, the normalized error of the
two methods also increases. The normalized error of the
cumulative rainfall between these two integration methods is
relatively smaller for convective precipitation than the error
for stratiform precipitation.

3.3. Exponential Variation. The temporal/spatial variation
of the echo intensity is also simulated by the exponential
function, and the formula is as follows:
dB𝑍 (𝑡) = 30 ⋅ (

𝑡 𝑚
) + 20,
60

(11)

where 𝑡 represents the detection unit within a period and
a region and there are 60 units in total. The parameter 𝑚
controls the speed of the exponential variation and it ranges

6

Advances in Meteorology
50

Echo intensity (dBZ)

45
m = 30

40

m = 20

35

30

m = 10

25

20

0

10

20

30
40
Time/space (t)

50

60

17

17

15.3

15.3

13.6

13.6
Accumulated rainfall (mm)

Accumulated rainfall (mm)

Figure 4: Variation of echo intensity with time/space.

11.9
10.2
8.5
6.8
5.1

11.9
10.2
8.5
6.8
5.1

3.4

3.4

1.7

1.7

0

0

5

10

15
m

20

25

30

0

0

5

10

15
m

20

25

30

Figure 5: Variation of cumulative rainfall of two methods with the change of 𝑚.

from 0 to 10. Given 𝑚 = 0.1, 𝑚 = 1, 𝑚 = 2, and 𝑚 = 10,
the variation of the echo intensity with the time and space is
shown in Figure 7. According to Figure 7, (1) if 𝑚 = 0.1, the
change of echo intensity is initially rapid from 0 to 40 dBZ
and then decreases from 40 to 50 dBZ; (2) if 𝑚 = 1, the echo
intensity curve is similar to linear simulation; (3) if 𝑚 = 10,
the change of echo intensity is generally opposite to the case
when 𝑚 = 0.1. It changes slowly in the beginning and then
rapidly increases from 0 to 50 dBZ after 𝑡 = 40.
Based on the characteristics of the exponential function,
the variation of the echo intensity is not determined solely
by 𝑚. According to formula (11) and Figure 7, it is clear that
the echo intensity has abrupt changes. If there are fewer radar
detection units, the abrupt changes occur when 𝑚 is small;

if there are more radar detection units, the abrupt changes
occur when 𝑚 is large.
The variations of cumulative rainfall with 𝑚 for these
two methods are shown in Figure 8. The results from both
methods show a similar trend which is an abrupt decrease
for 0 < 𝑚 < 1 followed by a smooth gradual decrease after
𝑚 > 1. The accumulative rainfall from the echo intensity
integral is greater than that from the rainfall intensity integral.
For 𝑚 < 1, the change of the echo intensity is abrupt with
the decrease of 𝑚. It increases from about 16 to more than
40 dBZ in a short time at the beginning and sustains for
a long time, resulting in stronger echo intensity and more
estimated accumulative precipitation. For 𝑚 > 1, the abrupt
increase of the echo intensity does not occur until after
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a long interval with weak echo intensity, resulting in less
estimated accumulative precipitation. As 𝑚 approaches 0, the
echo intensity rapidly increases to 50 dBZ, and the cumulative
stratiform precipitation and convective precipitation values
are 48.6 mm and 63.4 mm, respectively (Figure 8). If 𝑚 is
very large, the calculated cumulative rainfall is reduced and
gradually decreases as 𝑚 decreases. As 𝑚 reaches infinity, the
cumulative rainfall calculated by the echo intensity integral is
3.90 mm (stratiform) and 3.55 mm (convective), and the calculated accumulative rainfall from rainfall intensity integral
is 1.45 (stratiform) and 1.50 mm (convective).
The variation of normalized error with 𝑚 (Figure 9)
indicates that the differences range from 0 to −0.35 for
stratiform precipitation and 0 to −0.30 for convective precipitation. As 𝑚 approaches infinity, the differences approach

−2.71 for stratiform precipitation and −2.29 for convective
precipitation.
This analysis indicates that when the change of echo
intensity is exponential, the normalized error between the
two methods increases with 𝑚 and that the difference is
smaller for convective precipitation than it is for stratiform
precipitation.

4. Analysis with Actual Radar Observation
Based on the 𝑍-𝐼 relation for stratiform precipitation, the
cumulative precipitation for a 24 hr period was calculated
by both the echo intensity integral and the rainfall intensity
integral. The radar observable data were taken from over
the Huaihe River Basin on June 10, 2011. The ground station
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pluviometer data were from one hr of precipitation in the
Huaihe River Basin on the same day. These data were used to
verify the two integration schemes. The spatial distributions
of the two integration schemes and the observation data are
shown in Figures 10 and 11, respectively. Figure 10 shows that
there are two high intensity zones (bottom and mid portions
of Figure 10). In comparison with a topographic map, the
large value areas lie between the mountains and the river.
The larger value is between Dabie Mountain and the Yangtze
River, and the other value is between Funiu Mountain and
the Yellow River (which is within the range of radar detection
in Zhumadian). Figure 11 shows that there is only one high
intensity zone (bottom of Figure 11). A possible reason for this
discrepancy is that there was a problem with the Zhumadian

radar (a previous study found problems with the Zhumadian
radar data).
The following is a statistical analysis of this case. The
average accumulated rainfall calculated with the rainfall
intensity integral and echo intensity integral was regarded as
radar estimated rainfall. From the scatter density diagram of
radar estimate precipitation (Figure 12(a)) and the difference
between the two integration methods, it is clear that as
the estimated rainfall increased, the difference between the
two estimates increases. From the scatter density diagram
of site observation (Figure 12(b)) and the difference between
the two integration methods, we found that as observed
rainfall increased, the difference between the two estimate
approaches increases. The average difference between the
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Figure 11: Spatial distribution of daily precipitation from site observation.

two methods was 3.367 mm, and the standard deviation was
5.663 mm.

5. Conclusions
The 𝑍-𝐼 relation method is widely used for quantitative
precipitation estimation based on weather radar data. It
establishes a statistical relationship between the radar reflectivity and the precipitation intensity. We introduced two
methods associated with the 𝑍-𝐼 relation approach to calculate cumulative precipitation. The results demonstrated that
cumulative precipitation calculated from the echo intensity
integration method was greater than that calculated by the
rainfall intensity integration method. The normalized error
of the calculated cumulative precipitation from these two
methods depends on the variation of the echo intensity. The
difference is small if the echo intensity changes slightly and
gradually, but large if the echo intensity changes frequently
(multiple peaks) and abruptly. When the echo intensity is

simulated with a sinusoidal wave, the difference is larger than
that simulated with a linear function. This is because the
frequency of echo intensity can reach the maximum multiple
times for a sinusoidal wave simulation, while it can only
reach the maximum once for a linear signal simulation. If the
echo intensity is an exponential signal, despite its single peak
aspect, the difference can still be large due to abrupt change
of the echo intensity.
When the echo intensity is simulated with a sinusoidal
wave, the difference between the two methods is large, and
the normalized error ranges from −0.15 to −0.138 and from
−0.122 to −0.11 for two precipitation types. The variation of
cumulative rainfall and normalized error with 𝑛 is always
consistent.
When the echo intensity is simulated with a linear
function, the normalized error increases with the parameter
𝑚. The normalized error ranges from 0 to −0.13 for stratiform
precipitation and from 0 to −0.11 for convective precipitation.
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Figure 12: Scatter density diagrams of precipitation ((a) radar estimation; (b) site observation) and the difference between the two integration
methods.

When the echo intensity was simulated with an exponential function, the normalized error first increased rapidly
and then slowed down and stabilized. The normalized error
ranged from 0 to −0.35 for stratiform precipitation and from
0 to −0.30 for convective precipitation.
When the two integration schemes with real radar were
used to estimate cumulative precipitation for a day, their
spatial distributions were similar.
He et al. (2004) showed that the 𝑍-𝐼 relation method
can underestimate the precipitation of heavy rainfall events
[37]. Wang et al. (2008) found the 𝑍-𝐼 relation method could
overestimate the precipitation for weak rainfall events [38].
According to the simulation and observation data results, the
cumulative precipitation from the echo intensity integral is
greater than that from the rain intensity integral. The rain
intensity integral usually underestimates the precipitation for
heavy rainfall events, so application of the integral method
of echo intensity can increase the estimated rainfall in
the case of heavy precipitation and improve the estimate
accuracy.
Time limit is a key issue discussed in this review. Based on
the simulation results of the sinusoidal echo sequence, if the
variation period of the radar echo intensity is more than one
cycle, then the difference between the two kinds of cumulative rainfall appears to be irregular. The findings of this review
are only relevant for rainfall accumulation within one change
cycle of the precipitation system. The accumulated time
should not exceed the life history of the precipitation system.
For frequent summer precipitation events, the life histories
of the systems are short and rainfall accumulates over several
hours. For longer time scale systems, the precipitation is more
stable and the life cycle may span several days.
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Relationships between radar reflectivity factor and rainfall are different in various precipitation cloud systems. In this study, the
cloud systems are firstly classified into five categories with radar and satellite data to improve radar quantitative precipitation
estimation (QPE) algorithm. Secondly, the errors of multiradar QPE algorithms are assumed to be different in convective and
stratiform clouds. The QPE data are then derived with methods of 𝑍-𝑅, Kalman filter (KF), optimum interpolation (OI), Kalman
filter plus optimum interpolation (KFOI), and average calibration (AC) based on error analysis on the Huaihe River Basin. In the
case of flood on the early of July 2007, the KFOI is applied to obtain the QPE product. Applications show that the KFOI can improve
precision of estimating precipitation for multiple precipitation types.

1. Introduction
With operational running of the China New Generation
Weather Radar in mainland China, a lot of studies have
been reported with focus on radar quantitative precipitation
estimation (QPE) in China [1–6]. QPE algorithms in these
studies include the relationship between the radar echo and
the observed precipitation, precipitation estimation using
merged radar and rain gauge data, integrated approach of
multiradar precipitation estimation methods, and QPE for
specific region.
In the end of the 1940s, Marshall et al. [7] proposed the 𝑍𝑅 model to estimate rainfall intensity with radar reflectivity
factor. The 𝑍-𝑅 relation is a precipitation estimation method
based on the relationship between the radar reflectivity
factor (𝑍) and rainfall intensity (𝑅). The merging methods
actually start from 𝑍-𝑅 relation estimation procedure but
have additional correction procedures, such as Hu et al.
[8] using Kalman filter to determine the coefficients of the
variation equation and calibrating precipitation; more details
can be seen in [3, 8–12]. For the operational monitoring of

rainfall, the widely used radar precipitation estimation methods include 𝑍 (radar reflectivity factor)-𝑅 (rainfall intensity)
relationship method [7] and radar-gauge merging methods,
such as average calibration (AC) method [10], Kalman filter
(KF) method [8, 13], optimal interpolation (OI) method [14,
15], and integrated Kalman filter and optimal interpolation
(KFOI) [9].
In recent years, several kinds of algorithms have been
developed to improve the accuracy of radar QPE. There
algorithms include the merging approaches based on radar
observations and the approaches based on vertical profiles of
reflectivity identification and enhancement (VPR-IE) [16, 17].
Besides, a feasible approach is to merge different kinds of
observations to improve the precision of radar precipitation
estimation. Previous studies showed that more accurate
precipitation estimate can be obtained with application of
the integrated methods [6, 18, 19]. The results of Guan’s
study show that the accuracy of rainfall estimation can be
improved based on the combination of different approach
with Principal Component Analysis (PCA) method. PCA is
a multidimensional orthogonal linear transformation based
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on Karhunen-Loève transform, which is also named K-L
transform integrated method (KL) [19]. As shown in the
results of Huang et al. [18], the accuracy of QPE can be
improved by using the integrate technique, which is to
calculate the variation of QPE errors in different areas and
select the optimal one with minimum error variation.
The objective of this study is to improve the accuracy of
previous integrated method based on error analysis in fixed
boundary of regions in Huaihe River Basin (HRB) [18]. The
previous error analysis method is thus also named as Fixed
Errors Analysis (FEA). According to FEA, the whole HRB has
been classified into 15 areas with fixed boundary for errors
statistic. The areas of errors analysis are fixed and do not vary
with the change of precipitation system in these 15 areas. Since
the rainfall is related to the precipitating cloud system and
not related to the boundary of river basin or boundaries of
administrative areas, the errors of QPEs are only calculated
in fixed 15 areas in previous error analysis. In addition, the
QPE errors of whole rainfall system could not be evaluated.
To overcome the shortcoming of error analysis in fixed areas
FEA, satellite and radar data are applied to classify cloud
system. Then the optimal QPE method is selected from five
methods by assessing the variation of the random errors from
latest precipitation estimates for different precipitation cloud
systems. Because the regions of error analysis are dynamically
changing with the cloud system, the method in this study is
named as Dynamic Errors Analysis (DEA).

2. Dynamic Errors Analysis Integrated Method
For a specific precipitation type, application of the 𝑍-𝑅
relation method and four joint radar-gauge correction methods can generate different estimation errors. By comparing
the precipitation estimates with the observations from rain
gauges, the best method can be selected for further bias
correction. The selected method with bias correction is
expected to generate more accurate precipitation estimates
for future rainfall.
2.1. Assumptions. There are two assumptions in this method.
One is about estimation error; the other is related to
precipitation systems. First, we assume that the errors of
radar QPE are composed of systematic bias and random
errors. Second, we assume that the errors of radar QPE vary
with the transformation of precipitation system. There is an
optimal QPE method with the minimum random error for a
precipitation system among these methods.
The systemic bias is a constant, while the random error
varies with the different algorithms and the evolution rainfall
cloud system. The better algorithm is the small random error,
and vice versa. The error of rainfall can be evaluated by
analyzing the selected time series of the random errors.
The rainfall estimation error is defined as 𝑊(𝑡) = 𝑊𝑠 +
̃
𝑊(𝑡),
where 𝑊𝑠 is systematic bias, and it is a constant.
̃ represents random error and it varies with time. The
𝑊(𝑡)
estimation error of a specific period can be calculated by
𝑊 (𝑡) = 𝑅𝑔 (𝑡) − 𝑅𝑟 (𝑡) .

(1)

The systematic bias 𝑊𝑠 is assumed as the average of errors
in a specific period.
𝑊𝑠 =

𝑇
1
× ∑ (𝑅𝑔 (𝑡) − 𝑅𝑟 (𝑡))
𝑇 𝑡=1

(2)

̃ (𝑡) = (𝑅𝑔 (𝑡) − 𝑅𝑟 (𝑡)) − 𝑊𝑠 ,
𝑊
where 𝑅𝑔 (𝑡) is observed precipitation at 𝑡 time by ground
gauge and 𝑅𝑟 (𝑡) is estimated precipitation at 𝑡 time by radar.
The variance of estimation error (𝑆𝑊) is applied to
evaluate the stability of errors as the following formula:
𝑆𝑊 =

𝑇
𝑇
2
1
1
2
× ∑ (𝑊 (𝑡) − 𝑊) = × ∑ (𝑊 (𝑡) − 𝑊𝑠 )
𝑇 𝑡=1
𝑇 𝑡=1

𝑇
1
̃ (𝑡)2 .
= × ∑𝑊
𝑇 𝑡=1

(3)

According to (3), the variance of observation errors is
actually also the value of random errors. Therefore, the value
of the random errors during a specific period can be obtained
by evaluating the variance of the estimation errors during that
period, so the ability of estimation can be acquired.
For the precipitation systems, it is assumed that there
are different rainfall patterns (warm convective precipitation,
cold convective precipitation, warm stratiform precipitation,
cold stratiform precipitation, and mixed precipitation), and
the abilities of the estimation method for different patterns
are various, because the rain drop size distribution (DSD)
is different for several patterns. The ability of estimation
for a method can be evaluated by analyzing the variance of
the estimation errors. Small variance indicates small random
errors and a stable time series of estimation errors, suggesting
that the estimation method is good, and vice versa.
Based on the assumptions and analysis of the estimation
error time series, the optimal method is screened out from
several QPE methods.
2.2. Integrated Method. The 𝑍-𝑅 relation varies with precipitation types. Each estimation method has its preferred precipitation pattern. To improve the efficiency of the integrated
method, we first determine the cloud pattern according to
satellite brightness temperature and radar echo info and then
apply different 𝑍-𝑅 relationship on different precipitation
pattern. The detailed procedures include the following.
Step 1. Determine cloud type by analyzing satellite brightness
temperature and radar reflectivity factor database using
threshold technique based on satellite cloud classification
method [20]. To improve the rainfall estimation, this
threshold-based techniques is revised using new experiential
radar reflectivity (𝑅) thresholds; that is, 𝑅 > 15 Dbz for
stratiform rainfall, 𝑅 > 30 Dbz for convective rainfall, and
𝑅 > 50 dBZ for deep convective rainfall. In addition, the
satellite infrared temperature, coupled with radar reflectivity,
is used to classify the cloud into 5 categories. The specific
thresholds can be seen in Table 1.
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Table 1: Thresholds of cloud type Determined.
𝑍-𝐼 relationship

Thresholds

𝑍 = 131𝐼1.44

15 dBZ < 𝑅 < 35 dBZ and 𝑇 > 267 K
15 dBZ < 𝑅 < 35 dBZ and 241 K < 𝑇 ≤
267 K
15 dBZ < 𝑅 < 35 dBZ and 221 K < 𝑇 ≤
241 K
35 dBZ ≤ 𝑅 < 50 dBZ and 𝑇 > 267 K
(1) 35 dBZ ≤ 𝑅 < 50 dBZ and 𝑇 ≤ 267 K
(2) 𝑅 ≥ 50 dBZ or 𝑇 ≤ 221 K

Warm stratiform precipitation
Cold stratiform precipitation
Mixed precipitation
Warm convective precipitation
Cold convective precipitation

𝑍 = 200𝐼1.6
𝑍 = 200𝐼1.35
𝑍 = 300𝐼1.4
𝑍 = 403𝐼1.29

N

(km)

Rain gauge

Lake

Radar station

Wangjia Dam

0

50

100

200

Figure 1: Distribution of the radars and rain gauges in Huaihe River Basin.

Step 2. Compute rainfall with 6-minute interval radar data
from six radars (Hefei, Nanjing, Zhengzhou, Fuyang, Zhumadian, and Xuzhou radar) in HRB (Figure 1). The popular
𝑍-𝑅 relationships of stratiform and convective rainfall [21,
22] are applied to compute the cold stratiform and warm
convective precipitation. For the other 3 cloud types, the
drop size distribution (DSD) data in Huainan weather station
from 2009 to 2012 are collected to compute the mode of 𝑍-𝑅
relationship with regression method.
Step 3. Correct the radar quality precipitation using ground
gauge observations (Figure 1) with four correction methods
(AC, KF, OI, and KFOI).

Step 4. With the results of cloud type, determine precipitation
pattern, and errors of five QPE methods (𝑍-𝑅 relationship
and four correction methods) for five rainfall patterns are
calculated in the latest one hour (10 times QPE data with
6-minute interval). The most best QPE method is the one
with the smallest variance of the estimation errors in the
past.
Step 5. Correct system bias for QPE data of the best method.
The system bias is calculated by averaging the error of radar
QPE and rain gauge data in the latest one hour (10 times QPE
data with 6-minute interval). Then subtract the system bias
from the selected radar QPE data.
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Table 2: Relative errors and correlation coefficients of QPE and rain gauge from June 30 to July 9, 2007.
Relative error

DEA
FEA
KL
AC
KF
OI
KFOI
𝑍-𝑅

All cases
0.33
0.34
0.41
0.42
0.42
0.41
0.41
0.45

>10 mm/h
0.26
0.32
0.30
0.3
0.3
0.28
0.28
0.61

3. Verification
During June 30 to July 9, 2007, due to the stable west Pacific
subtropical high pressure, strong monsoon surge, dry cold
air from middle-high latitudes, and propagating eastward
convection disturbance over the Tibetan Plateau, a Meiyu
front cloud system with heavy rainfall takes shape over HRB
[23]. It is noted that a belt of heavy rainfall is over HRB.
The HRB experienced several heavy rainfall storm cases
successively, which lead to the greatest flood over HRB since
1954.
The successive heavy rainfall storms lead to two peak discharges passing the main hydrologic station (Wangjia Dam)
in the main channel of Huaihe River. A major flood event was
recorded in the downstream Huaihe River lower the Runheji
hydrologic station. And flood events were recorded for most
of the tributaries. The heavy rainfall event includes three
stages: June 30–July 2, July 4-July 5, and July 8-July 9. The most
intense precipitation occurred in the last stage, during which
new records of maximum daily precipitation were recorded
for several stations. The strong rainfall eventually leads to
flood diversion in Wangjia Dam.
To estimate the precipitation, observations from six
radars and surface rain gauges (Figure 1) are used to demonstrate the integrated method of precipitation estimation. And
the 𝑍-𝑅 relationship method and four rain gauge correction
methods (AC, KF, OI, and KFOI) of QPE are applied in heavy
rain period from June 30 to July 9, 2007.
Figure 2 shows the precipitation estimation of middle
stage of heavy rainfall case at 17:00-18:00 July 5 2007 (UCT)
with 𝑍-𝑅 method, four correction methods, three integrated
methods mentioned in Section 2, and the observations from
rain gauge (using the Kriging interpolation technique of the
Golden Software Surfer 8).
The results from estimates and observations are shown
in graded color shading in Figure 2. According to the rain
gauge observations, there is one major rainfall belt from west
to east. The maximum rainfall area (MRA1) is located in the
middle of the HRB. The second strong rainfall area (MRA 2)
is located in the southeast corner. The rainfall intensity of west
section (WS) of the rainfall belt is weaker than the east section
(ES).
As shown in Figure 2, all methods can produce similar
pattern and magnitude of the precipitation with observations.

All cases
0.86
0.87
0.82
0.81
0.81
0.82
0.82
0.70

Correlation coefficients
>10 mm/h
0.68
0.65
0.68
0.66
0.66
0.68
0.68
0.47

It is noted that DEA is more close to the observation in the
WS. In the ES, the maximum rainfall in MRA1 was recorded
by rain gauge more than 20 mm within one hour. KL, KFOI,
and OI significantly overestimated the heavy precipitation
in the MRA1. Other methods yielded similar precipitation
estimation closed to the observation.
Compared with FEA, DEA could overcome the discontinuity of rainfall pattern in the east-south section. For the
west section rain belt with weak precipitation, the maximum
rainfall for one hour is recorded by gauge less than 20 mm.
The FEA produced heavy precipitation with intensity more
than 20 mm/h. However, the DEA yielded much weaker
precipitation less than 20 mm/h, which is close to the observation, indicating the promising performance of DEA in
improving QPE.
In general, these 8 QPE methods (including 3 integrate
methods) show the good performance for the event occurring
at 17:00 to 18:00 (UCT) July 5, 2007, and all have some skills
in estimating the precipitation. To quantitatively evaluate
the estimation errors for all these QPEs, the relative errors
(RE = (𝑅𝑟 (𝑡) − 𝑅𝑠 (𝑡))/𝑅𝑠 (𝑡)) and correlation coefficients are
analyzed for all rainfall patterns and strong intensity patterns
(>10 mm/h) cases from June 30 to July 9, 2007. According to
Table 2, the following can be seen:
(1) For all precipitation patterns, three integrated methods (KL, DEA, and FEA) show better performance
with reduced relative errors and higher correlation
coefficients than other methods.
(2) For the heavy precipitation region (>10 mm/hour),
the KL and FEA are worse than AC. The DEA is more
appropriate for QPE with reduced relative errors, and
the correlation coefficient is equal to the maximum
of 𝑍-𝑅 and four gauge correction methods. Generally
speaking, DEA is the best and most effective method
for precipitation estimation.

4. Conclusion
An integrated system for precipitation estimation was introduced in this paper. This system can effectively select the
optimal QPE method from five different QPE methods for
specific precipitation event by evaluating the variation of
the random errors for different cloud types from latest
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Figure 2: Rainfall distributions from 17:00 to 18:00 (UCT) July 5, 2007.
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precipitation estimates. The application of this integrated
system on the event occurring in early July of 2007 shows that
it can effectively determine the best estimation results from
different QPE methods based on the capability of the stability
of the precipitation estimation. This integrated method DEA
with rainfall cloud classification could improve the application ability and precision of estimating precipitation for
multiple precipitation types.
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The relationship between cloud and aerosol properties was investigated over two 4∘ × 4∘ adjacent regions in the south (R1) and in the
north (R2) in eastern China. The CloudSat/CALIPSO data were used to extract the cloud and aerosol profiles properties. The mean
value of cloud occurrence probability (COP) was the highest in the mixed cloud layer (−40∘ C∼0∘ C) and the lowest in the warm cloud
layer (>0∘ C). The atmospheric humidity was more statistically relevant to COP in the warm cloud layer than aerosol condition. The
differences in COP between the two regions in the mixed cloud layer and ice cloud layer (<−40∘ C) had good correlations with
those in the aerosol extinction coefficient. A radar reflectivity factor greater than −10 dBZ occurred mainly in warm cloud layers
and mixed cloud layers. A high-COP zone appeared in the above-0∘ C layer with cloud thicknesses of 2-3 km in both regions and
in all the four seasons, but the distribution of the zonal layer in R2 was more continuous than that in R1, which was consistent with
the higher aerosol optical thickness in R2 than in R1 in the above-0∘ C layer, indicating a positive correlation between aerosol and
cloud probability.

1. Introduction
Aerosol and cloud vertical structures directly affect the
atmospheric heating rate [1] and exert great influence on
atmospheric radiation and circulation [2–6]. Aerosols are
known to have great impacts on cloud properties [7–9].
Earlier studies using aircraft and satellite sounding data have
shown that, under the condition of sufficient cloud liquid
water, increased aerosol concentrations will increase cloud
droplet concentrations, decrease cloud droplet sizes, and
increase the lifespans of clouds [10–13].
China has experienced rapid economic growth and
dramatic urbanization and thus has experienced increased
aerosol loading [14–16]. For example, frequent heavy aerosol
loadings have occurred in the Jing-jin-ji metropolis circle

(the northern part of East China, including Beijing, Tianjing,
and Northern Hebei province) due to its dense population
and industry in this region and surrounding areas [14,
17]. Aerosol loadings in the atmospheric boundary layer in
this region reached levels of 103 –104 /cm3 , with submicron
particles dominating the loading [18–22]. Local sources and
long-range transport both contributed to the high levels of
aerosol concentrations [23–25].
To investigate the impacts of aerosols on cloud distributions and other properties in different atmospheric environments such as aerosol pollution levels and humidity conditions, two adjacent regions in the south and north of East
China were selected and compared in terms of the distribution characteristics of clouds of different phases. The northern
high-latitude region is adjacent to the Jing-jin-ji metropolis
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Figure 1: Distributions of monthly mean values of cloud occurrence frequencies and cloud covers observed by the ground observation station.
The top rectangular zone represents Region 2 and the bottom one represents Region 1.

circle, and the southern region is located in the Huaihe River
drainage area. Aerosol pollution (such as dust and urban
pollution aerosols) in the northern region is severer than that
in the southern region. Humidity and aerosol conditions in
the two regions were first compared. COPs in different cloud
layers defined by temperature condition were then compared
in four seasons. Finally, the characteristics of COP in different
cloud layers were analyzed and discussed under combined
humidity and temperature conditions. Research results from
the present study are expected to provide the knowledge
that is needed for parameterizing cloud formation in climate
models.

