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In the past three decades, many precipitation products with
high spatial-temporal resolutions have been developed.
Global and regional quantitative precipitation estimations
(QPEs) are very important for understanding climate var-
iability and hydrometeorological cycles, improving flash
flood and weather forecast, effectively managing the usage of
earth’s freshwater resources, detecting the natural disasters,
and other hydrometeorological applications. However, obtain-
ing accurate QPEs is a big challenge in many areas of the world
due to sparse gauge networks and complicated terrains. Recent
advances in remote sensing have allowed us to retrieve QPE
information, representing one unprecedented contribution to-
ward the global and regional mapping of precipitation.

Current global QPEs are often derived by combining the
observations from both geostationary satellite (GEO) thermal
infrared (IR) sensors and low-earth orbiting (LEO) satellite
microwave imagers/sounders. Especially, the Tropical Rainfall
Measuring Mission (TRMM) from late 1997 to early 2015,
a joint mission between NASA and the Japan Aerospace EX-
ploration Agency (JAXA), significantly improved the global
QPEs. As the follow-on to TRMM, the Global Precipitation
Measurement (GPM) Core Observatory satellite with a dual
frequency precipitation radar (DPR) and a multichannel GPM
microwave imager (GMI) was launched in February 2014,
which provides great opportunity to further improve the global
QPE development.

#e GPM satellite constellation supports the next gen-
eration of unified global precipitation products with a better
accuracy and a shorter data latency essential for researches

and applications. #e challenges faced in improving pre-
cipitation products are not only in developing better retrieval
algorithms but also in improved approaches to integrate
observations from the different sensors and then to assimilate
them into various applications.

Furthermore, ground observations such as those from
radar networks and gauge networks and disdrometer ob-
servations are available, providing potentially more accurate
precipitation measurements on the ground than satellites.
However, these observations are not available over oceans
(except overseas adjacent to land). #us, this special issue
focused on improving precipitation products not only by
developing newer retrieval algorithms but also through new
approaches to integrate observations from the different
sensors for assimilation into various applications.

Precipitation with high resolution and accuracy is of
great significance for hydrological, meteorological, and eco-
logical studies. Since satellite-based precipitation measure-
ment is often too coarse for practical applications, it is crucial
to develop spatial downscaling algorithms. Zhan et al. (2018)
investigated two downscaling algorithms based on the mul-
tiple linear regression (MLR) and the geographically weighted
regression (GWR), respectively. Both algorithms were applied
to downscale annual and monthly precipitation obtained from
the Global Precipitation Measurement (GPM) Mission in
Hengduan Mountains, Southwestern China, from 10 km×

10 km to 1 km× 1 km. #ese results indicated that GWR is
a promising method in satellite precipitation downscaling
researches and needed to be further studied. Sahlu et al. (2017)
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evaluated the performance of six satellite-based and three
newly released reanalysis rainfall estimates at the daily time-
scale and the spatial grid size of 0.25 degrees during the period
of 2000 to 2013 over the Upper Blue Nile Basin, Ethiopia, with
the purpose of improving the reliability of precipitation esti-
mates of the wet (June to September) and secondary rainy
(March to May) seasons. #ey evaluated both adjusted and
unadjusted satellite-based products of TMPA, CMORPH,
PERSIANN, and ECMWF ERA-Interim reanalysis as well as
Multi-Source Weighted-Ensemble Precipitation (MSWEP) es-
timates. Among the six satellite-based rainfall products, adjusted
CMORPH exhibits the best accuracy of the wet season rainfall
estimate. Overall, all precipitation datasets need further im-
provement in terms of detection during the occurrence of high
rainfall intensity.

When the radar beam goes through the rain drops, the
radar reflectivity usually suffers attenuation effects. Zhang
et al. (2017) proposed a new method for attenuation cor-
rection of the radar reflectivity using the arbitrary oriented
microwave link (referred henceforth to as ACML). Referring
to the measurement of the arbitrary oriented microwave
link, the ACML method optimizes the ratio of specific at-
tenuation to specific differential phase which is a key pa-
rameter in attenuation correction schemes. #e proposed
method was evaluated using real data of a dual-polarization
X-band radar and measurements of two microwave links
during two rainstorm events. #e results showed that the
variation range of the optimized ratio was overall consistent
with the results of the previous studies. After attenuation
correction with the optimal ratios, the radar reflectivity was
significantly compensated, especially at the long distances.
#e corrected reflectivity was more intense than the
reflectivity corrected by the “self-consistent” (SC) method
and closer to the reflectivity of a nearby S-band radar. #e
effectiveness of the method was also verified by comparing
the rain rates estimated by the X-band radar with those
derived by rain gauges. It is demonstrated that the arbitrary
oriented microwave link can be adopted to optimize the
attenuation correction of radar reflectivity.

In order to improve the measurement of the pre-
cipitation microphysical characteristics sensor (PMCS), Liu
et al. (2018) simulated the sampling process of raindrops by
PMCS based on a particle-by-particleMonte Carlomodel and
discussed the effect of different bin sizes on DSD measure-
ment. He also proposed the optimum sampling bin sizes for
PMCS based on the simulation results. #e simulation results
of five sampling schemes of bin sizes in four rain-rate cate-
gories show that the raw capture DSD has a significant
fluctuation variation influenced by the capture probability,
whereas the appropriate sampling bin size and width can
reduce the impact of variation of raindrop number on the
DSD shape.#eDSD obtained by PMCS and OTT has a good
agreement.

Ice nuclei are a very important factor as they significantly
affect the development and evolvement of convective clouds
such as the hail clouds. Liu et al. (2017) conducted numerical
simulations of hail processes in Zhejiang Province, China,
using a mesoscale numerical model (WRF v3.4). #e
effects of six ice nuclei parameterization schemes on the

macroscopic and microscopic structures of hail clouds were
compared. #e effect of the ice nuclei concentration on
ground hailfall is stronger than on ground rainfall. #ere
were significant spatiotemporal, intensity, and distribution
differences in hailfall. Liu et al. (2018) run a numerical sim-
ulation of a southwest vortex rainstorm process. #e results
show that the low-pressure system originating from the Tibetan
Plateau affects the southwest vortex mainly at the middle level,
causing the strength increase of the southwest vortex (SWV),
and acts as a connection between the positive vorticity centers
at the upper and lower layers. As the ice crystals grow up, snow
and graupel particles form, which substantially enhances the
precipitation. #is effect leads to the rapid development of
SWV rainstorm clouds and the occurrence of precipitation. In
addition to the effect of the plateau vortex, the subsequent
merging of the convective clouds is another important factor
for heavy rainfall because it also leads to development of
convective clouds, causing heavy rainfall.

Yang et al. (2017) investigated the terrestrial water
storage anomalies (TWSAs) in the Tarim River Basin (TRB)
and analyzed the related factors of water variations in the
mountain areas based on Gravity Recovery and Climate
Experiment (GRACE) data with in situ river discharge and
gauge observations during the period of 2002–2015. #e
results showed that three obvious flood events in 2005, 2006,
and 2010 resulted in significant water surplus, although
TWSA decreased in the TRB during 2002–2015. #e sig-
nificant water deficits were not well consistent with the
negative anomalies of precipitation. While the river dis-
charge behaved with low correlations with TWSA, linear
relationships between TWSA and climate indices were in-
significant in the TRB from 2002 to 2015.

Youcun Qi
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A number of studies revealed the possible eastward movement of the Tibetan Plateau low-pressure system in summer and
indicated the enhancement effect of this process on the southwest vortex in the Sichuan Basin, which can induce strong convective
precipitation and flood events in China. In this study, a numerical simulation of a southwest vortex rainstorm process was
performed.-e results show that the low-pressure system originated from the Tibetan Plateau affects the southwest vortex mainly
at the middle level, causing the strength increase of southwest vortex (SWV), and acts as a connection between the positive
vorticity centers at the upper and lower layers. For the microscopic cloud structure, the vertical updraft of the cloud cluster
embedded in the SWV increases as the low-pressure system from the plateau arrives at the Sichuan Basin. Vapor and liquid cloud
water at the lower level are transported upward, based on which the ice cloud at the upper level and the warm cloud at the lower
level are joined to create favorable conditions for the growth of ice crystals. As the ice crystals grow up, snow and graupel particles
form, which substantially elevates the precipitation. -is effect leads to the rapid development of SWV rainstorm clouds and the
occurrence of precipitation. In addition to the effect of the plateau vortex, the subsequent merging of the convective clouds is
another important factor for heavy rainfall because it also leads to development of convective clouds, causing heavy rainfall.

1. Introduction

-e southwest vortex (SWV) is one of the major weather
systems that affect precipitation in China; early studies date
back to the 1940s. -e SWV can be triggered or intensified by
the low-pressure system moving out of the plateau, with
suitable weather conditions in the Sichuan Basin [1]. It is
found that the eastward-moving plateau vortex and the SWV
coupling vertically promote the development of the SWV [2].
-is vertical interconnection forces the intensification of the
updraft velocity in cloud, leading to the growth of SWV [3].
When combined with favorable atmospheric vapor condi-
tions, the SWV easily triggers a series of mesoscale convective
activities, affecting the large-area rainfall process of eastern
China, causing floods and severe economic losses [1, 4–21].

-e influence of the eastwardmovement of the low-pressure
plateau system on the convective clouds embedded in the SWV
and the accompanied release of latent heat associated with cloud
physics is important for the development and eastward shift of
the SWV [22–25], which is particularly true for the development
of positive vorticity in low-mid layers during the occurrence of
heavy precipitation [26–28]. Although topographical dynamics
only form a shallow SWV, cloud physics and the accompanied
latent heat release induce adequate development of the SWV
[4, 29].

Based on existing research results, the eastwardmovement
of the low-pressure plateau systemmight couple with the SWV
and lead to the occurrence of heavy rainfall. During this
process, microphysical processes influence the development
and evolution of the dynamic and thermodynamic structures
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of the convective system and micro- to mesoscale weather
systems. -erefore, the study of the interaction between the
eastward-moving low-pressure plateau system and the SWV
especially the macro- and microevolution of convective clouds
during this process is of great significance to understand the
physical mechanism behind heavy rainfall due to the SWV.

2. Case and Model Description

From June 27 to 28, 2015, part areas in the northeastern
Sichuan Province suffered large-scale heavy rainfall with
thunder and lightning, with a short-term strong gust in some
areas. Certain towns and counties received precipitationmore
than 100mm, reaching a maximum of 247mm. -is intense
rainfall severely impacted northeastern Sichuan; numerous
towns and counties were flooded, many roads were destroyed,
and nearly 20000 people were evacuated. Landslides and other
disasters due to the heavy rain also threatened the safety of
residents, causing huge economic losses.

In this study, the WRFV3.4 model was used to perform
numerical simulations. -e start and end times of the case
simulation were 06:00 UTC on June 27 to 06:00 UTC on
June 28, 2015. A double-layer, two-way-nested scheme
centered at 33.4°N and 99.7°E was adopted (Figure 1). -e

first layer (D01) included 450× 390 lateral grid points with
9 km spacing, and the second layer (D02) contained
646× 550 points with 3 km spacing. -e topographical in-
formation used was the 2m, 30 s global data from the United
States Geological Survey (USGS). Boundary conditions were
imposed on the fine mesh by the coarse mesh. -e following
parameterizations were used: RRTM (rapid radiative
transfer model) longwave radiation [30], Dudhia shortwave
radiation [31], the revised MM5 (Mesoscale Model 5)
Monin–Obukhov surface layer scheme [32], the Noah land
surface model [33], and the YSU (Yonsei University scheme)
planetary boundary layer [34], and the Grell–Devenyi en-
semble cumulus scheme [35] was employed only for D01.
-e Milbrandt–Yau double-moment 7-class scheme [36, 37]
was chosen for microphysics parameterization.

Figure 2 shows the 24-hour cumulative precipitation from
06:00 UTC on June 27 to 06:00 UTC on June 28, 2015, with
Figure 2(a) being the observation record and Figure 2(b)
being the simulation result. -e comparison shows that the
simulated precipitation area largely coincides with the ob-
servation, particularly in regions of heavy rainfall. -e sim-
ulated rainfall amount and the location of the maximum
precipitation correspond with the observation: the observed
precipitation center is at 32.01°N and 105.46°E, whereas the

45°N

40°N

35°N

30°N

25°N

20°N

90°E 100°E 110°E

Qinghai-Tibet Plateau

Qinghai

Sichuan

Figure 1: Case simulation domains; the outer frame is the D01 area and the inner frame is the D02 area.
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Figure 2: Twenty-four-hour accumulative precipitation from 06:00 UTC on June 27 to 06:00 UTC on June 28, 2015: (a) observation data; (b)
simulation result (unit: mm).
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Figure 4: Simulated cloud top temperatures on June 27, 2015 (unit: °C): (a) 07:00 UTC; (b) 08:00 UTC; (c) 09:00 UTC; (d) 10:00 UTC;
(e) 11:00 UTC; (f) 12:00 UTC; (g) 13:00 UTC; (h) 14:00 UTC; (i) 15:00 UTC; (j) 16:00 UTC; (k) 17:00 UTC; (l) 18:00 UTC.
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simulated center is at 32.15°N and 105.31°E. Basically, the
simulated rainfall at ground agrees well with the reality in the
northeastern Sichuan Basin.

Based on the cloud top temperatures evolvement (Fig-
ure 3), several convective cloud clusters are present from 07:
00 to 12:00 UTC on June 27, from western Qinghai to the
Qinghai/Sichuan border. As the convective clouds in
western Qinghai continue to move eastward, the clouds at
the Qinghai/Sichuan border continue to grow and shift
south. At 12:00 UTC, the latter begins to strengthen as the
convective clouds in western Sichuan move south to 32°N,
that is, arrive at the latitude of the convective clouds of
eastern Sichuan. By 14:00 UTC, the convective clouds in
western Sichuan move eastward and weaken, while those in
the east keep growing. By 17:00 UTC, the convective clouds
in western Sichuan disappear and the ones in the east grow
significantly, developing into a deep convective system,
along with the SWV.-is development and strengthening of
convective clouds in the SWV is accompanied by the
eastward movement of the convective plateau system.

3. Numerical Simulation Results

3.1. Simulated Characteristics of the Eastward Movement of
Convective Plateau Clouds. Figure 4 shows the simulated

cloud top temperatures from June 27 to 28, 2015. Compared
with the satellite-observed cloud top temperature, it can be
seen that the simulation reproduces the distribution and
evolvement characteristics of the convective clouds in
western Qinghai, the southward movement of the clouds in
eastern Qinghai, and the strengthening of convective clouds
in eastern Sichuan.

3.2. Simulation of the Eastward Movement of the Plateau
Vortex. -ere is a large area of positive vorticity spanning
the downhill eastern plateau and northern Sichuan Basin at
07:00 UTC in the vicinity of 103°E (Figure 5). During this
period, a strong positive vorticity forms in western Qinghai,
which keeps moving east. At 10:00 UTC, this positive
vorticity shifts east to ∼103°E and meets the local positive
vorticity. -e latter strengthens and moves to ∼104°E.
Subsequently, the vorticity center of the Sichuan Basin
continues to move eastward accompanied by the eastward
movement of the plateau vortex and significant strength
enhancement of the positive vorticity in downstream. At 14:
00 UTC, an intense positive vorticity center forms at ∼106°E,
which strengthens with time and grows in range. By 16:00
UTC, the positive vorticity region of the northern Sichuan
Basin further extends east, reaching a stronger vorticity
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center. -ereafter, the plateau vortex still moves east;
however, the enhancement of the SWV gradually decreases.