2. Data and Methods
2.1. Data Source. Two regions were selected for comparative
research (see Figure 1). Region 1 (R1) is centered at Shouxian
County in Anhui Province, and Region 2 (R2) is centered at
Tai’an in Shandong province. Both regions are of size 4∘ longitude by 4∘ latitude. R2 is located just to the south of the JinJing city circle. The observed cloud cover data at the ground
weather stations (from the beginning of station observation
to 2005; data were obtained from the China Meteorological
Administration Resource Center) showed obvious regional
characteristics in cloud occurrence frequency and cloud
cover fraction in the two regions. From the long-term data,
the monthly mean values of cloud occurrence frequency
and cloud cover fraction in R1 were, on average, 1.1 and 1.2
times those in R2, respectively, which showed the climate
differences of the two regions.
The CloudSat/CALIPSO data (including 2B-GERPROF,
2B-temp, and 2B-lidar) used in the present study covered
the period from June 14, 2006, to December 31, 2010. The
2B-GERPROF data contained the radar reflectivity factors of
millimeter-wave radar at different altitudes. The temperature
data in 2B-temp were obtained from the European Center for
Medium-range Weather Forecasts. The 2B-Lidar data were

obtained by combining CloudSat and CALIPSO data, including cloud cover and single-layer and multilayer cloud-base
and cloud-top heights. Cloud cover data at different heights
were used in this study. Data from CloudSat/CALIPSO were
obtained by scanning from top to bottom. Data at the lowest
levels were believed to have large uncertainties due to the
strong reflectivity of the surface leading to anomalously high
detection signal. Thus, only data above the 0.5 km level were
used here. Each level (at 0.24 km increments) scanned by
CloudSat was treated as a pixel to obtain statistically the
sample size of the pixels within each radar reflectivity factor
range, as shown in Figure 2.
Data from the CALIPSO level 2 (CAL LID L2
05kmAPro-Prov-V3-01) product for the period from June 13,
2006, to Sep. 17, 2008, were also used in the present study.
This dataset provides aerosol extinction coefficients (532 nm
and 1064 nm bands) and cylinder optical thickness.
2.2. Methodology. The 2B-GEOPROF and 2B-GEOPROFLidar data of the CloudSat/CALIPSO product were used to
judge the occurrence and positions of clouds. Three criteria
needed to be met simultaneously for cloud occurrence: (1)
The cloud reflectivity factor is larger than −40 dBZ and
smaller than 50 dBZ, which is the dBZ range of CloudSat
cloud radar reflectivity; (2) the CPR cloud mask is larger
than 20 and smaller than 40, which is the standard under
which CloudSat determines if there is a cloud; and (3) cloud
cover is larger than 5% and smaller than 100%, which reduces
the uncertainty of cloud identification and misidentifications
such as when aerosols are mistaken as clouds.
The COP at any height was calculated as the ratio of the
number of sites with cloud occurrence to the total number of
sites scanned in an orbit. The monthly average COP was first
obtained for each level before averaging into seasonal values.
March, April, and May were treated as spring; June, July,
and August as summer; September, October, and November
as autumn; and December, January, and February as winter.
The COPs and vertical distribution characteristics in the
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Figure 2: Number of pixels within each radar reflectivity factor range during the four seasons when CloudSat passed through Regions 1 (a)
and 2 (b).
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Figure 3: The seasonal temperature profiles in R1 and R2 in (a) spring, (b) summer, (c) autumn, and (d) winter.

two regions and during different seasons were statistically
calculated using the nearly five years of data. The COP at any
height was obtained by dividing the total number of pixels
with cloud occurrence at this height by the total number
scanned.
The aerosol extinction coefficient includes both the
532 nm and 1064 nm bands. To avoid the influence of certain special weather conditions, only those data with daily
mean extinction coefficients larger than 0 for more than
two consecutive scanning days were used in the analysis.
Seasonal average vertical profiles of extinction coefficients
were obtained for the two regions.

3. Results
3.1. Atmospheric Environment Differences between R1 and R2.
The cloud vertical structure varies greatly with geographical
location and time due to many factors, such as the underlying
surface conditions and aerosol loading [26–28]. R1 and R2
belong to the monsoon climate zone in East Asia, with
higher temperatures in summer and lower ones in winter
throughout all vertical levels. The vertical structures of the
temperature were similar between the two regions (Figure 3).
The difference in temperature was the smallest in summer
and biggest in winter. The average temperatures in R1 in
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Figure 4: The seasonal profiles of specific humidity in R1 and R2 in (a) spring, (b) summer, (c) autumn, and (d) winter.
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Figure 5: CALIPSO aerosol extinction coefficient vertical profile in (a) spring, (b) summer, (c) autumn, and (d) winter. Shx 532 represents
the extinction coefficient of Region 1 at 532 nm band; Shd 532 represents the extinction coefficient of Region 2 at 532 nm band; Shx 1064
represents the extinction coefficient of Region 1 at 1064 nm band; and Shd 1064 represents the extinction coefficient of Region 2 at 1064 nm
band.

spring, summer, and autumn were 2.5, 1.2, and 2.5∘ C higher
than those in R2, respectively. The temperatures below 4.3 km
height in R2 in winter were higher by 0.48∘ C than those in
R1, and the greater temperature differences were close to the
ground, which might be due to the impact of winter heating
and the Greenhouse Effect of aerosols in R2 [29].
From Figure 4, the average specific humidities in R1 in
spring, summer, autumn, and winter were 1.5, 1.3, 1.4, and
1.7 times those in R2, respectively, implying that the water
contents in R1 were higher than those in R2.
The aerosol optical depths (AODs) in R2 calculated
from the aerosol extinction coefficient profile at the 532 nm

band were approximately 1.9, 2.2, 0.9, and 1.1 times those
in R1 in spring, summer, autumn, and winter, respectively
(Figure 5) and 1.2, 1.5, 1.1, and 1.7 times the 1064 nm band.
To avoid the influence of the high extinction coefficient of
an extreme aerosol pollution event on the mean value of
the extinction coefficient, the extinction coefficient was also
calculated based on the frequency spectrum of the aerosol
extinction coefficient (see Figure 6). The whole extinction
coefficient range (0.0–1.5 km−1 ) was divided into 10 equally
sized subranges; for example, the first range is from 0 to
0.125 km−1 , and the tenth range is from 1.25 to 1.5 km−1 . The
average value of the aerosol coefficient in R2 was larger than
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Figure 6: The probability of aerosol extinction coefficient at 532 nm band in the four seasons and two regions.
Table 1: The ratio of the COPs, specific humidities, and aerosol extinction coefficients at the 532 nm band in Regions 1 and 2 in different cloud
layers.
R1/R2
WCL
MCLLT
MCLHT
ICL

COP
Spr
1.5
1.6
1.1
0.9

Sum
1.1
0.8
0.8
1.4

Aut
1.3
1.4
0.8
0.8

Win
3.8
1.5
0.7
0.8

Spr
1.3
1.2
1.1
1.1

that in R1. It is noted that R2 covers Shijiazhuang City and is
also adjacent to the south of the Jing-Jin area where aerosol
loadings were high. For example, aerosol concentrations in
Jing-Jin region in the layers below 4.5 km were up to 103 cm−3 ,
with average particle sizes from 0.16 to 0.19 𝜇m [21]. Aerosol
concentrations at the 5 km layer above Shijiazhuang City
were up to 103 cm−3 , with average particle sizes from 0.15 to
0.22 𝜇m [22]. Aerosol concentrations in Hebei province were
up to 103 –104 cm−3 in the layers below 3 km, with average
particle sizes of 0.15 𝜇m [30].
3.2. COP Vertical Structure. Clouds of different phases have
different heating and thermodynamic and radiation processes [31]. Here, the cloud layer with temperatures higher
than 0∘ C is referred to as the warm cloud layer (WCL); with
temperatures between −40∘ C and −20∘ C as the mixed cloud
layer (MCL) with lower temperature (MCLLT); with temperatures between −20∘ C and 0∘ C as the mixed cloud layer with
higher temperature (MCLHT); and with temperatures lower
than −40∘ C as the ice cloud layer (ICL). Figure 7 presents the
vertical profiles of COP in the two regions during the four
seasons. The differences in COPs between R1 and R2 in spring
and winter were greater than those in summer and autumn.
The COP in R1 in spring was approximately 1.1 times that in
R2. The COPs in R2 in the other seasons were higher than
those in R1.
From Figure 7, the COPs within different cloud-phase
layers differed significantly. For the COP in the WCL, the

Specific humidity
Sum
Aut
1.2
1.2
1.2
1.3
1.1
1.1
1.3
1.0

Win
1.8
1.8
1.0
1.0

Spr
1.2
0.6
0.4
0.1

Extint 532 nm
Sum
Aut
0.8
1.2
0.5
1.4
0.5
0.4
0.6
0.5

Win
0.9
1.2
0.2
0.1

average values in R1 were 0.7%, 1.4%, 1.0%, and 0.4% in
spring, summer, autumn, and winter, respectively and were
1.5, 1.1, 1.3, and 3.8 times, respectively, those in R2. Cloud
formation can be influenced by humid conditions and cloud
nucleation, which changes the concentration or properties
of aerosols. The comparison of the COP results between
R1 and R2 was similar to the comparison of the specific
humidity between R1 and R2; in the four seasons; the specific
humidities in R1 were approximately 1.3, 1.2, 1.2, and 1.8
times those in R2 in the corresponding seasons (see Table 1).
Observations show that the high aerosol concentrations in
R2 provided rich condensation nuclei for cloud formation
[17, 32]. The seasonal mean occurrence probabilities of the
aerosol extinction coefficients at the 532 nm band in the range
of 1.125–1.25 km−1 in R1 and R2 were compared (see Figure 8).
The difference between the aerosol extinction coefficients in
R1 and R2 was not similar to that for COP. From Figure 9, the
average values of the aerosol extinction coefficient in R2 in the
WCL were approximately 1.2 times those in R1 in both spring
and autumn, and the mean extinction coefficients in R2 were
approximately 1.3 and 1.1 times those in R1 in summer and
winter, respectively. These results implied that water vapor
condition may affect COP on the WCL stronger than aerosols.
The COPs in R1 and R2 in the MCL were 70% and 70.6%,
respectively, which were higher than those in the WCL and
ICL. The two regions both reached the highest values of COP
in autumn. Compared to the COPs in the WCL, the difference
in COPs between the two regions in the MCLLT was larger.
The ratio of the COP in R1 to that in R2 showed slight
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Figure 7: Vertical profiles of COP in R1 and R2 in (a) spring, (b) summer, (c) autumn, and (d) winter, respectively. Red, brown, black, and
blue dotted lines refer to the COPs in the warm cloud layer with temperatures higher than 0∘ C, mixed cloud layer with temperatures between
−20∘ C and 0∘ C, mixed cloud layer with temperatures between −40∘ C and −20∘ C, and ice cloud layer with temperatures lower than −40∘ C,
respectively.

increases in spring and autumn and decreases in summer and
winter. The ratio of the COP in R1 to that in R2 in winter
decreased from 3.8 in the WCL to 1.5 in the MCLLT. The ratio
of the specific humidity between R1 and R2 was compared
to check the condition of the atmospheric environment. The
ratio of the specific humidity in R1 to that in R2 in the MCLLT
was similar to that in the WCL in the four seasons. However,
the ratio of the extinction coefficient in R1 to that in R2
revealed larger differences in summer and winter. The COP in
the MCLLT in summer increased to 3.7 times that in the WCL
in R1 and to 5.1 times in R2, which was due to the COP in R2
being higher than that in R1 in the MCLLT. At the same time,
the aerosol extinction coefficient in R2 was approximately
2.0 times that in R1. In addition, the COP in R1 in winter

was approximately 1.5 times that in R2 in the MCLLT, and
the aerosol extinction coefficient was 1.2 times higher, which
implied that the content of aerosols has a positive correlation
with cloud occurrence in the MCLLT.
The COPs in R1 and R2 in the MCLHT were higher
than those in the MCLLT in all the four seasons. The COPs
increased by 3.1%, 2.9%, 0.8%, and 0.2% in spring, summer,
autumn, and winter, respectively, in R1 and 5.4%, 4.2%, 5.8%,
and 5.8% in R2; the differences were greater in R2 than in
R1. The ratio of specific humidity in R1 to that in R2 changed
smoothly in the whole troposphere. However, the extinction
coefficients in R2 were approximately 2.2, 2.1, 2.5, and 4.2
times those in R1 in the MCLLT, which implied that the
aerosols were closely correlated with the COP in the MCLLT.
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Figure 8: The mean occurrence probability of aerosol extinction coefficient at 532 nm band in the range of 1.125–1.25 km−1 . (a) Total
occurrence probability of aerosol extinction coefficient of four seasons in Region 1 and Region 2. (b) and (c) present that the percent of
the occurrence probability in all of the ranges in each season is equal to 100% in Region 1 and Region 2, respectively. The blue, yellow, gray,
and green color represent summer, autumn, winter, and spring, respectively.

The COPs in the ICL were lower than those in the MCL
in both of the regions and in all the four seasons. The mean
COPs were 26.7% and 26.8% in R1 and R2, respectively.
Except in summer, the COPs in R2 in each season were higher
than those in R1. The mean values of the aerosol extinction
coefficients at the 532 nm band in the ICL in R2 were 10.0, 1.7,
2.0, and 10.0 times greater than those in R1 in the four seasons.
The COP in R2 in spring reached the highest value for all the
four seasons, which may be due to the influence of the longdistance transport of dust as ice nuclei from the Taklamakan
desert in western China and Inner Mongolia in downwind
areas [24, 25]. Dust in the upwind directions of the two
regions and mixed aerosols in the transmission processes may
have been incorporated into the troposphere [25, 33], which
is effected by the East Asian subtropical westerly jet zone [34–
36]. This process enhanced cloud condensation nuclei in this

layer and thus affected cloud distribution characteristics. R2
is closer than R1 to the westerly jet central zone [37].
3.3. Vertical Structure of the Cloud Reflectivity Factor. COP
with different radar reflectivities was also investigated here.
From the discussion above, the COPs in R1 and R2 mainly
appeared in the mixed cloud layers and had good correlations
with the aerosol extinction coefficient. Figure 10 shows the
vertical profiles of COP within the mixed clouds with cloudbase temperatures higher than 0∘ C and cloud-top temperatures lower than 0∘ C as a function of radar reflectivity in each
season.
According to Figure 10, high values of COP were mainly
concentrated below 6 km and in the range of radar reflectivity
factors above −10 dBZ in both of the two regions and
during all of the four seasons. The range of the reflectivity

8

Advances in Meteorology

80
60
40

Win_R2

Aut_R2

Sum_R2

Spr_R2

Win_R1

Aut_R1

0

Sum_R1

20

Spr_R1

Aerosols occurrence
probabilities (%)

100

Season (spr, sum, aut, win)
T = [−40, −20]
T < −40

T>0
T = [−20, 0]

Figure 9: CALIPSO aerosol extinction coefficient at 532 nm band in R1 and R2 in the four seasons. Spr R1, Sum R1, Aut R1, and Win R1
represent the extinction coefficient of R1 at 532 nm band in spring, summer, autumn, and winter, respectively; 𝑇 > 0, 𝑇 = [−20, 0], 𝑇 =
[−40, −20], and 𝑇 < −40∘ C represent the cloud layers of WCL, MCLLT, MCLHT, and ICL, respectively.

Summer

15

Autumn

15

Winter

10.0

12

12

12

12

8.0

9

9

9

9

6.0

6

6

6

6

4.0

3

3

3

3

2.0

0
−30 −20 −10 0 10
Reﬂectivity (dBZ)
15

20

Spring

0
−30 −20 −10 0 10
Reﬂectivity (dBZ)
15

0
−30 −20 −10 0 10
Reﬂectivity (dBZ)

20

Summer

15

R2

20

Autumn

0
−30 −20 −10 0 10
Reﬂectivity (dBZ)
15

20

0.0

Winter
10.0

12

12

12

9

9

9

9

6

6

6

6

4.0

3

3

3

3

2.0

12
Height (km)

15

R1

0
−30 −20 −10 0 10
Reﬂectivity (dBZ)

20

0
−30 −20 −10 0 10
Reﬂectivity (dBZ)

20

0
−30 −20 −10 0 10
Reﬂectivity (dBZ)

20

Frequency (p × 104 )

Spring

0
−30 −20 −10 0 10
Reﬂectivity (dBZ)

8.0
6.0

20

Frequency (p × 104 )

Height (km)

15

0.0

Figure 10: COPs of mixed phase clouds in Regions 1 and 2 under different reflectivity factors.

factors with high-COP values (greater than 0.0008%) was
the narrowest in summer and the widest in winter. Affected
by many factors, including temperature and water vapor
content, the maximum value of the corresponding radar
reflectivity factor decreased with increasing height, and its
range became narrower with increasing height. Such trends
were more obvious in R2 than R1 during all of the seasons

except autumn. In addition, the COP in the layer above 9 km
in summer showed extended high values at approximately
10 dBZ over both regions, which may be due to the influence
of strong convective clouds in summer (heap cloud). Tropical
convective clouds can be as high as 15 km [38].
A high-COP layer with a thickness of 2 to 3 km appeared
in the layer above 0∘ C, which was determined according
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Figure 11: COP in Regions 1 (upper row) and 2 (lower row) within the different ranges of radar reflectivity factor during the four seasons
(from left: spring, summer, fall, and winter). The upper and lower horizontal straight red lines represent the −40∘ C and 0∘ C layer, respectively.

to the temperature in Figure 3, in the −30 dBZ to 15 dBZ
reflectivity factor range over both of the regions and during
all the four seasons (See Figure 10). The high-COP values
of R2 were more continuous than those of R1 in spring,
summer, and winter. Different from that of R1, the COP of
R2 in winter showed a narrow high-value vertical zone with
COP value increasing with height, and the corresponding
radar reflectivity factor was linearly reduced to −30 dBZ at
approximately 11 km. The range of the corresponding aerosol

extinction coefficients in the high-continuous-value zones
of COP in the two regions in all the four seasons was also
wide according to the data in Figure 5. The aerosol optical
thicknesses in R2 over the 0∘ C layer in the four seasons were
2.5, 2.0, 1.0, and 1.0, respectively, for the 532 nm band and
1.5, 2.5, 1.3, and 3.5 for the 1064 nm band, which were greater
than those in R1. The aerosol levels differed greatly between
the two regions in spring, summer, and winter. Huang et
al. [25] studied the vertical distribution characteristics of
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dust in the Taklamakan desert in the western China Inner
Mongolia Gobi sand source area and its downwind direction
and determined that R2 was located in the central area of
the downwind zone of the dust. The dust transport from the
sand source areas to East China showed a two-layer structure,
with the highest dust frequencies appearing at 9 to 11 km
and at 3 km. Even in summer, dust can be transported for
long distances [24]. Li et al. [39] showed that large aerosol
particles were mainly distributed over the 2.5 km height
in this region, indicating that the dust aerosols from the
upwind directions and other types of aerosols mixed in the
transportation processes had great influences on the cloud
distribution characteristics in R1 and R2. R2 was affected
more than R1 by upwind dust sources.
To further investigate the COPs of clouds of different
intensities, Figure 11 shows the vertical profiles of COP within
different ranges of the radar reflectivity factor, at an interval
factor of 10 dBZ, during the four seasons over the two regions.
R1 and R2 had similar monsoon climates and thus showed
similar seasonal COP distribution characteristics. Clouds in
the two regions mainly occurred where the reflectivity factors
were less than −10 dBZ, such as in the ICL. The COP in R1
with the reflectivity factor ranging from −30 dBZ to −20 dBZ
showed a larger value than those in other reflectivity ranges.
The percentages of COP were approximately 35.1%, 35.9%,
30.8%, and 30.8% in spring, summer, autumn, and winter,
respectively, in R1 and 37.1%, 32.6%, 31.1%, and 31.1% in R2.
The COPs in R1 in the range of the reflectivity factor larger
than −10 dBZ were 24.1%, 22.0%, 30.0%, and 30.0% in spring,
summer, autumn, and winter, respectively, in R1 and 18.7%,
26.6%, 28.2%, and 28.2% in R2. These results showed that
the clouds with high reflectivity factors mainly appeared in
the MCL and WCL where the water vapor and aerosols were
mainly concentrated.
The largest COP in all reflectivity ranges was located at a
similar height to where the largest COP in the ICL appeared
for all four seasons (Figure 7). The local maxima of the COP
appeared in the −10∘ C to −15∘ C layer in the two regions in
spring and winter, at approximately the −12∘ C layer in R1
and the −15∘ C layer in R2. Zhang et al. [40] also showed
that the maximum COP appeared in the mixed cloud layer
in the cold season in the Qinghai-Tibet plateau area. Similar
results were also found over the East Asia continent [41],
which were attributed to favorable ice particle growth process conditions due to sublimation-accretion mechanisms.
Through a chamber experiment, Hallett and Mossop [42]
observed the occurrence of a large number of secondary ice
particles under mixed-layer temperature conditions, and the
occurrence probability peaked in the range of −3∘ C to −7∘ C.
These results indicated that the key temperature conditions
within the mixed layer increased the occurrence probabilities
of the mixed clouds at the corresponding heights.

4. Conclusions
The interaction between aerosols and clouds has a complex
feedback effect on the changes in aerosol and liquid water
content. By investigating the statistical characteristics of
cloud and aerosol vertical distributions over two south and
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north regions in East China, with each region having a size
of 4∘ latitude by 4∘ longitude, stronger correlation was found
between water vapor condition and COP than that between
aerosol condition and COP in the WCL. The COPs in the
mixed cloud layers were approximately 70.0% and 70.6% in
Regions 1 and 2, respectively, and in the ice cloud layers, 26.7%
and 26.8%. The differences in COP between the two regions
in the mixed cloud layer and ice cloud layer were highly
correlated with those in the aerosol extinction coefficient.
In addition, the highest cloud proportions in R1 and
R2 appeared in the mixed cloud layer in all of the four
seasons. High values of COP occurred in a cloud layer of
2 to 3 km thickness above the 0∘ C layer in all the four
seasons. The corresponding reflectivity factors were continuously distributed from −30 dBZ to 15 dBZ. The high values
of COP in R2 in this layer were more continuous than
those in R1. The clouds with high reflectivity factors mainly
appeared in the mixed cloud layers and WCL. The mean
values of the aerosol extinction coefficient were higher in
R2 than in R1 in the layers above the 0∘ C layer in all four
seasons, indicating great influences of aerosols on mixed
cloud formation.
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In July 2008, five people were killed by a tragic flash flood caused by a local torrential heavy rainfall in a short time in Toga River.
From this tragic accident, we realized that a system which can detect hazardous rain-cells in the earlier stage is strongly needed and
would provide an additional 5 to 10 min for evacuation. By analyzing this event, we verified that a first radar echo aloft, by volume
scan observation, is a practical and important sign for early warning of flash flood, and we named a first echo as a “baby-rain-cell”
of Guerrilla-heavy rainfall. Also, we found a vertical vorticity criterion for identifying hazardous rain-cells and developed a heavy
rainfall prediction system that has the important feature of not missing any hazardous rain-cell. Being able to detect heavy rainfall
by 23.6 min on average before it reaches the ground, this system is implemented in XRAIN in the Kinki area. Additionally, to resolve
the relationship between baby-rain-cell growth and vorticity behavior, we carried out an analysis of vorticity inside baby-rain-cells
and verified that a pair of positive and negative vertical vortex tubes as well as an updraft between them existed in a rain-cell in the
early stage.

1. Introduction
On July 28, 2008, a tragic flash flood occurred in Toga
River, Kobe City, Japan, washing away fifty people who were
enjoying sunny weather and playing in river parks; this
disaster resulted in five fatalities. This disaster drew much
attention from government authorities and the engineering
community for investigation of disaster factors. A survey
report [1] showed that the runoff response of this incident
was about 10 min, and most of the flood water came from
the sewer system of urban areas during a severely localized
heavy rainfall. Therefore, this tragic disaster was the result
of a combination of paved urban area and severely localized
heavy rainfall.
Recently, weather analyses have shown that localized
heavy rainfalls have become increasingly frequent during the
summer season. In Japan, there are many short rivers similar
to Toga River with small basins about only 10 km2 and sewage

systems, and most of the rivers are used as public parks. Thus,
these public parks in rivers are likely to be dangerous during
severely localized heavy rainfall events, for example, 30 min
rainfall at an intensity of 50 mm/h.
In addition, based on photos recorded by a public monitoring camera near the location of the flood incident, there
was no obvious in situ sign before the sudden approach of
the flood. This indicates that the time for response after the
flood arrived was not sufficient. Therefore, it is imperative
to develop a methodology for early warning of flash floods
before localized heavy rainfalls reach the ground. Such
localized torrential rainfalls are known as “Guerrilla-heavy
rainfalls,” which is a popular term in Japanese news media
denoting a short localized heavy rainfall. A Guerrilla-heavy
rainfall is generally formed by even an isolated cumulonimbus cloud which is suddenly generated aloft and develops
rapidly in a very short time. Therefore, it is very difficult to
predict a flash flood caused by Guerrilla-heavy rainfall. For
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example, in the Toga River case, there was only about ten
minutes for the operating radar, which observed using Plan
Position Indicator (PPI) scans at a low elevation angle, to
receive signals of the rainfall event before the flood reached
the incident location. Thus, in order to prevent such flash
flood disasters, it is very necessary to develop a system that
can detect hazardous rain-cells in the earlier stage to save
more than 5 to 10 min and issue an alert for people to evacuate
from river parks to a higher position before flood arrival. This
is the main objective of the present research.
In this paper, we shall propose a novel Guerrilla-heavy
rainfall prediction system. The structure of this paper is as
follows. Section 2 introduces an analysis of the Toga River
event using a C-band radar. The result shows that monitoring
by volume scan operation is very effective for observing
a first radar echo of a rain-cell in an upper atmospheric
layer and facilitates detection of a severe storm that might
cause Guerrilla-heavy rainfall. Further, Section 3 describes
a method for identifying hazardous rain-cells that may
cause Guerrilla-heavy rainfalls using vertical vorticity values
inside rain-cells obtained by Doppler radar observation.
Then, the novel Guerrilla-heavy rainfall prediction system is
introduced. To resolve the relationship between growth of a
rain-cell and vorticity inside the rain-cell, Section 4 presents
an analysis of the structure of vertical vortex tubes inside
rain-cells. Finally, Section 5 summarizes and discusses the
advantages of the system as well as our ongoing research.

2. Early Detection of Rain-Cells Using
Volume Scan Radar Observation
In this study, early detection is defined as detecting the
existence of a first radar echo from a rain-cell in an upper
atmospheric layer. This is because it is very essential to
broadcast the risk information of a flash flood to the public
people before a raindrop reaches the ground or before a tragic
flash flood approaches even if the information is distributed
at the timing of first radar echo appearance aloft.
Nakakita et al. [2] analyzed the Toga River flash flood
event and verified that the first radar echo in an upper
atmospheric layer was detected through a volume scan
observation with an operational C-band radar. Nakakita et
al. [3] named a first radar echo aloft in a cumulonimbus
cloud as a “baby-rain-cell” and emphasized that a baby-raincell was a very effective sign for issuing early flash flood
evacuation warnings. Based on this research, the Ministry
of Land, Infrastructure, Transport and Tourism (MLIT) of
Japan has finished installing a new weather radar network,
called “X-band polarimetric RAdar Information Network”
(XRAIN), in major urban areas around Japan since 2010 in
order to prevent flash flood disasters through faster detection
of localized heavy rainfall events.
In the following section, we present an analysis of the
Toga River event using a C-band radar as well as the
introduction of XRAIN.
2.1. Analysis of Toga River Event Using a C-Band Radar. Toga
River, which is located in Kobe City in Japan, is a popular
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place for people to enjoy the waterfront during sunny days
in the summer season (see Figure 1(a) for field photo). On
July 28, 2008, as usual, many people were enjoying the sunny
weather in the river parks in Toga River. A slight shower
occurred, and then, without any significant sign or time of
react, a flash flood surge suddenly struck the river parks
at 14:42 and washed away the people. Figure 1(b) shows
field snapshots at different times of the day in Toga River
during this flood event. As is shown in Figure 2, according
to figures of rainfall intensity from low angle observation by
C-band radars operated by the MLIT, heavy rainfall occurred
over the basin of Toga River at 14:35. This means that seven
minutes was available to issue a flash flood warning. Seven
minutes may appear to be sufficient for issuing an evacuation
warning; however, in fact, it took about ten minutes to finalize
procedures of making figures and distributing it to the public
officials. Thus, conventional methods for rainfall observation
may not provide early enough detection to protect people
from disasters caused by flash floods. Therefore, it is emphasized that an additional five to ten minutes for early detection
of heavy rainfall is absolutely and imperatively required.
In the last few decades, for scientific purposes, many
researchers have focused on a first radar echo of a thunderstorm to analyze cloud structure, for example, [4, 5],
and to understand the mechanism of precipitation onsets,
for example, [6, 7]. We focused on a first radar echo and
attempted to use it as a sign of early detection [2]. It should be
noted that while there have been many studies focused on a
first radar echoes, this was the first trial utilizing a first radar
echo in a practical rainstorm prediction algorithm based on
an operational radar network.
We analyzed the three-dimensional structure of reflectivity in the upper atmospheric layer over the target basin using
volume scan radar observation data, as is shown in Figure 3
[2]. Data were obtained from the Miyama C-band radar,
operated by the MLIT and the time interval of observation
was seven minutes and thirty seconds. The first echo of the
hazardous cloud in the upper atmospheric layer was captured
at around 14:13. At that time, any raindrops have not reached
the ground yet. Most importantly, data from volume scan
observations indicate that a hazardous cloud was detected
about 30 min before the flood occurrence. According to this
result, it is obvious that detecting a first radar echo is quite
effective to predict a flash flood. Hence, we termed a first
radar echo aloft in a cumulonimbus cloud as a “baby-raincell” and argued that a baby-rain-cell is a very effective sign
for issuing an early flood evacuation warning [3].
To sum up, the three-dimensional information provided
by volume scan mode has been proven to be practical and
useful for the detection of hazardous rain-cells in the early
stage.
2.2. New Japanese Radar Network Using X-Band Radars.
Owing to the advantage of volume scan observations [2],
the MLIT has started installing many X-band radars, which
provide volume scan observation data with high spatial and
temporal resolutions, throughout Japan. Table 1 lists the
specifications of the installed X-band radar and the Miyama
C-band radar in 2008. We can see the X-band radar has much
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Figure 1: (a) Photograph of Toga River (July 17, 2012). (b) Field snapshots at different times in Toga River during the flood event.

Table 1: List of specifications of the installed X-band radars and the
Miyama C-band radar.
Radar name
Time resolution
Range resolution
(maximum range)
Azimuth resolution
Parameters

X-band
Miyama C-band
multiparameter radar
radar in 2008
5 min/volume scan 7.5 min/volume scan
150 m (80 km)

300 m (120 km)

1.4∘
1.2∘
Reflectivity, Doppler
Reflectivity, Doppler
velocity, polarimetric
velocity
parameters

higher spatial and temporal resolutions than the Miyama Cband radar. Additionally, the X-band radar observes not only
reflectivity and Doppler velocity but also various polarimetric
parameters. These new parameters are used operationally for
calculating the rainfall intensity as well as experimentally
for many fundamental researches. However, compared with
the C-band radar, the X-band radar has two disadvantages:
(1) high rain attenuation and (2) short observation range.
To overcome the two drawbacks, many similar concepts of
densely overlapped radar observation networks have been
proposed, for example, [8–10]. Following this concept, the
MLIT has constructed a new weather radar network, XRAIN
in major urban areas in Japan since 2010. As of now, the MLIT
has finished installing 39 X-band radars. Figure 4 illustrates
the radar distribution as well as the observation ranges. For
more precise observation in some specific areas, more radars
were installed for greater overlapping of the observation
ranges. Each X-band radar finishes one volume scan observation in 5 min. Additionally, to overcome the attenuation
problem, the MLIT corrects the observed reflectivity and
differential reflectivity (𝑍DR ) using specific differential phase
(𝐾DP ) [11, 12]. After correction, only the surface data from
all individual radar is operationally processed and condensed
together into one composite surface rain data with high

spatial (250 m by 250 m) and temporal resolutions (one
minute interval) [12]. The data is operationally distributed
to the public as a standard real-time product [13]. However,
different from the surface rain data, three-dimensional volume scan data is not distributed to the public. For different
objectives, we processed the volume scan data in different
manners. For earlier detection, volume scan data of four
radars in the Kinki area was merged into three-dimensional
Cartesian coordinate system, as is mentioned in Section 3;
for basic analysis, volume scan data of each four radars was
utilized directly without any interpolation or composition, as
is shown in Section 4.
Then, with the data from XRAIN, Nakakita et al. [14]
proposed a prediction methodology for Guerrilla-heavy
rainfall using vertical vorticity values inside a rain-cell. This
methodology is elaborated in Section 3.

3. Early Detection and Risk Prediction
System for Guerrilla-Heavy Rainfall
As mentioned in Section 2, XRAIN is applicable for detection
of baby-rain-cells aloft in the very early stage. However, as not
all rain-cells aloft develop into severe storms, identification
of the danger level of the detected rain-cell is a critical issue
for precise flood warning. Nakakita et al. [14] found that
rain-cells that caused Guerrilla-heavy rainfalls had vertical
vorticity values greater than or equal to 0.03 s−1 inside the
rain-cells and proposed a methodology for the prediction
of Guerilla-heavy rainfalls by utilizing vertical vorticity, as
introduced in the following section.
3.1. Vorticity in the Early Stage of a Supercell. Referring to
cloud dynamics [15–17], the characteristic behavior of supercell evolution in the early stage is vortex tube tilting. Figure 5
schematically illustrates the early stage of the development
of a cumulonimbus cloud that will develop into a supercell.
The vertical shear of horizontal wind generates a horizontally
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Figure 2: Rainfall intensity from low angle observation by C-band radars operated by the MLIT. Lower figures show zoom-in distributions
in the range of the red rectangular in upper figures. The numbers in lower figures mean the radar estimated value of rainfall intensity.

oriented vortex tube, which is indicated by circular arrows in
Figure 5(a). If this horizontal vortex tube meets an updraft,
the tube is tilted and transferred into the vertical vortex tube
along the updraft. Hence, a pair of positive and negative
vertical vortex tubes appears in the rain-cell, as shown in
Figure 5(b). However, even though the behavior of vortex
tube tilting is well understood for the formation of a supercell
in the early stage, the early stage of development of baby-raincells, which form Guerrilla-heavy rainfalls, is still unknown.
Nevertheless, by physical intuition, a rain-cell for a Guerrillaheavy rainfall can be reasonably assumed to have the motion
of vertical vorticities, analogous to a supercell. Therefore, in
order to appropriately identify the potential danger level of a
baby-rain-cell aloft, Nakakita et al. [18] proposed a methodology for identifying danger level using vertical vorticity
values inside a baby-rain-cell. Data processing and efficacy
verification of this method are described in the next section.

3.2. Identification of Hazardous Rain-Cells
Using Vertical Vorticity
3.2.1. Methodology of Data Processing. Three-dimensional
volume scan data from four radars in the Kinki area, as
is shown in Figure 6, was used for the research. As one

cycle for volume scan observation takes five minutes, the
time interval for analysis was set to be five minutes. In
this study, reflectivity and Doppler velocity in the polar
coordinate system were used. For calculation of vorticity,
all data were transformed into three-dimensional Cartesian
coordinate system by interpolation. For the transformation,
the initial dimension of a unit rectangular element for the
two types of data is 200 m × 200 m × 200 m. However, to
exclude interruption from noisy echoes in the background,
reflectivity data was further averaged into a larger unit
element with a dimension of 500 m × 500 m × 250 m, and its
threshold was set to be 20 dBZ.
For calculation of vertical vorticity inside a baby-raincell, the transformed Doppler velocity data was used [18].
As Doppler velocity can only measure the radial component
of a target’s velocity relative to the radar, it cannot provide
complete information of a target with a large tangential
velocity component. This means that some estimations are
required to obtain reasonable values of vorticity using
Doppler velocity data. To solve this, we used Doppler velocity
along the beam line with multiple radar observation. To
calculate approximate vorticity, we introduced an eightdirection classification and eight different equations for more
precise estimation [18], as shown in Figure 7. Then, at a given
location, from all vorticities calculated using volume scan
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Figure 3: Three-dimensional reflectivity detected by the Miyama C-band radar operated by the MLIT. Contour lines of rainfall intensity are
described on the ground. Toga River is located at the center of each figure.

80 km radius

Figure 4: Distribution of all radars in XRAIN and their detection
areas. The maximum detecting radius of each radar is 80 km.

observation data from the four radars in the Kinki area, the
largest one is selected as the representative vorticity. With
this methodology, approximate vorticity can be obtained. The
vorticity criterion is set to be 0.03 s−1 , which denotes that
vorticity with a value greater than 0.03 s−1 is considered as
our target in a rain-cell in the early stage. Special attention
is given such that even if the real vorticity is unavailable, the
approximate one is applicable to the purpose of qualitative
identification of the danger level of a baby-rain-cell.
In the next section, we introduce the evaluation of the
largest vertical vorticity for detection of a hazardous rain-cell.
3.2.2. Evaluation of the Efficiency of Vorticity. A Guerrillaheavy rainfall is defined as a rainstorm generated by an
isolated cumulonimbus cloud with an intensity of more than
50 mm/h within 30 min after rainfall reaches the ground.
To evaluate the efficiency of vorticity for identification of
the danger level, we investigated 35 Guerrilla-heavy rainfall

events, including the ones in Nakakita et al. [14], from 2010 to
2013. Details of the collected events are tabulated in Table 2,
including occurrence date, time of first echo detection, first
time of detection of vorticity greater than or equal to 0.03 s−1 ,
and time and maximum rainfall intensity on the ground. All
the events had vertical vorticity in the early stages before
severe rainfall reached the ground.
Figure 8(a) shows statistics of the elapsed time since the
first echo of a rain-cell was detected. Green bars denote the
time interval between the vorticity detection and the first
echo detection; the average time was 1.7 min. Orange bars
represent the time interval between the maximum rainfall
intensity observation and the first radar echo detection; the
average time was 25.3 min. By average values, vorticity was
detected 23.6 min earlier than the time at which maximum
rainfall intensity occurred. As is shown in Figure 8(a), special
attention was given such that, in our collected events, there
was no event where vorticity and maximum rainfall intensity were detected simultaneously. In addition, Figure 8(b)
illustrates the interval between the time of maximum rainfall
intensity and vorticity detection. We found that the time at
which the vorticity was detected was at least 10 min earlier
than time at which the Guerrilla-heavy rainfall reached the
ground. From this, vertical vorticity is proven to be an
effective index for detection of a hazardous rain-cell and,
further, for a Guerrilla-heavy rainfall prediction system, as is
introduced in the next subsection.
3.3. Development of Guerrilla-Heavy Rainfall Prediction System. Vorticity is an effective index to identify hazardous
rain-cells that may develop into a severe storm leading to a
Guerrilla-heavy rainfall. Based on this result, we developed a
Guerrilla-heavy rainfall prediction system that include three
major steps in the algorithm [14]: (1) detection of a babyrain-cell in the early stage of a rainstorm, (2) identification
of the initial danger level of baby-rain-cells using estimated
vorticity, and (3) three-dimensional tracking of the rain-cell
until it develops into a rainstorm. The methodologies of early
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Figure 5: Schematic figures of formation of a vertical vortex tube. Circular arrows show circulations of horizontal vortex tube. (a) The vertical
shear of horizontal wind generates a horizontally oriented vortex tube. (b) Updraft tilts a horizontal vortex tube into a vertical one (reproduced
based on [15–17]).
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Figure 6: Four X-band radars in the Kinki area.

detection and identification of a baby-rain-cell have been
described above.
The algorithm identifies rain-cells in three steps and
classifies them under five danger levels (L1–L5) in different
colors, as is shown in Figure 9. In the first step (1) a volume
threshold, ranging from 0.125 km3 to 62.5 km3 , is utilized to
search baby-rain-cells. In the prediction system, rain-cells
with volumes less than 0.125 km3 or greater than 62.5 km3 are
not considered baby-rain-cells and are excluded.
The second step (2) is to identify initial baby-rain-cells
by using a vorticity criterion of 0.03 s−1 . Baby-rain-cells that
do not include vorticity greater than or equal to the criterion

are considered less dangerous and marked as L1 (blue);
otherwise, baby-rain-cells with vorticity greater than or equal
to the criterion are potentially dangerous and marked as L2
(yellow).
After identifying baby-rain-cells, the final step is to
continually track the generated rain-cells and to identify their
danger level of time variation. After being classified into
the initial danger levels for baby-rain-cells (L1 and L2), the
rain-cells are identified in the next time step using other
danger levels, L3 (red), L4 (aqua), and L5 (gray). The vorticity
criterion of 0.03 s−1 is still utilized to determine the danger
level. Rain-cells with vorticities greater than or equal to this
criterion are considered very dangerous and marked as L3.
Rain-cells that do not include vorticity greater than or equal
to the criterion are considered less dangerous and marked
as L4. Finally, the remaining rain-cells are not the tracking
targets and they are marked as L5.
To track hazardous cells, we propose an algorithm for
rain-cell-tracking [14] which is introduced as follows. As the
maximum moving speed of a rain-cell is around 60 km/h, the
maximum moving range in 5 min is about 5 km. Therefore,
for all marked cells, a rain-cell-tracking algorithm, based on
the connected component labeling (CCL) scheme [19], is
performed to find the nearest cell within the moving range
of 5 km in the next time step.
Figure 9 demonstrates one example of prediction. In the
three-dimensional figures in the upper part, a new babyrain-cell is initially detected at 16:10 and marked as L1 (blue)
because its vorticity was less than the vorticity criterion. In
the next time step, at 16:15, the baby-rain-cell was identified
as a dangerous cell and marked as L3 (red). As is shown in
Figure 9, the baby-rain-cell was detected before the rainfall
reached the ground at 16:10. Furthermore, at 16:15, the
prediction system had already identified the baby-rain-cell
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Figure 7: (a) Eight-direction map from the radar site, (b) grid number and corresponding formulas for vorticity calculations, and (c) vorticity
estimation method for each direction.
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Figure 8: The statistics of the elapsed time since the first echo of a rain-cell was detected: (a) green bars: the time interval between the vorticity
detection and the first radar echo detection; orange bars: the time interval between the maximum rainfall intensity observation and the first
echo detection; (b) blue bars: the time interval between the maximum rainfall intensity observation and the vorticity detection.

as hazardous when slight rainfall appeared on the ground.
This example proves that the prediction system can detect and
identify a hazardous rain-cell in its early stage before a heavy
rainfall reaches the ground.
To sum up, we showed that all rain-cells that caused
Guerrilla-heavy rainfall had vertical vorticity values greater
than or equal to 0.03 s−1 from the case study [14]. Based on
this result, we developed a Guerrilla-heavy rainfall prediction
system that does not miss predicting hazardous rain-cells
[14]. As no hazardous rain-cell is missed in the prediction,

the system is quite helpful for disaster prevention. Therefore,
this pioneering and practical system has been adapted by
the MLIT and implemented at five radar stations of XRAIN
in the Kinki area [20]. One example in real practice is
illustrated in Figure 10. However, not all baby-cells with large
vertical vorticity values develop into severe storms leading
to Guerrilla-heavy rainfalls, but in our system, these raincells will also be identified as hazardous rain-cells. In the
recent research [21], the system has 17.1% false prediction rate
over 70 events. For real practice, this rate of false prediction

8

Advances in Meteorology

Table 2: List of Guerrilla-heavy rainfall events used for vorticity evaluation. This includes occurrence date, time of first echo detection, first
time of detection of vorticity greater than or equal to 0.03 s−1 , and time and maximum rainfall intensity on the ground.
Date
2010/7/7
2010/7/16
2010/7/17
2010/7/24
2010/8/6
2010/8/14
2010/8/20
2010/8/20
2010/8/24
2010/8/24
2010/8/26
2010/8/29
2010/8/30
2010/8/31
2011/7/24
2011/7/26
2011/7/28
2011/7/31
2012/7/20
2012/7/20
2012/7/22
2012/7/22
2012/7/25
2012/7/26
2012/8/11
2012/8/17
2012/8/17
2012/8/21
2012/8/23
2012/8/31
2012/8/31
2013/8/6
2013/8/6
2013/8/6
2013/8/7

Time of rainfall on
the ground

Time of
baby-cell-detection

Time of vorticity
detection

Time of maximum
intensity

Maximum intensity
(mm/h)

12:37
16:27
15:58
16:53
15:44
12:23
17:55
18:28
16:31
16:59
16:52
16:10
14:57
15:21
16:24
14:33
10:18
16:42
12:36
13:03
14:26
16:06
16:08
15:50
15:58
16:44
17:23
16:01
14:54
15:20
15:32
13:10
13:45
16:12
16:45

12:35
16:15
15:50
16:50
15:40
12:20
17:55
18:30
16:30
16:55
16:50
16:10
14:55
15:15
16:25
14:35
10:20
16:40
12:40
13:05
14:25
16:10
16:15
15:55
15:55
16:40
17:25
16:00
15:05
15:20
15:30
13:10
13:45
16:10
16:45

12:35
16:15
15:50
16:50
15:40
12:20
17:55
18:30
16:30
16:55
16:55
16:10
14:55
15:20
16:25
14:35
10:25
16:45
12:40
13:05
14:25
16:10
16:15
15:55
16:05
16:40
17:30
16:05
15:05
15:20
15:40
13:10
13:50
16:15
16:45

13:17
16:55
16:33
17:17
16:05
12:35
18:13
19:15
17:21
17:17
17:17
16:42
15:43
15:45
16:39
14:55
10:41
17:04
13:03
13:25
14:45
16:35
16:35
16:14
16:17
16:59
17:44
16:22
15:31
15:30
15:47
13:33
14:05
16:23
17:10

97.3
97.8
113.1
116.9
70
107
52.6
66.3
88.2
82.7
74.7
79.3
106.1
111.8
93.3
60.8
75.4
78.7
88.0
79.2
67.6
114.4
82.5
78.0
90.8
79.9
84.1
88.7
91.3
103.2
90.2
78.9
80.8
54.8
87.8

is considered to be low and acceptable. Although this is an
overestimation of hazardous rain-cells, from the viewpoint
of disaster prevention, the fact that there are no missing
predictions ensures the safety of people. To the best of our
knowledge, this localized torrential rainfall prediction system
is the safest in the world.

4. An Analysis of Vortex Tube Structure
As is mentioned in the Section 3, vertical vorticity values
can be used to successfully identify hazardous baby-rain-cells
aloft before they cause Guerrilla-heavy rainfalls. However, the

reason why the vorticity is effective in identifying hazardous
baby-rain-cells is still unclear. Hence, we carried out an
analysis of vorticity inside rain-cells that caused Guerrillaheavy rainfall in order to resolve the relationship between
baby-rain-cell growth and corresponding vorticity behavior. Additionally, improved understanding of baby-rain-cell
development facilitates quantification of heavy rainfall risk.
As indicated in Section 3.1, vortex tube tilting is the characteristic phenomenon of early stage supercell development.
In an analysis of rain-cells in 35 events that did not develop
into a supercell, Nakakita et al. [14] found vorticity values
greater than or equal to 0.03 s−1 . Based on this result, we
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Figure 9: Risk prediction of a baby-rain-cell using the Guerrilla-heavy rainfall system: three-dimensional figures (a), two-dimensional rainfall
intensity figures (b), and legends of each danger level (c).

assume that the growth of a baby-rain-cell is similar to that
of a supercell. To verify this assumption, we analyzed the
vorticity distribution inside baby-rain-cells for 16 selected
Guerrilla-heavy rainfall events. In the following, we describe
the data processing methodology, vorticity distribution analysis, and verification of vortex tube behavior inside babyrain-cells.
4.1. Methodology of Data Processing. As our focus is on
analysis of the vorticity structure in baby-rain-cells, obtaining
an accurate vorticity distribution is crucial. In our study,
we used observed reflectivity and Doppler velocity. To focus
on accurate vorticity distribution, we propose a new data
processing methodology. In what follows, we shall present

the new methodology and compare it with conventional
methodology [14].
(1) Coordinate System Transformation. In the analysis by
Nakakita et al. [18], as the original data is in the polar
coordinate system, an interpolation method was utilized
to transform the polar coordinate system into the threedimensional Cartesian coordinate system. For reflectivity and
Doppler velocity, the (x, y, z) dimensions of a unit element
are 500 m × 500 m × 250 m and 200 m × 200 m × 200 m,
respectively. Meantime, as the duration of one cycle of radar
volume scan is five minutes, the analysis time interval was
also set to be five minutes. However, we considered this
methodology to be applicable to the present study, because
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Figure 11: Formulas for vorticity calculation, which utilizes adjacent
meshes of Doppler velocity data (Nakakita et al., [22]).
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Figure 10: One example of the results using the Guerrilla-heavy
rainfall prediction system by radars of the MLIT [20]. Circles in
different colors denote the dangerous range and the corresponding
danger level.

the spatial resolution of data is too low to analyze small
and rapidly growing baby-rain-cells, and interpolation may
cause artificial distortion of data. Therefore, to obtain precise
vorticity distribution, we utilized a new methodology of data
processing for extraction of the vorticity distribution from
Doppler velocity.
Raw data in the polar coordinate system was directly
used for vorticity frequency analysis, without interpolation.
Note that, for figure illustrations and vortex tube analysis, we
used the plane projection method to convert PPI scan data
to planar data in the two-dimensional Cartesian coordinate
system. Also for detailed display, the spatial resolution in
each plane is 50 m by 50 m. With data in the high spatial
resolutions, we can accurately analyze the behavior of a small
rain-cell.
(2) Noise Data Threshold. The threshold of noise data is
critical in radar data processing to avoid interruption from
noise echoes. In conventional study, the threshold is set at
20 dBZ for reflectivity data. However, as we focused on the
very early stage of small rain-cell development, the reflectivity
threshold was set at 5 dBZ, and Doppler velocity was directly
used without being filtered by the reflectivity threshold. To
distinguish real echoes from noise, we manually collected
the first echo data by visual judgment of the reflectivity
distribution and Doppler velocity.

(3) Vorticity Calculation Method. We introduced an eightdirection classification and used eight different equations for
calculating approximate vorticity [18], as shown in Figure 7.
If varying vorticity values are obtained from different radar
directions, we suggest selecting the largest positive vorticity
value at a location to identify hazardous rain-cells of which
the vorticity value is greater than or equal to 0.03 s−1 . We
introduced a new methodology in the present study to
obtain a more accurate vorticity distribution. As is shown
in Figure 11, vorticity is calculated by the adjacent meshes
in Doppler velocity data in the polar coordinate system. It
should be noted that our focus was to analyze vortex behavior
in three-dimensions, so both positive and negative vorticity
were important for analysis. So, in the vorticity distribution
we kept all positive and negative values of vorticity at
each location without selecting the greatest positive value.
Furthermore, the criterion of absolute value of vorticity is set
as 0.01 s−1 . With this value, which is much smaller than the
conventional criterion 0.03 s−1 , we were able to analyze the
relatively low vorticity of a very early stage rain-cell.
Figure 12 illustrates examples of the data processing
output for reflectivity, Doppler velocity, and vorticity distribution. Contour lines show height above the ground, and the
interval between major contour lines is 1,000 m.
4.2. Vorticity Distribution Analysis. We collected 16 Guerrilla-heavy rainfall events in 2013 and 2014 to analyze the
vorticity distribution. Details of the events are tabulated
in Table 3, including occurrence date, time of first echo
detection, first time of rainfall recorded on the ground, and
time of maximum rainfall intensity. For each event, the count
of vorticity is calculated using the processed data in the polar
coordinate system. By summarizing the count and absolute
value of vorticity in all baby-rain-cells, Figure 13 shows the
frequency distribution of absolute value of vorticity in the
first echo of all collected events. In the baby-rain-cells that
did not form supercells, clearly, both positive and negative
vorticity existed. And according to this figure, the positive
vorticity frequency was greater than negative (Figure 13). This
may be due to large-scale positive vorticity in the background
affecting small-scale vorticity in the first echoes. However,
we focused on only qualitative analysis of the existence
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Table 3: List of the Guerrilla-heavy rainfall events used for analysis of vorticity and vortex tubes. This includes occurrence date, time of first
echo detection, first time of rainfall recorded on the ground, and time of maximum rainfall intensity.
Event
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

Date
2013/8/6
2013/8/6
2013/8/6
2013/8/7
2014/8/17
2014/8/17
2014/8/17
2014/8/18
2014/8/23
2014/8/23
2014/8/23
2014/8/23
2014/8/24
2014/8/25
2014/8/25
2014/8/27

Time of baby-cell-detection
13:03
13:42
16:06
16:40
9:12
12:08
15:47
15:58
11:46
11:38
15:57
16:28
12:33
12:20
17:33
16:25

Time of rainfall on the ground
13:10
13:45
16:10
16:45
9:13
12:09
15:50
16:04
11:52
11:53
16:06
16:34
12:38
12:26
17:37
16:38

or absence of negative vorticity in baby-rain-cells. We will
analyze the data on different frequencies of positive and
negative in further work.
Vertical vortex tubes were identified by connecting vorticity distributions at different altitudes, and we found they
were present in all baby-rain-cells that did not evolve into
supercells. Figure 14 demonstrates one example of vertical
vortex tube structure from a rain-cell in one of the collected
events. However, more evidence is needed to support our
assumption. Hence, we estimated updraft region and analyzed the relationship between vorticity and updraft by a real
event. We shall present the methodology and results in the
next section.
4.3. Analysis of the Relationship between
Vortex Tubes and Updraft
4.3.1. Theoretical Vortex Tube Behavior in the Early Stage of a
Supercell. In recent decades, vortex tube structure has been
investigated to clarify the supercell development process, for
example, [15–17], but, to our knowledge, systematic analysis
of rain-cell vorticity distribution has not been investigated to
date, except for supercells. This research is a pioneering study
to analyze vortex tube structure at high spatial resolution,
associated with a severe Guerrilla-heavy rainfall storm.
Consider a horizontally oriented vortex tube induced
by the vertical shear of a horizontal environmental wind
which flows perpendicular to the vortex tube, as is shown
in Figure 5. Vertically oriented vortex tubes motion can be
expressed by the vorticity equation in the z-direction [17] as
𝜕𝑤
𝜕𝑤
𝜕𝑤
𝑑𝜁
=𝜉⋅
+𝜂⋅
+𝜁⋅
,
𝑑𝑡
𝜕𝑥
𝜕𝑦
𝜕𝑧

(1)

Time of maximum intensity
13:33
14:05
16:23
17:10
9:39
12:23
16:04
16:18
12:08
12:05
16:29
16:57
12:53
12:49
17:51
17:13

where (𝜉, 𝜂, 𝜁) are vorticities in the (𝑥, 𝑦, 𝑧) directions, respectively, and 𝑤 is the z-component of velocity. In the right hand
side (RHS) of (1), the first two terms represent the tilting
motion of a horizontal vortex tube by a vertical shear of
horizontal wind, and the third term represents the stretching
motion of the vertical vortex tube due to variable 𝑤 in the
𝑧-axis direction. Vorticity motion is three-dimensional, and
all components are nonlinearly coupled with each other, but
for the sake of clear explanation only the vertical vorticity
equation is presented here.
One example is given for explanation as follows. In an
environment with vertical vorticity 𝜁 = 0 when a vertical
shear of horizontal wind occurs 𝜕𝑢/𝜕𝑧 ≠ 0, the horizontal
vortex tube of 𝜂 begins to be tilted by the updraft. Hence,
according to (1), vertical vorticity 𝜁 starts to be altered by
the tilting motion through the second term in the RHS.
In this condition, the z-direction vorticity equation can be
rearranged into
𝜕𝑤 𝑑𝑢 (𝑧) 𝜕𝑤
𝑑𝜁
=𝜂⋅
=
⋅
,
𝑑𝑡
𝜕𝑦
𝑑𝑧
𝜕𝑦

(2)

where 𝑢(𝑧) is the velocity of an environmental wind. As
is shown in Figure 5(b), from (2) a positive vorticity is
generated in the left side of the updraft relative to the
shear flow (𝜕𝑤/𝜕𝑦 > 0), and simultaneously a negative
vorticity appears in the right side of the updraft relative
to the shear flow (𝜕𝑤/𝜕𝑦 < 0) instead. Once the pair
of vertical vorticities is generated, an updraft feedback
mechanism amplifies vertically oriented vortex tube by a
stretching motion, as represented by the third term in (1).
From this theoretical explanation, we can conclude that a
pair of positive and negative vortex tubes exists along the
updraft. Further analysis is needed to verify this conclusions
as discussed below.
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Figure 12: One example of distributions of reflectivity (a), Doppler velocity (b), and vorticity (c) after data processing.
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Figure 13: The frequency distribution of the absolute values of
negative and positive vorticity in baby-rain-cells.