-e vertical distribution of vorticity (Figure 6) shows
positive vorticity regions in both upper and lower levels
above the Sichuan Basin in the early stage, with the upper
ones at 10–14 km and the lower ones below 6 km. At 11:00
UTC, there are several positive vorticity centers over the
plateau located about 8∼10 km, and the positive vorticity
center has an eastward-moving tendency. During its east-
ward shift along the eastern slope of the plateau, the vertical
range of the vorticity increases as the altitude decreases;
however, there is still no positive center around 8∼10 km
over the Sichuan area. During 13:00–13:30, under the in-
fluence of the eastward plateau vortex, a positive vortex
center appeared at 8∼10 km over the Sichuan Basin and
intensified with time. By 14:00 UTC, the plateau vortex
connects the upper and lower positive vorticity centers of the
Sichuan Basin. -e updraft velocity in the convective clouds
increases rapidly, and the vertical extent of the clouds sig-
nificantly thickens. At 14:30 UTC, the updraft velocity
further intensified with the thickness of the positive vorticity
area and convective clouds vertically extend. During this

period, the positive vorticity above the plateau still moves
eastward and meets downstream convective clouds at 15:30
UTC, with the vertical thickness of this originally shallow
vorticity center located at ∼106°E increasing and the updraft
inside strengthening. After 15:30 UTC, the eastward shift of
the vortex above the plateau gradually diminishes.

From the vertical distribution of relative humidity
(Figure 7), it can be found that, in the early stage, the layers
below 6 km are rather humid. A wet layer with 80–90%
relative humidity exists at 8–12 km above the plateau, which
is related to the positive vorticity over the plateau at this
height. At this time, there is a center of 60–70% humidity
located at 12–16 km above the Sichuan Basin, which cor-
responds to the positive vorticity center around this level.
From 11:00 to 14:00 UTC, the relative humidity above the
plateau shows an observable shift to eastern Sichuan.
Influenced by the eastward movement of the plateau vortex,
the upper wet layer of western Sichuan gradually deepens,
that is, the upper and lower cloud clusters connect and the
convection strengthens. At the same time, the high relative
humidity at the middle level tends to expand east. A new
center of high relative humidity occurs at the east of 106°E
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after 15:00 UTC, reaching a height of 12 km. New convective
cells also form around this location and develop with time.

Previous analyses showed that the upper and lower
positive vorticity centers over eastern Sichuan are not
connected between 11:00 and 13:00 UTC. During this pe-
riod, the updraft is very weak and cloud liquid water is
present only below the 0°C isotherm (∼6 km), with small
amounts of ice at high altitude (Figure 8). -e maximum
cloud liquid and ice water contents at 13:00 UTC are 1.6 and
0.6 g/kg, respectively. During 13:00–13:30, accompanied by
the intensification of vorticity and the increase of relative
humidity around 105.5°E, the cloud at this area develops to
deeper extent, with the liquid cloud water apparently be
transported upward. At 14:00 UTC, the positive vorticity
regions in the upper and lower levels, with the increase of
vertical thickness of the clouds and the intensification of
updraft, transport a large amount of cloud liquid water up,
reaching 12 km. -is massive upward movement of
supercooled cloud liquid water increases the amount of
cloud ice. By now, the maximum mixing ratio of liquid and
ice water reach 2.0 and 1.5 g/kg, respectively. As the
supercooled cloud liquid water transforms into ice at higher
altitude, the formation of ice-phase particles enhances. At
15:00 UTC, the center of supercooled cloud liquid water is
elevated to ∼8 km and the maximum water content reaches
2.1 g/kg. -e maximum ice water content also increases to
1.5 g/kg. At this time, the continued eastward motion of the
positive vorticity at 8 km strengthens the convective clouds

downstream. From 15:00 to 15:30 UTC, the liquid and ice
water contents of the former convective clouds significantly
decrease, while those of the latter increase. After 15:30, the
influence of the upstream positive vortex decreases, and the
mixing ratio of cloud droplets and ice crystals decreases
gradually.

Figure 9 shows the vertical distribution of the rain and
snow water content along 32.1°N. -ere is little rain and
snow in the clouds above the eastern plateau and the Sichuan
Basin during the early period. By 13:30 UTC, with the at-
tendance of the plateau vortex, the updraft in the clouds and
the rain and snow water contents increase. -e intensity of
the upward velocity continues to increase thereafter. At 14:
00 UTC, the snow distribution drops toward the 0°C iso-
therm and the center altitude of the snow water content also
decreases. At 15:30 UTC, the snow water content of the
convective clouds increases with the continued eastward
shift of the plateau vortex around 8∼10 km and its center
altitude moves up.

Graupel particles appear later with respect to other
ice-phase particles (13:30 UTC; Figure 10). At 14:00 UTC,
the graupel water content increases with the intensity of
the updraft and reaches 5 g/kg at 15:00 UTC. By 15:30 UTC,
the graupel evolves upward to 16 km with the center moving
up to ∼10 km. Graupel particles also start to appear in the
rear convective clouds at this time, and the mixing ratio
reaches 5 g/kg. After 15:30 UTC, the graupel water content
of the convective cloud cluster decreases, and there is
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a significant increase around 21:00, which is the develop-
ment of the local cloud system.

3.3. Analysis of Convective CloudMerging. After the effect of
the plateau vortex on the rainstorm clouds of the Sichuan
Basin weakens, the convective cloud cluster continues to
evolve. At 21:00 UTC on June 27, the convective cloud cluster
A strengthens over the precipitation center (Figure 11), which
enhances the ground precipitation below. -is cloud cluster

shifts east. A new convective cell B (31.9°N, 105.7°E) emerges
to the lower right of A, grows, and moves north. At 21:30
UTC, cluster A begins to merge with B; A weakens and B
strengthens. -e rainfall above the precipitation center de-
creases as B moves east. By 22:00 UTC, cloud A generally
develop into the dissipate stage and B continues to grow. At
22:30 UTC, the two clusters fully merge; thereafter, the new
cluster keeps moving east and merges with the other new
clusters, bringing heavy rain to the eastern region. -is

104.0°E 106.0°E 104.0°E 106.0°E 104.0°E 106.0°E

H
ei

gh
t (

km
)

H
ei

gh
t (

km
)

0.0

4.0

8.0

12.0

16.0

20.0

0.0

4.0

8.0

12.0

16.0

20.0
(a) (b) (c)

H
ei

gh
t (

km
)

H
ei

gh
t (

km
)

0.0

4.0

8.0

12.0

16.0

20.0

0.0

4.0

8.0

12.0

16.0

20.0
(d) (e) (f)

104.0°E 106.0°E 104.0°E 106.0°E 104.0°E 106.0°E

H
ei

gh
t (

km
)

H
ei

gh
t (

km
)

0.0

4.0

8.0

12.0

16.0

20.0

0.0

4.0

8.0

12.0

16.0

20.0

–4 –2 0 2 4 6 8 10
z-wind component (m·s–1)

(g) (h) (i)

Figure 10: Longitude-height cross section of graupel mixing ratio at 32.1°N; the mixing ratio of graupel is represented by solid lines (start
value: 0.5 g/kg; interval: 1 g/kg); the updraft velocity is represented by shaded color; the thick dotted line is the 0°C isotherm on June 27:
(a) 13:30; (b) 14:00; (c) 15:00; (d) 15:30; (e) 16:00; (f) 18:00; (g) 19:00; (h) 20:00; (i) 21:00.

34°N

33°N

32°N

31°N

34°N

33°N

32°N

31°N
104°E 106°E 104°E 106°E 104°E 106°E 104°E 106°E

5 10 15 20 25 30 35 40 45 50 55 60 65 70 75
Max. reflectivity (dBZ)

(a) (b) (c) (d)

Figure 11: Maximum radar reflectivity for merging of precipitation clouds A and B on June 27: (a, e) 21:00 UTC; (b, f) 21:30 UTC; (c, g)
22:00 UTC; (d, h) 22:30 UTC (unit: dBz).

8 Advances in Meteorology



intense rainfall over northeastern Sichuan therefore occurs in
two stages: the evolution of precipitation clouds accompanied
by the eastward migration of plateau convective clouds and
the growth of a cloud cluster due to merging of convective
clouds over the rainfall region.

4. Conclusions and Discussion

(1) To the area and case we studied, the vortex system of
the Qinghai-Tibet Plateau shows eastward movement,
which is most prominent for the vortex at the middle
level above the plateau. When the plateau vortex
moves east to the Sichuan Basin, the vertical thickness
of the SWV increases and the positive vorticity centers
at the lower and upper levels connect. At the same
time, the cloud thickness and strength increase. It is
shown that the intensification and deep development
of the cloud cluster in the Sichuan Basin are signifi-
cantly accompanied by the eastward movement of the
low-pressure system originated from the Tibet Plateau.

(2) -e eastward movement of the plateau vortex and
SWV is accompanied by the variations in the macro-
and microphysical structures of the clouds. As the
upper- and lower-level clouds merge, the supercooled
cloud water breaks through the originally dry air layer
and moves upward, which activates the growth of ice-
phase crystals in the clouds including the trans-
formation of ice crystals to snow and that of snow to
graupel, providing the condition to the occurrence of
precipitation and the further development of the
convective cloud system in the Sichuan Basin.

(3) -e positive vorticity center at the middle level ex-
tends downstream and affects the development of
nascent convective cells in the cloud cluster. -e
updraft in these new cells increases, which speeds up
the formation and growth of precipitation particles
in the clouds. When the influence of the plateau
vortex wears off, the convective clouds locally
maintain their growth for a considerable period of
time and merge with new convective clouds, en-
hancing the updraft velocity and cloud evolution.
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As a fundamental component in material and energy circulation, precipitation with high resolution and accuracy is of great
significance for hydrological, meteorological, and ecological studies. Since satellite measured precipitation is often too coarse for
practical applications, it is essential to develop spatial downscaling algorithms. In this study, we investigated two downscaling
algorithms based on the Multiple Linear Regression (MLR) and the Geographically Weighted Regression (GWR), respectively.
They were employed to downscale annual and monthly precipitation obtained from the Global Precipitation Measurement (GPM)
Mission in HengduanMountains, Southwestern China, from 10 km × 10 km to 1 km × 1 km. Ground observations were then used to
validate the accuracy of downscaled precipitation. The results showed that (1) GWR performed much better than MLR to regress
precipitation on Normalized Difference Vegetation Index (NDVI) and Digital Elevation Model (DEM); (2) coefficients of GWR
models showed strong spatial nonstationarity, but the spatial mean standardized coefficients were very similar to standardized
coefficients of MLR in terms of intra-annual patterns: generally NDVI was positively related to precipitation when monthly
precipitation was under 166mm; DEM was negatively related to precipitation, especially in wet months like July and August;
contribution of DEM to precipitation was greater than that of NDVI; (3) residuals’ correction was indispensable for the MLR-
based algorithm but should be removed from the GWR-based algorithm; (4) the GWR-based algorithm rather than theMLR-based
algorithm produced more accurate precipitation than original GPM precipitation.These results indicated that GWR is a promising
method in satellite precipitation downscaling researches and needed to be further studied.

1. Introduction

As a fundamental component in material and energy circu-
lation, precipitation is of great significance for hydrological,
meteorological, and ecological studies (e.g., [1–3]). Tradition-
ally, spatial distribution of precipitation is obtained through
rain gauge data interpolation [4]. However, interpolation
methods are greatly limited over mountainous regions due
to the sparse rain gauge network [5, 6]. Satellite precipitation
datasets based on remote sensing technology have devel-
oped rapidly since the 1980s, such as the Global Precipita-
tion Climatology Project (GPCP, [7]), the Tropical rainfall
Measuring Mission (TRMM, [8, 9]), the Global Satellite
Mapping of Precipitation (GSMaP, [10]), and the Global

Precipitation Measurement (GPM) mission [11–13]. Gridded
satellite precipitation datasets provide reliable estimations of
precipitation reflecting more spatial distribution than rain
gauge data. However, for regional scale applications, they are
often too coarse to be used in hydrological, meteorological,
or ecological studies [14, 15]. Taking TRMMas an example, its
spatial resolution is only 0.25∘× 0.25∘.Therefore, it is essential
to develop downscaling algorithms for satellite datasets to
improve their resolutions as well as accuracy.

Relationships between precipitation and other environ-
mental factors such as vegetation and topography have been
widely investigated in the literature [16–21]. Meanwhile,
available resolutions of gridded data of these factors are
often higher than those of satellite precipitation products.
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For instance, the SPOT Normalized Difference Vegetation
Index (NDVI) is available at 1 km × 1 km resolution. There-
fore, it is a feasible approach to downscale precipitation
through establishing statistical models of precipitation and
these factors, and this is termed as statistical downscaling
algorithms. Their fundamental statistical theories could be
classified into regression analysis [14, 15, 22–24] andmachine
learning methods such as Artificial Neural Network [25, 26]
and random forests [27–29].

In this article, regression-based downscaling algorithms
were mainly concerned and investigated. Immerzeel et al.
[23] established exponential regression (ER) models between
annual TRMM precipitation and NDVI at different spatial
resolution from 0.25∘ to 1.50∘, among which who with the
optimal coefficient of determination (𝑅2) was eventually
selected to downscale the TRMM precipitation from 0.25∘
to 1 km. Jia et al. [14] introduced both NDVI and Digital
Elevation Model (DEM) as the explanatory variables in
a Multiple Linear Regression (MLR) model. Independent
station validation in the two studies and later studies [15,
22, 24, 30] showed that the downscaled precipitation based
on ER or MLR after residual correction was comparable
with the original TRMM product but at much improved
resolution.

Nevertheless, there are several limitations of the above
downscaling algorithms. Firstly, downscaled precipitation
would inevitably inherent errors in the original satellite pre-
cipitation [14, 23]. This indicates that it is not likely to obtain
accurate downscaled precipitation from inaccurate satellite
datasets. Therefore, the next generation GPM product with
higher quality and resolution (0.1∘ × 0.1∘) was used as the
original satellite precipitation to partly overcome this prob-
lem. As far as our information goes, most previous studies
were based on TRMM, and downscaling algorithms based on
GPM product were short of research. Secondly, performance
of downscaling these algorithms relies on goodness-of-fit of
regression models. The above two algorithms are both glob-
ally regression models which assume that the relationships
among precipitation, NDVI, and DEM are spatially station-
ary. Against their assumption, however, precipitation-NDVI
and precipitation-DEM relationships were both reported to
be spatially nonstationary [17, 18, 21]. Brunsdont et al. [31]
put forward a local regression model called Geographically
Weighted Regression (GWR) to handle the problem of spatial
nonstationary. GWR-based satellite precipitation downscal-
ing algorithm was found to perform better than the two
global-regression-based algorithms over various regions on
TRMM product, at both annual scale and monthly scale
[15, 30, 32].

This study aims to investigate the effectiveness of the
MLR-based and GWR-based downscaling algorithms on
GPM annual and monthly precipitation. To this end, NDVI
and DEM were employed as the explanatory variables in
the MLR-based and GWR-based downscaling algorithms
to downscale GPM monthly and annual precipitation from
10 km × 10 km to 1 km × 1 km over Hengduan Mountains,
Southwestern China.Their performances were validatedwith
observed precipitation from 71 rain gauge stations.

2. Study Area and Datasets

2.1. Hengduan Mountains. Hengduan Mountains (24∘40–
34∘00N; 96∘20–104∘30E) locates in the southwestern of
China and the southeastern of Tibetan Plateau, with an
area of ∼500,000 km2. The study region possesses a complex
topography with plenty of high mountains and deep-cutting
gorges which run north to south. The climate of Hengduan
Mountains is mainly controlled by southwest Asian mon-
soon, the southeast Asianmonsoon, and the winter monsoon
as well as local circulation of Tibetan Plateau. Meanwhile,
due to its wide range of altitude from 300m to over 7000m,
the climate also varies vertically. Mean annual precipitation
of Hengduan Mountains is about 800mm and more than
75% comes from the summer monsoon (May to October).
To weaken the influence of edge effect of the downscaling
algorithms, a 100 kilometers wide buffer area was added to
the study area during calculation and validation.

2.2. Precipitation Datasets. The Global Precipitation Meas-
urement (GPM) Mission, as a successor of the Tropical
rainfall Measuring Mission (TRMM), aims to provide a new
generation of global rainfall and snowfall observations. The
Core Observatory satellite was launched in February 2014 by
the National Aeronautics and Space Administration (NASA)
and the Japan Aerospace and Exploration Agency (JAXA)
carrying the GPM Microwave Imager (GMI) and the Dual-
frequency Precipitation Radar (DPR).This study selected the
GPM-3IMERGMproduct (GPM for short, downloaded from
https://pmm.nasa.gov/data-access/downloads/gpm)which es-
timated global monthly precipitation at resolution of 0.1∘×
0.1∘ by combining GPM with several other satellite pre-
cipitation datasets. Since GPM dataset starts from March
2014, the first year with complete months (i.e., 2015) was
therefore selected to investigate GPM annual precipitation
downscaling algorithms. Annual precipitation (Figure 2(a))
was obtained by summing up monthly GPM precipitation in
the year.

The ground observed precipitation of 71 rain gauge
stations (Figure 1) located in Hengduan Mountains and the
buffer area was provided by the National Meteorological
InformationCenter of ChinaMeteorological Administration.
Since the function of ground data was to validate the results
of downscaling algorithms independently, it was not used to
correct GPM precipitation.

2.3. NDVI and DEM Datasets. The MOD13A3 monthly
NDVIproductwith a spatial resolution of 1 km× 1 kmderived
from atmospherically corrected reflectance in the red and
near-infrared wavebands of the Moderate Resolution Imag-
ing Spectroradiometer (MODIS) on the Terra satellite was
used in this study. Annual NDVI (Figure 2(b)) was obtained
by averaging monthly NDVI in the year. The Shuttle Radar
Topography Mission (STRM) DEM product was provided
by the National Geospatial-Intelligence Agency (NGA) and
the National Aeronautics and Space Administration (NASA).
The original DEM data was at resolution of 90m × 90m and
resampled to resolution of 1 km × 1 km (Figure 1) and 10 km× 10 km.

https://pmm.nasa.gov/data-access/downloads/gpm
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Figure 3: Gaussian kernel function used in the GWR model. Here𝜔𝑖 is weight of the 𝑖th observation point; 𝑑𝑖 is the Euclidean distance
between the 𝑖th observation and the center point; and 𝑏 is the kernel
bandwidth.

3. Method

3.1. Multiple Linear Regression. Jia et al. [14] proposed a
downscaling algorithm based on Multiple Linear Regression
(MLR), which is expressed as

𝑃LR = 𝛽NDVINDVILR + 𝛽DEMDEMLR + 𝛽0 + 𝜀LR, (1)

where 𝑃LR, NDVILR, and DEMLR are the GPM annual
precipitation, NDVI, and elevation at low resolution (LR).𝛽NDVI and 𝛽DEM are slope of precipitation to NDVI and
precipitation to DEM, respectively. 𝛽0 is the intercept, and𝜀LR is residual of the regression model. The three coefficients
are calibrated with the Ordinary Least Square (OLS) method.
Standardized coefficients could be calibrated if the variables
are standardized with (2) in advance.

𝑥𝑖,std = 𝑥𝑖 − 𝑥
√(𝑥𝑖 − 𝑥) /𝑁. (2)

3.2. Geographically Weighted Regression. Geographically
Weighted Regression (GWR) proposed by Brunsdont et
al. [31] is a local regression method that can be used
to investigate spatially nonstationary correlational relation-
ships. Contrast to the MLR model, the GWR model assumes
the coefficients to vary with geographical locations, and it is
expressed as

𝑃LR = 𝛽NDVI (𝑢)NDVILR + 𝛽DEM (𝑢)DEMLR + 𝛽0 (𝑢)
+ 𝜀LR, (3)

where 𝑢 is the geographical location. The coefficients are as
same as those in the MLR method, except that they are local
rather than global coefficients and can be estimated by

𝛽 (𝑢) = (𝑋𝑇LR𝑊(𝑢)𝑋LR)−1𝑋𝑇LR𝑊(𝑢) 𝑃LR, (4)

where 𝑋LR is matrix of the explanatory variable at low
resolution composed of NDVILR, DEMLR, and vector of
constant one and 𝑋𝑇LR is transposition of 𝑋LR. 𝑊(𝑢) is the
weightmatrix that putmoreweights on observations closer to
the center point and can be calculated with kernel functions
like Gaussian kernel and bisquare kernel. Gaussian kernel
(Figure 3) was adopted in this study, and𝑊(𝑢) is the diagonal
matrix of 𝑤𝑖(𝑢)

𝑤𝑖 (𝑢) = exp(−𝑑2𝑖 (𝑢)𝑏2 ) , (5)

where 𝑑𝑖(𝑢) is the Euclidean distance between the 𝑖th obser-
vation and the center point and 𝑏 is the kernel bandwidth that
can be estimated with the cross validation (CV) technique.

3.3. Procedure of Downscaling Algorithms

Step 1 (data preparation). Resample annual or monthly
NDVI and DEM fields to the low (10 km × 10 km) and
high (1 km × 1 km) resolution. And resample the GPM
annual precipitation field to 10 km × 10 km resolution. It
should be noted that all the fields must be projected to the
same projection coordinate system (China Albers Equal Area
Conic), and fields at the same resolution should share the
same raster.

Step 2 (model establishment). Using sample data at low
resolution to calibrate the coefficients of regression functions
in the downscaling algorithms. For GWR-based algorithm,
the bandwidth 𝑏 should be estimated with cross validation
(CV) technique before calibration of the coefficients.

Step 3. Prediction of high resolution precipitation (�̂�HR)
before residuals correction: put high resolution NDVI
(NDVIHR) and DEM (DEMHR) into the MLR models and
GWR models, respectively, to predict 𝑃HR. The downscaled
results before residuals correction were termed as MLRBRC
and GWRBRC, respectively, in this study.

Step 4 (residuals correction). Interpolate low resolution
residuals (𝜀LR) of the regression methods to high resolu-
tion residuals (𝜀HR) with simple spline tension interpolator,
respectively. The final downscaled precipitation (𝑃HR) is
calculated as

𝑃HR = �̂�HR + 𝜀HR. (6)

And the downscaled results after residuals corrections were
termed as MLRARC and GWRARC, respectively.

3.4. Validation Criteria. Observed precipitation from rain
gauges was used to validate the precipitation downscaled by
the two different algorithms. In the validation, we employed
three widely used criteria, namely, the Mean absolute error
(MAE), the Root Mean Square Error (RMSE), and the
coefficient of determination (𝑅2), which are calculated as

MAE = ∑𝑛𝑖=1 𝑃𝑖 − 𝑂𝑖𝑛 ,

RMSE = √∑𝑛𝑖=1 (𝑃𝑖 − 𝑂𝑖)2𝑛 ,
𝑅2 = ∑𝑛

𝑖=1
[(𝑃𝑖 − 𝑃) (𝑂𝑖 − 𝑂)]

√∑𝑛
𝑖=1
(𝑃𝑖 − 𝑃)2√∑𝑛𝑖=1 (𝑂𝑖 − 𝑂)2

,
(7)
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where 𝑃 is precipitation predicted by regression models or
downscaling algorithms and𝑂 is observed precipitation from
rain gauge stations.

4. Results and Discussion

4.1. Results of Regression Models

4.1.1. Results of MLR Models. Multiple linear regression
(MLR) models were established to explore the global rela-
tionships of annual and monthly GPM precipitation against
NDVI and DEM in HengduanMountains at lower resolution
of 10 km. The calibrated coefficients including the constant
coefficients, slopes of NDVI and DEM, and the correspond-
ing coefficients of determination and 𝑝 values were shown
in Table 1. First of all, 𝑝 values of all the MLR models were
smaller than 0.001, which meant all the MLR models were
extremely significant and therefore to be valid. However, 𝑝
values of February to June were relatively larger, and the
corresponding 𝑅2 was smaller than 0.06, indicating that no
more than 6% of variances of GPM precipitation could be
interpreted by MLR models from February to June. Among
the other months, July had the highest 𝑅2 of 0.39, and annual𝑅2 was 0.35. For annual GPM precipitation, slope of NDVI
was 390.93mm/1, which meant as NDVI increased per unit,
annual precipitation would increase 390.93mm averagely.
Similarly, slope of DEM was −124.06mm/km, which meant
as DEM increased per kilometer, annual precipitation would
decrease 124.06mm averagely. For monthly precipitation,
slopes of NDVI ranged from−64.37 to 75.79mm/1 and slopes
of DEM ranged from −49.16 to 0.01mm/km.

We further calculated standardized regression coeffi-
cients of theMLRmodels to investigate the intra-annual vari-
ation of standardized coefficients and compare the relative
contributions of NDVI and DEM. As shown in Figure 4, for
monthly precipitation, standardized slopes of NDVI changed

periodically for three times in the year. The first cycle was
from January to June, the second was from June to October,
and the third was from October to January. The peak values
were positive and the valley values were slightly negative,
except that the valley value reached −0.12 in August, when
monthly precipitation reached its peak of 195.22mm in the
year. The reasons for such the complicated periodicity might
be the combined effect of the following facts: (1) Hengduan
Mountains is controlled by southwest Asian monsoon, the
southeast Asianmonsoon, the wintermonsoon, and local cir-
culation of Tibetan Plateau in turn and/or simultaneously; (2)
there are time lags between vegetation growth withering and
precipitation increase/decrease; (3) vegetation is restricted by
both water and temperature during dry season, but much
less restricted bywater than temperature during flood season.
Standardized slopes of DEM were negative and smaller than−0.2 all the year except for February, May, and June.

The relative contributions of NDVI and DEM could be
estimated through comparing absolute values of their stan-
dardized coefficients. For annual precipitation, standardized
slopes of NDVI were 0.20, which meant as NDVI increased
per standardized unit, annual precipitation would increase
0.20 standardized units averagely. Meanwhile, standardized
slopes of DEM were −0.44, which meant as DEM increased
per standardized unit, annual precipitation would decrease
0.44 standardized units averagely. The relative contribution
to annual precipitation of DEM was about twice of that of
NDVI. For monthly precipitation, contribution of DEM was
also larger than that of NDVI all the year except for January,
February, and June.

Finally, we investigated relationships between standard-
ized coefficients of NDVI and DEM in MLR models against
regionally averaged GPM monthly precipitation (Figure 5).
Both insignificant (p ∼= 0.20) decreasing trends were found
for NDVI and DEM. Standardized coefficients of NDVI
trended from positive to zero, when monthly precipitation
increased below 166mm, and trended from zero to negative
when monthly precipitation increased over 166mm. To a
certain degree, this feature precipitation of 166mm could be
regarded as the water saturation point of Hengduan Moun-
tains, if neglecting time lags betweenNDVI andprecipitation.
Standardized coefficients of DEM trended more negative as
monthly precipitation increased, indicating that the stronger
southwest and southeast monsoons [33] were, the stronger
relationships between precipitation and DEM were.

4.1.2. Results of GWR Models. Geographically Weighted
Regression (MLR) models were established to explore the
local relationships of annual and monthly GPM precipi-
tation against NDVI and DEM in Hengduan Mountains
at lower resolution of 10 km. As Figure 6 showed, 𝑅2 of
GWR models ranged from 0.82 to 0.98, except that 𝑅2 of
November was 0.65, which were much greater than those
of MLR models. Obviously, GWR models were much more
effective on explaining the original GPM annual andmonthly
precipitation than MLR models. Meantime, the intra-annual
variation pattern of 𝑅2 of GWR was very similar to that of
MLR, indicating that the local relationships of precipitation
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Figure 5: Relationships between standardized coefficients of (a) NDVI and (b) DEM in the MLR models against regionally averaged GPM
monthly precipitation.
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precipitation in Hengduan Mountains in 2015.

against NDVI and DEM were positively related to the global
ones within a year.

Unlike the MLR model, calibrated coefficients in GWR
models were not spatially stationary. As an example, Figure 7
showed the spatial distribution of coefficients of the GWR
model for annual GPM precipitation in Hengduan Moun-
tains. The intercepts varied from −1666 to 4106mm, and the
spatial pattern was similar to that of annual GPM precip-
itation with a 𝑅2 of 0.56. The coefficients of NDVI varied
from −1674 to 1581mm/1, with no obvious spatial pattern.
The coefficients of DEMvaried from−657 to 435mm/km and
were slightly positively related to elevation (𝑅2 = 0.097).

We also calculated standardized coefficients of NDVI
and DEM when establishing the GWR model of annual
GPM precipitation. Like coefficients of determination, mean
standardized coefficients of NDVI and DEM of the GWR
models (Figure 8) showed very similar intra-annual pattern
with those of the MLR models. It revealed that although
coefficients in the GWR models were estimated locally, but
their spatial distribution could reflect the global relationships
of precipitation against NDVI and DEM. However, it should

be noted that the standard deviations of standardized coef-
ficients were quite large, emphasizing the great difference
between local coefficients in the GWR model and global
coefficients in the MLR model.

4.2. Downscaled Precipitation and Ground Validation

4.2.1. Downscaled Precipitation before/after Residuals Correc-
tion. Monthly and annual precipitation at high resolution
before residual correction (MLRBRC and GWRBRC) were
predicted by putting the calibrated coefficients, high res-
olution NDVI, and DEM into the MLR and GWR mod-
els, respectively. After adding the high resolution residu-
als interpolated with spline tension method to MLRBRC
and GWRBRC, MLRARC and GWRARC were eventually
obtained. As an example, Figure 9 showed the downscaled
annual precipitation before residuals correction, interpolated
residuals, and the downscaled annual precipitation after
residuals correction, from which a qualitative comparison
of downscaled annual precipitation of the MLR-based and
GWR-based algorithms was made as below.

Basically, MLRBRC annual precipitation was only able
to capture the global trend that “south wetter than north”
rather than the spatial distribution of original GPM, and its
absolute residuals were very large, especially in extremely
wet regions like the Gaoligong Mountains and middle and
lower reaches of the Nu River. While GWRBRC annual
precipitation distributed very similar with original GPM
spatially, the former was a little smoother. Meanwhile, the
range of GWRBRC (269–1703mm) was a little wider than
that of original GPM (394–1625mm), which was reasonable
for the averaging effecting of low resolution precipitation.
Absolute residuals of GWRBRCwere also much smaller than
those of MLRBRC in most regions. As for MLRARC and
GWRARC annual precipitation, they were also very similar
with the original GPM like GWRBRC, so the differences
among themwere analyzed based on ground validation in the
next two sections.

4.2.2. Is Residuals Correction Helpful? Observations from 71
rain gauge stations within Hengduan Mountains (including
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Figure 7: Spatial distribution of coefficients of the GWR model for annual GPM precipitation in Hengduan Mountains in 2015: (a) for the
intercepts, (b) for the coefficients of NDVI, and (c) for the coefficients of DEM.

Table 2: Averaged accuracy for monthly precipitation and accuracy for annual precipitation of theMLR-based and GWR-based downscaling
algorithms with Root Mean Square Error, Mean Absolute Error, and coefficients of determination as criteria. BRC represents before residuals
correction and ARC represents after residual correction.