4.3.2. Methodology of Updraft Identification. Hereafter, the
relationship between an updraft and corresponding vorticity
location is examined in a real event. The importance of
an updraft for developing a pair of positive and negative
vortex tubes in the vertical direction has been explained
in Section 4.3.1. In order to identify updraft location, we
utilized differential reflectivity (𝑍DR ) and dual Doppler radar
measurement.
(1) High 𝑍𝐷𝑅 Column. 𝑍DR is one of the polarimetric parameters, and many researchers have focused on 𝑍DR to identify

2000

1000
−4

−2

0
(0.01/s)

2

4

Positive vorticity
Negative vorticity

Figure 14: One example of structure of vertical vortex tube in the
rain-cell of the event 15 in Table 3. The red lines show positive
vorticity and the blue lines show negative vorticity.

updraft location in thunderstorms, for example, [23–25]. 𝑍DR
depends on the shape and size of hydrometeors; negative
values of 𝑍DR can denote vertically oriented scatterers, while
positive values denote horizontally oriented scatters, that is,
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raindrops. Generally, few raindrops exist above the freezing
level, but with updraft some raindrops are lifted up above the
freezing level; hence, a high 𝑍DR column can be observed
above the freezing level. Thus, this high 𝑍DR column is an
effective index to identify an updraft. As is mentioned in
Section 2.2, 𝑍DR is corrected to minimize the attenuation
problem using 𝐾DP by the MLIT [11]. In addition to this, in
our study, we carried out additional 𝑍DR correction using
reflectivity. The concept of the correction and the calculation
method are explained below. Small reflectivity near the
ground indicates light rain, and then the raindrop shape
must be round. As is mentioned above, 𝑍DR depends on
the shape of hydrometeors, so it should show almost 0 dB
when the target shape is round. However, actual observed
𝑍DR sometimes show larger (smaller) value than 0 dB when
reflectivity is small value (greater than or equal to 5 dBZ and
less than 20 dBZ). Thus, we calculated the bias value by a leastsquare technique so as to minimize the sum of squared errors
of 𝑍DR . For further details refer to Nakakita et al. [22].
(2) Multiple Doppler Radar Analysis. The radars cannot
observe vertical velocity; thus we estimated it with multiple
Doppler radar analysis using the variational technique proposed by Shimizu and Maesaka [26]. This variational method
minimizes a cost function J, defined as the sum of squared
errors, in the entire analysis domain. In this study, the LBFGS method proposed by Liu and Nocedal [27] was used
to optimize the cost function. The cost function is defined as
follows:
𝐽 = 𝐽𝑜 + 𝐽𝑑 ,
𝐽𝑜 =

1
∑ 𝜆
2 𝑖,𝑗,𝑘,𝑚 𝑜
2

⋅ (𝑉𝑟𝑚 − 𝑢 cos 𝐴 − V cos 𝐵 − (𝑤 + 𝑤𝑡) cos 𝐶) ,
𝐽𝑑 =

1
∑ 𝜆 𝐷2 ,
2 𝑖,𝑗,𝑘 𝑑

𝐴=

𝑥𝑚
,
𝑟𝑚

𝐵=

𝑦𝑚
,
𝑟𝑚

𝐶=

𝑧𝑚
,
𝑟𝑚

𝐷=

𝜕𝜌𝑢 𝜕𝜌V 𝜕𝜌𝑤
+
+
,
𝜕𝑥
𝜕𝑦
𝜕𝑧

(3)

where 𝐽𝑜 is the difference between observed and analyzed
radial velocity, 𝐽𝑑 is continuity equation error, m is the
number of radars, u, v, and 𝑤 are velocity components of
wind, 𝑥𝑚 , 𝑦𝑚 , and 𝑧𝑚 are the distance between the target and
the radar site, 𝑤𝑡 is the target drop velocity, 𝜌 is the mean
horizontal air density, and 𝜆 𝑜 and 𝜆 𝑑 are reciprocals of the
error variance. Here, the Cartesian coordinate system is used
for reflectivity and Doppler velocity, where the dimension of
a unit rectangular element is 1 km × 1 km × 500 m. With these

data, we estimated vertical velocity and identified the updraft
region.
4.3.3. Analysis of Vortex Tube Tilting in the Rain-Cell. Event
15 of Table 3 was selected for updraft identification based on
clear vortex tube shapes and high 𝑍DR above the freezing
level. Figure 15 shows the (a) Doppler velocity observed by
Tanokuchi radar and schematic diagram of tilting vortex
tube, (b) vorticity calculated using Doppler velocity, (c) 𝑍DR ,
and (d) vertical velocity computed by dual Doppler analysis
using Katsuragi and Tanokuchi radar data. In this event, as
the stronger west wind occurs at the high altitude, we can
reasonably assume a horizontal vortex tube was generated
due to vertical shear, as is shown in Figure 15(a).
From the theoretical analysis in Section 4.3.2, the west
wind should produce positive vorticity in the south and
negative in the north from the theoretical analysis in the
previous paragraphs as is shown in Figure 15(a). As is shown
in Figure 15(b), the property above is successfully testified
by the vorticity distribution using Doppler velocity. And it
is noticed that a pair of vorticities was existed in the babyrain-cell. We consider that an updraft can produce the pair
of vortex tubes in the early stage of the rain-cell. The result
reinforces the hypothesis that vortex tube development in
rain-cells forming a Guerrilla-heavy rainfall is similar to that
in the early stage of supercell.
4.3.4. Analysis of Updraft Location. Furthermore, since vortex tube structures have been shown to exist in rain-cells,
an updraft must be present between the pair of positive and
negative vorticity, as is shown in Figure 15(a). We verify
updraft location based on a high 𝑍DR column location and
multiple Doppler radar analysis. In this event, the bias value
of 𝑍DR was 0.68 dB. Thus, the bias value was subtracted from
observed 𝑍DR and we used corrected value for the analysis.
A high 𝑍DR column can be extended above the freezing
level by an updraft, for example, [23–25]. 𝑍DR greater than or
equal to 2 dB above the freezing level, which was 5,100 m in
this event, is used for identification of the updraft location.
Zero degree height was estimated using the sonde observation data operated by the Japan Meteorological Agency
(JMA) in Shionomisaki in the Kinki area. As a result, a
high 𝑍DR column is found between positive and negative
vorticities, as is shown in Figure 15(c). For multiple Doppler
radar analysis, we used two radar observations’ data from
Tanokuchi and Katsuragi. As is shown in Figure 15(d), a
strong updraft region is found between positive and negative
vorticities. These results indicated that a pair of positive and
negative vorticities coexists with an updraft in the rain-cell.
To sum up, through verification of vorticity distribution
and updraft location with a real event, we have shown that
vortex tube tilting, similar to that in a supercell, also exists in
a rain-cell which forms a Guerrilla-heavy rainfall.

5. Conclusion
From the serious flood event in Toga River, we have realized
that an additional period of more than five to ten minutes
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Figure 15: The feature of the event 15 observed by Tanokuchi radar; (a) Doppler velocity and schematic diagram of tilting vortex tube, (b)
vorticity calculated using Doppler velocity data, (c) 𝑍DR , and (d) vertical velocity computed with dual Doppler analysis using Katsuragi and
Tanokuchi radar data. The columns described in black color show the region of the high 𝑍DR column (b, c).

is quite vital and helpful to save precious human lives by
evacuating people from a dangerous river before a flood
arrival. To obtain this important period, we have developed a
system for detection of hazardous rain-cells at an earlier stage.
To protect human life, The most crucial objective for
any disaster prevention system is not to miss a disaster
prediction. In our analysis, we found that all rain-cells
which brought hazardous Guerrilla-heavy rainfalls exhibited
vertical vorticity values greater than or equal to 0.03 s−1 .
Therefore, to detect a Guerrilla-heavy rainfall, we utilized
this vorticity criterion to develop a prediction system which
would not miss prediction of any hazardous rain-cell. Regarding efficiency of real practical rainfall detection, this system
has been implemented in five operating radar stations of
XRAIN in the Kinki area.
Additionally, as a pioneering attempt, we also performed
a brand new vorticity analysis of baby-rain-cells in the events
of Guerrilla-heavy rainfalls. As a result, we verified the
existence of vertical vortex tubes inside rain-cells which did
not develop into supercells. Furthermore, vortex tube tilting
motion, similar to that in a supercell, was also proven to
exist in the rain-cell which formed a Guerrilla-heavy rainfall.
These two results not only make a breakthrough of babyrain-cell analysis, but also help to clarify the importance
of vorticity analysis for efficient identification of hazardous
baby-rain-cells.
To better understand the developing mechanism of a
baby-rain-cell, it is critical and necessary to analyze flow
structure in a cumulonimbus cloud aloft in the atmosphere
before raindrop generation. So, analysis of observation data
from a cloud radar and a Light Detection and Ranging (Lidar)
will be our future task. With better understanding, it is

certain that the precise quantitative risk prediction system
of Guerrilla-heavy rainfall could be realized, and perfect
protection of human lives from flood disasters can be surely
guaranteed in the near future.
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Satellite-based precipitation products are expected to offer an alternative to ground-based rainfall estimates in the present and the
foreseeable future. In this paper, we evaluate the performance of TRMM 3B42 precipitation products in the Yangtze River basin
for the period of 2003∼2010. The results are as follows: (1) the performance of RTV7 (V7) products is generally better than that
of RTV6 (V6) in the Yangtze River basin, and the percentage of best performance (bias ranging within −10%∼10%) for the annual
mean precipitation increases from 21.72% (54.79%) to 36.70% (59.85%) as the RTV6 (V6) improved to the RTV7 (V7); (2) the TMPA
products have better performance in the wet period than that in the dry period in the Yangtze River basin; (3) the performance
of TMPA precipitation has been affected by the elevation and a downward trend can be found with the increasing elevation in
the Yangtze River basin. The average CC between the V7 and observed precipitation in July decreases from 0.71 to 0.40 with the
elevation of gauge stations increasing from 500 m below to 4000 m above in the Yangtze River basin. More attention should be paid
to the influence of complex climate and topography.

1. Introduction
Seasonal and interannual climate variability in the subtropical humid monsoon region is mainly determined by changes
in precipitation [1]. Accurate precipitation data with high spatial and temporal resolution are deemed necessary for various
fields of research, such as climate change, water resources
management, and meteorological disaster prevention [2–
5]. Although rain gauges are considered as the standard
for measuring precipitation, the rain gauge network is still
insufficient across large areas worldwide, and the remotely
sensed information about precipitation becomes one of the

main sources of reliable and continuous data [6, 7]. Thus
satellite-based precipitation products are expected to offer
an alternative to ground-based precipitation estimates in the
present and the foreseeable future [8]. For this purpose,
the quality and applicability of satellite-based precipitation
products need to be evaluated [9].
Satellite-based precipitation products offer a potential
alternative or supplement to ground-based rainfall estimates
over sparsely gauged or ungauged basins [6, 7, 10–13]. As
the Tropical Rainfall Measuring Mission (TRMM) satellite
completes more than a decade of operation, it has provided
researchers throughout the world with a large volume of

2
rainfall data for the validation of atmospheric and climate
models [14]. The TRMM products include the near-real-time
products, that is, 3B42RT Version 6 and Version 7 (hereafter
RTV6 and RTV7) estimates and the research products of
3B42 Version 6 and Version 7 (hereafter V6 and V7) estimates
[15, 16]. TRMM rainfall products have been widely used in
the fields of hydrology, meteorology, and agricultural science
[17–19].
In recent years, comparisons between the TRMM rainfall
products and rain gauge observations have been made in
different climate regions in the world [20–25]. Tong et al. [26]
revealed that the TRMM 3B42V7 precipitation data have a
better performance than that of RTV7 and PERSIANN in
different climate zones. Collischonn et al. [27] found that
the TRMM 3B42 rainfall data could be considered reliable
in the Tapajo’s basin and Amazon basin, Brazil. For the
RTV6 and RTV7 products, Chen et al. [14] showed that
the TRMM 3B42RT rainfall data had a high precision and
a good correlation with the observed precipitation in the
humid subtropical Pearl River basin, China, at the basin scale.
For the V6 and V7 products, Gu et al. [28] found that the
V6 rainfall product was reliable and had good precision in
the Yangtze River basin, China, and the TRMM rainfall data
estimates could well represent the seasonal changes between
wet and dry periods. Chen et al. [29] reported that V7 was
adequate at detecting intense tropical cyclone rainfall in the
tropic Pacific basin. Zhao et al. [30] also found that there were
good linear relationships between V7 and rain gauge data in
the arid and humid transition region-Weihe River catchment,
Yellow River basin.
Differences between the near-real-time products (RTV6
and RTV7) and research products (V6 and V7) have been
reported. Qiao et al. [31] assessed the successive V6 and V7
TMPA (TRMM multisatellite precipitation analysis) rainfall
products over the climate-transitional zone in the southern
Great Plains, USA. As the V7 products are likely to be the
last ones for TMPA data released in early 2013, V7 corrects
the widespread rainfall underestimation from V6, and this
improvement was more pronounced in the relatively dry
basin. Yong et al. [32] reported that V7 product generally
performs better than the original V6 over the high-latitude
Laohahe basin and the low-latitude Mishui basin at both
daily and monthly scales. Xue et al. [19] revealed that the V7
algorithm had significantly upgraded from V6 in precipitation accuracy.
However, accuracy of the TRMM precipitation data varies
in different areas and seasons and across different spatiotemporal scales. Khan et al. [33] suggested that the best agreement
between the V7 and gauge observations with correlation coefficient values ranged from moderate (0.4) to high (0.8) over
the spatial domain of Pakistan, and the seasonal variation of
rainfall frequency had large biases (100%∼140%) over high
latitudes (36∘ N) with complex terrain for daily, monsoon, and
premonsoon comparisons. Habib et al. [34] reported that the
TMPA products tended to overestimate small rain rates and
underestimate large rain rates over Louisiana, USA. Islam and
Uyeda [35] found that 3B42 rainfall data overestimated the
rainfall during the premonsoon period in dry regions but
underestimated it during the monsoon period in wet regions
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over Bangladesh. Li et al. [36] stated that daily TRMM rainfall
data could not describe the occurrence and contribution
rates of precipitation accurately in Poyang Lake basin, China.
Almazroui [37] highlighted a general overestimation in the
satellite products over Saudi Arabia. Liu [38] examined the
differences between V6 and V7 on a global scale and found
that although both V6 and V7 showed a good agreement in
moderate and heavy rain regimes, there existed systematic
differences between them. Thus, more studies are of importance in further understanding the impacts of climate and
topography on the evaluation of TMPA products in the world.
The Yangtze River originates from the Qinghai-Tibet
Plateau and flows across three distinct terrains from the
headwater region to the East China Sea at Shanghai city, with
a 7000 m elevation drop [39]. Most of the Yangtze River basin
is dominated by the subtropical monsoon climate [39]. The
Yangtze, the longest river in China, has been subjected to
flooding throughout history [40]. Although there are hundreds of gauge stations in the Yangtze River basin, the gauge
network is still insufficient in the basin especially in the upper
Yangtze reaches due to its high elevation and complex terrain
[41]. Additionally, the most widely used rain gauge stations
are distributed sparsely and unevenly [42, 43]. Several studies
have been made in the Yangtze River basin in evaluating the
performance of the TMPA products. For example, Hao et al.
[41] reported that TRMM RTV7 significantly overestimates
the precipitation over the upper Yellow and Yangtze River
basins. Gao and Liu [40] also found that the TMPA products
had better agreement with gauge measurements over humid
regions than that over arid regions in the Tibetan Plateau.
Moreover, biases of TMPA present weak dependence on
topography, while biases of TMPA RT present dependence on
topography which indicated that topography and variability
of elevation and surface roughness played important roles in
explaining the bias of TMPA products.
Although the TRMM multisatellite precipitation data
have been extensively evaluated in many areas in recent years,
the knowledge of the impacts of complex topography on the
precipitation in a humid monsoon area is limited [8]. The
scientific questions to be investigated in this paper include
the following: (1) does the V7 improve the precipitation
evaluation in the Yangtze River basin compared to V6? (2)
do the different monsoon climates impact the precipitation
precision in the upper and mid-lower Yangtze reaches? (3)
do the different topographies between plateau region and
the East China plains have significant influence on the
precipitation precision of the TMPA products in the Yangtze
River basin? In this study, we attempt to address these problems based on thorough analysis of observed and TMPA precipitation datasets over the Yangtze River basin. This study is
of importance in further understanding the impacts of monsoon and complex topography on the precipitation assessment in a large river basin scale.

2. Data and Methods
2.1. Study Area. The Yangtze River is the longest river in
China and the third longest river in the world. The river
is about 6300 km long and the basin lies between latitudes
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24∘ N and 36∘ N and longitudes 90∘ E and 122.5∘ E with an
area of 1,800,000 km2 that accounts for about one-fifth of
China’s territory [28]. The annual mean gross amount of
water resources of the Yangtze River basin is 976 km3 [44].
The importance of the Yangtze River lies not only in its geographical position, sheer size, and complex geomorphology,
but also in the way that the river plays an important role
in the regional water cycle, energy balance, climate change,
and ecosystems as well as in China’s economic and social
development [39]. Three types of monsoon prevail in the
Yangtze River basin. In winter, the entire Yangtze River basin
is under the control of the Siberian northwest monsoon. In
summer, the East Asia monsoon predominantly influences
the middle and lower reaches, while the Indian southwest
monsoon mainly influences the upper reaches. The Indian
and the East Asian monsoon systems are independent of each
other and, at the same time, interact with each other [45, 46].
Climatically, the southern part of the basin is adjacent to the
tropical zone and the northern part is close to the temperate
zone, across the low-latitude region and mid-latitude region.
2.2. Precipitation Data. The TMPA precipitation estimates
are based primarily on a combination of microwave (MW)
and merging infrared (IR) estimates from multiple satellites
[34]. The 3B42 TMPA datasets used in this study were
downloaded from the NASA website (https://trmm.gsfc.nasa
.gov/). It has a high temporal (3 h) and spatial (0.25∘ ×
0.25∘ ) resolution. The 3B42 TMPA dataset is available in two
versions: a research-quality product (3B42) released 10∼15
days after each month, covering the global latitude belt from
60∘ N to 60∘ S, and a near-real-time product (3B42RT), which
is released approximately 9 h after real-time with the coverage
of the latitude belt from 50∘ N to 50∘ S. The main differences
between the two versions are the use of the rain gauge data
for bias reduction, which are unavailable in the real-time
products [34, 47].
Daily rainfall data of eight years (2003∼2010) from 224
rain gauge stations in the Yangtze River basin shown in
Figure 1 is compared with the TRMM rainfall data to evaluate
the quality of TRMM rainfall estimates at different spatial and
temporal scales. The readers should bear in mind that the
gauges used in the observed precipitation might not be completely independent of those used in V6/V7 since data
from some rain gauge stations could be in both of datasets
according to the China Meteorological Administration.
2.3. Statistical Indices. Statistical indices are widely used to
evaluate the performance of TMPA precipitation products
against the rain gauges; four validation statistical indices
are selected in this study. These are the relative bias (Bias),
correlation coefficient (CC), root mean square error (RMSE),
and Error, defined, respectively, by the following equations:
Bias = [
CC =

∑𝑛𝑖=1 SIM𝑖 − ∑𝑛𝑖=1 OBS𝑖
] × 100%,
∑𝑛𝑖=1 OBS𝑖
∑𝑛𝑖=1 (OBS𝑖 − OBS) ∑𝑛𝑖=1 (SIM𝑖 − SIM)
2

2

√ ∑𝑛𝑖=1 (OBS𝑖 − OBS) ∑𝑛𝑖=1 (SIM𝑖 − SIM)

,

RMSE = √

2

∑𝑛𝑖=1 (OBS𝑖 − SIM𝑖 )
,
𝑛

Error = OBS𝑖 − SIM𝑖 ,
(1)
where OBS𝑖 is the observed precipitation; SIM𝑖 is the TMPA
precipitation; OBS denotes the mean of the gauge station precipitation; SIM denotes the mean of the TMPA precipitation;
and 𝑛 is the amount of daily precipitation in the analysis.

3. Results
3.1. Spatial and Temporal Variation of TMPA Products in the
Yangtze River Basin. Figure 2 shows the spatial distribution
of annual mean precipitation in Yangtze River basin from
observed and TMPA data during the period of 2003∼2010.
Observed annual mean precipitation decreases from southeast (>2000 mm/a) to northwest (<400 mm/a) (Figure 2(e)).
Comparatively, the spatial distributions of precipitation of
the V6 and V7 (Figures 2(b) and 2(d)) are similar to that
of observed precipitation (Figure 2(e)) and the percentage of
best performance (bias ranges from −10% to 10%) reaches
54.79% and 59.85% for V6 and V7, respectively (Table 1).
However, both of the RTV6 and RTV7 tend to overestimate
precipitation over the upper Yangtze River basin and the
percentage of overestimating (bias > 50%) reaches 29.74%
and 33.51% for the RTV6 and RTV7, respectively. While they
underestimate precipitation in the middle and lower Yangtze
River basin, the percentage of underestimating (bias < −10%)
for the RTV7 in the middle and lower Yangtze River basin is
12.14% while it sums up to 79.11% for the RTV6.
The relative precipitation bias of the TMPA estimates
against the interpolated observed data for the average annual
precipitation is shown in Figure 3. The larger positive precipitation bias can be found in the upper Yangtze reaches
and negative precipitation bias appears in the mid-lower
Yangtze reaches for the RTV6 product (Figure 3(a)), and the
performance of the RTV7 has been significantly improved
in comparison with that of RTV6 in terms of magnitude of
the bias (Figure 3(c)). For example, the percentage of best
performance (ranging within −10% ∼10%) for the RTV7
product is 36.70%, which is higher than that of the RTV6 with
the percentage of 21.72% over the entire Yangtze River basin
(Table 1). It also shows that, in the mid-lower Yangtze reaches,
the best performance for the RTV7 is much better than that
of the upper Yangtze reaches. In other words, there has been a
marked improvement for the RTV7 in the mid-lower Yangtze
reaches and an improvement for the evaluation of the RTV7
in the upper Yangtze reaches compared with that of the RTV6
products. Not surprisingly, both the V6 and V7 (Figures 3(b)
and 3(d)) have similar spatial patterns of precipitation biases
in the Yangtze River basin and most of the precipitation bias
ranges from −10% to 10% for both of them (Table 1).
Figure 4 shows the changes of monthly mean precipitation for the observed and TMPA products in the Yangtze
River basin from 2003 to 2010. It can be seen that both
the V6 and V7 products capture the seasonal variabilities
of the observed precipitation better than that of the RTV7
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Figure 1: Location of the Yangtze River basin and gauge stations.

and RTV6 products do. The RTV7 and the RTV6 products
overestimate the precipitation in the upper Yangtze reaches
especially in the dry period, while underestimating the
precipitation in the mid-lower Yangtze reaches.
For the monthly mean precipitation between the
observed and TMPA products (Figure 5), it is clear that the
observed monthly precipitation maximum appears in June

in the mid-lower Yangtze reaches and one month earlier
than that in the upper Yangtze reaches. All of the TMPA
products agree well with the monthly changes of the observed
precipitation in the Yangtze River basin. However, the RTV6
product overestimates precipitation in winter and spring
in the upper Yangtze reaches and the RTV7 overestimates
precipitation in summer in the mid-lower Yangtze reaches.
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Figure 2: Spatial distribution of average annual precipitation in Yangtze River basin for the TMPA and observed data from 2003 to 2010.
Table 1: Distributions of Bias for rainfall estimates from TMPA in the upper Yangtze, mid-lower Yangtze, and the entire Yangtze (Unit: %).
Area
The upper Yangtze

The mid-lower Yangtze

The entire Yangtze

TMPA
RTV6
V6
RTV7
V7
RTV6
V6
RTV7
V7
RTV6
V6
RTV7
V7

<−50
0
0.27
0.13
0.13
0
0
0
0
0
0.15
0.07
0.07

−50∼−31
3.44
5.39
0.40
2.90
16.85
0.17
0.51
0.17
9.40
3.07
0.45
1.69

3.2. Variation of the Precipitation under the Influence of
Monsoon Climate. East Asian monsoon is difficult to arrive
in the upper Yangtze reaches, especially the headwater areas
in the Yangtze River [46]. However, the upper Yangtze
reaches are adjacent to the India monsoon regions where

−30∼−11
25.56
36.88
12.81
31.09
62.26
18.28
11.63
12.89
41.87
28.61
12.28
23.00

−10∼10
23.60
47.54
24.88
52.66
19.38
63.86
51.47
68.83
21.72
54.79
36.70
59.85

11∼30
9.91
9.58
20.50
12.88
1.52
17.69
30.50
18.03
6.18
13.18
24.94
15.17

31∼50
7.75
0.34
7.75
0.27
0
0
5.64
0.08
4.31
0.19
6.82
0.19

>50
29.74
0
33.51
0.07
0
0
0.25
0
16.52
0
18.73
0.04

the precipitation could be affected by the India monsoon
[39, 48]. Some areas in the upper Yangtze reaches are located
in the Tibet Plateau which is affected by the plateau climate.
Therefore, the Yangtze River basin is affected by three types
of monsoon, winter monsoon, East Asian summer monsoon,
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Figure 3: The relative bias of the TMPA precipitation estimates against the interpolated observed precipitation data for the average annual
precipitation in the Yangtze River basin.

and Indian summer monsoon [49, 50]. In winter, the entire
Yangtze River basin is mainly controlled by the Siberian
northwest monsoon, while in summer the upper Yangtze
reaches are mainly affected by India monsoon, and the midlower Yangtze reaches are usually dominated by the East
Asian monsoon. The temporal and spatial distributions of
the rain zone in the Yangtze River basin are closely related
to monsoon activities and seasonal motion of subtropical
highs [51]. Normally, the summer monsoon starts to influence
the Yangtze River Basin in April and retreats in October
[46]. According to the monthly mean precipitation in the
Yangtze River basin during the period of 2003∼2010, dry
period (from November to March) and wet period (from May
to September) were defined in this paper.
Since the Asia monsoon has obviously seasonal variation
characteristics, the correlations between TMPA products
and observed precipitation in different seasons have been
calculated. Figure 6 shows the density-colored scatter plots
of TMPA versus observed daily precipitation data for the
dry period and wet period in the Yangtze River basin. There
are significant correlations between the TMPA products and
observed precipitation in the Yangtze River basin (statistically
significant at the 99% confidence level). Higher CC values
can be found between the TMPA products and the observed
precipitation for each of the TMPA products in the wet
periods than that of dry periods in the Yangtze River basin.
However, the RSME of the TMPA precipitation estimates
against the observed precipitation is generally smaller for the
dry periods than that of the wet periods in the Yangtze River
basin. It can be found that an obvious improvement of the
RTV7 product has been made over the RTV6 product. The
correlations between the RTV7 and observed precipitation

are higher than that of RTV6 in both the wet periods and
dry periods in the upper and mid-lower Yangtze reaches,
respectively. Overall, the V7 products have the higher CC
value and smaller Bias and RMSE in the wet periods and dry
periods than that of V6 product over the Yangtze River basin.
Nevertheless, there is still systematic bias for the V7 products
as the fitted lines (red lines in Figure 6) deviated from the
lines in 45∘ angle (blue lines in Figure 6), especially in the
upper Yangtze reaches for the dry period.
Figure 7 can be used to further identify the precision of
different monsoon precipitation estimates from the TMPA
precipitation products, for example, East Asian summer
monsoon precipitation seen from Figure 7 in July and located
in the lower elevation area (at 500 m above sea level),
Indian summer monsoon seen from Figure 7 in July and
located in the Tibet Plateau over 4000 m above sea level,
and the Siberian northwest monsoon seen from Figure 7 in
January. Generally, all the TMPA precipitation products give
a more reliable estimation of East Asian summer monsoon
precipitation (CC ranges 0.39∼0.90 as for V7) than that of
the Indian summer monsoon precipitation (CC ranges 0.27∼
0.89 as for V7), and the reliability of the TMPA precipitation
products in estimation of the Siberian northwest monsoon
precipitation decreases as the elevation increases.
3.3. Variation of the Precipitation with Elevation. Evaluation
of the TMPA precipitation products with the changes of
elevation is also shown in Figure 7. Overall, the performance
of TMPA precipitation estimation shows a downward trend
with the increasing elevation in the Yangtze River basin in
different seasons. Higher correlations between the TMPA
products and observed precipitation can be found in the
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Figure 4: The comparison between the monthly observed and TMPA products precipitation from 2003 to 2010. ((a), the upper Yangtze; (b),
the mid-lower Yangtze; (c), the entire Yangtze).

lower elevation areas, while lower correlations appear in the
higher elevation areas in April, July, and October. Highest
correlations between V7 product and observed precipitation
can be found in the lower elevation areas in July and its
CC value is as high as 0.90. As for V7 product, there are
114 stations located in the middle and lower Yangtze River
basin within 500 m above sea level and the CC (V7 versus
Obs) ranges 0.48∼0.90, while 22 stations scatter in this area
500 m high and the CC ranges 0.39∼0.86 in July. However,
there are 26 stations located in the upper Yangtze River basin
500 m below with the CC ranging from 0.41 to 0.93; 61 stations
scatter in this area 500∼4000 m high and the CC ranges 0.27∼
0.89, while 6 stations are located 4000 m high with the CC
ranging within 0.27∼0.50.
Figure 8 shows the changing of correlation coefficient
of daily mean TMPA products and observed precipitation
data with elevation. It seems that the downward trend of the
correlation coefficient is found with the increasing elevation.
The most rapid decline is found for RTV6 and the slowest
downward trend can be found for V7.
To better understand the changes of CC between the
TMPA products and observed precipitation with elevation,

the correlations between the TMPA products and observed
precipitation of 8 tributaries of the Yangtze River basin were
summarized in Table 2. We can find that the correlations
appear higher in the lower river basin and then decrease from
the lower river basin to the higher river basin as a whole. The
lowest correlations appear in the Jinsha River basin with the
highest average elevation of 2700 m above sea level. Moreover,
higher correlations can be found in the Jialing River basin
with lower elevations, which are also located in the upper
Yangtze reaches. It was also found that the performance of
TRV7 (V7) is better than that of TRV6 (V6) in both the lower
and higher river basins. The results reveal that the impacts of
elevation should be considered when using TMPA products.