Mean of monthly Annual
RMSE/mm MAE/mm 𝑅2 RMSE/mm MAE/mm 𝑅2

GPM 29.47 19.63 0.56 230.97 156.76 0.59
MLRBRC 38.20 29.72 0.21 252.46 205.85 0.45
MLRARC 28.80 20.06 0.56 214.54 151.97 0.62
GWRBRC 27.23 18.61 0.62 199.85 143.18 0.67
GWRARC 28.89 19.67 0.57 206.85 150.29 0.64
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Figure 8: Regional means and standard deviations of standardized
coefficients of GWRmodels of annual and monthly GPM precipita-
tion against NDVI and DEM in Hengduan Mountains.

buffer area) were used to validate the accuracy of the MLR-
based and GWR-based downscaling algorithms using Root
Mean Square Error (RMSE), Mean Absolute Error (MAE),
and Coefficient of determination (𝑅2).

To investigate whether residuals correction was helpful
to MLR-based and GWR-based downscaling algorithms,
we compared the accuracy of monthly (Figure 10) and
annual (Table 2) precipitation downscaled byMLR-based and
GWR-based algorithms between before residuals correction
(termed as MLRBRC or GWRBRC) and after residuals
correction (termed as MLRARC or GWRARC). Average
accuracy of monthly downscaled precipitation was also sum-
marized in Table 2.

Compared to MLRBRC, MLRARC had smaller RMSE
and MAE as well as higher 𝑅2 in each month of the year.
For monthly precipitation, averagely speaking, ΔRMSE =
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Figure 9: Downscaled annual precipitation before residuals correction (a, d), interpolated residuals using simple spline tension (b, e), and
the downscaled annual precipitation after residuals correction (c, f) of MLR (c) and GWR (f) algorithms.
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Figure 10: Comparison of the accuracy of monthly precipitation downscaled by MLR-based and GWR-based algorithms between before
residuals correction (termed as MLRBRC or GWRBRC) and after residuals correction (termed as MLRARC or GWRARC) using Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), and coefficient of determination (𝑅2).

−9.39mm, ΔMAE = −9.66mm, and Δ𝑅2 = 0.35. And for
annual precipitation in 2015, the changes were ΔRMSE =−37.91mm, ΔMAE = −53.87mm, and Δ𝑅2 = 0.18.
Obviously, the step of residuals correction improved the
accuracy of precipitation predicted by MLR significantly and
hence was indispensable for MLR-based algorithm.

However, GWRARChad slightly greater RMSE andMAE
as well as lower 𝑅2 compared to GWRBRC in each month
exceptMarch of the year. Formonthly precipitation, averagely
speaking, ΔRMSE = 1.66mm, ΔMAE = 1.06mm, andΔ𝑅2 = −0.05. And for annual precipitation in 2015, the

changes were, ΔRMSE = 7.00mm, ΔMAE = 7.12mm,
and Δ𝑅2 = −0.03. This indicated that the step of residuals
correction degraded the accuracy of precipitation predicted
by the GWR models. Therefore, the step of residuals correc-
tion was recommended to be removed from the procedure
of the GWR-based downscaling algorithm and as a result,
GWRBRC rather than GWRARC was adopted as the final
downscaled precipitation.

4.2.3. Accuracy of theMLR-Based and GWR-Based Downscal-
ingAlgorithms. In Section 4.2.2, we concluded thatMLRARC
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Figure 11: Comparison of the accuracy of monthly precipitation downscaled by MLR-based algorithm after residuals correction (termed as
MLRARC) and GWR-based algorithm between before residuals correction (termed as GWRBRC) using Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), and coefficient of determination (𝑅2).

and GWRBRC should be adopted as the final results of
MLR-based and GWR-based algorithms. In this section
we compared the accuracy of MLRARC, GWRBRC, and
the original GPM monthly and annual precipitation. The
accuracy of monthly precipitation was presented in Figure 11
and those on annual precipitation and summary of average
accuracy of monthly precipitation were shown in Table 2.

MLRARC performed better than original GPM monthly
precipitation in 7 out of 12 months with RMSE as evaluation
criterion and 6 out of 12monthswithMAEor𝑅2 as evaluation
criteria. Averagely speaking, MLRARC had almost the same
accuracy as GPM monthly precipitation, with ΔRMSE =−0.67mm, ΔMAE = 0.43mm, and Δ𝑅2 = 0.00, indicat-
ing that it was no better than the Nearest Neighborhood
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(NN) method, which is the simplest interpolation method.
Therefore, the effectiveness of MLR-based downscaling algo-
rithm on monthly precipitation over Hengduan Mountains
was unsatisfactory. For annual precipitation, performance
of MLRARC was better than that of GPM dataset, withΔRMSE = −16.43mm,ΔMAE = −4.79mm, and Δ𝑅2 = 0.03.

GWRBRC performed better than original GPMmonthly
precipitation in 11 out of 12 months with RMSE or 𝑅2
as evaluation criteria and 10 out of 12 months with MAE
as evaluation criterion. Averagely speaking, GWRBRC had
much better accuracy than GPMmonthly precipitation, withΔRMSE = −2.24mm, ΔMAE = −1.02mm, and Δ𝑅2 =0.06. For annual precipitation, performance ofMLRARCwas
also much better than that of GPM dataset, with ΔRMSE =−31.13mm, ΔMAE = −13.59mm, and Δ𝑅2 = 0.08. The
significant improvement should be attributed to that the
complicated relationships among precipitation, vegetation
and topography were better interpreted by local regression
methods considering spatially heterogeneity of regression
coefficients than global regression methods.

5. Conclusion

Precipitation dataset with high resolution and accuracy is
crucial for regional hydrological researches. Satellite precipi-
tation could be downscaled based on statistical relationships
among precipitation, vegetation, and topography. In this
study, to downscale GPM annual and monthly precipitation
over Hengduan Mountains from 10 km × 10 km to 1 km ×
1 km, the Multiple Linear Regression (MLR) based algorithm
and the Geographically Weighted Regression (GWR) based
algorithmwere employed. Downscaled precipitation was val-
idated with ground observations from 71 rain gauge stations.
After analyzing the results, it could be concluded that one has
the following:(1) Regression model is a fundamental component of
statistical downscaling algorithms; hence it is important to
establish an appropriate regression model. Results of this
study showed that the GWR model was much more suitable
than theMLRmodel to describe the complicate relationships
among precipitation, vegetation, and topography in Heng-
duan Mountains, with much higher 𝑅2 and lower RMSE
and MAE against the original GPM annual and monthly
precipitation.(2) After analyzing the coefficients and standardized
coefficients of the MLR models, we found that generally
NDVI was positively related to precipitation when monthly
precipitation was under 160mm; DEMwas negatively related
to precipitation, especially in wet months like July and
August; contribution of DEM to precipitation was greater
than that of NDVI. Spatial mean standardized coefficients of
GWR showed very similar intra-annual patterns with those
of MLR but had strong spatial nonstationarity.(3) Residuals correction greatly improved accuracy of the
MLRmodel but reduced those of GWRmodel.Therefore it is
an indispensable step for the MLR-based downscaling algo-
rithm but not recommended for the GWR-based algorithm.(4) Validation results with ground observations showed
that, compared with the original GPM data, downscaled

precipitation (before residual correction) based on the
GWR-based algorithm not only possessed finer resolution
but also higher accuracy, indicating it is a promising algo-
rithm for satellite precipitation downscaling. Meanwhile,
accuracy of precipitation downscaled by the MLR-based
algorithm was only about the same with the original GPM
precipitation.

Satellite precipitation downscaling might be improved
through introducing more appropriate explanatory variables
like the Enhanced Vegetation Index (EVI) and Land Sur-
face Temperature (LST). Similarly, considering temporally
correlation and autocorrelation in regression models might
also be effective. Moreover, downscaling of daily and hourly
precipitation is more significant for practical application and
should be paid more effort.
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In order to improve the measurement of precipitation microphysical characteristics sensor (PMCS), the sampling process of
raindrops by PMCS based on a particle-by-particle Monte-Carlo model was simulated to discuss the effect of different bin sizes on
DSDmeasurement, and the optimum sampling bin sizes for PMCS were proposed based on the simulation results. The simulation
results of five sampling schemes of bin sizes in four rain-rate categories show that the raw capture DSD has a significant fluctuation
variation influenced by the capture probability, whereas the appropriate sampling bin size and width can reduce the impact of
variation of raindrop number on DSD shape. A field measurement of a PMCS, an OTT PARSIVEL disdrometer, and a tipping
bucket rain Gauge shows that the rain-rate and rainfall accumulations have good consistencies between PMCS, OTT, and Gauge;
the DSD obtained by PMCS and OTT has a good agreement; the probability of 𝑁0, 𝜇, and Λ shows that there is a good agreement
between theGammaparameters of PMCS andOTT; the fitted𝜇-Λ andZ-R relationshipmeasured byPMCS is close to thatmeasured
by OTT, which validates the performance of PMCS on rain-rate, rainfall accumulation, and DSD related parameters.

1. Introduction

Measurement of hydrometeorsmicrophysical characteristics,
such as size, shape, fall velocity, and their spatial distribution,
is of high interest in fields of precipitation physics, numerical
weather prediction models, ground validation of satellite
remote sensing, electromagneticwave propagation, and other
climatological and hydrological applications [1–3]. There are
hundreds of papers written describing and discussing the
parameterization of drop size distribution (DSD) in space and
in time [4].

There are many instruments available to measure the
drop size distribution of precipitation, such as the PARSIVEL
[5], 2DVD [6], and MASC [7]; these instruments have been
widely used and extensively researched. Many comparative
observations from above instruments have found that there
are different discrepancies between different instruments [8–
13], even in the exactly same rainfall conditions, whichmakes
it difficult to understand the microphysical mechanisms of

precipitation and relevant applications.This can be attributed
to two factors: sampling effect and instrument parameters; at
present most researches focus on the sampling effect associ-
ated with the random sampling from a population of rain-
drops.The effect of sampling variation on raindrop size mea-
surements in stationary rainfall by using a stochastic model
was researched byUijlenhoet et al. [14], the sampling effects in
DSD measurements in nonstationary rain were simulated by
Berne andUijlenhoet [15], and the sampling uncertainty asso-
ciated with OTT PARSIVEL disdrometer has been investi-
gated by Jaffrain and Berne [16]; for the latter, different instru-
ments have varied parameters, such as the sampling area,
sampling rate, and bin sizes and widths; they also influence
the accuracy of measurement and reconstruction of precipi-
tation distribution fundamentally. Marzuki et al. investigated
the effect of binning on the DSD parameter estimates from
2DVD measurement and found that the bin width selection
influences the shape of DSD [17]. Checa-Garcia et al. inves-
tigated the binning effects on drop size distribution (DSD)
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measurements obtained by JWD, POSS, Thies, PARSIVEL,
2DVD, andoptical spectropluviometer instrumentsand found
that the instrument differences due to sampling were a rel-
evant uncertainty, but concentration, reflectivity, and mass-
weighted diameter were sensitive to binning [18].

The choice of bin size classes may influence the shape of
the DSD fundamentally; a too large bin size may ignore cer-
tain small sizes of drops, resulting in that the measured DSD
would not represent the underlying DSD; and the bin size
cannot be small infinitely because of the limitation of
the instrument’s resolution. Furthermore, different bin size
classes may cause different representative diameters in the
average and integral processes, which influence the results
of moments of the DSD; different bin sizes exhibit different
scaling relations with respect to the number of samples,
sequences, and amplitude of rain-rate.Therefore, the optimal
widths of the bin for a certain instrument should be investi-
gated and handled carefully.

We have developed a precipitation microphysical charac-
teristic sensor (short for PMCS, called Video Precipitation
Sensor before) based on particle image velocimetry tech-
niques recently [19]; it can measure the size, shape, and fall
velocity of hydrometeors from a CMOS camera illuminated
by a pulsed LED light source. In order to quantify the sam-
pling effect of different bin sizes on theDSDparametersmeas-
ured by PMCS, we simulate a sampling process of raindrops
by PMCSbased on a particle-by-particleMonte-Carlomodel;
the effects of different sampling bin sizes on DSD measure-
ment are discussed, and the optimum sampling bin size and
width for PMCS are proposed; at last the field measurement
of a PMCS, an OTT PARSIVEL disdrometer, and a tipping
bucket rain Gauge was carried out, and the rain-rate, rainfall
accumulation, and DSD related parameters are compared,
by which the performance of PMCS with specific sampling
parameters is validated.

2. Precipitation Microphysical
Characteristics Sensor (PMCS)

The PMCS consists of four units: optical unit, imaging
unit, acquisition and control unit, and data processing unit,
as shown in Figure 1(a). The optical unit (OU) contains a
light-emitting diode (LED), a multimode fibre cluster, ex-
panded beam lens, and concentration lens, which can pro-
vide a parallel cylindrical light beam for imaging unit; the
imaging unit (IU) contains one complementary metal oxide
semiconductor (CMOS) image sensor and driving circuit,
which record digital images with 640 pixels × 480 pixels and
50 frames per second (fps), and the sampling volume is
300mm× 40mm× 30mm; hence the pixel size of an image is
0.0625mm; the acquisition and control unit contains a digi-
tal signal processor (DSP) and field programmable gate
array (FPGA), which generates and outputs timing signals of
double exposures in one frame, controls the optical unit and
imaging unit, records and preprocesses the raw images, and
encodes and transmits the raw data; the data processing unit
(DPU) is a PC terminal that communicates with the acqui-
sition and control unit using a coaxial network cable via the
Internet TCP/IP protocol. Software running on the terminal

receives the data obtained by the sensor, processes the hydro-
meteors’ images, and calculates the size, velocity, and shape
of hydrometeors. A photography of the PMCS is as shown in
Figure 1(b); the optical unit and imaging unit are integrated
into one tunnel housing, on which there are a couple of metal
splash elimination grids, to prevent raindrops splashing into
the sampling area and to minimize the wind disturbances
about the instruments.

The double-exposure in one frame (DEOF) of the PMCS
plays a key role in the simultaneous measurement of the size,
shape, and fall velocity of precipitation particles, as shown in
Figure 2. The CMOS camera runs in 50 frames per second,
a pulse synchronous signal generator is used to generate two
exposures from pulse light source in each frame, the single
exposure time is 20𝜇s, and the interval of the two exposures is
2ms.TheCMOS camera captures the double-exposure image
of each particle in a single frame, by which the particle shape
information can be obtained, and the size, axis ratio, and
canting angle of particles can be calculated, and the velocity
can be calculated according to the displacement and time
internal.

3. Simulation of Different Sampling Bin Sizes

In fact, fluctuations in DSD measurements and derived rain-
fall properties are due to not only the real fine-scale physical
variations (called natural variability), but also the statistical
sampling errors (called sampling fluctuations) [20]. The nat-
ural variability is associated with the actual rainfall variation
in the natural environment, depending on the local weather
condition, rainfall type, and its fine-scale variation, whereas
the sampling fluctuation is associated with the instrument
itself, depending on the sampling area, bin sizes, resolution,
and other parameters. Given that different instruments have
different parameters and rain-rate is integrated by the diam-
eter and fall velocity of raindrops with different numbers in
different bins, theremight be certain discrepancies in the out-
put of different instruments during the same rainfall event,
especially for the higher rain-rate.

Considering the operation principle of PMCS, the effec-
tive sampling time is only 10% of the exposure time of each
frame; not all particles passing through the sampling area
can be double-imaged by camera; the capture probability of a
certain particle which can be fully photographed twice by the
camera decreases exponentially with its size. Considering this
measurement mechanism, the measured DSD might deviate
with the real DSD due to unreasonable parameters settings.
Therefore, the uncertainty in DSD measured by PMCS with
different sampling parameters should be evaluated, and the
optimum sampling bin sizes of PMCS should be researched
and proposed.