4. Discussion
Precipitation variability becomes essential to reveal the
changing features of the monsoon climate as satellite-based
precipitation products are highly valued along with the
development of the remote sensing technology in recent years
[6, 7]. With the previous analysis results, the TMPA products
have become more reliable in estimating the precipitation in
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Figure 5: The same as Figure 4, but for the average monthly mean precipitation.
Table 2: The correlation coefficient between the TMPA products and observed precipitation of 8 tributaries of the Yangtze River.
Tributaries
(elevation, m)
RTV6
V6
RTV7
V7

Taihu Lake
(22)

Poyang Lake
(137)

Dongting
Lake (287)

Han River
(480)

Jialing River
(484)

Wujiang
River (1011)

0.51
0.63
0.61
0.65

0.62
0.68
0.70
0.69

0.60
0.69
0.69
0.70

0.61
0.68
0.66
0.70

0.63
0.70
0.69
0.72

0.61
0.69
0.68
0.71

the Yangtze River basin as the RTV6 improved to the RTV7
and the V6 to V7. The performance of the RTV7 (V7) precipitation products is generally better than that of RTV6 (V6),
which is in agreement with previous studies. However, there
exist systematic differences between TMPA products and
observed precipitation. Both of the RTV6 and RTV7 overestimate the annual mean precipitation in the upper Yangtze
reaches and they underestimate the precipitation in the midlower Yangtze reaches. However, the percentage of underestimating (bias < −10%) for the RTV7 in the middle and lower
Yangtze River basin is significantly less than that of RTV6.

Mintuo River Jinsha River
(1670)
(2713)
0.54
0.64
0.61
0.65

0.48
0.61
0.57
0.63

The monsoon climate might have significant impacts
on the precipitation evaluation in the Yangtze River basin.
The TMPA products have better performance to reveal the
features of summer monsoon precipitation than that of
winter monsoon in the Yangtze River basin. Higher CC
values can be found between the TMPA products and the
observed precipitation for each of the TMPA products in
the wet periods than that of dry periods in the Yangtze
River basin. The V7 product has the higher CC value in
the wet period than that of dry period in the Yangtze
River basin. Nevertheless, there is still systematic bias for
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Figure 6: Scatter plots of TMPA versus observed daily mean precipitation for the dry period and wet period in the Yangtze River basin.

the V7 product, especially in the upper Yangtze reaches
for the dry period. Similar results also can be found in
previous studies; for example, Gao and Liu [40] revealed
better agreement with gauge measurements over humid
regions than that over arid regions in the Tibetan Plateau.
Gu et al. [28] reported that the TRMM V6 data slightly
overestimated rainfall during the wet season and underestimated rainfall during the dry season in the Yangtze River
basin. Islam and Uyeda [35] indicated that the V5 data overestimated the rainfall during the premonsoon period and in

dry regions but underestimated it during the monsoon period
and in wet regions.
A noticeable improvement in satellite-based precipitation products has been made. Montero-Martı́nez et al. [52]
conducted an evaluation of precipitation estimations in a
complex topography and high elevation and they found that
2B31 TRMM data could be used in weather applications for
the area with complex topographical characteristics and also
as a tool in the diagnosis of individual rain events in other
regions where there were no other data sources available.
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Figure 7: Seasonal distribution of correlation coefficient of TRMM precipitation and observed data with elevation.

While Yong et al. [32] thought the RTV7 represented a substantial improvement over the RTV6 in the low-latitude
Mishui basin, such improvement was not found in the highlatitude Laohahe basin, which suggested that the RTV7 precipitation estimates still have much room for improvement at
high latitudes.
The performance of TMPA precipitation estimation
shows a downward trend with the increasing elevation in the
Yangtze River basin in different seasons. The CC values vary
from 0.41∼0.93 (500 m below) to 0.27∼0.89 (500∼4000 m
high) and 0.27∼0.50 (4000 m high) in July in the upper
Yangtze reaches. Many studies indicated that the satellitebased precipitation has larger measurement uncertainties
over complex terrains, inland water bodies, and high-latitude
areas [40, 42], as the analysis by Gao and Liu [40] found that
biases of TMPA and CMORPH present weak dependence
on topography in the Tibetan Plateau, while Dinku et al.

[53] stated that satellite-based precipitation estimation is
controlled by the orography. Gao and Liu [40] inferred
that positive bias in TMPA RT products over the Tibetan
Plateau may be attributable to the impact of topography
on IR observations. Moreover, Gebregiorgis and Hossain
[54] indicated that satellite rainfall uncertainty is dependent
more on topography than the climate of the region in some
areas.

5. Conclusions
The main objective of this study is to quantify evaluation
of different TMPA precipitation products by using rain
gauge data for the years of 2003∼2010. We evaluated and
compared the statistical characteristics of RTV6 (V6) and
RTV7 (V7) over the Yangtze River basin. The main findings
are summarized as follows.
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Figure 8: The correlativity between elevation and correlation coefficient of TRMM precipitation and observed data.

Both V6 and V7 have similar spatial patterns of precipitation biases in the Yangtze River basin and most of the precipitation bias ranges from −10% to 10%. The performance of
the RTV7 (V7) precipitation products is generally better than
that of RTV6 (V6) and the percentage of best performance
for the RTV7 (V7) products is 36.70% (59.85%), while it is
21.72% (54.79%) for the RTV6 (V6) over the entire Yangtze
River basin.
The monsoon climate might have significant impacts
on the precipitation evaluation in the Yangtze River basin.
Higher CC values can be found between the TMPA products
and the observed precipitation during the wet period (CC
ranges 0.75∼0.91) than that of the dry period (CC ranges
0.46∼0.87) in the Yangtze River basin, and average CC value
between TMPA products and observed precipitation is 0.67
in July and it is 0.32 in January for the entire Yangtze River
basin.
The performance of TMPA precipitation might be
affected by the elevation in the Yangtze River basin. A
downward trend for performance of the TMPA products with
the increasing elevation can be found in the Yangtze River
basin in different seasons. The correlation coefficient (CC)

between the V7 and observed precipitation ranges 0.41∼0.93
and 0.27∼0.89 in the upper Yangtze reaches 500 m below and
500∼4000 m high, respectively, while the CC decreases to
0.27∼0.50 when the stations are located 4000 m high.
This paper addresses knowledge gaps from previous
studies by assessing the impacts of monsoon climate and
elevation on the evaluation of TMPA precipitation products
in the Yangtze River basin. The results quantify the evaluation
of TMPA precipitation products based on different time scale
in different areas in the Yangtze River basin. Outcomes of
this work are expected to assist in answering the question
regarding the performance of satellite precipitation in a
complex climate and topography area.
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TIGGE (THORPEX International Grand Global Ensemble) was a major part of the THORPEX (Observing System Research and
Predictability Experiment). It integrates ensemble precipitation products from all the major forecast centers in the world and
provides systematic evaluation on the multimodel ensemble prediction system. Development of meteorologic-hydrologic coupled
flood forecasting model and early warning model based on the TIGGE precipitation ensemble forecast can provide flood probability
forecast, extend the lead time of the flood forecast, and gain more time for decision-makers to make the right decision. In this study,
precipitation ensemble forecast products from ECMWF, NCEP, and CMA are used to drive distributed hydrologic model TOPX.
We focus on Yi River catchment and aim to build a flood forecast and early warning system. The results show that the meteorologichydrologic coupled model can satisfactorily predict the flow-process of four flood events. The predicted occurrence time of peak
discharges is close to the observations. However, the magnitude of the peak discharges is significantly different due to various
performances of the ensemble prediction systems. The coupled forecasting model can accurately predict occurrence of the peak
time and the corresponding risk probability of peak discharge based on the probability distribution of peak time and flood warning,
which can provide users a strong theoretical foundation and valuable information as a promising new approach.

1. Introduction
Flood forecasting is one of the major bases for decisionmakers to deal with an emergency situation associated with
heavy rainfall. Precipitation is the most important information required for flood forecasting. The accuracy and the lead
time are two major factors influencing the performance of
the flood forecasting [1]. Application of precipitation forecast
products from numerical weather prediction (NWP) on flood
forecasting is one of the primary ways to extend the lead time
of a flood forecast. The NWP makes it possible to generate
useful flood information and issue an early warning of flood.
However, due to the errors associated with initial condition
and model, the chaos of the atmosphere, and the uncertainties
of parameterization as well as the heterogeneousness of the
underlying surface, there are large discrepancies between
the “single” deterministic flood forecast and the observations, especially for the outburst of local meteorological and

hydrological events [2]. To overcome the limit of the deterministic forecast, people start to focus on the uncertainty
of the meteorological and hydrological processes. The traditional “single” deterministic forecast is gradually replaced by
the probability forecast which represents the uncertainty of
the forecast, that is, a transition from deterministic forecast
to ensemble forecast. As a new technique of NWP, ensemble
forecast considers the influences from the imperfect boundary conditions and data assimilation, turning the deterministic forecast to complete probability forecast of atmospheric
variables [3]. It is a new approach for precipitation forecast
and runoff forecast [4].
To account for the uncertainties of the forecasts from
multiple global models, an interactive grand global ensemble
system was proposed. TIGGE (THORPEX International
Grand Global Ensemble) is an international scientific project
collecting forecast products from all the major forecast
centers in the world and evaluating the multiple model
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ensemble system [5]. TIGGE ensemble forecast combines
the uncertainties from multiple sources and represents those
uncertainties with probability distribution. It has already
been applied on flood forecasting and early warning of
flood with successful results. Pappenberger et al. [6] coupled
TIGGE ensemble data with 5 km distributed hydrologic
model and successfully produced early warning for flood with
a lead time of 10 days. He et al. [7, 8] used TIGGE ensemble
forecasts to drive an atmospheric-hydrologic-hydraulic cascade system to produce a probabilistic discharge forecast and
early flood warning. Peng et al. [9] used ECMWF ensemble
forecast to drive Xinanjiang hydrologic model (hereafter XAJ
model) and, by forecasting range of the runoff, provided
useful risk information to decision-maker. However, the last
research work only considered ECMWF model; uncertainties
from multiple models and multiple forecast centers are not
involved. Precipitation ensemble forecasts from four major
forecast centers were used to make superensemble forecast
and early flood warning; the results are encouraging [10,
11]. For most studies in China, they adopted aggregated
approach with XAJ model and did not consider the influence from heterogeneous underlying surface. On the basis
of the improved SIMTOP (a simple TOPMODEL) runoff
parameterization scheme and the calculating method of
three-layer soil moisture balance in Xinanjiang model, Yong
(2008) developed a simple but highly-efficient large-scale
hydrological model (TOPX). The offline test performed at
Youshui River catchment (a small branch of Yangtze River)
indicated that the TOPX model produced better simulation
effect of daily runoff in small sized catchments and it can
describe the various hydrological processes of watershed
[12]. In this study, we focus on Yishu River catchment
(upstream catchment of Linyi hydrologic station). ECMWF
(50 ensemble members), NCEP (20 ensemble members), and
CMA (15 ensemble members) ensemble precipitation data
were used to drive the distributed hydrologic model TOPX
to make flood forecast and early flood warning.

2. About the Catchment
The research area in this study includes the upstream catchment of Yishu River (i.e., Linyi subsystem) with a catchment
size of 10152 km2 . It has a typical continent monsoon climate
with four distinct seasons. It is hot in summer with a lot of
rainy days and cold and windy in winter. There is an uneventful terrain with elevation ranging from 57 m to 1125 m. The
mean annual temperature is 11.8∘ C–13.3∘ C and mean annual
precipitation/evaporation amount is 830 mm/839 mm with
most of precipitation fall in summer in a form of heavy
rainfall. There is also significant interannual variation of the
precipitation.
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topographic index concept from TOPMODEL and the
water budget balance principle and is able to capture the
land-surface hydrologic processes with a linear scaling
transformation scheme for topographic index [12].
The model has seven major components including storage
capacity curve, dynamic change of soil moisture, simulated
surface runoff and subsurface runoff, simulated discharge,
base discharge, Muskingum merge flow, and evaluation factor. TOPX can provide the function of scaling transformation
on topographic index. Although the TOPX model has less
data input and minimum parameters for calibrating, it can
better describe the two-dimensional hydrological processes.
The detailed introduction about the model can be found in
Yong (2008) and Shao [13]. In the following, we will only
introduce the generation and concentration of the runoff as
well as the dynamic changes of soil water.
(1) Runoff Generation Formula. A revised SIMTOP runoff
generation scheme including the generation of both surface
runoff and subsurface runoff is adopted in this study. The
formula is shown below:
𝑅s = 𝐹max 𝑒−𝐶s 𝑧∇ 𝑄wat ,
𝑅sb = 𝑅sb,max 𝑒−𝑓𝑧∇ ,

(1)

where 𝑅s is surface runoff, 𝑅sb is subsurface runoff, 𝐹max
is percentage of the maximum saturated area, 𝑅sb,max is the
maximum subsurface runoff when the soil moisture deficit
depth is 0, 𝑄wat is net precipitation, 𝑧∇ is average water
depth, 𝑓 is decaying parameter of soil, and 𝐶s is a coefficient
that can be derived by fitting the exponential function to
the discrete cumulative distribution function (CDF) of the
topographic index 𝜆 m . The computational approach to 𝐶s and
𝜆 m can be found in the work of Niu et al. [14]. The revised
SIMTOP scheme can represent the topographic information
more accurately and produce more realistic temporal-spatial
distribution of variables and parameters.
(2) Calculation of Soil Moisture. Soil moisture deficit is a
crucial variable connecting surface runoff and subsurface
runoff, and it is closely related to the budget of the soil
moisture. This formula is developed based on three-layer
soil evapotranspiration scheme from XAJ model, and it can
significantly simplify the calculation of the soil moisture
deficit without reducing the accuracy required by the model
[15]. After the temporal-spatial distribution of soil moisture
is obtained from the three-layer evapotranspiration formula,
the soil moisture deficit thus can be estimated from the
difference of the average storage capacity and soil moisture,
and finally the surface runoff and subsurface runoff will be
calculated. The formula is shown below:

3. Construction of Flood Forecast Model Based
on TIGGE Ensemble Precipitation Forecast

𝑧∇ = WM − 𝑊 [𝑖] ,

3.1. Introduction to TOPX. TOPX is a land-surface model
developed based on improved SIMTOP (a simple
TOPMODEL) and XAJ model. It incorporates both the

where WM is the areal mean tension water capacity which has
three components WU, WL, and WD in the upper, lower, and

(2)
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Table 1: Some major parameters in TOPX model with calibration results.

Parameter name
𝑓
𝐺max
KSS
B
K
WM
WUM
WLM
C
KKG
UH

Physical meaning

Parameter type

Decaying parameter
Maximum underground runoff
Runoff generation
Outflow coefficient of free water storage
parameters
to interflow relationship
Exponential of the distribution to tension
water capacity
Ratio of potential evapotranspiration to
pan evaporation
Averaged soil moisture storage capacity
Averaged soil moisture storage capacity of
Soil moisture
upper layer
calculation
Averaged soil moisture storage capacity of
lower layer
Evapotranspiration coefficient of deep
layer
Recession constants of the ground water
storage
Runoff concentration
parameters
Initial value of unit hydrograph

deep layer, respectively, and 𝑊[𝑖] is the sum of three-layer soil
moisture of the 𝑖th day.
(3) Runoff Concentration. There are three components in
TOPX model: overland flow concentration, river network
flow, and subsurface flow concentration. Three different
methods including empirical unit hydrograph method,
Muskingum channel routing method, and linear reservoir
parameter method are applied to calculate these three components, respectively, and finally the outlet runoff is obtained.
3.2. TIGGE Precipitation Ensemble Coupled with TOPX. As
one of the primary international scientific projects, THORPEX aims to contribute to our society, economics, and
environment by advancing a unified observation-forecast
system and improving the accuracy of 1–14 days’ high impact
weather forecast. TIGGE, as the core component of the
THORPEX, aggregates the forecast products from all major
forecast centers in the world and provides further analyzing,
processing, and evaluation support to users. All the forecast
centers started to receive and share the corresponding TIGGE
data, which provides an opportunity for developing a flood
forecast model based on coupling TIGGE data and hydrologic
model. NCEP, ECMWF, and CMA ensemble forecast data
from TIGGE project are used in this study; the horizontal
resolutions for these forecast data are 1∘ × 1∘ , 0.5∘ × 0.5∘ , and
0.5625∘ × 0.5625∘ , respectively. Because of different resolution for these three forecast data, 12, 25, and 20 grid points
are used to cover the area we are interested in (Figure 1).
Also inverse distance weighting (IDW) method and Kriging
method are adopted to downscale the 6-hour accumulated
precipitation forecast from different ensemble dataset into
1 km to drive the hydrologic model. Hereafter, the TOPX coupled with ECMWF, NCEP, and CMA ensemble precipitation

Calibration (20010729)

Calibration (20020722)

180
50

180
50

0.012

0.012

0.40

0.35

0.85

0.85

125.0

125.0

30.0

30.0

90.0

90.0

0.12

0.12

0.988

0.988

/0, 44.6, 156, 86.7, 39,
22.3, 15.6/

/0, 12, 42, 23, 3, 10.5,
6.0, 4.2/

forecast is called ECMWF-TOPX, NCEP-TOPX, and CMATOPX, respectively.
According to the hydrological and metrological data,
12 flood events are selected for this study. The simulation
starts from the time when the precipitation occurred and
ends after the flood retreated with a time step of 6 hours.
The model parameters are calibrated with 6 flood events
during 2001–2004. The calibrated parameters from two of
these typical events are then used in simulation of another
6 flood events during 2005–2008. Some major parameters in
TOPX hydrologic model as well as their physical meanings
are showed in Table 1. The calibrated model parameters from
20010729 event are used to verify three predicted floods
with TIGGE data during 2007-2008. Due to similarity of the
discharge magnitude between 2010 and 2002, one of the flood
forecast in 2010 is verified with calibrated model parameters
from 20020722 event.

4. Verification of Flood Forecast in
Yi River Catchment
4.1. Results of TIGGE Precipitation Ensemble Forecast. Accuracy of the precipitation forecast directly influences the
performance of the model forecast. Therefore, it is necessary to evaluate the TIGGE precipitation ensemble forecast
first. We compared ECMWF, NCEP, and CMA ensemble
forecasts, and the multimodel precipitation ensemble is
also verified with observations. Four heavy rainfall events
including 20070809, 20070815, 20080720, and 20100716 are
selected to evaluate TIGGE precipitation forecast. Figure 2
shows the precipitation forecast from ECMWF, NCEP, and
CMA ensemble forecasts as well as the verification against
observations. Non-real-time update means only the 10-day
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Figure 1: Distribution of stations, catchments, and the selected grid points in ECMWF, NCEP, and CMA ensemble models.

precipitation forecast is used, and real-time update means
daily precipitation forecast is used. Figure 2 shows clearly
the remarkable differences among those three ensemble
forecasts. NCEP forecasted less precipitation than observations with substantial smaller maximum precipitation. The
precipitation forecast in CMA ensemble products is much
larger than observations, with large discrepancy in forecasted
time of occurrence of heavy rainfall. Also, the spread of
ensemble members is also much larger than that in other
ensemble forecasts.
4.2. Discharge Forecasts over Yi River Catchment. Figure 3
shows the forecasted discharges based on three different
precipitation ensemble forecasts for 20070809 event. It can
be noticed that the peak discharge as well as the time of

occurrence can be well predicted by all the three ensemble
forecasts. However, there are large errors for the magnitude
of forecasted discharges. CMA-TOPX obviously forecasted
much larger amount of discharges, while NCEP-TOPX forecasted much smaller amount instead. Only ECMWF-TOPX
forecasted discharges are relatively close to the observations.
The results for the other three events are similar; ECMWFTOPX forecasted discharges are always the best among them.
Because the runoff generation scheme is better for humid
area, for those events (e.g., 20100706 event) with less amount
of runoff, the simulation results are not good. There are
large discrepancies among the three ensembles; the forecasted
discharges as well as time of occurrence all significantly
deviate from the observations. Nevertheless, if we use all the
85 ensemble members to drive the TOPX, we can obtain
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Figure 2: Comparison of the predicted precipitation (20070809 event) from ECMWF, NCEP, and CMA ensemble models.

superensemble forecasts (figure not shown). Superensemble
forecasts can provide comprehensive information including
the range and the probability distribution of forecasted discharges, as well as the superensemble mean of all 85 members.
For example, for the 20070809 event, the probability of
discharge larger than 2000 m3 /s and 1000 m3 /s is 35.3% and
69.4%, respectively. The users can respond to the forecasted
probability accordingly.

Figure 4 shows the ensemble mean discharges from
ECMWF-TOPX, NCEP-TOPX, and CMA-TOPX models. It
is obvious that the forecasted peak discharges and the time
of occurrence are close to the observations. However, large
variabilities exist for the forecasted magnitudes of the peak
discharges. It can be seen that the ECMWF-TOPX has the
closest magnitude to the observations for the 20070809
event, which is probably related to the fact that it has
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Figure 3: Same with Figure 2 except for forecasted discharges.

the most ensemble members (50). For all the other three
events, the superensemble is the best. The NCEP-TOPX has
the minimum ensemble mean discharge, while the CMATOPX ensemble mean discharge has the maximum ensemble
mean discharge due to the largest amount of forecasted
precipitation. In general, these three coupled systems can all
predict the occurrence time of peak discharge, but significant
forecast errors still exist for the magnitude of discharge,

especially for NCEP-TOPX and CMA-TOPX, which is due
to less/more forecasted precipitation. The challenges for later
research are how we can improve the accuracy of peak
discharge by calibrating the ensemble precipitation forecasts
from different forecast centers and how we set different
weights for different ensemble systems.
Figure 5 shows the occurrence of peak discharge probability distribution for the 20070809, 20070815, 20080720, and
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Figure 4: Comparison of the superensemble forecasted discharges from equal weight superensemble with observations (red lines with dots).

20070809
Discharge (m3 /s)

Discharge (m3 /s)

18000
16000
14000
12000
10000
8000
6000
4000
2000
0

0

12 24 36 48 60 72 84 96 108 120 132
Time (hour)

5000
4500 20070815
4000
3500
3000
2500
2000
1500
1000
500
0
0
24 48

12000

96 120 144 168 192 216 240
Time (hour)

3000
20080720
Discharge (m3 /s)

10000

Discharge (m3 /s)

72

8000
6000
4000
2000

20100716

2500
2000
1500
1000
500

0
0

24

48

72

96 120 144 168 192 216 240
Time (hour)

0
0

24

48

72

96 120 144 168 192 216 240
Time (hour)

Figure 5: The scatter plot between the peak discharge (vertical coordinate) and its occurrence (horizontal coordinate) forecasts from
superensemble members. The inverse U-shaped envelope curve reflects the joint probability distribution of the peak discharge and its
occurrence forecasts.

8

Advances in Meteorology
2000

4000

2500
Extreme danger 20.8%

2000
1500

Danger 37.5%

1000

Discharge (m3 /s)

Discharge (m3 /s)

3000

0

12

24

36

48

60 72 84
Time (hour)

Danger 14.6%

1000

Less danger 31.7%

500
0

96 108 120 132 144

24

48

72

96 120 144
Time (hour)

168

192

216

240

20100716

3000
2500

Extreme danger 8.3%

2000
1500

Danger 19.4%
Less danger 44.4%

1000
500
0

18

36

54

72

90 108 126 144 162 180 198 216
Time (hour)

Discharge (m3 /s)

20080720

3500

0

0

2000

4000
Discharge (m3 /s)

1500

Less danger 50.0%

500
0

20070815

20070809

3500

1500
1000
Less danger 10.4%

500
0

0

18

36

54

72

90 108 126 144 162 180 198 216
Time (hour)

Figure 6: Flood warning probability from superensemble system.

20100716 events from superensemble forecast. All the events
show an inverse “U” probability distribution or approximately a normal distribution except the 20100716 event. It can
easily be obtained from Figure 5 that the occurrence of peak
discharge mainly locates within the window zone/interval,
and the probability is further calculated by the proportion
of the members with peak discharge from all ensemble
members. All the ensemble members forecasted similar
occurrence of peak discharge; there is little difference among
these three ensemble systems. The forecasted occurrence of
peak discharge is close to the observations with forecast
error less than 12 hours. For the 20100716 event, the peak
discharge is relatively less than others, and there is more
than one peak discharge. The precipitation for this event
is not well predicted in all the ensemble systems, which
causes large errors in forecasted discharge. Two main reasons
are responsible for this: one is the large forecast errors of
precipitation and the other one is hydrologic model itself
which has unsatisfied performance for flood with a small
discharge. For this event, the spread of the ensemble members
in each model is relatively small, but large discrepancies
exist among the models. The forecasted occurrence window
of peak discharge differs, which makes it difficult for users
to make decisions. For all these four events, the forecasts
for large discharge are much better than that for small
discharge. The superensemble of forecasted occurrence of
peak discharge can easily be obtained from the probability
distribution map of the peak discharge, which is one of the
advantages of the superensemble.
Figure 6 shows the flood warning probability from
superensemble system. 𝑋-axis represents the forecast time,
and 𝑌-axis represents the mean discharge of 85 members. The

probability for three flood ratings (“less danger,” “danger,”
and “extreme danger”) is, respectively, calculated and considered by the ratio of the corresponding duration to total
duration, which is from 0 h to the longest lead time at 6 h
intervals. The 20070809 and 20080720 events have higher
discharges, followed by the 20070815 event. The 20100716
event has the lowest discharges. For the 20070809 event,
the superensemble forecasted probability for “less danger”
(discharges greater than 500 m3 /s) is 50.0%, for “danger”
(discharges greater than 1000 m3 /s) is 37.5%, and for “extreme
danger” (discharges greater than 2000 m3 /s) is 20.8%. It
means, for more than 1/3 of the time during this event,
the discharges passing the outlet of Linyi catchment are
over “danger” threshold. For more than 1/5 of the time
during this event, the discharges passing the Linyi catchment
are over “extreme danger” threshold. The discharges in
20070815 event are lower, and the probability of reaching
“extreme danger” threshold is only 14.6%. The discharges
in 20100716 event are the lowest, and the probability of
reaching “less danger” threshold is only 10.4% and yet did
not reach “danger” threshold. All above information are very
useful references for decision-makers in local government
and hydrological, meteorological, and agricultural offices.
Due to various configuration of the models, the forecasted
precipitation is significantly different, which further leads
to tremendous discrepancies on forecasted discharges. However, the occurrence of the peak discharge and the probability
of flood are well predicted. Compared with deterministic
forecast, flood forecasting based on TIGGE and TOPX is able
to provide more valuable information and probability of risk
and is a promising approach.
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5. Summary and Discussions
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A method for improving radar-derived quantitative precipitation estimation is proposed. Tropical vertical profiles of reflectivity
(VPRs) are first determined from multiple VPRs. Upon identifying a tropical VPR, the event can be further classified as either
tropical-stratiform or tropical-convective rainfall by a fuzzy logic (FL) algorithm. Based on the precipitation-type fields, the
reflectivity values are converted into rainfall rate using a Z-R relationship. In order to evaluate the performance of this rainfall
classification scheme, three experiments were conducted using three months of data and two study cases. In Experiment I, the
Weather Surveillance Radar-1988 Doppler (WSR-88D) default Z-R relationship was applied. In Experiment II, the precipitation
regime was separated into convective and stratiform rainfall using the FL algorithm, and corresponding Z-R relationships were used.
In Experiment III, the precipitation regime was separated into convective, stratiform, and tropical rainfall, and the corresponding
Z-R relationships were applied. The results show that the rainfall rates obtained from all three experiments match closely with the
gauge observations, although Experiment II could solve the underestimation, when compared to Experiment I. Experiment III significantly reduced this underestimation and generated the most accurate radar estimates of rain rate among the three experiments.