3.1. Methodology. The sampling processes of raindrops by
PMCS can be simulated based on a particle-by-particle
Monte-Carlo model; the simulation contains (1) marked
point process of raindrops arriving at the sampling volume;
(2) probabilistic capture process of double-exposure images
of raindrops recorded by PMCS; (3) DSD inversion process
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of calculation of raindrop size distribution from sampling
volume to unit volume. The details are described as follows.

3.1.1. Marked Point Process. Assuming that the positions of
raindrops arriving at the sampling area in space follow the
homogeneous Poisson model [21], the diameter and number
of raindrops yields to the probabilistic model of raindrop
size distribution, the terminal velocity of raindrops in the air
depends exclusively on their diameter, and raindrops do not
interact with each other. The time, number, and size of rain-
drops sampled by PMCS are simulated based on the above
assumption.

The arriving time (s) and diameter (mm) of 𝑖th raindrops
are denoted as 𝑇𝑖 and 𝐷𝑖; the total number of raindrops
arriving at the sampling volume for the 𝑖th arrival time which
is less than or equal to t is

𝜂 (𝑡) =
∞

∑
𝑖=1

𝑙 (𝑇𝑖 ≤ 𝑡) ,

𝑙 (𝑇𝑖 ≤ 𝑡) = {
{{

1, if 𝑇𝑖 ≤ 𝑡
0, if 𝑇𝑖 > 𝑡,

(1)

where the time origin is arbitrary and it can represent the
beginning of a storm and the beginning of a minute, hour,

day, and so forth [21].The time origin typically represents the
beginning of a rainfall period, t is 1 minute in the following
simulation, and the unit is second. Note that 𝜂(𝑡) sums from
1 to infinity to include as many raindrops as possible but does
not imply that therewill be infinite raindrops in a certain time
interval.

Assuming that 𝜆(𝑡) is the mean number of raindrops
arrivals at the top of sampling volume at time t (drops per
square meter per second), 𝜃(𝑡) is the parameters of DSD at
time t. Raindrops arrive at the upper surface of sampling vol-
ume according to a Poisson process with time-varying occur-
rence 𝜆(𝑡); the DSD is given by a probability density function
𝑓[𝑦 | 𝜃(𝑡)]. The corresponding probability of raindrops
which have number 𝜂(𝑡) = 𝑘 (𝑘 = 0, 1, 2, . . .) can bewritten as
follows:

𝑃 [𝜂 (𝑡) = 𝑘 | 𝜆 (𝑢) , 𝜃 (𝑢) ; 𝑢 ≤ 𝑡]

= 1
𝑘! [∫𝑡
𝑜

𝜆 (𝑢) 𝑑𝑢]
𝑘

exp [− ∫𝑡
𝑜

𝜆 (𝑢) 𝑑𝑢] .
(2)

Here we use 𝑁0, 𝜇, Λ of Gamma function for DSD parame-
ters, and the diameter 𝐷𝑖 (mm) of corresponding raindrops
at time t (s) can be obtained from the probabilistic model of
Gamma function:

𝑃 [𝐷𝑖 ≤ 𝑥 | 𝜆 (𝑢) , 𝜃 (𝑢) ; 𝑢 ≤ 𝑡] = ∫𝑥
𝑜

𝑓 [𝑦 | 𝜃 (𝑡𝑖)] 𝑑𝑦, (3)
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where 𝑓[𝑦 | 𝜃(𝑡)] = 𝑁0(𝑡) ⋅ 𝑦𝜇(𝑡) ⋅ exp(−Λ(𝑡)𝑦), 𝑥 (mm) is the
maximumdiameter of raindrops, and 𝑦 (mm) is the diameter
of raindrops.

3.1.2. Probabilistic Capture Process. Consider that not all par-
ticles that pass through the sampling volume can be double-
imaged by PMCS.Theprobability that a certain raindropwith
a certain size and fall velocity can be fully photographed at
least once by the camera in the vertical dimension is defined
as Probvertical:

Probvertical = 𝐻 − 𝐷V − 𝑉 (𝐷) 𝑇interval
𝑉 (𝐷) ⋅ 20ms

,
𝑉 (𝐷) = 9.65 − 10.3 exp (−0.6𝐷) ,

(4)

where𝐻 is the height of sampling volume (30mm for PMCS),
𝐷𝑉 is the vertical size of raindrops (mm), 𝑉(𝐷) is the fall
velocity of raindrops (m/s) associated with the diameter of
raindrops, 𝑇interval is the time interval between two exposures
in each frame (2ms), and 20ms is the total exposure time of
each frame.

Whether raindrops passing through the sampling volume
can be fully photographed twice in a single frame can be
estimated as follows:

flag (𝑇𝑖, 𝐷𝑖) = {
{{

1, if 𝑟 ≤ Probvertical (𝐷𝑖)
0, if 𝑟 > Probvertical (𝐷𝑖) , (5)

where r is a random number between 0 and 1 generated by
uniformprobabilitymodel.When 𝑟 is equal to or less than the
capture probability of one raindrop with diameter 𝐷, this
raindrop is labeled as captured, otherwise it is labeled as un-
captured.

3.1.3. DSD Inversion Process. The total number of raindrops
can be calculated as follows:

Num (𝐷) = Numsingle (𝐷) + Numdouble (𝐷)
2 , (6)

where Numsingle(𝐷) is the number of raindrops captured by
only one exposure in a single frame and Numdouble(𝐷) is the
number of raindrops captured by double exposures in a single
frame.

According to (4) and (6), the number of raindrops per
unit volume (m3) and per unit diameter (mm) can be calcu-
lated as follows:

𝑛 (𝐷) = Num (𝐷)
𝐴 sampling ⋅ 𝑑𝐷 ⋅ Probvertical , (7)

where 𝐴 sampling = 300mm × 40mm × 30mm. Considering
that the raindrops of different sizes have different fall veloci-
ties, the velocity correction algorithm is adopted to obtain the
number of raindrops per unit volume (m3) and per unit size
class (mm):

𝑁 (𝐷) = 𝑛 (𝐷)
𝑉 (𝐷) × 𝑡 ,

𝑉 (𝐷) = 9.65 − 10.3 exp (−0.6𝐷) .
(8)

DSD characterization consists of mass-weighed mean diam-
eter 𝐷𝑚 (mm) and standard deviation of mass-weighed
spectrum𝜎𝑚 (mm), as shown in (9).𝐷𝑚 is defined as the ratio
of mass-weighed diameter and total mass of all raindrops in
unit volume, which denotes the average of DSD. 𝜎𝑚 is defined
as the deviation of the diameter with the 𝐷𝑚 of all raindrops,
which denotes the variance of DSD.

𝐷𝑚 = ∫∞
0

𝑁 (𝐷) 𝐷4𝑑𝐷
∫∞
0

𝑁 (𝐷) 𝐷3𝑑𝐷 ,

𝜎2𝑚 = ∫∞
0

𝑁 (𝐷) (𝐷 − 𝐷𝑚)2𝐷3𝑑𝐷
∫∞
0

𝑁 (𝐷) 𝐷3𝑑𝐷 .
(9)

The rain-rate R (mm/h) and radar reflectivity factor 𝑍 (dB)
can be integrated from 𝑁(𝐷):

𝑅 = 𝜋
6 ∫∞
0

𝑁 (𝐷) 𝜌𝐷3𝑉 (𝐷) 𝑑𝐷,

𝑍 = ∫∞
0

𝑁 (𝐷) 𝐷6𝑑𝐷.
(10)

The Gamma function 𝑁(𝐷) of DSD is defined as follows:

𝑁 (𝐷) = 𝑁0 ⋅ 𝐷𝜇 ⋅ exp (−Λ𝐷) , (11)

where 𝑁0 is the intercept parameter (m−3mm−1−𝜇), 𝜇 is
the shape parameter, and 𝜆 is the slope of the distribution
(mm−1); they can be calculated by 2nd, 3rd, and 4thmoments
as follows:

𝑁0 = (𝜇 + 4)𝜇+4
(𝜇 + 3)! ⋅ ( 𝑀3

𝑀4)
𝜇+4

⋅ 𝑀3,

𝜇 = (3𝑀4𝑀2 − 4𝑀23)
(𝑀23 − 𝑀4𝑀2) ,

Λ = (𝜇 + 4) 𝑀3
𝑀4 .

(12)

The 𝑛th moment is defined as follows:

𝑀𝑛 = ∫∞
0

𝑁 (𝐷) 𝐷𝑛𝑑𝐷. (13)

3.2. Parameters Setting. The simulation parameters consist of
raindrop size distribution, sampling time, sampling volume,
and bin size and width. The former is related to the natural
precipitation itself; the latter three parameters are related to
the instrument, in which the sampling time and sampling
volume are fixed; considering the effect of capture probability
on DSD measurement of PMCS under different rainfall con-
ditions, we focus on the optimization of sampling bin size and
width.

Table 1 shows the sampling bin size of existing disdrome-
ters; these settings are based on the size resolution of different
disdrometers, JWD has the least bin numbers (20), and the
intervals range from 0.09mm to 0.57mm. This disdrometer
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Table 1: Sampling bin size of different disdrometers.

Disdrometer Bin size [mm] Bin number
OTT PARSIVEL
disdrometer (OTT)

0.125, 0.25, 0.375, 0.5, 0.625, 0.75, 0.875, 1.0, 1.125, 1.25, 1.5, 1.75, 2, 2.25, 2.5, 3.0, 3.5,
4, 4.5, 5, 6, 7, 8, 9, 10, 12, 14, 16, 18, 20, 23, 26 32

2D video disdrometer
(2DVD) 0.2, 0.4, 0.6, 0.8, 1.0, 1.2, 1.4, 1.6, 1.8, 2.0, 2.2, 2.4, 2.6, . . . , 9.6, 9.8, 10 50

Joss-Waldvogel
disdrometer (JWD)

0.313, 0.405, 0.505, 0.596, 0.715, 0.827, 0.999, 1.232, 1.429, 1.582, 1.748, 2.077,
2.441, 2.727, 3.011, 3.385, 3.704, 4.127, 4.573, 5.145 20

Thies disdrometer (Thies) 0.25, 0.375, 0.5, 0.75, 1.0, 1.25, 1.5, 1.75, 2.0, 2.5, 3.0, 3.5, 4.0, 4.5, 5.0, 5.5, 6.0, 6.5, 7.0,
7.5, 8.0 22

has 22 bin numbers and the intervals are 0.125mm, 0.25mm,
and 0.5mm separately; OTT disdrometer has 32 bin numbers
and the intervals range from 0.125mm to 3mm. The above
three disdrometers have uninform intervals, whereas 2DVD
has a nominal resolution of 0.2mm; the bin size can be deter-
mined in postprocessing by the user; it has a maximum bin
number of 50 with a uniform interval (0.2mm).The raw size
resolution of PMCS is 0.1mm, and the question is whether
the raw size resolution can be directly adopted as the best bin
size.

Taking the above setting modes of bin size and width as
references, we propose four schemes of bin sizes for PMCS,
as shown in Table 2. The raw output of PMCS ranges from
0.1mm to 7.0mm, which has 70 bin numbers with 0.1mm
interval; intervals 1, 2, 3, and 4 denote four schemes of bin
sizes, having 25, 35, 26, and 25 bin numbers separately.

Rain-rate can be seen as the macroscopic expression
of the raindrop size distribution; the rainfalls are usually
categorized into very light, light,moderate, heavy, very heavy,
and extreme rainfalls according to their rain-rate [22]. Con-
sidering that the rain-rate R can be calculated by integration
of the parameters of Gamma functions 𝑁0, 𝜇, and Λ, four
typical rain-rate categories of rainfall are chosen to simulate
the sampling process of PMCS; the parameters are shown in
Table 3.

3.3. Results. Based on the above simulation parameters, we
simulate the sampling process of PMCS with a specific DSD
in a steady rainfall event, and the rain-rate categories are set
to 1.4mm/h, 7.28mm/h, 15.81mm/h, and 58.58mm/h sepa-
rately, which is used to evaluate the sampling effect of PMCS
in different rain-rate categories. The simulation results of
raindrop size distribution are shown in Figure 3.TherealDSD
is the precondition for the simulation, the raw capture DSD
ismeasured by PMCS directly, without sorting raindrops into
bins and correction of capture probability, and intervals 1–4
are theDSDs calculated after correction of capture probability
based on the sortation of raindrops into four different bins.
The S, M, and L in Figure 3 denote size range for small rain-
drops, median raindrops, and large raindrops separately; it
should be noted that the size ranges correspond to different
diameters in different rain-rate categories. Generally speak-
ing, the raw capture DSD is lower than the inversed DSDs
from 4 intervals obviously due to the capture probability of
PMCS, whereas the 4 inversed DSDs agree well with the real
DSDs for the small raindrops, and there are some differences
for the median and large raindrops.

For the small raindrops, the raw DSD and inversed DSDs
from interval 1, interval 3, and interval 4 agree well with the
real DSDs, while the inversed DSDs from interval 2 are lower
than the real DSDdue to the larger intervals between bin sizes
in the small-size range.Themedian raindrops have the largest
number density, which contributemost to rain-rate; the num-
ber density and width of median raindrops increase with the
increasing of rain-rate, and the raw capture DSD is obviously
lower than the real DSD because of the unsteady capture
probability, which takes on a nonuniform step downward
trend, especially in the light rainfall and rainstorm; there is
no significant discrepancy between the inversed DSDs from
interval 1, interval 2, interval 3, and interval 4, which agree
well with real DSD. The number density of large raindrops
determines the final shape of DSD, influenced by the capture
probability, the raw capture DSD has a significant fluctuation
variation, and a certain number of large raindrops aremissed;
compared with the raw capture DSD, there are good consis-
tencies between the inversed DSDs from 4 interval schemes
and real DSD; the reason is that the appropriate sampling bin
size and width can reduce the impact of variation of raindrop
number on DSD shape. It should be noted that there are also
some certain deviations between the inversed DSD and real
DSD, especially for the inversed DSDs from interval 3 in the
light rainfall and from interval 2 in the rainstorm.

Considering the different consistencies between the
inversed DSDs and the real DSD, each sampling process is
simulated 1,000 times, and about 35,000, 86,000, 102,000, and
222,000 raindrops are simulated for 4 rain-rate categories
separately. Then the relative deviation 𝜀𝑋 of variable is
adopted to evaluate the accuracy of inversed DSDs by differ-
ent sampling schemes quantitatively. The expression can be
written as follows:

𝜀𝑋 = 1
𝑛
𝑛

∑
𝑖=1


𝑋𝑖 − 𝑋0

𝑋0
 , (14)

in which 𝑋𝑖 is the simulation results of 𝑖th time, 𝑋𝑖 is the real
value of parameters, and 𝑛 denotes the total number of simu-
lations.

The simulation results of 𝐷𝑚, 𝜎𝑚, R, and Z are shown in
Figure 4. It can be seen that the mean and standard deviation
of relative error decreasewith the increase of rain-rate overall;
the least means of 𝜀𝐷𝑚 and 𝜀𝜎𝑚 are less than 2%; the relative
error of Z has the largest mean and standard deviation, about
5% and 13% separately. For 𝐷𝑚, the overall mean of 𝜀𝐷𝑚
from interval 4 has the least value 0.72%, and the mean of
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Table 2: Four schemes of sampling bin size for PMCS.

Scheme Bin size [mm] Bin number
Raw output 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0, . . . , 6.3, 6.4, 6.5, 6.6, 6.7, 6.8, 6.9, 7.0 70

Interval 1 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 1.0, 1.2, 1.4, 1.6, 1.8, 2.0, 2.2, 2.4, 2.8, 3.2, 3.6, 4.0, 4.4,
4.8, 5.6, 6.4, 7.0 25

Interval 2 0.2, 0.4, 0.6, 0.8, 1.0, 1.2, 1.4, 1.6, 1.8, 2.0, 2.2, 2.4, 2.6, 2.8, 3.0, 3.2, 3.4, 3.6, 3.8, 4.0, 4.2,
4.4, 4.6, 4.8, 5.0, . . . , 6.0, 6.2, 6.4, 6.8, 7.0 35

Interval 3 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 1.0, 1.2, 1.4, 1.6, 1.8, 2.1, 2.4, 2.7, 3.0, 3.3, 3.6, 3.9, 4.2,
4.6, 5.0, 5.6, 6.2, 7.0 26

Interval 4 0.1, 0.2, 0.3, 0.4, 0.5, 0.7, 0.9, 1.1, 1.3, 1.5, 1.7, 1.9, 2.1, 2.5, 2.9, 3.3, 3.7, 4.1, 4.5, 4.9, 5.3,
5.7, 6.1, 6.5, 7.0 25

Table 3: The Gamma raindrop size distribution parameters for different rain-rate categories.

Category N0 [m
−3mm−1] 𝜇 Λ [mm−1] Rain-rate [mmh−1]

Light rain 1.31 × 104 2.3 4.7 1.4
Moderate rain 8.01 × 104 3.9 5.2 7.3
Heavy rain 3.32 × 105 6.1 6.3 15.8
Rainstorm 2.85 × 104 3.24 3.38 55.6
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Figure 3: Real DSD and inversed DSDs under the condition of different rain-rate categories.
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Figure 4: The mean and standard deviation of relative error of 𝐷𝑚, 𝜎𝑚, R, and Z.

𝜀𝐷𝑚 from interval 1 in the light rain and heavy rain has the
least value. For 𝜎𝑚, the least means of 𝜀𝜎𝑚 are 0.09%, 0.29%,
0.04%, and 0.40% from interval 4 in the light rainfall and
moderate rainfall, from interval 3 in the heavy rainfall, and
from interval 2 in the rainstorm. For R, the overall mean of 𝜀𝑅
is 3.27%, and four interval schemes have good performances
in themoderate rainfall, heavy rainfall, and rainstorm, except
that 𝜀𝑅 has a larger standard deviation in the light rainfall,
whichmeans that it has awider variation. ForZ, interval 4 has
the best performance in the light rainfall, moderate rainfall,
and heavy rainfall; the mean of 𝜀𝑍 is 3.27%, 4.24%, and 3.14%
separately, whereas interval 1 has the best performance in the
rainstorm, and the mean of 𝜀𝑍 is 1.88%.

The simulation results of𝑁0,𝜇, andΛ ofGamma function
are shown in Figure 5. It can be seen that the mean and
standard deviation of 𝑁0 decrease with the increase of rain-
rate, 𝑁0 has the greatest error in the light rainfall, and the
maximum mean of relative error of 𝑁0 is 40.52%, whereas 𝜇
and Λ have less relative error, and their error increases with
the increase of rain-rate. 𝑁0 have the least relative error from
interval 3 in light rainfall, interval 4 in moderate rainfall,

interval 3 in heavy rainfall, and interval 2 in rainstorm
separately; the minimum means of 𝜀𝑁0 are 28.72%, 2.36%,
2.94%, and 0.77%; 𝜇 have the least relative error from interval
1 in light rainfall, interval 3 in moderate rainfall, interval 2
in heavy rainfall, and interval 4 in rainstorm separately; the
minimummeans of 𝜀𝜇 are 0.87%, 0.41%, 0.83%, and 4.76%; Λ
have the least relative error from interval 1 in light rainfall and
moderate rainfall, interval 3 in heavy rainfall, and interval 2
in rainstorm separately; theminimummeans of 𝜀Λ are 0.94%,
0.11%, 0.53%, and 1.33%.

Table 4 lists the mean relative error of the above parame-
ters; it can be seen that four schemes of sampling intervals
have different performances on raindrop size distribution
parameters in four rain-rate categories. For 𝐷𝑚, 𝜎𝑚, R, Z,𝑁0, 𝜇, and Λ, the scheme interval 2 has the maximum mean
relative error in light rainfall, moderate rainfall, and heavy
rainfall (8.10%, 5.38%, and 3.62%), and the scheme interval
4 has the minimum mean relative error in light rainfall,
moderate rainfall, and rainstorm (5.40%, 2.19%, and 2.25%);
and for the average of four rain-rate categories, the mean
relative errors of the scheme interval 1, interval 2, interval 3,



8 Advances in Meteorology

Interval 1
Interval 2

Interval 3
Interval 4

R
=
1.
4

m
m

/h

R
=
7
.2
8

m
m

/h

R
=
15

.8
1

m
m

/h

R
=
5
8.
5
8

m
m

/h

−100

−50

0

50

100

150
 N

0
(%

)

N0

(a)

Interval 1
Interval 2

Interval 3
Interval 4

R
=
1.
4

m
m

/h

R
=
7
.2
8

m
m

/h

R
=
15

.8
1

m
m

/h

R
=
5
8.
5
8

m
m

/h



−30

−20

−10

0

10

20

30

40

 
(%

)

(b)

Interval 1
Interval 2

Interval 3
Interval 4

R
=
1.
4

m
m

/h

R
=
7
.2
8

m
m

/h

R
=
15

.8
1

m
m

/h

R
=
5
8.
5
8

m
m

/h

−15

−10

−5

0

5

10

15

20

 Λ

Λ

(%
)

(c)

Figure 5: The mean and standard deviation of relative error of 𝑁0, 𝜇, and Λ.

Table 4: Mean relative error of parameters in different rain-rate categories.

R [mm/h] Scheme 𝐷𝑚 [%] 𝜎𝑚 [%] 𝑅 [%] 𝑍 [%] 𝑁0 [%] 𝜇 [%] Λ [%]

1.4

Interval 1 0.94 0.13 3.00 3.67 28.72 0.87 0.94
Interval 2 1.37 1.22 2.98 5.21 40.52 2.69 2.69
Interval 3 1.05 0.81 2.34 3.84 34.81 2.10 2.15
Interval 4 1.10 0.09 2.43 3.27 28.79 1.14 0.99

7.28

Interval 1 1.03 0.31 3.61 5.27 7.96 1.98 0.11
Interval 2 1.38 1.45 4.07 7.08 20.45 1.14 2.07
Interval 3 1.06 0.71 3.19 5.22 14.13 0.41 0.96
Interval 4 0.86 0.29 3.18 4.24 2.36 3.55 0.83

15.81

Interval 1 0.86 0.44 3.32 4.43 3.77 3.92 1.54
Interval 2 1.19 0.88 4.01 6.43 11.26 0.83 0.73
Interval 3 0.85 0.04 3.04 4.46 2.94 2.33 0.53
Interval 4 0.54 1.08 2.87 3.14 9.35 4.81 2.37

58.58

Interval 1 0.34 1.63 2.75 1.88 6.70 7.59 3.10
Interval 2 0.94 0.40 3.90 4.95 0.77 5.00 1.33
Interval 3 0.49 1.69 2.89 2.14 6.87 8.48 3.40
Interval 4 0.38 0.86 2.54 2.41 3.05 4.76 1.73
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and interval 4 are 3.60%, 4.89%, 4.03%, and 3.32% separately;
it can be concluded that the scheme interval 4 has the best
performance in the four categories of rainfall on the whole;
therefore the scheme interval 4 is adopted for the optimal
sampling bin sizes of PMCS.

The accuracy of DSD measurements varies with the
different instruments with different sampling principles and
different parameters settings, and there is no ideal reference
of rainfall field to test and evaluate them. This method based
on sampling process simulation can be applied not only for
performance evaluation of existing instruments, but also for
optimization of developing instruments. Given the above
discussions, based on the scheme interval 4 applied in PMCS,
the results of field experiments are shown as follows.

4. Field Experiments

A joint observation of PMCS, SL-3 tipping bucket rain Gauge
(short for Gauge), and OTT PARSIVEL disdrometer (short
for OTT) was launched at Nanjing, China, during June 2015;
the rainfalls are mainly convective rainfalls when it is plum
rain season, and rainfall observations on the 16th, 17th, 25th,
26th, 27th, 28th, 29th, and 30th of June are collected and
discussed. The rain-rate resolution and time resolution of
PMCS, Gauge, and OTT are 0.001mm/h and 1min, 0.1mm
and 1min, and 0.001mm/h and 10 sec. For the convenience
of comparative analysis, the data of three instruments are
processed in the same time resolution of 1min, and only the
rainfalls heavier than 0.1mm/h from PMCS and OTT are
used; after that the rainfalls obtained by all three instruments
have 3,618 minutes’ samples.

4.1. Rain-Rate and Rainfall Accumulation. The rain-rate and
rainfall accumulations observed by PMCS, OTT, and Gauge
are as shown in Figure 6. It can be seen that the sequential
variations of rain-rate observed by PMCS, OTT, and Gauge
have a good consistency and the rain-rate series of PMCS and
OTT have several sharp increases due to the fine resolution of
rain-rate. The maximum rain-rates measured by PMCS and
OTT are 139.6mm/h and 134.8mm/h, whereas themaximum
rain-rate measured by Gauge is only 108mm/h because of
the limited resolution and sampling principle. It tends to
underestimate the rain-rate in heavy rainfall events [12]. The
total accumulations of rainfall measured by PMCS, OTT, and
Gauge are 426.8mm, 480.8mm, and 412.7mm separately.
Considering that theGauge is usually taken as a reference, the
rainfall accumulations observed by PMCS and Gauge have
higher consistency than those by OTT and Gauge, which
validates the performance of PMCS formacroscopic variables
measurement.

In order to quantify the discrepancies between three
instruments, the relative deviation bias and absolute devia-
tion ab bias are defined as follows:

bias = (1/𝑛) ∑𝑛𝑖=1 (𝑥𝑖 − 𝑦𝑖)
⟨𝑥, 𝑦⟩ ,

ab bias = (1/𝑛) ∑𝑛𝑖=1 𝑥𝑖 − 𝑦𝑖
⟨𝑥, 𝑦⟩ ,

(15)

in which ⟨𝑥, 𝑦⟩ = (1/𝑛) ∑𝑛𝑖=1((𝑥𝑖 + 𝑦𝑖)/2) and 𝑥 and 𝑦 denote
the data series with length 𝑛. And a moving average of 3
minutes is used to process the raw data to reduce the effect
of sampling stochastic noises on the differential analysis
between each instrument.

Figure 7 shows the comparisons of 3min average rain-
rate between three instruments. It can be found that there
are good linear relationships between every two instruments,
especially between PMCS and OTT; the correlation coeffi-
cient between PMCS and OTT, PMCS and Gauge, OTT and
Gauge is 0.98, 0.96, and 0.99 separately. Rain-rate measured
by both PMCS andOTT is higher than rain-ratemeasured by
Gauge, the relative deviations are 4.5% and 15.0%, in which
absolute deviation between PMCS and Gauge is higher than
that between OTT and Gauge, the possible reason is that
the sampling efficiency is affected by capture probability of
PMCS, and the number density of large raindrops has an
unsteady step-down variance.

In fact, rain-rates measured by different instruments
have certain discrepancies in different rain-rate categories,
as shown in Table 5. The absolute deviations of three instru-
ments decrease with the increase of rain-rate on the whole.
The relative deviations between OTT and PMCS are positive,
which decreases with the increase of rain-rate; the relative
deviations between PMCS andGauge of𝑅 < 5mm/h and𝑅 ≥
20mm/h are positive, and the relative deviations between
PMCS and Gauge of 5 ≤ 𝑅 < 10mm/h and 10 ≤ 𝑅 < 20mm/h
are negative; the relative deviations between OTT and Gauge
are all positive, in which the relative deviations of 𝑅 <
5mm/h and 𝑅 ≥ 20mm/h are higher than those of 5 ≤ 𝑅 <
10mm/h and 10 ≤ 𝑅 < 20mm/h. There is a good agreement
between PMCS and OTT in all rain-rate categories; the
correlation coefficient is about 0.9, except for the correlation
coefficient of 0.74 in 5 ≤ 𝑅 < 10mm/h. Above all, the rain-
rate and rainfall accumulationsmeasured byPMCS agreewell
with the results measured by OTT and Gauge; the fluctuation
variation with time may increase the absolute deviation, but
the relative deviation remains small; it can be concluded
that the performance of PMCS for macroscopic variables
measurement is basically consistent with that of OTT and
Gauge.

4.2. Raindrop Size Distribution. The raindrops size distri-
bution can be described by mass-weighed mean diameter
𝐷𝑚 and standard deviation of mass-weighed spectrum 𝜎𝑚,
which denote the mean and variance of the spectrum. The
DSDs measured by PMCS and OTT are processed by (9); the
results are shown in Figure 8. 𝐷𝑚 and 𝜎𝑚 obtained by PMCS
and OTT have good accordance, the correlation coefficients
are 0.9032 and 0.8261, and the absolute deviations of 𝐷𝑚
and 𝜎𝑚 between PMCS and OTT are 0.12mm and 0.29mm
separately. The scatter plot shows that the discreteness of
both 𝐷𝑚 and 𝜎𝑚 increases with the increase of their values,
and the discreteness of 𝜎𝑚 is greater than that of 𝐷𝑚; the
discreteness of both 𝐷𝑚 and 𝜎𝑚 measured by OTT is greater
than thatmeasured byPMCS, denoting that PMCS canobtain
a narrower spectral width of DSD than OTT.

In order to explore the discrepancy of DSD measured by
PMCS and OTT thoroughly, the DSD data are divided into
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Figure 6: Rain-rate and rainfall accumulations obtained by three instruments.
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Figure 7: Comparisons of 3min average rain-rate between three instruments.

Table 5: Discrepancies of rain-rate between three instruments in different rain-rate categories.

Rain-rate category
(mm/h)

OTT-PMCS PMCS-Gauge OTT-Gauge
𝑟2 Bias ab bias 𝑟2 Bias ab bias 𝑟2 Bias ab bias

0 < 𝑅 < 5 0.90 18.3% 26.3% 0.69 4.5% 54.3% 0.76 22.8% 50.5%
5 ≤ 𝑅 < 10 0.74 14.9% 19.6% 0.30 −4.4% 24.1% 0.37 10.5% 21.3%
10 ≤ 𝑅 < 20 0.89 10.2% 16.0% 0.67 −0.2% 22.5% 0.82 10.0% 16.1%
𝑅 ≥ 20 0.93 9.4% 15.3% 0.89 6.9% 17.8% 0.96 16.2% 17.4%
All 0.98 11.7% 17.7% 0.96 3.3% 25.0% 0.99 15.0% 22.7%
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Figure 8: 𝐷𝑚 and 𝜎𝑚 measured by PMCS and OTT.

four categories according to the rain-rate; the average DSDs
are shown in Figure 9. For 0.1 < 𝑅 < 5mm/h, PMCS and
OTT measured basically the same DSD with diameter rang-
ing from 0.8mm to 3.0mm; the number density of raindrops
with𝐷 < 0.8mmand𝐷 > 3.0mmmeasured byOTT is high-
er than thatmeasured by PMCS; for 5 < 𝑅 < 10mm/h, PMCS
and OTT can obtain basically the same DSD with diameter
smaller than 3.0mm, and the number density of raindrops
with𝐷 > 3.0mmmeasured byOTT is higher than thatmeas-
ured by PMCS; for 10 ≤ 𝑅 < 20mm/h, PMCS can measure
more raindrops with 𝐷 < 0.5mm and less raindrops with
𝐷 > 3.0mm than OTT; for 𝑅 > 20mm/h, PMCS and OTT
can measure basically the same DSD with diameter ranging
from 1.5mm to 3.0mm, and PMCS can measure more
raindropswith𝐷 < 1.5mmandobviously less raindropswith
𝐷 > 3.0mm than OTT.