1. Introduction
Owing to its significant impacts on human activities, precipitation is one of the most important factors in meteorological
analysis; accordingly, its study has attracted considerable
attention. Quantitative precipitation estimation (QPE) plays
a very important role in generating warnings of meteorological, hydrological, and geological disasters. The accuracy of numerical weather predictions can be significantly
improved when the precipitation rate is assimilated into the
weather prediction models [1, 2]. Currently, precipitation
rate data is obtained primarily from rain gauge networks,
which can provide real-time rainfall estimates. However,
the spatial distribution of rain gauges is sparse in remote
regions, particularly in mountainous areas, which can result
in insufficient spatial resolution for accurate mapping of the
rainfall patterns. Consequently, obtaining QPE products with
high spatial and temporal resolution is currently one of the
main tasks in conducting hydrometeorological studies [3, 4].

Weather radars, in particular, can provide precipitation estimates with high spatial and temporal resolution over a large
area [5]. Radar reflectivity, Z (mm6 /m3 ), is related to rainfall
rate, R (mm/h), through a variable power law relationship (ZR relationship), which can be used to obtain QPE products.
Numerous Z-R relationships based on raindrop size
distribution observations have been proposed [6–8]. Z-R
relationships of the form Z = AR𝐵 can be derived from pairs of
Z and R observations, assuming that sufficient corresponding
paired Z-R data samples are available. The default WSR-88D
Z-R relationship, Z = 300R1.4 [9–11], was derived based on
summer convective events in Florida, USA. However, this
default Z-R relationship cannot fully address the complicated
characteristics of rain in, for example, China [12–14]. It is
known that different types of precipitation correspond to different raindrop size distributions (DSDs), and precipitation
types can also be classified based on the formation mechanism, duration, and internal structure. The precipitation
regime can therefore be divided into different rainfall types.
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Convective rainfall systems are associated with strong vertical
velocity fields, small areal coverage, and high rainfall intensities, and an echo that can be extended to a relatively high
altitude and with a high center of mass. Conversely, stratiform
rainfall systems have relatively weak vertical velocity fields,
great horizontal homogeneity, and low rainfall intensity.
Although the intensity of stratiform rainfall is much weaker
than that in adjacent convective cells, stratiform rain typically
covers a larger area and always contributes with a significant
portion (40–50%) of the total rainfall, even in convectivedominant systems [15]. Tropical rain systems generally occur
in lower altitudes and very humid air, with condensation
occurring continuously throughout the air descent. The main
feature of tropical rain systems is that their reflectivity
increases monotonically as height decreases, yielding a maximum reflectivity at the lowest levels of the vertical profile
of reflectivity (VPR), resulting in considerable error when
conducting precipitation estimation using the default Z-R
relationship of WSR-88D. Moreover, multiple types of precipitation may coexist within a wide range of rainfall events.
Radar research scientists worldwide have undertaken
extensive studies to improve the accuracy of radar QPE [16–
23]. Typically, precipitation is first classified into various
types, and corresponding multiple Z-R relationships are then
used [19, 24–26]. Precipitation can generally be classified into
either convective or stratiform regimes, which has been a
particular focus of many studies [27–29]. Such basic classifications typically adopt a fixed threshold or set of boundary
conditions for rainfall recognition. However, these methods
are known to be sensitive to the used threshold values and
because there is a considerable overlap between stratiform
and convective regimes in many respects, using fixed boundary conditions or thresholds often leads to false positives.
Moreover, it is often difficult to directly identify the boundary
between stratiform and convective regimes [30]. Yang et al.
[30] used the reference values of Steiner et al. [29] to derive a
statistical relationship between four characteristic parameters
and two rain types, in order to develop the probability distribution of convective and stratiform rainfall based on a fuzzylogic (FL) algorithm, which was able to improve the accuracy
of QPE [31]. Despite efforts such as these, many techniques
can still underestimate rainfall to some extent. Based on the
stratiform and convective precipitation classification, many
researchers have suggested focusing on tropical rain as an
avenue to mitigate the underestimation of QPE, and some
studies have been able to reduce QPE underestimation by
employing an automated radar technique to identify tropical
precipitation, in order to divide precipitation into tropical
rain and stratiform and convective types [32, 33]. Qi et al. [34]
converted reflectivity into precipitation utilizing the tropical
rain Z-R relationship instead of the default WSR-88D Z-R
relationship, which improved the accuracy to some extent.
Similarly, Zhang et al. [35] improved the accuracy of radarderived QPE by using an automatic identification method
to identify tropica1, stratiform, and convective precipitation
types based on radar observations and model outputs. They
then applied various Z-R relationships in order to convert
reflectivity into rain rates, based on precipitation types. The
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results showed that their method improved the accuracy of
radar-derived QPE.
In this study, precipitation is first divided into stratiform
and convective precipitation types using the FL algorithms
proposed by Yang et al. [30], and then tropical rain is identified based on the VPR characteristics [36, 37], as discussed by
Xu et al. [33]. Tropical rainfall is further divided into tropicalstratiform and tropical-convective rainfall, and the respective
adaptive Z-R relationships are then applied for QPE. A
three-month dataset is used to compare the newly proposed
tropical rain identification scheme with the results obtained
with the default WSR-88D Z-R relationship and a convective/stratiform rain identification scheme. Section 2 describes
the precipitation classification method and the corresponding
Z-R relationships and discusses the benefits of precipitation
classification. Section 3 illustrates the evaluation results of
using long-term datasets using descriptive statistics. Two case
studies are also provided in Section 4 to evaluate the performance of the proposed precipitation classification method.
Finally, Section 5 presents the main results of the study.

2. Algorithm Description
Underestimation of rainfall can occur when precipitation is
divided into general stratiform and convective types. This
study aims to improve the accuracy of radar QPE by building
upon the convective, stratiform, and tropical precipitation
technique described by Xu et al. [33]. The proposed method
uses volume scan reflectivity data from a Doppler radar
to recognize tropical VPRs, by first dividing rain data into
stratiform and convective precipitation (using an FL algorithm) and then classifying tropical rain events as stratiform,
convective, or tropical precipitation. Figure 1 shows a flow
chart illustrating this process of precipitation classification.
2.1. Identification of Tropical VPRs. This study uses VPRs
to identify the potential presence of tropical rain. As a
first step, volume scan reflectivity data from Doppler radar
are simply classified into assumed stratiform or convective
types, based on the vertically integrated liquid (VIL) water
content. In particular, the data are classified as belonging to
the stratiform type when the VIL value is below 6.5 kg/m2
[38]; otherwise, they are classified as convective. Stratiform
reflectivity observations larger than 10 dBZ from all tilts in
an annular region between two predefined ranges, 𝑟1 and
𝑟2 (with the empirical values of 20 and 80 km, resp.), are
used to obtain an averaged VPR [39]. The number of data
samples within a 20-km radius of the radar is limited, owing
to a terrain clearance rule incorporated into a quality control
(QC) scheme [40], whereby any radar bin whose bottom
is within 50 m of the ground is removed. Furthermore, the
region of interest has to be far enough from the radar receiver,
to avoid the cone of silence in the receiver’s immediate
vicinity. The accuracy of precipitation classification is also
limited by the decrease in vertical resolution beyond an 80km radius.
The second step combines the output of the first step with
the method of bright band identification proposed by Zhang
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No
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𝛼4

···

Volume scan reflectivity data were
interpolated to a Cartesian coordinate
system, and, for any grid, calculate the
probability of convective (Pconv ) with
fuzzy-logic algorithms

Get the slope (𝛼0 )

3 of 5 𝛼(𝛼4 , . . . , 𝛼0 ) < 0

Pconv > 0.5
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Convective rain
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Stratiform rain

For any grid of 1 km
altitude,
(1) ref > 25 dBZ;
(2) wet bulb temperature
> 2∘ C
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For any grid of 1 km
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(1) ref > 25 dBZ;
(2) wet bulb temperature
> 2∘ C
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No
Convective rain

Tropical rain

No
Stratiform rain

Figure 1: Flow chart of the precipitation classification method devised in this study.

et al. [39], to determine whether a bright band is present. The
specific method adopted for this step can be summarized as
follows:
(1) The local maximum reflectivity (𝑍peak ) and its height
(ℎpeak ) in the VPR are found. The search for the

local maximum in the VPR starts at 500 m above
the 0∘ C isotherm altitude (h 0∘ C) obtained from the
Weather Research and Forecasting (WRF) model and
continues downward. A 500-m cushion is used to
account for uncertainties in the model’s 0∘ C height.
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(2) Once the local maximum is found, the height ℎtop
(ℎbottom ) above (below) the maximum level at which
reflectivity decreases monotonically by a given percentage (default = 10%) [39] of the maximum reflectivity (in dBZ) is determined, along with its corresponding reflectivity 𝑍top (𝑍bottom ).
(3) If the following three criteria are met, a bright band is
considered to exist:
ℎtop − ℎbottom ≤ 𝐷0 ,
ℎtop − ℎpeak ≤ 𝐷1 ,

(1)

ℎpeak − ℎbottom ≤ 𝐷1 .
The parameters 𝐷0 and 𝐷1 are assumed to be dependent on both the vertical resolution of the reflectivity
observations and the radar scan strategy. Here, 𝐷0 and
𝐷1 are set to 1.5 and 1 km, respectively.
(4) If a bright band exists, its top (BB𝑡 ) and bottom (BB𝑏 )
heights are defined as follows:
ℎtop − ℎpeak ≤ 𝐷𝑡 ,
{ℎtop ,
BB𝑡 = {
ℎ
+ 𝐷𝑡 , ℎtop − ℎpeak > 𝐷𝑡 ,
{ peak

(2)

ℎpeak − ℎbottom ≤ 𝐷𝑏 ,
{ℎbottom ,
BB𝑏 = {
− 𝐷𝑏 , ℎpeak − ℎbottom > 𝐷𝑏 .
ℎ
{ peak
Here, 𝐷𝑡 and 𝐷𝑏 serve as top and bottom caps of the bright
band (BB), with default values of 500 and 700 m, respectively
[39].
To avoid excessive corrections of the bright band, the
height of the local maximum reflectivity is searched again
if the minimum reflectivity is lower than a preset threshold
(default = 28 dBZ). This height is defined as the lowest height
at which the reflectivity is larger than or equal to the threshold
[38]. This parameter can sometimes lead to insufficient or
excessive bright band correction, an issue that will be solved
in the future using observations from a dual-polarization
radar [41].
The third step involves the correction of any existing
bright bands [42]. If the values of BB𝑡 BB𝑏 and their corresponding reflectivities (𝑍B𝑡 and 𝑍B𝑏 , resp.) are valid, BB𝑏 <
ℎpeak , and BB𝑡 > ℎpeak , and then the slope (𝑆) of reflectivity
between BB𝑡 and BB𝑏 is calculated as follows:
(𝑍B𝑡 − 𝑍B𝑏 )
𝑆=
.
(BB𝑡 − BB𝑏 )

(3)

If the reflectivity height ℎ𝑖 is located between BB𝑡 and BB𝑏 ,
the reflectivity is reassigned as
𝑍𝑖 = 𝑍B𝑡 − 𝑆 × (BB𝑡 − ℎ𝑖 ) .

(4)

If BB𝑡 does not exist, the value of BB𝑏 is valid, and BB𝑏 <
ℎpeak , and the reflectivities located above BB𝑏 (with value
larger than 𝑍B𝑏 ) are reassigned to 𝑍B𝑏 .

The fourth step, which involves reflectivity observations
from all tilts in an annular region between 20 and 80 km,
involves recalculation of the average stratiform VPR after
bright band correction.
The fifth step involves determining whether a tropical
VPR has been captured. Following Xu et al. [33], the identification (or diagnosis) of tropical VPR is made with a leastsquares fit from the bottom of the bright band to the bottom
of the VPR, in cases where a bright band exists; otherwise,
the fit is made from h 0∘ C to the bottom of the VPR. The
slope (𝛼) of the VPR is then calculated. The resulting VPR
is considered as tropical if three out of five values of 𝛼 (for
the present and the four previous moments) are lower than
or equal to 0; otherwise, it is regarded as a nontropical VPR.
2.2. Convective and Stratiform Rainfall Classification. To
improve the accuracy of radar QPE, this study adopted the FL
algorithm developed by Yang et al. [30] to classify convective
and stratiform rainfall. Brief details of the FL algorithm are
given below.
First, the volume scan reflectivity data from the Doppler
radar are interpolated to a Cartesian coordinate system with
the same latitude and longitude range (0.01∘ ) of the original
data. Four features, denoted as F 1 –F 4 , are calculated based
on the reflectivity data. These features are, respectively, (a)
the reflectivity at 2 km, (b) the reflectivity standard deviation
in the horizontal direction, (c) the product of the radar top
height and the reflectivity value at 2 km, and (d) the vertically
integrated liquid water content [30].
As a second step, membership functions are used to
determine the degree to which each feature belongs to each
rain type, using a fuzzification process. Linear functions are
used as membership functions for convection:
0,
𝑥 ≤ 𝑎,
{
{
{
{ (𝑥 − 𝑎)
𝜇𝑘,𝐶 (𝑥, 𝑎, 𝑏) = {
, 𝑎 < 𝑥 < 𝑏,
{
{ (𝑏 − 𝑎)
{
𝑥 ≥ 𝑏,
{1,

(5)
(𝑘 = 1, 2, . . . , 𝑁)

and stratification:
1,
{
{
{
{ (𝑏 − 𝑥)
𝜇𝑘,𝑆 (𝑥, 𝑎, 𝑏) = {
{ (𝑏 − 𝑎) ,
{
{
{0,

𝑥 ≤ 𝑎,
𝑎 < 𝑥 < 𝑏,
𝑥 ≥ 𝑏,

(6)

(𝑘 = 1, 2, . . . , 𝑁) ,

where 𝑁 is the input feature parameter, subscript 𝑘 is set to 1,
2, 3, or 4, 𝐶 and 𝑆 identify the convective and stratiform cases,
respectively, 𝑥 is the feature value, 𝑎 is the left breaking point,
and 𝑏 is the right breaking point. Different feature parameters
are assigned different breaking points. For F 1 , the parameters
are set to 𝑎 = 20 dBZ and 𝑏 = 45 dBZ; for F 2 , they are a =
1 dBZ and 𝑏 = 14 dBZ; for 𝐹3 , they are 𝑎 = 100 km⋅dBZ and
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b = 500 km⋅dBZ; and, for 𝐹4 , they are a = 0.5 kg/km2 and 𝑏 =
5.0 kg/km2 [30]. From (5) and (6), it is clear that
𝜇𝑘,𝑆 (𝑥, 𝑎, 𝑏) = 1 − 𝜇𝑘,𝐶 (𝑥, 𝑎, 𝑏) .

(7)

Third, the weighted average values of the measurement
belonging to each specific class are obtained as follows:
𝑃𝑒 =

(∑𝑁
𝑘=1 𝑊𝑘 ⋅ 𝑃𝑘,𝑒 )
(∑𝑁
𝑘=1 𝑊𝑘 )

,

(8)

where 𝑃𝑘,𝑒 = 𝜇𝑘,𝜀 (𝑋𝑘 ), 𝑒 identifies the convective or stratiform
case, 𝑊𝑘 is the weighting factor (with equal weighting
assigned in this study for simplicity), 𝑁 is the number
of input feature parameters, and 𝑃𝑐 and 𝑃𝑠 indicate the
weighted average values of the convective and stratiform
classes, respectively. As the sum of 𝑃𝑐 and 𝑃𝑠 is 1, the value
of 𝑃𝑐 can be used to express classifications for convection
in a probabilistic manner. Grid points for which 𝑃𝑐 ≥ 0.5
are classified as convective rainfall; all other grid points are
classified as stratiform rainfall.
2.3. Identification of Tropical Rainfall Regions. To improve the
accuracy of the radar QPE, tropical rainfall is considered to be
present if tropical VPR is present and the grid at 1 km altitude
meets the following two criteria [33]: (1) the reflectivity is
greater than 25 dBZ and (2) the surface wet bulb temperature
is greater than 2∘ C. The surface wet bulb temperature is
calculated as follows:
𝐸 = 6.11 × 107.5×𝑇𝑑𝑐 /(237.7+𝑇𝑑𝑐 )
𝑊𝐵𝑐

(9)

2

=

(0.00066 × 𝑃 × 𝑇𝑐 + 4098 × 𝐸/𝑇𝑑𝑐 × (237.7 + 𝑇𝑑𝑐 ) )
2

(0.00066 × 𝑃 + 4089 × 𝐸/ (237.7 + 𝑇𝑑𝑐 ) )

,

where 𝑇𝑑𝑐 is the dew point temperature (in ∘ C), E is the vapor
pressure from dew point (in mb), 𝑊𝐵𝑐 is the surface wet bulb
temperature (in ∘ C), 𝑃 is the pressure (in mb), and 𝑇𝑐 is the
air temperature (in ∘ C). The above parameters are simulated
using the WRF model or from other data.
In this way, stratiform rainfall is further divided into
stratiform and tropical-stratiform rainfall, and convective
rainfall is further divided into convective and tropicalconvective rainfall.
2.4. Radar QPE Calculation. Three sets of experiments were
conducted to test the proposed method. In Experiment I,
only the WSR-88D default Z-R relationship (𝑍 = 300R1.4 )
was used. In Experiment II, as the rain type is identified by
a FL algorithm, the corresponding Z-R relationships were
applied to the rain rate calculation at each grid point. For
each grid point, the relationship 𝑍 = 300R1.4 was applied
for the convective rainfall calculation if 𝑃𝑐 ≥ 0.5. Otherwise, the relationship 𝑍 = 200R1.6 [6] was applied, for
stratiform rainfall calculation. In Experiment III, stratiform
and convective rainfall in tropical rainfall events were further

divided into stratiform and tropical-stratiform rainfall and
convective and tropical-convective rainfall, respectively. The
relationships were the same as those used in Experiment II,
except that the tropical rainfall relationship 𝑍 = 30.7R1.66
was adopted (Yadong Wang, personal communication). In
an attempt to exclude the impact of nonprecipitation echoes
and hail, quality control was conducted prior to precipitation
classification. Additionally, reflectivity at 1 km was used to
reduce the errors caused by spatial inconsistencies and the
effects of bright band measurements not yet properly revised.
2.5. Performance Evaluation. The mean deviation error
(BIAS), relative absolute error (RAE) rate, and root mean
square error (RMSE) are selected as statistical indicators
for quantitatively assessing the quality of radar QPE in
the different experiments [43]. The mean deviation error is
defined as follows:
BIAS =

1 𝑛
∑ (𝑅 (𝑖) − 𝑅𝑔 (𝑖)) ,
𝑛 𝑖=1 𝑎

(10)

where 𝑅𝑎 (𝑖) is the radar QPE of the 𝑖th station, 𝑅𝑔 (𝑖) is the
observed precipitation of the 𝑖th site, and 𝑛 is the total number
of samples involved in the performance assessment.
The radar QPE error may be positive or negative; therefore, its mean will not reflect the radar QPE performance. To
objectively reflect performance, the mean absolute error rate
is used and is defined as follows:


∑𝑛𝑖=1 𝑅𝑎 (𝑖) − 𝑅𝑔 (𝑖)
(11)
× 100%.
RAE =
∑𝑛𝑖=1 𝑅𝑔 (𝑖)
In addition, downpour and drizzle may coexist during
a precipitation process; as the RAE of downpour is larger
than that of drizzle, the root mean square error primarily
represents the performance of the downpour component of
the rainfall:
RMSE = (

∑𝑛𝑖=1 (𝑅𝑎 (𝑖) − 𝑅𝑔 (𝑖))
𝑛

1/2

2

)

.

(12)

As the above three equations imply, a BIAS closer to
0 corresponds to more similar (in the average) QPE and
observed rain types, whereas a smaller RAE corresponds
to a higher radar QPE accuracy for the entire precipitation
process. Similarly, a smaller RMSE indicates a more accurate
radar QPE for the heavy precipitation portion of the process.

3. Long-Term Data Statistics
Many previous studies have shown that extreme precipitation
is likely to take place in the Yangtze River–Huaihe River
valley, the Yangtze River valley, and on the southeast coast
of China, with persistent, heavy rainfall events being more
abundant in June and July [44–46]. Tropical rain has
been found in these regions, although underestimation
occurs when conventional QPE is utilized. We evaluated
three months of data obtained from the Yangtze River–
Huaihe River valley, in order to assess the degree to which
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Table 1: Hefei CINRAD radar parameters.

Wavelength

Beam width

Scan mode

10 cm

1∘ half-power 360∘ azimuthal
beam width
volume

Elevation angle

Bin spacing

0.5∘ –19.5∘

250 m for velocity and
spectral width; 1000 m for
reflectivity

the proposed identification process improves estimation
accuracy when compared with analyses conducted using
the default WSR-88D Z-R relationship and convectivestratiform precipitation segmentation rain identification
scheme. Doppler radar data for this study were taken from the
Hefei Doppler radar (117.258∘ E, 31.867∘ N, 165.5 m), a Chinese
New Generation Radar S-band radar instrument (CINRAD
WSR-98D/SA). The WSR-98D/SA is a 10-cm wavelength
Doppler radar with a 1∘ half-power beam width. The data
obtained consisted of volume scans of radar reflectivity, radial
velocity, and spectrum width collected in a polar coordinate
system, at increasing elevation angles. During periods of
precipitation, the radar operates in a 360∘ azimuthal volume
scan mode, with the elevation angle increasing from 0.5∘ to
19.5∘ and the temporal resolution of the data depending on
the operational mode of the radar. Bin spacing is 250 m in the
radial direction, with reflectivity values averaged over four
bins, to increase the number of independent measurements
collected for each recorded value. Accordingly, reflectivity
values are recorded at 1-km intervals along the radar beam,
whereas velocity parameters are recorded at 250 m intervals.
Each volume scan takes approximately 6 min. The radar
parameters are shown in Table 1.
3.1. Data and Domain. The data from the Hefei Doppler
radar and gauge of Anhui Province were collected from
June to August in 2010. The horizontal domain (115.758∘ E–
118.758∘ E, 30.367∘ N–33.367∘ N) in this study was a 300 ×
300 km grid centered at the radar with a 1 km horizontal
resolution (a 301 × 301 grid). The vertical domain consisted of
73 layers and had an altitude of 18 km (0.25-km resolution).
The center of the horizontal domain is the site of Hefei radar.
The domain is shown in Figure 2.
3.2. Statistical Results for Three Months of Data. To compare the estimates obtained with different schemes, some
statistical indicators were obtained for the June–August, 2010,
period, and are presented in Table 2. As shown, Experiment
II performed consistently better than Experiment I, but
Experiment III produced the results closest to the observed
precipitation and with the greatest precision. It should be
mentioned that there is a significant difference between the
observed precipitation and the radar estimated rainfall when
the intensity of the observed precipitation is less than 2 mm/h;
therefore, rainfall with intensity below 2 mm/h was excluded.
The statistical indicators in Table 2 were obtained from
all precipitation types; to further understand the particular
effects of tropical rain, the statistical indicators specific of
tropical rain events that occurred in the June–August, 2010,
period are presented in Table 3. In other words, in contrast

Obtained data

Time
resolution

Reflectivity, radial velocity, Approximately
spectral width
6 min

33∘ N

32∘ 30 N

32∘ N

31∘ 30 N

31∘ N

30∘ 30 N
116∘ E 116∘ 30 E 117∘ E 117∘ 30 E 118∘ E 118∘ 30 E

Figure 2: Study domain (the “+” represents the Hefei radar location).
Table 2: Error analysis of the June–August, 2010, data.
Error
BIAS (mm)
RAE (%)
RMSE (mm)

Exp. I
−1.299
31.0
2.191

Exp. II
−1.124
28.3
2.100

Exp. III
−0.219
27.1
1.877

Table 3: Error analysis of stations with tropical rain in the June–
August 2010 period.
Error
BIAS (mm)
RAE (%)
RMSE (mm)

Exp. I
−1.912
32.3
3.354

Exp. II
−1.791
31.0
3.314

Exp. III
0.041
22.7
2.327

with Table 2, the statistical indicators in Table 3 do not consider data from grid points not experiencing tropical rainfall.
The results in Table 3 match those of Table 2 in that radar
QPE is noticeably improved using the FL method proposed
here. This improvement becomes even more significant when
in the presence of tropical rainfall events.
To further understand the various precipitation events
that took place in June–August, 2010, and better describe how
QPE is affected under three rainfall conditions (stratiform,
convective, and a hybrid precipitation case in which convective and stratiform precipitation are present at the same time),
the three-month period was divided into 12 precipitation

Advances in Meteorology

7

0.5

0.30

RAE

BIAS

0.0

−0.5

−1.0

0.20

0.10

−1.5

1

2

3

4

5

6 7 8
Case of rain

3cls
2cls

9

0.00

10 11 12

1

2

3

4

5

6 7 8
Case of rain

3cls
2cls

Default
(a)

9

10 11 12

Default
(b)

3.0

2.5

RMSE

2.0

1.5

1.0

0.5

0.0

1

2

3

4

5

6 7 8
Case of rain

3cls
2cls

9

10 11 12

Default
(c)

Figure 3: Error statistics considering all stations, for each precipitation process. Label “2cls” represents classification in two precipitation
classes (Experiment II), and “3cls” represents classification in three precipitation classes (Experiment III). The units of BIAS and RMSE are
mm; RAE is dimensionless.

cases (Table 4). The analysis of the several events is shown
in Figure 5, which presents the error curves for each case. As
shown, Experiment III consistently produced the lowest error
values (with the exception of case 3), particularly in cases 1, 6,
and 7.
Figure 4 shows the same type of information in Figure 3, but this time considering only tropical rainfall events.
Thus, as shown, separating precipitation into convective and

stratiform using the FL algorithm produces better results
than simply using the default Z-R relationship, although
separating the precipitation into convective, stratiform, and
tropical rain produces results even closer to the observed
precipitation, not only for the overall precipitation process
but also for the heavy precipitation portion only.
In cases 1, 6, and 7, Experiment III produced the best
results; however, its results for case 3 are not very good.
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These four cases were therefore selected to further study
the different results of the three sets of experiments. The
corresponding errors for each station are shown in Figure 5,
as a function of time; cases 1, 3, 6, and 7 are represented from
the top to the bottom row, respectively, and the BIAS, RAE,
and RMSE values are represented in columns, from left to
right, respectively. It should be noted that these results are

the same ones presented in Figure 3; as shown, in cases 1, 6,
and 7, Experiment III not only produced the smallest total
errors but also consistently exhibited the lowest errors on
an hourly basis. However, the results of Experiment III are
not better than those of II or I in case 3. Further analysis
revealed that case 3 represents an intermittent rainfall event
that was primarily formed by scattered convective cells in
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which either the precipitation ranges or the rainfall durations
were scattered, with each rainfall lasting less than 6 h and
with limited rainfall per hour. The shortcomings in case 3
may also relate to the selected reflectivity-rainfall rate (ZR) relationships, as these were obtained by statistics related
to seasonal climate and geography. Therefore, further work
will have to be performed to better capture local real-time
dynamic Z-R relationships in the future.
To better understand the differences between gauge
measurements and QPE in terms of the amount of precipitation, scatter plots of gauge versus radar-derived 6-h
accumulated precipitation estimates except for case 3, for
which 4-h accumulated precipitation values are used, because
in this case the rainfall lasted less than 6 h are shown in
Figure 6. Figure 6(a) shows the results of case 1, in which

the strongest precipitation process intensity is 14 mm/h. It is
seen that the precipitation produced by all three experiments
corresponds well with observations, in particular the rainfall
estimate from Experiment III, and that most of the results
approximate the ideal line. In addition, smaller rainfall
intensities correspond to bigger errors, particularly at rainfall
intensities less than 2 mm/h. Figure 6(b) shows the results
for case 3, in which either the precipitation ranges or rainfall
durations were scattered. It is clear that the radar-retrieved
accumulation precipitation estimations produced in Experiment III mostly improved the problem of underestimation,
although overestimation is demonstrated in some stations.
Moreover, the results from Experiment II and Experiment I
are similar in that convective rainfall precipitation processes
are mainly obtained from the FL method classification, a
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Table 4: Twelve precipitation events selected for performance evaluation.