To summarize the above, the DSDs obtained by PMCS
and OTT have a good agreement, compared with OTT;
PMCS can measure more small/median raindrops and less
large raindrops (𝐷 > 3mm)with the increase of rain-rate; the
reason can be attributed to the difference between two
sampling principles.The imaging system can record the rain-
drops’ images clearly, while the attenuation of small raindrops
on laser transmission is not obvious, causing the underesti-
mation of small raindrops by OTT. On the other hand, large
raindrop takes on a smoothed conical shape [23], and its hor-
izontal size is larger than its vertical size; OTT can onlymeas-
ure the horizontal size of raindrops [5], although nonspheri-
cal corrections for this exist and overestimation of large rain-
drops remains. And the capture probability with diameter
larger than 3mmof PMCS is less than 0.3, causing the under-
estimation of large raindrops by PMCS.

Based on the DSD measurements, the moment parame-
ters and their deviations are calculated by (12) and (15); the
results are shown in Table 6. 𝑟2 denotes the correlation coeffi-
cient, bias denotes the relative deviation, and ab bias denotes
the absolute deviation. For all samples, the correlation coef-
ficients of M2, M3, and M4 between PMCS and OTT are
greater than 0.9, and the relative deviation increases with the
increase ofmoment order;M1 has theminimumrelative devi-
ation 0.9%, and the absolute deviations of M1, M2, and M3

between PMCS and OTT are relatively small, less than 30%.
Themoment parameters in different rain-rate ranges have the
similar features, except that M0 with 5 ≤ 𝑅 < 10mm/h
has the minimum relative deviation 2.9%, and M2 with
0.1 ≤ 𝑅 < 5mm/h, 10 ≤ 𝑅 < 20mm/h, and𝑅 ≥ 20mm/hhas
the minimum relative deviations 19.8%, 2.1%, and −5.8%; and
M1 andM2 have theminimum absolute deviation in different
rain-rate ranges; the variation of relative deviation and abso-
lute deviation of moments with rain-rate takes on a u-shaped
distribution; the relative deviation and absolute deviation of
0.1 ≤ 𝑅 < 5mm/h and 𝑅 ≥ 20mm/h are greater than those
of 5 ≤ 𝑅 < 10mm/h and 10 ≤ 𝑅 < 20mm/h. In conclusion,
M1, M2, M3, and M4 measured by PMCS and OTT have
a good agreement, and M6 has the greatest deviation. The
minimum deviation occurs in the rain-rate range 5 ≤ 𝑅 <
20mm/h and 10 ≤ 𝑅 < 20mm/h; the possible reason is that
small and large raindrops contribute most to M0 and M6,
while the OTT can measure smaller raindrops and larger
raindrops than PMCS, and the discrepancy becomes signif-
icant with the increase of rain-rate.

Considering that M2, M3, and M4 from PMCS and OTT
have better correlation, the M234 order moment method
is used to calculate 𝑁0, 𝜇, and Λ of Gamma distribution,
the probability distributions of 𝑁0, 𝜇, and Λ are shown in
Figure 10, and the corresponding peak values, median values,
and their probability are listed in Table 7. It can be found that
both peak values and median values obtained by PMCS are
greater than those obtained by OTT, and the corresponding
probabilities obtained by PMCS are lower than those obtain-
ed by OTT; the probabilities of log10(𝑁0) and Λ have the
similar distribution, the probability of PMCS is less than that
of OTT when log10(𝑁0) and Λ are less than their peak values
of PMCS, and the probability of PMCS is greater than that of
OTTwhen log10(𝑁0) andΛ are greater than their peak values
of PMCS. Comparing the probability of 𝜇 from OTT with
PMCS gives a difference of 0.05, and the difference between
the peak value and median value of 𝜇 from PMCS is 4,
whereas the difference between the peak value and median
value of 𝜇 from OTT is only 2; when 𝜇 gets greater than its
peak value, the probability of PMCS declines more slowly
than that of OTT. It can be concluded that there is a good
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Figure 9: Average DSDs measured by PMCS and OTT in four rain-rate categories.

Table 6: Deviation of moment parameters between PMCS and OTT in different rain-rate.

Rain-rate [mm/h] PMCS-OTT M0 M1 M2 M3 M4 M5 M6

0.1 ≤ 𝑅 < 5
𝑟2 0.63 0.67 0.76 0.78 0.73 0.63 0.52
Bias 22.0% 20.5% 19.8% 22.2% 29.5% 42.7% 62.3%

ab bias 37.8% 34.1% 32.9% 35.8% 43.9% 57.8% 78.2%

5 ≤ 𝑅 < 10
𝑟2 0.55 0.68 0.76 0.75 0.69 0.62 0.57
Bias 2.9% 6.0% 8.9% 13.7% 21.8% 33.6% 49.1%

ab bias 26.7% 22.5% 22.6% 27.1% 36.0% 49.2% 66.8%

10 ≤ 𝑅 < 20
𝑟2 0.34 0.54 0.69 0.76 0.74 0.71 0.67
Bias −10.1% −2.9% 2.1% 8.2% 17.5% 31.1% 49.5%

ab bias 34.0% 24.0% 20.7% 22.4% 29.4% 41.5% 59.0%

𝑅 ≥ 20
𝑟2 0.43 0.54 0.67 0.76 0.78 0.75 0.71
Bias −25.8% −15.9% −5.8% 6.7% 22.5% 41.9% 64.3%

ab bias 48.1% 34.1% 25.1% 23.2% 31.4% 47.0% 67.8%

All
𝑟2 0.66 0.81 0.90 0.92 0.91 0.88 0.82
Bias −1.7% 0.9% 4.0% 10.5% 21.8% 38.2% 59.1%

ab bias 36.7% 28.8% 24.7% 25.4% 32.9% 46.8% 66.4%
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Table 7: Peak values, median values, and corresponding probability of probability distributions of 𝑁0, 𝜇, and Λ of Gamma function.

Gamma parameter Peak value Probability of peak value Median value Probability of
median value

PMCS OTT PMCS OTT PMCS OTT PMCS OTT
log10(𝑁0) 4.8 4.3 0.11 0.15 6.3 5.3 0.06 0.09
𝜇 4.5 3.5 0.08 0.13 8.5 5.5 0.06 0.08
Λ 5.5 3.5 0.10 0.13 8.5 6.5 0.05 0.07
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Figure 10: Probability distribution of 𝑁0, 𝜇, Λ of Gamma function.

agreement between the Gamma parameters of PMCS and
OTT, while the PMCS can obtain a more complex DSD
variation because of the capture probability of PMCS.

𝜇-Λ and Z-R relationship obtained by PMCS and OTT
are fitted by least square method and shown in Figure 11;
the corresponding expressions are listed in Table 8. 𝜇 and Λ
measured by both PMCS and OTT follow a typical quadratic

function relationship, the fitted correlation coefficients are
0.911 and 0.914, and the PMCS has higher 𝜇 than OTT, caus-
ing the 𝜇-Λ expression obtained by PMCS to have a greater
quadratic coefficient and a smallermonomial coefficient than
those obtained by OTT. Z and R measured by both PMCS
and OTT follow an exponential function relationship, and
PMCS has a more concentrated Z-R scatter than OTT; the
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Figure 11: 𝜇-Λ and Z-R relationship obtained by PMCS and OTT.

Table 8: Expression of 𝜇-Λ and Z-R relationship obtained by PMCS
and OTT.

Instrument Fitted equation 𝑟2
PMCS Λ = 0.023𝜇2 + 0.803𝜇 + 1.576 0.911
PMCS 𝑍 = 231.7𝑅1.426 0.969
OTT Λ = 0.019𝜇2 + 1.085𝜇 + 0.939 0.914
OTT 𝑍 = 231.8𝑅1.534 0.931

coefficient of fitted Z-R relationship measured by PMCS is
very close to that measured by OTT, only the fitted curve of
PMCS is slightly lower than that of OTT, and the correlation
coefficients are 0.969 and 0.931 separately.

5. Conclusions

Sampling parameters of different disdrometers have various
impacts on the rainfall properties estimation. Aiming at the
self-developed precipitation microphysical characteristics
sensor (PMCS), the sampling process of raindrops by PMCS
based on a particle-by-particle Monte-Carlo model was sim-
ulated, the sampling effect of different bin sizes onDSDmeas-
urement of PMCS was discussed, and the optimum sampling
bin sizes were proposed.

The simulation results of five sampling schemes of bin
sizes in four rain-rate categories (light rainfall,moderate rain-
fall, heavy rainfall, and rainstorm) show that the raw capture
DSD has a significant fluctuation variation influenced by the
capture probability, and a certain number of large raindrops
are missed; compared with the raw capture DSD, there are
good consistencies between the inversed DSDs from 4 inter-
val schemes and real DSD; the reason is that the appropriate
sampling bin size and width can reduce the impact of varia-
tion of raindrop number on DSD shape. The scheme interval
4 has the minimum relative error and absolute error on the
whole; therefore, the scheme interval 4 is adopted as the opti-
mal sampling bin sizes of PMCS.

The field measurement of a PMCS, an OTT PARSIVEL
disdrometer, and a tipping bucket rain Gauge shows that the

rain-rate and rainfall accumulations have good consistencies
between PMCS, OTT, and Gauge; the DSDs obtained by
PMCS andOTThave a good agreement, comparedwithOTT,
and PMCS can measure more small/median raindrops and
less large raindrops (𝐷 > 3mm) with the increase of rain-
rate; the probability of 𝑁0, 𝜇, and Λ shows that there is a
good agreement between the Gamma parameters of PMCS
and OTT, while the PMCS can obtain a more complex DSD
variation because of the capture probability of PMCS; the
fitted 𝜇-Λ and Z-R relationship measured by PMCS is close
to that measured by OTT, which validates the performance
of PMCSon rain-rate, rainfall accumulation, andDSD related
parameters.
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Ice nuclei are very important factors as they significantly affect the development and evolvement of convective clouds such as
hail clouds. In this study, numerical simulations of hail processes in the Zhejiang Province were conducted using a mesoscale
numericalmodel (WRF v3.4).The effects of six ice nuclei parameterization schemes on themacroscopic andmicroscopic structures
of hail clouds were compared. The effect of the ice nuclei concentration on ground hailfall is stronger than that on ground rainfall.
There were significant spatiotemporal, intensity, and distribution differences in hailfall. Changes in the ice nuclei concentration
caused different changes in hydrometeors and directly affected the ice crystals, and, hence, the spatiotemporal distribution of other
hydrometeors and the thermodynamic structure of clouds. An increased ice nuclei concentration raises the initial concentration
of ice crystals with higher mixing ratio. In the developing and early maturation stages of hail cloud, a larger number of ice crystals
competed for water vapor with increasing ice nuclei concentration. This effect prevents ice crystals from maturing into snow
particles and inhibits the formation and growth of hail embryos. During latermaturation stages, updraft in the cloud intensified and
more supercooled water was transported above the 0∘C level, benefitting the production and growth of hail particles. An increased
ice nuclei concentration therefore favors the formation of hail.

1. Introduction

Statistics show that over 50% of mid-latitude precipitation is
caused by the melting of large ice particles produced during
the ice-phase transformation process; this ratio is slightly
lower (∼30%) in the tropics [1]. The microphysical process
of ice-phase transformation in clouds plays a distinct role in
the formation of precipitation particles. Thus, the ice crystal
nucleation process is very important [2–4]. Many scholars
have studied the distribution characteristics of ice nuclei (IN)
and their effects on clouds and precipitation using a com-
bination of observations and numerical simulation results.
The results showed that microphysical processes in clouds

are affected by changes in the atmospheric thermodynamic
environment through artificially propagating IN that can
grow into ice crystals.This consequently affects the latent heat
release rates, dynamic processes of strong convective clouds,
and resultant precipitation particles [5].

Given the fact that effect of IN on strong convective
clouds is extremely complex, there are no definite conclusions
about the net effects of the concentration of IN on strong
convective clouds [6]. Some studies suggest that an increase
in the IN concentration favors ground precipitation. For
example, a study focusing on the period between the 1940s
and the 1960s found that the concentration of ice crystals
in cloud with a large volume of aerosols (especially IN)
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transported by upstream winds had increased, leading to
increasing rainfall and hail in Indiana, which was affected
by urban air pollution during this period [7]. Khain et
al. [8] stated that the latent heat released by frozen small
cloud droplets enhances the convection in clouds as the IN
concentration increases in mixed-phase convection clouds,
resulting in increased precipitation. However, sensitivity tests
of the IN concentration of strong convective clouds showed
opposite effects. van den Heever et al. [9] and Carrió et
al. [10] discussed the effects of IN on strong convective
clouds in Florida using the Regional Atmospheric Modeling
System (RAMS), a highly versatile numerical code developed
by scientists at Colorado State University to simulate and
forecast meteorological phenomena [11]. The results showed
that the number of graupel particles decreases and that of hail
particles increases when the aerosol concentration increases.
In addition, an increased IN concentration in the early stages
of convective clouds leads to increased ground precipitation.
However, in the later stages, the aerosol concentration is the
lowest when the accumulated precipitation reaches its max-
imum. Connolly et al. [12] argued that the “frozen indirect
effect” produced by the increase in the IN concentration is
very small.

Note that the influence of the IN concentration on
convective precipitation is very complex and may differ from
one location and/or case to another. Observatory IN param-
eterization reflects the natural distribution and properties of
IN under certain conditions and locations, based on which
the ice phases in convective clouds initiate and evolve. Thus,
it is meaningful to use observatory IN parameterization
to explore the role of IN in the development of severe
precipitation.

2. Observation and Brief Review of
Parameterization Schemes of Ice Nuclei

Several IN parameterization schemes have been developed to
describe the IN concentration and heterogeneous nucleation
process of ice crystals. The fitting equation for the IN
concentration obtained from observations is widely used in
the model because of its simplicity. In the 1960s, Fletcher
[13] used the static filter method for the first time and
obtained an empirical equation for the IN concentration
that is only related to temperature. However, the nucleation
process treated by this diagnostic framework overestimates
the concentration of ice crystals and lacks sensitivity to
changes in saturation. Several studies also suggested that
the nucleation capacity of IN is temperature-dependent
[14–16]. Relevant research discussing the atmospheric IN
concentration and its variation has also been conducted in
China. You et al. [17–19] observed the concentrations of IN
and ice crystals in Beijing and Jilin, respectively, and obtained
an empirical fitting equation for the correlation between the
IN concentration and temperature. The characteristics of IN
and their influence on the ice crystal concentration were also
discussed.

Many observations have proven that the concentration
of ice crystals in clouds is not strictly determined by the
temperature [20, 21]. The deposition nucleation process can

be more suitably described by supersaturation with respect
to the ice surface [22–24]. This means that, under different
supersaturation conditions, IN have different surface prop-
erties and the same types of IN can only simultaneously
nucleate under the same environmental conditions.

The heterogeneous ice-phase nucleation process is not
simply determined by the temperature or ice surface super-
saturation. In 1985, Vali [25] proposed for the first time four
different mechanisms of heterogeneous ice-phase nucleation
including deposition, immersion-freezing, condensation-
freezing, and contact-freezing nucleation. However, the rel-
ative importance of these mechanisms has not been deter-
mined. Relevant studies suggest that [26, 27] immersion-
freezing and contact-freezing nucleation are most important
for mixed-phase clouds, while deposition nucleation is more
important in ice clouds above the troposphere. Other studies
showed that immersion-freezing and condensation-freezing
nucleation play a dominant role in the freezing mechanism
[28].

The prediction of the IN concentration in the model is
very complex and difficult due to the lack of understanding of
the relative importance of the four heterogeneous ice crystal
nucleation mechanisms. Meyers et al. [11] first developed
empirical relationships for different nucleation mechanisms,
which are still widely used in models [9, 10].