Event
1
2
3
4
5
6
7
8
9
10
11
12

Precipitation duration
June 07–09
June 13-14
June 17–20
June 23-24
June 27–30
July 02–04
July 06–19
July 21-22
July 24–August 02
August 04–11
August 14–20
August 21–31

result consistent with Table 4. Figure 6(c) shows the results
for case 6, in which the precipitation area is broader and the
strongest intensity is 70 mm/h. The correspondence between
gauge and QPE improves from Experiment I to Experiment
III. Figure 6(d) shows the results for case 7, in which the
strongest intensity is 60 mm/h. It is clear that the precipitation
for all three experiments corresponds well with observations,
especially in the case of Experiment III, which shows a
significantly reduced underestimation when compared with
Experiments I and II.

4. Case Studies
The cases of heavy rainfall events in Hefei (valid at 0800 UTC,
July 22, 2009) and Liuzhou (valid at 1300 UTC, June 12, 2008)
were analyzed, to test how easily the proposed method could
be applied in different places and times. The Liuzhou Doppler
radar (109.456∘ E, 24.357∘ N, 346.8 m) is of the same type as the
Hefei Doppler radar.
4.1. Heavy Rainfall in Hefei on July 21–23, 2009. Most parts of
the Yangtze River–Huaihe River valley and the southern part
of the Yangtze River experienced heavy rainfall on July 21–23,
2009 [25], with local downpours of approximately 150 mm of
rain. During this period, there was a wide range of precipitation, including heavy rain that was distributed primarily in
the north of Anhui Province, with the precipitation intensity
reaching 40 mm/h.
The distributions of convective and stratiform rainfall
based on the classification of the FL algorithm are shown in
Figure 7(a), which shows a rainfall process overall dominated
by widespread stratiform rainfall embedded with convective
rainfall. A stratiform cloud covering a large area appeared
throughout the entire precipitation process and was relatively
stable. Only a few parts of Hefei could be identified as
convective rainfall regions, embedded in a wide region of
stratiform rainfall. The convective rainfall regions changed
frequently, and their coverage area was very limited. Thus, the
range of estimated precipitation is relatively large.
Although the problem of underestimation is mitigated, to
some extent, by classifying the precipitation into convective

Binary classification
Stratiform
Stratiform
Convective
Stratiform
Stratiform
Convective and stratiform
Convective and stratiform
Convective and stratiform
Convective and stratiform
Convective and stratiform
Convective and stratiform
Convective and stratiform

Tropical rain present?
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes

and stratiform precipitation, significant differences between
observation and estimation remain; the primary objective
of classifying precipitation into convective, stratiform, and
tropical precipitation is the improvement of QPE accuracy.
Figure 7(b) shows the results obtained for the three types of
cloud classification. It is clear that some convective and stratiform precipitation obtained from the FL algorithms are again
identified as tropical precipitation, with the corresponding
cases redefined as a stratiform, convective, or tropical mixed
precipitation.
As can be seen from Figure 7(c), the characteristics of
the precipitation event in Hefei on July 21–23, 2009, include
the presence of a bright band; it was identified as convective
and stratiform mixed precipitation using the FL algorithm,
and the VPR slope after bright band correction was found to
be negative; in other words, tropical rainfall may have been
present in this case.
To demonstrate the differences between the three experiments’ results, a scatter plot of gauge versus radar-derived
1-h accumulated precipitation is shown in Figure 7(d). Even
though all three experiments produce some degree of underestimation, the correspondence between gauge and radarderived 1-h accumulated precipitation is improved from
Experiment I (greatest underestimation) to Experiment III
(least underestimation). Thus, Experiment III produces a
significantly more accurate estimation of rainfall compared
to the other two experiments, particularly when the rainfall
intensity is high.
4.2. Liuzhou Rainfall Event during June 11-12, 2008. The
primary difference between the Liuzhou precipitation event
and the Hefei event is that the Liuzhou precipitation case took
place at a different location.
Liuzhou, in the Guangxi Province, received heavy rain at
0800 UTC on June 11, 2008. The 12-h rainfall accumulation
from 0400 to 1600 UTC on June 12 reached 233 mm, with
heavy rainfall (307 mm) also occurring in Liujiang County.
The water level in Liujiang exceeded the warning level of
2.86 m until 1900 UTC on June 12. The heavy rainfall caused
waterlogging in some areas and a number of road traffic
interruptions until June 13, when the rain began to ease.
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Figure 7: Hefei heavy rain (valid at 0800 UTC, July 22, 2009). (a) Results of the FL algorithm (the abscissas represent longitude, the vertical
axis represents latitude, the “+” sign represents the radar location, and the colors of “Conv” and “Stra” represent convective and stratiform
rainfall regions, resp.). (b) Distribution of the convective, stratiform, and tropical rainfall. (c) Averaged stratiform VPR (the abscissas represent
the value of reflectivity in dBZ, the vertical axis represents the altitude in km, the long dashed line is the 0∘ C isotherm altitude, the red solid
line is the VPR before bright band correction, and the blue short dashed line is the VPR after bright band correction). (d) Scatter plot of gauge
versus radar-derived 1-h accumulated precipitation (the abscissas represent gauge results in mm, the vertical axis represents radar-derived
1-h accumulated precipitation in mm, and the diagonal line represents the ideal line).

Figure 8 shows an analysis of the heavy rainfall in Liuzhou
during June 11-12, 2008, valid at 1300 UTC on June 12.
Comparing the 1-h rainfall accumulation from the gauges
with the convective and stratiform distribution obtained from
the FL algorithm (Figure 8(a)), it is clear that the entire
process was based primarily on convective rainfall that did
not aggregate but was found in the vicinity of the radar. Heavy
rainfall reached 25 mm/h just next to the radar.

The distributions of the three types of rainfall are illustrated in Figure 8(b), which shows that the Liuzhou event
was a mixed stratiform, convective, and tropical precipitation
case. Most of the convective and stratiform precipitation
obtained from the FL algorithm is again distinguishable as
tropical rain, although there is some convective precipitation
near the radar, which recognized the area as being dominated
by convective precipitation.
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Figure 8: Heavy rainfall in Liuzhou during June 11-12, 2008, as recorded at (or analyzed for) 1300 UTC on June 12: (a) results of the FL
algorithm (the abscissas represent longitude, the vertical axis represents latitude, the “+” sign represents the radar location, and colors of
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dashed line is the 0∘ C isotherm altitude, the red solid line is the VPR before bright band correction. (d) Scatter plot of gauge versus radarderived 1-h accumulated precipitation (the abscissas represent gauge results in mm, the vertical axis represents radar-derived 1-h accumulated
precipitation in mm, and the diagonal line represents the ideal line).

As the VPR shown in Figure 8(c) implies, no bright band
is observed for this event. The value of h 0∘ C is 5042.6 m, the
VPR slope is negative, and tropical precipitation is possibly
present.
For comparison between the three experiments, a scatter
plot of gauge versus radar-derived 1-h accumulated precipitation is provided in Figure 8(d). It is clear that the precipitation
of all three experiments corresponds well with observations.

Experiment II performs better than Experiment I, and Experiment III performs the best of all, particularly for large rainfall
intensity. Thus, the rainfall estimated by Experiment III is
found to correspond most closely to the observed rainfall.

5. Conclusions
This paper introduced a method for improving the precision
of radar QPE by using an FL algorithm to divide events
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into stratiform and convective precipitation types and then
further identifying tropical rain based on the VPR characteristics. First, the proposed method corrects any bright bands
that are present. Volume scan reflectivity data from Doppler
radar are used to recognize tropical VPRs, using the precipitation classification technique of Xu et al. [33]. Volume scan
reflectivity data from Doppler radar are then interpolated
to the Cartesian coordinate system over the same latitude
and longitude range (0.01∘ ), and the rain is divided into
stratiform precipitation and convective precipitation using
an FL algorithm [30]. The precipitation is then considered
to be tropical rainfall if it has a tropical VPR and the grid
at an altitude of 1 km meets the following criteria: (1) the
reflectivity is greater than 25 dBZ and (2) the surface wet
bulb temperature is greater than 2∘ C. The reflectivity at 1 km
is used to assign an adaptive Z-R relationship. Three sets
of experiments were presented in this paper. In Experiment
I, for each weather event only the default WSR-88D Z-R
relationship (𝑍 = 300R1.4 ) was used. In Experiment II, the
rain type was identified as convective or stratiform using an
FL algorithm; then, the relationships 𝑍 = 300R1.4 and 𝑍 =
200R1.6 were applied for convective and stratiform rainfall
calculations, respectively. In Experiment III, stratiform and
convective rainfall in tropical rainfall events were further
divided into stratiform and tropical-stratiform rainfall and
convective and tropical-convective rainfall, respectively. The
relationships adopted were the same as those used in Experiment II, except that the tropical rainfall relationship was 𝑍
= 30.7R1.66 . A long sequence (three months) of data and two
additional study cases were conducted, in order to determine
the impact on QPE of the method devised for this study. The
conclusions of the study can be summarized as follows:
(1) Although most radar QPEs were lower than the
directly observed precipitation for all the rainfall
events analyzed in this study, the results of all three
experiments corresponded closely to the observed
precipitation. Separating the precipitation into convective and stratiform types using the FL algorithm
enabled better performances compared to simply
using the default Z-R relationship. Separating the
precipitation into convective, stratiform, and tropical
rain produced results that were the closest to the
observed precipitation, not only during the whole
precipitation processes but also individually within
the heavy precipitation portions of these events.
(2) Given that a large-scale precipitation event usually
contains multiple types of precipitation, large estimation errors can be introduced if a single Z-R
relationship is used for the entire process. The FL
algorithm used here can skillfully separate convective precipitation from stratiform precipitation and
thus improve the accuracy of radar QPE to some
extent. Nevertheless, the problem of underestimation
remains. This study built upon the characteristics of
tropical precipitation and the convective, stratiform
precipitation classification techniques using an FL
algorithm; the resulting method was shown to have

improved accuracy, not only during the whole precipitation processes but also individually within the
heavy precipitation portions of these events.
(3) The proposed tropical rain identification scheme
produced similar results when applied to the cases
of heavy rainfall in Hefei (valid at 0800 UTC on
July 22, 2009) and in Liuzhou (valid at 1300 UTC on
June 12, 2008). In future work, the newly proposed
scheme will be further tested, to evaluate its general
applicability to different times and locations.
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A 24-hour heavy rainfall event occurred in northeastern France from November 3 to 4, 2014. The accuracy of the quantitative
precipitation estimation (QPE) by PANTHERE and ANTILOPE radar-based gridded products during this particular event, is
examined at both mesoscale and local scale, in comparison with two reference rain-gauge networks. Mesoscale accuracy was
assessed for the total rainfall accumulated during the 24-hour event, using the Météo France operational rain-gauge network.
Local scale accuracy was assessed for both total event rainfall and hourly rainfall accumulations, using the recently developed
HydraVitis high-resolution rain gauge network Evaluation shows that (1) PANTHERE radar-based QPE underestimates rainfall
fields at mesoscale and local scale; (2) both PANTHERE and ANTILOPE successfully reproduced the spatial variability of rainfall
at local scale; (3) PANTHERE underestimates can be significantly improved at local scale by merging these data with rain gauge
data interpolation (i.e., ANTILOPE). This study provides a preliminary evaluation of radar-based QPE at local scale, suggesting
that merged products are invaluable for applications at very high resolution. The results obtained underline the importance of
using high-density rain-gauge networks to obtain information at high spatial and temporal resolution, for better understanding of
local rainfall variation, to calibrate remotely sensed rainfall products.

1. Introduction
Accurate Quantitative Precipitation Estimation (QPE) is
necessary at various spatial and temporal scales [1, 2]. Heavy
rainfall events are expected to increase during the twentyfirst century [3]. Better monitoring and prediction of such
events and their consequences are of primary importance for
hydrology (the hydrological rainfall-runoff relationship during flash floods [4–8]), particularly in mountainous regions
[9, 10], for sustainable agriculture [11], and for urban planning
[12–16]. National meteorological networks are generally not
dense enough to fully document local scale rainfall estimates.

New-generation high-resolution weather radar systems
offer opportunities to detect heavy rainfall events with
applications for many domains, such as nowcasting, climatology, hydrology, and agriculture [17]. During the last decade,
various countries have deployed a number of major technological evolutions (e.g., Doppler and dual-polarization), in
addition to the densification of their radar networks (e.g.,
ARAMIS in France or NEXRAD in the USA). All radarbased rainfall estimates share the same basic physical principles (see pioneering work by Marshall et al. in 1947 [18]),
thus requiring correction and calibration, which remains
a challenging issue [19, 20]. Rainfall rate (𝑅) is estimated
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using the conventional 𝑍-𝑅 relationship. The coefficients of
the 𝑍-𝑅 relationship [18, 21–24] are related to the drop-size
distribution (DSD).
Despite the use of the dual-polarization technique, signal
attenuation during heavy rainfall may induce underestimation, especially for X- and C-band radar, the radars most frequently used in France [25, 26]. To prevent excessive underestimation, it is necessary to integrate rain gauge measurements
for attenuation correction and empirical adjustment [17, 27–
30].
The potential value of new-generation high-resolution
weather radar systems for QPE has been evaluated and used
in recent studies [2, 31–34]. Despite encouraging results
for rainfall estimation and its application at mesoscale (10–
500 km [35]), the quality of radar rainfall estimates may vary
greatly, in relation to (1) the coefficient applied for attenuation correction, that is, calibration of the changing 𝑍-𝑅
relationship; (2) the location and size of heavy rainfall events;
(3) the density of the rain gauge network used to compute
the single-bias adjustment factor and to generate products
merging radar rainfall with interpolated rain gauge data.
With regard to attenuation correction, a new polarimetric
processing chain provides improved rainfall estimates (e.g.,
[32]).
Rainfall event characteristics and network density must
both be taken into account in rainfall estimates [36]. The
location and size of rainfall events at mesoscale, together with
bias adjustment factors and merged product construction, are
usually based on data from mesoscale national rain gauge
networks. Radar-based QPE has generally been evaluated
using networks of similar density (e.g., [34, 37]), but few
robust estimates exist at local scale (0.1 m–50 km [35]). Rain
gauges are generally not deployed in sufficient density on
hilly terrain or in remote locations. The HydraVitis rain
gauge network, recently installed in Burgundy, northeastern
France (45 rain gauges over 28 km2 [38]), was designed to
capture the spatiotemporal variability of rainfall, particularly
the contrasted patterns that may arise at local scale over a
complex terrain during heavy rainfall episodes. The density
of the HydraVitis network thus provides the opportunity to
assess the capability of radar products to document a heavy
rainfall event at local scale [39]. In this study, HydraVitis is
therefore taken as reference for the capture of rainfall at local
scale.
The main aim is to assess the quality of QPE in PANTHERE and ANTILOPE radar-based products, during a
heavy rainfall event. First, total rainfall for the 24-hour event
was assessed at both mesoscale and local scale. The second
analysis focuses on hourly, local scale rainfall patterns.
In the following sections, the heavy rainfall event occurring on November 3 to 4, 2014, is presented, and the two
reference rain gauge network datasets (Météo France and
HydraVitis) are described. The main characteristics of the
radar products are explained, as is the method for comparing
point and gridded products. Finally, the ability of radar
products to capture the spatiotemporal variability of the
rainfall event is evaluated.
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2. The Study Event and the Reference Rain
Gauge Networks Specifications
This case study is a 24-hour rainfall event, from 9.00 pm on
November 3 to 8.00 pm on November 4, 2014. An unstable
rainy disturbance was moving slowly southeastward across
France, generating strong rainfall accumulations along axis
oriented SSW/NNE [40]. Rainfall data for this event were
collected at both mesoscale (150 km radius) and local scale
(28 km2 ). The interest of this particular event is that the rainy
front presented both stratiform and convective particularities
[40]. This exceptional event generated the equivalent of a
month of rainfall in 24 hours, with accumulations ranging
from 70 to 110 mm [41]. Many floods resulted from this event
and a state of natural disaster was recognized for 40 towns
in the Saône-et-Loire administrative area (“departement” in
French).
The event of November 3 to 4, 2014, is an interesting case
study for high-resolution radar product evaluation because
of (1) its nature (both stratiform and convective), making
adjustment of the 𝑍-𝑅 relationship challenging; (2) its strong
accumulations, which may attenuate the beam; (3) its local
spatial variability, which cannot be captured by the lowdensity national rain gauge network; and (4) its consequences
for hydrometeorological, urban, and agricultural questions.
To analyze this event, two rain gauge networks are used.
The first is a subset of the national Météo France network,
an operational network composed of SPIEA direct reading
and automatic tipping-bucket rain gauges. We extracted data
collected by 122 Météo France stations, located up to 150 km
away from the centroid of the HydraVitis network, to form
the subset used in this study, the Météo France rain gauge
network (MFRN; Figure 1(a)). The average distance from an
MFRN gauge to its nearest neighbor is 14.4 km. One of these
rain gauges is located within the study area covered by the
high-resolution HydraVitis network.
The second network, HydraVitis, is composed of 45
tipping-bucket rain gauges (RAINEW 111, RainWise Inc.),
covering an area of 28 km2 (Figure 1(b)). Based on Humphrey
et al. [42], rain gauge average measurement error ranged
from 0.6% to 4.2%, from the lowest (2 mm) to the highest
(200 mm) rainfall intensity [38].
The gauge implementation was based on Météo France
recommendations, deployed at a minimum distance of four
times the height of the nearest obstacle. Each gauge was
linked to a Hobo Pendant UA-002-64 event temperature
logger (Onset Corp.). This device records rainfall data every
second, with a 0.258 mm resolution. In order to evaluate
measurement uncertainty, four gauges were deployed in pairs
less than three meters apart. Network implementation and
control are detailed in Pauthier et al. [38]. The average
distance to the nearest neighboring gauge is 512 m. Figure 2
indicates the main exposure and slope of the study area and
the distribution of rain gauge exposure and slope, showing
that the HydraVitis rain gauges cover the main terrain features
of the study area. Hourly rainfall amounts were calculated
for each rain gauge, as density of the HydraVitis network
corresponds to the density recommended in Villarini et al.
in 2008 [39].
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Figure 1: The mesoscale and local scale rain gauge network. (a) The star indicates the radar position. Small circles indicate the location of
MFRN rain gauges located less than 150 km from the radar. The square indicates the position of the HydraVitis network. (b) White circles
indicate the location of the rain gauges providing the HydraVitis data used in this study. The bold gridlines show the boundaries of the 1 km2
radar pixels in which a rain gauge was available for comparison.

N

30%
22.5%
Rain gauges

15%
7.5%
W

E

50 m DTM

S
0

Field slope exposure
Rain gauges exposure

10

20

30

Slope (∘ )
(a)

(b)

Figure 2: (a) Field slope exposure (grey surface) and rain gauge exposure (dark grey points). (b) Slope distribution over the study area. The
black zone represents the distribution of HydraVitis rain gauges in relation to topography. The grey zone represents slope distribution for
50 m DTM.

4

3. Radar-Based Products:
PANTHERE and ANTILOPE
Two main products derived from weather radar systems are
available in France for the monitoring and estimation of
rainfall events. The PANTHERE product includes several
postprocessing steps aimed at correcting for ground clutter,
partial beam blocking, Vertical Profile of Reflectivity (VPR)
effects, and synchronisation of radar measurements (see [37]
for a full description of the radar processing procedure). In
this study, PANTHERE was applied to data collected by the
closest radar system, located 31 km north of the HydraVitis
network (Figure 1(a), Blaisy-Haut, 47.355278∘ N 4.775833∘ E).
This radar is equipped with a dual-polarized C-band antenna.
Over the study area, the radar signal benefits from low
beam blocking at 0.5∘ (the maximum beam blockage is
systematically under 5%).
The PANTHERE product has a 1 km2 resolution and is
computed to provide 5-minute time step rainfall fields. In this
study, PANTHERE data were aggregated with an hourly time
step.
In order to overcome any difficulty in inferring realistic
rainfall amounts, particularly in convective situations, a composite product merging radar-based and rain gauge rainfall
is also available. It adjusts PANTHERE estimates by means of
post hoc integration of kriged data from the Météo France rain
gauge network. This corrected product, recently developed by
Météo France, is called ANTILOPE [43, 44]. The ANTILOPE
data are available at the same time step and spatial resolution
as PANTHERE and were also aggregated at an hourly time
step in this study.

4. Method for Comparing Networks and
Gridded Products
The PANTHERE and ANTILOPE radar products (pixel
grids) were compared with the MFRN and HydraVitis
rain gauge networks (points) at two different scales. For
mesoscale comparison, the 122 MFRN 24-hour cumulated
rainfall measurement points were individually compared to
the relevant PANTHERE QPE grid-pixel (Figure 1(a)). As
ANTILOPE is partly composed of spatialized MFRN data,
this comparison was only conducted on the PANTHERE data
to avoid interdataset dependency.
Local scale comparison was based on HydraVitis data.
Only one rain gauge measurement point was used for a
given grid-pixel; the nearest rain gauge to the pixel center
was systematically selected. Data from 21 rain gauges were
therefore compared with 21 grid-pixels from each radar
product, at an hourly time step (Figure 1(b)).

5. Results
5.1. Whole Event Rainfall Analysis. Figure 3(a) shows the
radar-based 24-hour cumulated PANTHERE QPE (from
Nov. 3 at 21:00 to Nov. 4 at 20:00, covering the whole event).
The radar-based QPE exhibits a SSW/NNE elongated pattern
where precipitation reached up to 85.2 mm in 24 hours,
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according to PANTHERE data. Rain gauges at mesoscale
are collected up to 129.6 mm, which is significantly higher
than the maximum value registered by PANTHERE product.
Radar-derived rainfall is underestimated (Figure 3(b)), especially in zones where cumulated rainfall was close to the maximum value (Figure 3(a)). Previous works [45] indicate that as
distance increases, radar-based QPE increasingly underestimates high values. In this case, distance from the radar did not
strongly affect PANTHERE QPE (i.e., notable underestimates
are found at both 30 km and 150 km from the radar). These
underestimates may be attributed to greater attenuation of
the radar signal with more intense precipitation. Indeed,
Figure 3(a) shows that the strongest precipitation coincides
with the greatest underestimation. Red dots in Figure 3(b) are
the rain gauges located where the radar beam encountered the
greatest cumulated quantities of rainfall between radar and
rain gauge. For these rain gauges, QPE values are often largely
underestimated (up to 51.5 mm). Such attenuation effects
have frequently been reported in the literature [17, 27, 46] and
have previously been noted as a limitation of the PANTHERE
algorithm.
At local scale, PANTHERE systematically underestimates
rainfall (Figures 3(c) and 3(d)). Underestimations are homogeneous around the mean bias value (31.2 mm). The Nash criterion (−20.7) confirms this mismatch. The spatial structure
of the rainfall is adequately captured by this radar product
(Figure 3(d)). The rain gauges receiving the highest amounts
of rainfall are located in the grid-pixels with maximum
PANTHERE QPE (Pearson correlation coefficient = 0.73).
ANTILOPE, a product merging spatial interpolation of
Météo France rain gauge data with radar-based rainfall data,
shows better QPE. It only slightly underestimates rainfall
(mean bias = −3.2), as captured by HydraVitis rain gauges
(Figures 3(e) and 3(f)). Furthermore, ANTILOPE depicts the
rainfall field rather successfully at local scale, as supported
by the Pearson correlation (0.72) and Nash criterion (0.49)
scores.
5.2. Hourly Time Step Local Analysis. Radar (PANTHERE)
and composite (ANTILOPE) products were compared to
values for those rain gauges located closest to each grid point
(from 101 to 647 m), within the area covered by the HydraVitis
network. Figure 4 describes the hourly evolution of the QPEs
(PANTHERE and ANTILOPE) against rain gauge in situ
measurements.
Over the 24-hour period, PANTHERE values are underestimated from 0:00 to 6 am, when rainfall intensities were
highest. The spatial variability is adequately reproduced for
only a few hours (1:00, 2:00, and 7:00 am).
The ability of the composite product, ANTILOPE, to
reduce the PANTHERE biases is confirmed at the hourly time
scale. The ANTILOPE QPE values are almost systematically
closer to rain gauge values than to PANTHERE estimates.
For hours when rain gauges show a spatial structure, the
ANTILOPE QPE retrieves this structure at least as well as
PANTHERE.
Figure 5(a) presents hourly rainfall records averages for
radar-derived products and rain gauges. Rainfall intensities
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Figure 3: Comparison of 24-hour cumulated rainfall values from radar (PANTHERE) and rain gauges, from Nov. 3 at 21:00 to Nov. 4 at 20:00.
(a) Radar rainfall map. The white star indicates the radar position and the white square indicates the HydraVitis network position. Triangle size
(MFRN rain gauges) is proportional to the difference between values for radar and rain gauges; inverted triangles represent underestimated
values; the regular triangles represent accurate or slightly overestimated values. (b) Scatterplot comparing PANTHERE to rain gauge rainfall
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effect). (c) Zoom of (a) over the HydraVitis local scale rain gauge network. Triangle size (HydraVitis rain gauges) is proportional to the
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as (c) and (d), respectively, but using the merged radar-based/MFRN rain gauge ANTILOPE data, instead of PANTHERE radar data.

6

Advances in Meteorology
Nov. 03 21:00

Nov. 03 22:00

Nov. 03 23:00

Nov. 04 00:00

Nov. 04 01:00

Nov. 04 02:00

Nov. 04 03:00

Nov. 04 04:00

Nov. 04 05:00

Nov. 04 06:00

Nov. 04 07:00

Nov. 04 08:00

Nov. 04 09:00

Nov. 04 10:00

Nov. 04 11:00

Nov. 04 12:00

Nov. 04 13:00

Nov. 04 14:00

Nov. 04 15:00

Nov. 04 16:00

Nov. 04 17:00

Nov. 04 18:00

Nov. 04 19:00

Nov. 04 20:00

Radar/merged
rainfall (mm)

10.0
7.5
5.0
2.5
0.0

Radar/merged
rainfall (mm)

10.0
7.5
5.0
2.5
0.0

Radar/merged
rainfall (mm)

10.0
7.5
5.0
2.5
0.0

7.5
5.0
2.5

Rain gauge (mm)

Rain gauge (mm)

Rain gauge (mm)

Rain gauge (mm)

Rain gauge (mm)

10.0

7.5

5.0

2.5

0.0

7.5

10.0

5.0

2.5

0.0

10.0

7.5

5.0

2.5

0.0

10.0

7.5

5.0

2.5

0.0

10.0

7.5

5.0

2.5

0.0

10.0

7.5

5.0

2.5

0.0
0.0

Radar/merged
rainfall (mm)

10.0

Rain gauge (mm)

Type
ANTILOPE
PANTHERE

Figure 4: Hourly comparison between grid-pixels for PANTHERE and ANTILOPE radar products and HydraVitis rain gauges.

(mm/h) increase sharply at 0:00 on Nov. 4 to 8.3 mm/h (rain
gauge average). From 0:00 to 2:00, rainfall spatial variability is
at its maximum (rain gauge standard deviation, vertical blue
bars in Figure 5(a), from 1.03 to 1.3 mm/h). From 3:00 to 5:00,
hourly rainfall remains high (5.9 to 7.7 mm/h) but is rather
homogeneous in space (standard deviations from 0.31 to
0.38 mm/h). At 6:00, rainfall intensity rises to 8.3 mm/h (rain
gauges average) with a strong spatial variability and decreases
from 4 to 2 mm/h approximately, until 13:00 (i.e., 1 pm),
with little spatial variation at local scale (standard deviations
ranging from 0.18 to 0.51 mm/h during this period). Rainfall
finally falls to about 1.5 mm/h after 15:00. Intensities are
homogenous in space throughout the study area (standard
deviation from 0.18 to 0.22 mm/h).
PANTHERE QPE is almost systematically underestimated during the whole period (except rainfall from 19:00
and 20:00 on Nov. 4; Figure 5(b)). From midnight to 6:00
on November 4, PANTHERE underestimated hourly rainfall
rates (3–5 mm), while rain gauge values were almost twice
as high (5–9 mm). This underestimation can be linked to

fluctuations in the 𝑍-𝑅 relationship, calibration biases, or
signal attenuation due to stronger rainfall between the radar
site and the study zone [37].
The ANTILOPE QPE provided limited bias (Figure 5(b);
mean bias = −0.13 mm/h). The largest underestimation is
at 2:00 on Nov. 4 (bias = −1.88 mm/h). Both radar-based
QPEs provide spatially consistent hourly precipitation fields
(though largely underestimated for PANTHERE) compared
to rain gauge data, in many cases. PANTHERE is significantly
correlated (Figure 5(c)) with rain gauge data during the whole
event but not from 3:00 to 5:00, at 11:00, and from 16:00
to 20:00 on November 4. The ANTILOPE hourly rainfall
correlations are also not significant during the first 3 hours of
the event. ANTILOPE provides very accurate hourly rainfall
fields at local scale, at 1:00, 7:00, 9:00, and 10:00 am on
November 4 (Nash criteria equal to 0.843, 0.706, 0.721, and
0.778, resp., Figure 5(d)).
Because PANTHERE underestimates precipitation, a
good match to rain gauges is never observed (Nash criterion
is always below 0, which is not considered as satisfactory,
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Figure 5: Hourly statistics for radar-derived products and HydraVitis rain gauges (𝑁 = 21 pixels/rain gauges). (a) Hourly rainfall averaged
for 21 pixels (rain gauges) at local scale. Vertical bars indicate the standard deviation (i.e., spatial variability). (b) The mean difference between
radar-derived products and rain gauges. (c) Pearson correlation coefficients. The solid grey horizontal lines indicate the value corresponding
to statistically significant 𝑟 (Student dist., 𝑝 value = 5%). (d) Nash criterion. Light green triangles and yellow circles, respectively, represent
ANTILOPE and PANTHERE products.

following [47]), despite good correlation with rain gauges
(e.g., at 7:00 Nov. 4; Figure 5).

6. Discussion and Conclusion
This study analyzed the performance of two operational
radar-derived products in Northern France, during a long,
heavy rainfall event that resulted in flooding and heavy
damage. The analysis of this event corroborates previous
evaluations of radar rainfall and provides novel results
regarding the capacity of radar products to capture the spatial
variability of rainfall at mesoscale and more particularly at
local scale. This analysis confirms the relevance of these products for hydrological modelling, real-time flood assessment,

and water management for agriculture at the farm level, for
example. Our main findings at hourly scale supported by 24
patterns are summed up and discussed hereafter.
(a) Despite considerable improvement in radar technology and algorithms, radar QPE fails to estimate
rainfall fields accurately at mesoscale for such events.
Although, in our study, the PANTHERE cumulated
QPE spatial pattern is similar to that of rain gauges,
the strong underestimation makes this product unreliable for meteorological, hydrological, or agricultural
applications. The long sought-after goal of using radar
rainfall data to replace costly rain gauge networks
for rainfall measurement has not yet been attained.
Even so, considerable improvements have been made
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through the decades [48]; since its first applications
[18], the use of mesoscale rain gauge networks to
readjust radar rainfall is still required to provide satisfactory QPE [2, 49]. Our results clearly corroborate
these previous observations.
(b) It is possible to reduce underestimation by merging
interpolated mesoscale rain gauge data with radar
QPE, as in the ANTILOPE product [43, 44]. Such
merging provides useful products to estimate hourly
QPE fields at local scale, even in situations where
considerable attenuation is expected. Hourly precipitation data from the HydraVitis network are well
correlated with both radar and merged products.
High-resolution rainfall fields are crucial for hydrological applications, especially flood event prediction.
Composite products, such as ANTILOPE, provide
a viable alternative to high-density rain gauge networks, which are practically and financially difficult to
deploy and exploit. Careful consideration of the quality and representativeness of the rain gauge network
should be considered in conjunction with refinements
to mathematical techniques when developing rain
gauge radar merging products [36].
(c) Improving radar rainfall products requires high density and quality ground data for validation [48, 50].
The HydraVitis network (currently composed of 45
rain gauges from 2 m to 6 km apart) aims to provide reliable information about local spatiotemporal variation in rainfall and thus help to improve
remotely sensed rainfall products. The two-year
dataset recorded by the HydraVitis network (2014–
2016) offers the opportunity to statistically assess and
quantify these preliminary results in the near future.
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With the development of high-performance computer systems and data assimilation techniques, storm-scale numerical weather
prediction (NWP) models are gradually used for short-term deterministic forecasts. The primary objective of this study is to
evaluate and correct precipitation forecasts of a storm-scale NWP model called the advanced regional prediction system (ARPS).
The evaluation and correction consider five heavy precipitation events that occurred in the summer of 2015 in Jiangsu, China. The
performances of the original and corrected ARPS precipitation forecasts are evaluated as a function of lead time using standard
measurements and a spatial verification method called Structure-Amplitude-Location (SAL). In general, the ARPS could not
produce optimal forecasts for very short lead times, and the forecast accuracy improves with increasing lead time. The ARPS
overestimates precipitation for all lead times, which is confirmed by large bias in many forecasts in the first and second quadrant of
the diagram of SAL, especially at the 1 h lead time. The amplitude correction is performed by matching percentile values of the ARPS
precipitation forecasts and observations for each lead time. Amplitude correction significantly improved the ARPS precipitation
forecasts in terms of the considered performance indices of standard measures and A-component and S-component of SAL.

1. Introduction
Heavy rain is one of the most severe weather events in
China, causing floods and other geological and hydrological
disasters. High-resolution quantitative precipitation forecasts
(QPFs) play an important role in flash flood warning and
emergency response.
NWP models with atmospheric dynamic constraints have
been used to operate for middle and long term weather
forecast. However, the accuracy of NWP model forecasts
during the first few hours is always influenced by the “spinup” problem [1]. Therefore, precipitation forecasts of NWP
models are less accurate than predictions of extrapolationbased techniques at short-term lead times [2]. Recently, with
the development of high-performance computers and the
use of rapid-update-cycle (RUC) approach, the “spin-up”
problem of NWP models has been significantly reduced.

The forecast accuracy at the first several hours has been
improved significantly by assimilating various types of observation data [3–9]. NWP models with high spatial and
temporal resolution have been applied for nowcasting of
precipitation gradually. The high-resolution rapid refresh
[10] developed by the National Oceanic and Atmospheric
Administration, Weather Research and Forecasting model
(WRF) with RUC technique used in the Beijing Meteorological Bureau, Chinese Meteorological Administration, and
the advanced regional prediction system (ARPS) developed
by the Center for Analysis and Prediction of Storms (CAPS)
have been operationally applied for nowcasting precipitation.
The Jiangsu Observatory introduced the ARPS model
from CAPS to provide high quality and resolution weather
forecast services during the second Youth Olympics Games
held in Nanjing, China, in 2014. The purpose of this paper is
to evaluate and correct the ARPS precipitation nowcasting in
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Jiangsu, China. The evaluation and correction are performed
for hourly precipitation forecasts at lead times from 1 to
6 h. The eight convective heavy rain events that occurred
during the summer of 2014 and 2015 in Jiangsu are selected
in this study. Three heavy precipitation events occurring
during the summer of 2014 were used for deriving the ARPS
model correction parameters. Five heavy precipitation events
occurring during the summers of 2014 and 2015 were used
for verification data. The two verification events occurring in
April 2014 were convective precipitation and lasted for about
one day. The three verification events in 2015 lasted for several
days and were accompanied by floods that cause significant
economic losses and even casualties. The forecast of such
events is beneficial for preventing disasters and reducing
damage.
The paper is organized as follows. Section 2 describes
data used in this study. The ARPS model and correction
scheme are introduced in Sections 3 and 4, respectively.
The evaluation methods are described in Section 5, and the
results of the evaluation the ARPS original and corrected
precipitation forecasts based on the five verification heavy
rain events are presented in Section 6. The conclusions and
discussions are drawn in Section 7.

2. Data and Case Study
In this study, quantitative precipitation estimations (QPEs)
based radar is used to evaluate the original and corrected
ARPS precipitation forecasts and derive the calibration
parameters of the ARPS model. Figure 1 gives the study
domain, in which six single polarization S-band radar positions are marked with triangles. Radar data were measured in
standard precipitation mode of 9 elevation scans with 6 min
by the Chinese Meteorological Administration (CMA) radar
network. Radar data are expressed in spherical coordinates
(elevation, azimuth, and gate), with radial resolution of 1 km
and azimuth resolution of 1∘ . The single radar data underwent
quality control to reduce ground clutter, electronic interference, and anomalous propagations by a fuzzy logic algorithm
[11]. The single radar data were merged using an exponential
weighting average scheme to yield the mosaic reflectivity
value in the overlapping coverage areas [12]. Rainfall rates
are calculated using the local radar reflectivity-rainfall rate
(𝑍-𝑅) relationship of 𝑍 = 386𝑅1.43 at an elevation of 3 km
above sea level with a spatial resolution of 0.01∘ . The rain
rates are integrated over time to calculate hourly precipitation
[13]. Due to asymmetric distribution of precipitation, the
raindrop spectrum changes with time, space, and different
types of precipitation. The fixed 𝑍-𝑅 relationship results in
the radar-based QPEs underestimation for light rain and
basic satisfaction for heavy rain. Because heavy rain often
occurs in summer in Jiangsu, in this study, the radar-based
hourly QPEs were used as observations for the verification
and correction of the ARPS forecasts.
Because Jiangsu is located in a transitional climate zone
between subtropics and warm temperate zone, continuous
heavy precipitation events often occur in June and July every
year called Meiyu. The flood disaster in Jianghuai River
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Figure 1: The study domain and locations (as triangles) of Doppler
radars.

caused by Meiyu is one of important meteorological disasters.
That is why the forecast of such events is beneficial. Therefore,
eight convective heavy rain events in the summer of 2014
and 2015 in Jiangsu are selected in this study. Figure 2
shows one representative image of each event. Three heavy
precipitation events occurred during the summer of 2014
as calibration data were used for deriving the ARPS model
correction parameters. The other five heavy precipitation
events were used to evaluate the original and corrected ARPS
precipitation forecasts. Among the five heavy rain events, the
disaster from 23rd of June 2015 heavy rain event was the most
serious, affecting 93.5 million people, with one death, and
economic losses of 2.1 billion RMB.

3. Advanced Regional Prediction System
The Advanced Regional Prediction System (ARPS) is developed at the Center for Analysis and Prediction of Storms
at the University of Oklahoma and suitable to explicitly
predict storm-scale convective systems as well as other scales
weather systems. The ARPS is a nonhydrostatic compressible
model and includes its own data ingest, quality control, and
objective analysis packages, a three-dimensional variational
(3D-Var) system, the forward prediction component, and
a self-contained postprocessing, diagnostic and verification
package [14–16]. The ARPS could predict 3D velocity vector
(𝑢, V, and 𝑤), pressure (𝑝), turbulence kinetic energy (TKE),
potential temperature (𝜃), water vapor mixing ratio (𝑞V ), and
the mixing ratios of cloud water, rainwater, ice, snow, and
hail (𝑞𝑐 , 𝑞𝑟 , 𝑞𝑖 , 𝑞𝑠 , and 𝑞ℎ , resp.). In the ARPS, subgridscale turbulent mixing is handled by three subgrid-scale
closure schemes: first-order Smagorinsky/Lilly scheme, the
1.5-order TKE-based scheme, and the Germano dynamic
closure scheme [17–20]. The combination of the 3D, 1.5-order
TKE-based turbulence scheme and an ensemble turbulence
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Figure 2: Precipitation images of 1 h QPE of six heavy rain events used in this study. Image at 0400 BJT on 1st of June 2014 for event 1 (a),
image at 2300 BJT on 16th of June 2014 for event 2 (b), image at 0100 BJT on 13th of August 2014 for event 3 (c), image at 0900 BJT on 16th of
June 2015 for event 4 (d), image at 1500 BJT on 24th of June 2015 for event 5 (e), image at 1200 BJT on 6th of July 2015 for event 6 (f), image
at 0900 BJT on 11th of April 2014 for event 7 (g), and image at 2100 BJT on 17th of April 2014 for event 8 (h).
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closure scheme of Sun and Chang [21] is used to treat
convective boundary layer turbulence.
For the precipitation processes, the Kessler two-category
liquid water scheme and the modified three-category ice
schemes are used in the ARPS [22]. A fourth-order monotonic flux-corrected transport scheme [23] is applied to
potential temperature, water variables, and TKE. Details on
these physics and computational options can be found in Xue
et al., [14–16].
To obtain the initial conditions, six S-band radar observations in Jiangsu, including Doppler velocity and reflectivity
factor, are assimilated with a 3D variational cloud analysis
system in the ARPS [24–27]. The ARPS has been operating in
Jiangsu Observatory and initialized every 3 hours since 2014.
The ARPS produces forecasts up to 24 h ahead, with high
spatial resolution of 3 km × 3 km and temporal interval of 1 h.
Considering the importance and difficulty of precipitation
nowcasting, the ARPS original and corrected forecast precipitation for the next 6 hours was evaluated and compared in
this paper.

4. Correction of ARPS Forecasts
Hoffman and Grassotti [28] decomposed forecast error into
displacement error, amplitude error, and residual error;
moreover, displacement error and amplitude error must be
large scale. The displacement error and amplitude error
could be reduced by analyzing and correcting the differences
between the forecast fields and observations [25, 29]. For the
ARPS, considering the amplitude error is more remarkable
than displacement error, an amplitude-correcting scheme
was applied to improve forecast accuracy of the ARPS in this
study.
Precipitation is unarguably the vital input data for various
hydrologic models. Obtaining accurate and reliable precipitation data is thus very important for local, regional, and global
hydrologic prediction and water resources management. In
this study, the ARPS overestimates precipitation in terms
of amplitude based on standard measures and a spatial
verification, which causes the difference between distribution
function of the ARPS forecasts and observations. The amplitude correction is performed by matching percentile values
of the ARPS precipitation forecasts 𝑦𝑘NWP and observations
𝑂𝑘 [30, 31]. All nonzero ARPS precipitation forecasts and
observations from calibration data set were sorted separately
in ascending order. The percentile values of ARPS forecasts
𝑌𝑖 and observations 𝑂𝑖 , 𝑖 = 1, . . . , 101, for percentiles
0.01, 1, 2, . . . , 99 and 99.9 of 𝑦𝑘NWP and 𝑂𝑘 were calculated and
saved in tables. The corrected precipitation forecast 𝑦𝑘Cor was
obtained using the following:
𝑦𝑘Cor = 𝑦𝑘NWP

if 𝑦𝑘NWP < 𝑌1

𝑦𝑘Cor = 𝑦𝑘NWP + 𝑂101 − 𝑌101
𝑦𝑘Cor = 𝑂𝑖 +

else if 𝑦𝑘NWP > 𝑌101

𝑂𝑖+1 − 𝑂𝑖 NWP
(𝑦
− 𝑌𝑖 )
𝑌𝑖+1 − 𝑌𝑖 𝑘
else if 𝑌𝑖 < 𝑦𝑘NWP < 𝑌𝑖+1 .

(1)

Taking into account that amplitude error is a function
with lead time, the correction parameters are derived for
each lead time. The corrected precipitation forecasts were
evaluated and compared with the original ARPS forecasts
over the five heavy rain events in the summers of 2014 and
2015.

5. Verification Methods of Forecasts
Because convective precipitation fields change quickly with
time and space, it is difficult to evaluate the convective
precipitation forecasts using uniform verification method
[32]. We applied standard methods and a spatial verification
method in this study. Among the standard methods, we
used Bias (𝐵𝑠 ), agreement index (𝑑), mean absolute error
(MAE), and root mean square error (RMSE) to quantitatively
evaluate precipitation forecasts based on grids. The bias
is an important measure for hydrologic applications. The
agreement index, instead of correlation coefficient, was used
to measure the agreement between forecasts and observations
because the correlation coefficient has the disadvantage of
not being sensitive to linear differences of observation and
prediction [31]. MAE and RMSE can quantitatively evaluate
forecast error. 𝐵𝑠 , 𝑑, MAE, and RMSE are computed from the
following formulas:
𝐵𝑠 =

∑𝑁
𝑖=1 𝐹𝑖

∑𝑁
𝑖=1 𝑂𝑖
2

𝑑=1−

∑𝑁
𝑖=1 (𝑂𝑖 − 𝐹𝑖 )
 
 2
𝑁 
∑𝑖=1 (𝑂𝑖 − 𝑂 + 𝐹𝑖 − 𝑂)

(2)

1 𝑁 

MAE =
∑ 𝑂 − 𝐹𝑖 
𝑁 𝑖=1  𝑖
RMSE = √

2

∑𝑁
𝑖=1 (𝑂𝑖 − 𝐹𝑖 )
,
𝑁

where 𝐹𝑖 and 𝑂𝑖 are the predicted and observed rainfall at the
𝑖th grid point, the number of observations and forecasts is
𝑁, and the bar indicates the mean value. A perfect forecast
means predicted rainfall field is the same as observation field
and would result in 𝐵𝑠 = 1, 𝑑 = 1, MAE = 0, and MAE =
0. Although being easily performed, the standard methods
have the problem known as the “double penalty” for those
precipitation fields with complex structures [31, 33].
To avoid the “double penalty,” spatial verification methods, which can identify the sources of forecasts error, have
been applied to evaluate high resolution NWP forecasts of
precipitation in the last decades. We used the StructureAmplitude-Location (SAL) score as the supplement for the
standard measures in this study. The SAL is an object-based
measure method, which considers three components of the
structure (S), amplitude (A), and location (L) of precipitation
field [33]. The amplitude component A measures the mean
precipitation difference over the considered domain between
forecasts and observations. The location component L combines information about the distance between the centers of
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Figure 3: Comparison of forecasted precipitation by the original (a) and corrected (b) ARPS initialized at 1500 BJT on 24 June 2015 from 1 h
to 6 h lead times with corresponding radar observations (c).

mass of the predicted and observed precipitation of the total
field and about the mean displacement of the precipitation
objects from the center of mass of the total precipitations field.
The structure component S compares the volume of predicted
and observed precipitation fields. Positive (negative) value of
S indicates widespread (sharp) predicted precipitation fields
compared to the observed ones. A perfect forecast would
result in S = 0, A = 0, and L = 0.

6. Results and Discussion
The ARPS model has been operated in Jiangsu Observatory
since 2014. In this study, three precipitation events during
the summer of 2014 were used to develop the ARPS model
correction parameters, and five precipitation events during
the summers of 2014 and 2015 were used to evaluate the
original and corrected precipitation forecasts. The evaluation
was performed up to 6 h lead times with a spatial resolution
of 3 km × 3 km and 1 h intervals.
Figure 3 shows an example of the ARPS original and
corrected hourly precipitation forecasts at lead times from 1
to 6 h with 1 h intervals at a base time of 1500 BJT (Beijing

Time) on June 24, 2015, and corresponding radar-based
QPEs. In general, the original ARPS precipitation forecasts
(Figure 3(a)) overestimate precipitation rate and precipitation
extension, while with perfect position of rain band. The
overestimation is the most significant at the lead time of
1 h and reduces with increasing lead time. The amplitude
correction scheme successfully reduced the amplitude error
of the original ARPS forecasts and produced the corrected
precipitation forecasts (i.e., Figure 3(b)) similar to observations.
The performance of the original ARPS precipitation
forecast and effectiveness of the amplitude correction scheme
were quantitatively evaluated with agreement index, bias,
MAE, and RMSE. Figure 4 shows the comparison of the
performances between the original and corrected ARPS
precipitation forecasts up to the lead time of 6 h with 1 h
interval initialized at 1500 BJT on 24 June, 2015. The original
ARPS forecast has lower agreement index and higher bias,
MAE and RMSE at the lead time of 1 h, which indicates
the ARPS may not produce optimal forecasts for very short
lead time. The forecast accuracy increases with lead time.
The amplitude correction scheme substantially improves the
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Figure 4: Quantitatively compare corrected ARPS precipitation forecasts with the original ARPS precipitation forecasts initialized at 1500
BJT on 24 June 2015.

ARPS precipitation forecasts for all the lead times in terms of
the considered performance indices of the standard methods.
Particularly, the improvement is significant at the lead time of
1 h.
Table 1 shows quantitative results of the original and
corrected ARPS forecasts for lead times of 1–6 h and a
comparison of their outputs by standard measures for each
event. In general, the correction scheme improves the forecast
performances based on standard measurements for all lead
times and each event, especially at 1 h lead time.
To obtain meaningful verification and comparison of the
results, average performance indices over five verification
heavy precipitation events in the summers of 2014 and 2015
are given in Figure 5. As far as the original ARPS forecasts are
concerned, the forecast performances except for agreement
index improve with increasing lead time. The agreement
index changes little over the forecast period. This is the
fact that NWP models may not produce optimal predictions
at the first short-term due to sensitive to the initial field,
spatial resolution, and assimilation data. And the forecast skill
improves as they dynamically resolve large-scale flow [10, 34–
36].
The amplitude correction scheme shows significant
improvement in the original ARPS forecasts in terms of the
considered performance indices. Especially at the 1 h ahead,

the agreement index is improved from 0.24 to 0.46, the bias
for the original ARPS forecast is 12.55, and that is reduced
to 2.89 by the amplitude correction scheme. RMSE for the
original and corrected ARPS forecasts are 3.67 and 1.35,
respectively. The performance of the corrected ARPS forecast
changes little over the lead times. It seems that the amplitude
correction scheme covered the shortage of NWP models not
producing optimal forecast for very short lead times.
Evaluation of the original and corrected ARPS forecasts
by SAL based on the three considered heavy rain events is
shown in Figure 6. Most the original ARPS forecasts are
characterized by positive A-component values for all the
considered lead times, indicating an overestimation of the
original ARPS precipitation forecast. Especially for the lead
time of 1 h, a cluster of dots are found in the top hand
corner of Figure 6(a), which indicates that the ARPS produced very widespread precipitation objects and significantly
overestimated precipitation rate. With the increasing lead
time, some forecasts can be seen in the second quadrant
of the diagram, which implies that the ARPS forecasted
overestimated precipitation, with very small and/or too peak
objects. Most of the original middle ARPS forecasts are
indicated by the red and purple dots at the 1 h lead time,
meaning a high-quality forecast in terms of the location
of predicted precipitation field. The location of predicted
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Table 1: Mean forecast performances based on standard measurements of the original and the corrected ARPS for lead times from 1 h to 6 h
for five heavy rain events.

1h
2h
3h
4h
5h
6h

Event 1
ARPS/Corrected-ARPS
0.28/0.44
0.28/0.36
0.27/0.35
0.26/0.34
0.29/0.37
0.29/0.36

Event 2
ARPS/Corrected-ARPS
0.29/0.43
0.28/0.37
0.27/0.34
0.24/0.32
0.25/0.29
0.22/0.26

1h
2h
3h
4h
5h
6h

Event 1
ARPS/Corrected-ARPS
12.15/2.89
6.76/3.23
6.67/3.48
6.19/3.43
5.24/3.26
4.47/2.77

Event 2
ARPS/Corrected-ARPS
10.26/2.89
5.88/2.88
4.39/2.32
4.05/2.42
3.76/2.37
3.40/2.07

1h
2h
3h
4h
5h
6h

Event 1
ARPS/Corrected-ARPS
2.26/0.62
1.27/0.70
1.21/0.71
1.20/0.73
1.08/0.73
0.99/0.67

Event 2
ARPS/Corrected-ARPS
2.52/0.76
1.53/0.84
1.42/0.84
1.32/0.91
1.39/0.97
1.36/0.94

1h
2h
3h
4h
5h
6h

Event 1
ARPS/Corrected-ARPS
4.29/1.53
3.12/1.78
3.14/1.80
3.06/1.85
2.79/1.85
2.54/1.63

Event 2
ARPS/Corrected-ARPS
4.83/2.00
3.84/2.22
3.80/2.25
3.56/2.44
3.69/2.53
3.63/2.40

𝑑
Event 3
ARPS/Corrected-ARPS
0.28/0.51
0.30/0.40
0.28/0.35
0.26/0.29
0.19/0.23
0.19/0.23
𝐵𝑠
Event 3
ARPS/Corrected-ARPS
12.63/2.79
6.75/2.77
4.93/2.33
4.94/2.51
5.14/2.78
4.22/2.26
MAE (mm)
Event 3
ARPS/Corrected-ARPS
2.07/0.57
0.96/0.57
0.84/0.58
1.09/0.63
0.88/0.67
0.84/0.63
RMSE (mm)
Event 3
ARPS/Corrected-ARPS
3.95/1.48
2.66/1.61
2.57/1.69
3.01/1.76
2.57/1.86
2.44/1.69

precipitation field is slightly getting poor with the increasing
lead time. As shown in Table 1, both the mean values of Scomponent and A-component move towards centerline with
lead time, whereas the mean value of L-component slightly
departs from centerline with lead time.
For the corrected ARPS forecast, at the 1 h lead time,
most forecasts are found in the first and second quadrant of
the diagram. In the first quadrant, both A-component and Scomponent of SAL are overestimated. In the second quadrant,
forecasts overestimate A-component, whereas underestimate
S-component. Compared to the original ARPS forecast,
the overestimation of precipitation account is significantly
improved. As the increasing lead time, the high density of
dots move towards the centerline of the diagram, indicating
the overestimation is gradually improving.

Event 4
ARPS/Corrected-ARPS
0.27/0.53
0.36/0.47
0.37/0.43
0.34/0.38
0.32/0.36
0.28/0.31

Event 5
ARPS/Corrected-ARPS
0.10/0.37
0.17/0.27
0.19/0.25
0.18/0.23
0.17/0.21
0.20/0.23

Event 4
ARPS/Corrected-ARPS
14.91/2.74
6.14/2.61
3.83/1.97
3.36/1.92
3.12/2.02
2.90/1.88

Event 5
ARPS/Corrected-ARPS
12.81/3.15
6.71/3.11
4.50/2.32
3.66/2.06
2.80/1.78
2.08/1.31

Event 4
ARPS/Corrected-ARPS
1.41/0.27
0.64/0.30
0.48/0.28
0.45/0.29
0.43/0.30
0.42/0.31

Event 5
ARPS/Corrected-ARPS
1.22/0.31
0.65/0.32
0.45/0.26
0.39/0.24
0.37/0.25
0.34/0.23

Event 4
ARPS/Corrected-ARPS
2.76/0.70
1.47/0.76
1.24/0.76
1.18/0.79
1.10/0.79
1.12/0.84

Event 5
ARPS/Corrected-ARPS
2.97/1.05
1.99/1.10
1.55/0.92
1.39/0.90
1.28/0.93
1.15/0.82

In general, as shown in Table 2, the mean A-components
and S-components of the corrected ARPS forecast move
towards the centers of the diagram, and the mean Lcomponents are almost unchanged (compared to the original
ARPS). The amplitude correction scheme improves the original ARPS precipitation forecast on both the amplitude and
structure of precipitation.

7. Summary and Conclusions
This paper quantitatively evaluated the original ARPS precipitation forecasts and addressed and corrected the forecast
error in Jiangsu. The forecast performances were evaluated
and compared as a function of lead times of 1 h to 6 h using
standard measures and a spatial verification method.
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Table 2: Mean values of S-component, A-component, and L-component of the original and corrected ARPS over three heavy rain events.
Lead times
1h
2h
3h
4h
5h
6h

S (ARPS)
1.36
0.70
0.59
0.64
0.47
0.24

S (Corrected-ARPS)
0.08
0.16
0.24
0.25
0.23
0.14

A (ARPS)
1.58
1.26
1.05
0.97
0.81
0.66

A (Corrected-ARPS)
0.73
0.71
0.53
0.50
0.43
0.26

L (ARPS)
0.22
0.24
0.28
0.30
0.30
0.33

L (Corrected-ARPS)
0.20
0.25
0.28
0.30
0.31
0.34
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Figure 5: Average forecast performance indices over the considered three heavy precipitation events for lead times from 1 h to 6 h.

Even with atmospheric dynamic constraints and data
assimilation techniques, the ARPS may not produce optimal forecasts for very short lead times due to its sensitivity to the initial field. In general, the ARPS model
yields overestimated and widespread precipitation at a lead
time of 1 h, which was confirmed by the significantly large
bias and that most forecasts were concentrated in the top
hand corner of Figure 6(a). The forecasting skill gradually improves with lead time; however the ARPS model
overestimates precipitation at all of the considered lead
times.

The amplitude correction scheme based on distribution
function matching methods successfully improved the original ARPS precipitation forecasts, which can be confirmed by
the considered performances indices of standard measures
and both mean A-component and S-component of SAL.
Especially at the lead time of 1 h, the amplitude correction
scheme significantly reduces the forecast errors. It seems that
the amplitude correction scheme effectively overcomes the
problem of the ARPS sensitive to the initial field, resulting in
the forecast skill of the corrected ARPS changing little with
increasing lead time.
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The applicability and portability of the correction methods depend on the NWP forecasts and local precipitation
types. The correction methods should be recalibrated if the
methods are used for other area.
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