The deposition and condensation-freezing processes are
related to the surface supersaturation relative to ice. Water
vapor molecules attach to IN and then form ice crystals
through the deposition process, that is, the heterogeneous
deposition nucleation process. If the aerosol has both char-
acteristics of cloud condensation nuclei and IN, water vapor
molecules first attach to the aerosol and form liquid water
droplets, which then freeze into ice crystals, that is, the het-
erogeneous condensation-freezing nucleation process. The
empirical fitting equations for the two processes can be
expressed as

𝑁𝑖𝑑 = exp {𝑎 + 𝑏 [100 (𝑆𝑖 − 1)]} , (1)

where 𝑁𝑖𝑑 is the concentration of the deposition and
condensation-freezing nuclei per liter of air, 𝑆𝑖 is the satura-
tion relative to the ice surface, 𝑎 = −0.639, 𝑏 = 0.1296, and
the applicable temperature range is −5∘C to −20∘C.

No separate observations on contact-freezing nuclei con-
centration had been obtained until Cooper and Saunders [15]
conducted an observation, estimating the concentration of
contact-freezing nuclei. Based onCooper’s observation,Mey-
ers et al. developed a fitting equation for the concentration
of contact-freezing nuclei, which are temperature-dependent
[11]:

𝑁𝑖𝑐 = exp [𝑎 + 𝑏 (273.15 − 𝑇𝑐)] . (2)

If the aerosol diameter is 0.1 𝜇m, 𝑇𝑐 is the cloud droplet
temperature (K), 𝑎 = −2.80, 𝑏 = 0.262, and the unit of 𝑁𝑖𝑐
is L−1.

Following Meyers, the IN parameterization has been
developed [29, 30]. China’s meteorological researchers car-
ried out a series of IN observation experiments in the upper
reaches of the Yellow River [31, 32]. It was believed that
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the concentration of IN at different locations showed large
fluctuations, leading to changes in the empirical relationship
of atmospheric IN concentrations [33–36].

In 2007, Phillips et al. [37] developed an improved IN
concentration fitting equation based on Meyers’ research
by adding the empirical equation developed by DeMott
et al. [38] using the continuous-flow diffusion chamber
(CFDC) observed at the top of Mount Werner, Colorado,
and extending the applicable temperature range of IN acti-
vation. This fitting showed that the IN concentration in the
continental boundary layer calculated by Meyers’ empirical
formula is significantly higher than that of the interior of the
troposphere (especially at high elevations far from the land
source).

Phillips et al. [39] considered the effects of the phys-
ical and chemical properties and surface area of IN and
developed a new IN concentration equation. Connolly et al.
[12] developed a correlation equation between the density
of nuclei surface activation sites and IN concentration by
studying the immersion-freezing nucleation of dust particles.
Recently, Chinese meteorological researchers developed a
new empirical fitting equation for IN concentration using
observation data from Su [40] and Yang et al.[41].

3. Introduction of the Case Study and
Simulation Framework

3.1. Introduction of the Case Study and Models. Strong con-
vective weather occurred in a large area of the Zhejiang
Province on November 9, 2009. From 06:00 China Standard
Time (CST) to 12:00 CST, thick fog appeared in some areas
of eastern, northern, and central Zhejiang and lasted for up
to six hours. Thunderstorms and strong winds occurred after
15:00 CST throughout the province, representing the most
extensive and strongly convective weather that occurred in
the autumn of that year. In addition, hail fell at 15:45 CST
in the Pujiang County and other places. The hail diameter
reached 1.5 cm.

In this paper, numerical simulations using the WRF v3.4
mesoscale model were conducted. Six-hourly global reanaly-
sis data (1∘×1∘) from theNational Centers for Environmental
Prediction (NCEP) were selected as the initial field and
boundary data. The integration time of the hail process in
the model ranged from 08:00 to 20:00 CST on November
9, 2009. The integration time step was 36 s. The latitude and
longitude of the simulation center were 29.60∘N and 119.80∘E,
respectively. Double bidirectional nesting was adopted in the
model. From the coarse to fine D01 and D02 areas, the grid
resolution was 6.2 km and the numbers of grid points were
150 × 160 and 262 × 280, respectively. Twenty-seven layers
were used vertically. The microphysical cloud scheme was
an NSSL two-moment scheme [42] developed by the US
National Severe Storms Laboratory (NSSL) in 2010, which is
a hybrid phase cloud framework. With respect to microphys-
ical cloud processes, the model predicts the specific water
content (Qc, Qr, Qi, Qs, Qg, and Qh) and concentrations
(Nc, Nr, Ni, Ns, Ng, and Nh) of six types of hydrometeors
(cloud water, rainwater, ice crystals, snow, graupel, and hail
particles). The NSSL framework is an improved framework

based on the Ziegler framework [43], which can be used
to predict the average graupel particle density. The particles
ranging from frozen drops to low-density hail embryos
are collectively called graupels. Other physical processes
were selected as follows: the Monin–Obukhov surface layer
scheme, the Mellor–Yamada–Janjic (MYJ) boundary layer
scheme, theNoah land surface scheme, the rapid and accurate
radiative transfer model (RRTM) for longwave radiation
scheme, and the Dudhia for shortwave radiation scheme.
The Kain–Fritsch (new Eta) scheme was used for cumulus
convection parameterization in the D01 area, while the D02
area was closed.

3.2. Introduction of Ice Nuclei Parameterization Schemes

3.2.1. Ice Crystal Nucleation Process in the NSSL Framework.
In NSSL, three types of nucleation of ice crystals via IN are
considered: deposition, condensation-freezing, and contact-
freezing (heterogeneous ice-phase nucleation).

(1) Deposition and Condensation-Freezing Nucleation. There
are two scenarios for calculating the IN concentration of the
deposition and condensation-freezing processes. First, when
the temperature is less than −5∘C, the empirical relationship
of Meyers et al. [11] is used. Second, when the temperature is
greater than or equal to −5∘C, the equation given in Cotton et
al. [44] is used:

𝑁𝑖 =
{{{{{
𝑛𝑖𝑜 [ (𝑞V − 𝑞is)(𝑞ws − 𝑞is)]

4.5

exp (−0.6𝑇) , 𝑇 ≥ −5∘C
exp [12.96 (𝑆𝑖 − 1) − 0.639] , 𝑇 < −5∘C,

(3)

where 𝑞V is the water vapor mixing ratio, 𝑞is and 𝑞ws are the
saturation ratios relative to ice and water, respectively, and𝑆𝑖 = 𝑞V/𝑞is is the saturation relative to the ice surface.

(2) Contact-Freezing Nucleation. The parameter 𝑁𝑖 is the
activated contact nuclei concentration (unit: m−3) expressed
as 𝑁𝑖 = exp(4.11 − 0.262𝑇𝑐) and 𝑇𝑐 is the cloud droplet
temperature.

In most of the two-moment microphysical schemes, the
IN concentration is used to predict the concentration and
mixing ratio of ice crystals. The calculation of the IN con-
centration is based on simple empirical equations, as shown
above, and the initial ice crystal concentrations produced by
heterogeneous nucleation are obtained by calculation.

3.2.2. Sensitivity Test of the Ice Crystal Nucleation Process. To
better understand the effect of IN on cloud microphysical
processes, five additional IN parameterization schemes were
employed in this study in addition to the original one.
Through comparative experiments, the effects of the six
IN parameterizations on the spatiotemporal distribution of
ice crystals and other hydrometeors were discussed. The
effects of different IN parameterizations on microphysical
processes of hail clouds and the occurrence of hailstorms
were discussed. The following presents an overview of the
five IN schemes proposed to be simulated and the applicable
conditions.
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Figure 1: Variation of the ice nuclei concentration (unit: L−1) depending on the activation temperature; (a) 𝑇1 and 𝑇2 groups (unit: ∘C) and
ice surface supersaturation; (b) 𝑆 group (unit: %).

(1) The Fletcher [13] Scheme

𝑁𝑖 = 10−5 × exp (−0.6 × 𝑇) . (4)

The parameter 𝑁𝑖 is the number of activated IN in the
unit volume (L−1), 𝑇 is the corresponding temperature when
the IN is activated, and the applicable temperature ranges
from −27∘C to 0∘C. The concentration of IN calculated by
this scheme is lower than the value observed at higher
temperatures and the calculated concentration is higherwhen
the temperature is relatively low (−25∘C).
(2) The Cooper [15] Scheme

𝑁𝑖 = 0.005 × exp (−0.304 × 𝑇) . (5)

The applicable temperature ranges from −40∘C to 0∘C.

(3) The Phillips et al. [39] Scheme. Phillips et al. [39] inte-
grated and improved the Meyers [11] and DeMott schemes
[38]. The empirical correction factor Ψ was added and the
applicable temperature range of ice nucleation activation was
extended:

𝑁𝑖
= {{{

exp [−0.639 + 12.96 (𝑆𝑖 − 1)] × Ψ, −30 ≤ 𝑇 < −5
{exp [12.96 (𝑆𝑖 − 1.1)]}0.3 , −80 < 𝑇 < −30,

(6)

where the empirical correction factor Ψ = 0.06 and 𝑆𝑖
represents the surface saturation relative to ice.

(4) The Huang Mountain Observation (Chi Mt. H) Scheme
[40]. As differences in the IN concentration are significant
due to the influence of regional and meteorological factors,
the empirical relationship of the Chinese IN observation
was introduced. Su [40] observed IN at the top of the
Huang Mountain in Anhui, China, using a 5 L Bigg mixing
cloud chamber. The observation period was May to October
2011 and the total IN concentration equation (temperature
range from −25∘C to −10∘C) was developed by fitting, con-
sidering four types of nucleation mechanisms (deposition,
condensation-freezing, contact-freezing, and immersion-
freezing):

𝑁𝑖 = 0.0046 × exp (−0.388 × 𝑇) . (7)

(5) The Nanjing Observation (Chi NJ) Scheme [41]. Yang
et al. [41] performed observations using a 5 L Bigg mixed
cloud chamber in Nanjing, China. The observation period
was summer 2011 and a total ice nucleation concentration
equation (temperature ranging from −25∘C to −10∘C) based
on the four nucleation mechanisms was developed:

𝑁𝑖 = 0.0049 × exp (−0.388 × 𝑇) . (8)

To understand themicrophysical characteristics of clouds
and the response of precipitation to variations in the IN
concentration, the six ice nucleation schemes were divided
into three groups according to the calculation method of
the IN concentration (Figure 1) and the temporal and spatial
hydrometeor evolution were compared.
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Figure 2: Six-hour cumulative precipitation in Zhejiang at 20:00 CST on November 9; (a) observed and (b) simulated (unit: mm).The black
dot represents the Pujiang area and the black triangle represents the Hangzhou area.

In the first group, the IN concentration is temperature-
dependent, which is the classical fit (𝑇1 group) suitable for the
deposition and condensation-freezing nucleation processes
including the Fletcher and Cooper schemes. The second
group is also temperature-dependent (mixed-phase cloud
chamber measurements in China). It refers to the total IN
concentration equation based on all nucleation mechanisms
(𝑇2 group) including the Chi NJ and Chi Mt. H schemes.
The third group is related to the supersaturation relative to
the ice surface (𝑆 group) and includes the Philips and original
Meyers schemes.

4. Analysis of Numerical Simulation Results

4.1. Simulation and Analysis of Ground Rainfall. The main
precipitation area of this severe convective weather process
is northern and western Zhejiang Province and the rainfall
belt follows a northeast–southwest direction.The six hours of
cumulative precipitation, beginning at 9:00 CST on Novem-
ber 9, reached 67mm(Figure 2(a)). A secondary precipitation
center was located in the Hangzhou area, where the cumula-
tive rainfall reached 44mm. The precipitation area and time
of occurrence of the simulated 6-h cumulative precipitation
(Figure 2(b))were close to the actual condition.Theprecipita-
tion can be divided into two northeastern–southwestern rain
belts located in central-northern and southeastern Zhejiang.
The northern precipitation belt was close to the actual
situation and the location of the precipitation center was
consistent. The maximum cumulative rainfall was 70mm,
close to that observed. The cumulative precipitation of the
largest precipitation center in Hangzhou was 70mm, which
was higher than that observed.

4.2. Characteristics and Simulation of Radar Echo Evolution.
In this paper, the S-band of the newly generated Doppler
weather radar (CINRAD/SA) data from the Hangzhou Sta-
tion was used. At 11:43 CST on November 9, a convection
storm cell formed in the Huangshan area. At 12:17 CST, the
convection cell moved northeast and the intensity reached

65 dBz (Figure 3). Subsequently, this strong convective cloud
continued to move eastwards while merging with cells in the
front and strengthening. At 13:42 CST, a multicellular storm
composed of convection cells at different development stages
formed in the Hangzhou area. It was hook-shaped and the
echo topwas 11 kmhigh. At 15:23 CST, themulticellular storm
continued to develop and new cells were constantly generated
to the northeast and merged into the storm. Ultimately, a
vault convection belt was formed in Hangzhou and strong
thunderstorms and winds occurred in the Hangzhou area.
In the Pujiang County area at the southern end of the
echo zone, another strong convection cell developed and
moved eastwards with an intensity reaching 65 dBz. The top
of the echo was 16 km and the convection was strong. At
approximately 15:45 CST, ground hail occurred in Pujiang.
At 17:42 CST, the multicellular storm scattered into several
strong convection cells with wide coverage and formed a bow
echo. Its intensity was 60 dBz, and the maximum height of
the echo reached 14 km, corresponding to the thunderstorm
weather occurring at 18:00 CST. Subsequently, the echo belt
weakened and moved eastwards into the sea, ending the
strong convective weather in the Zhejiang Province.

The simulated precipitation area and intensity of the
maximum echo are consistent with the observation; both
showed eastward movement, which clearly indicates the
evolution characteristics of the strong convection cell such as
formation, development, andmature stages. Slight differences
of the observation are a larger echo range and slower
simulated development speed of the multicellular storm.The
simulations lagged behind the actual storm by approximately
one hour.

5. Comparative Experiment on the Effect of Ice
Nuclei Parameterizations on the Convective
Precipitation Process

5.1. Comparison of Cumulative Ground Rainfall. Figure 4
shows the simulated 6-h cumulative ground precipitation at
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Figure 3: Comparison of the radar reflectivity factor (top) between 12:00 and 18:00 CST on November 9 and the simulated maximum
reflectivity (bottom; unit: dBz).
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Figure 4: Simulation of the 6-h cumulative precipitation at 20:00 CST on November 9 in the Zhejiang Province based on different ice nuclei
parameterizations (unit: mm).

20:00 CST on November 9 based on the six IN parame-
terizations. Compared with the observed precipitation (Fig-
ure 2(a)), all parameterizations simulated the trends and
range of rainfall, but the rainfall intensity and heavy rainfall
center of the rain belt were different. For the heavy rainfall
centers, the results of the Fletcher, Chi Mt. H, and original
schemes were the closest to the actual situation and the
intensities were greater than 65mm. In addition, the rainfall
intensity predicted by the Chi NJ programwas smaller, while
that by the Cooper scheme was larger. For the secondary
precipitation center in Hangzhou, the intensity and location

simulated with the Fletcher, Philips, and original schemes
were the most accurate. Overall, the Fletcher scheme was
closest to the actual situation (followed by the original
scheme) in terms of the simulated range, trend, and rainfall
intensity of the rain belt and the locations of the two
precipitation centers matched the actual locations.

5.2. Comparative Analysis of Ground Cumulative Hailfall.
According to the cumulative hailfall intensity and distribu-
tion, the simulation results of the Cooper scheme (Figure 5)
were the least accurate and the center position of the strongest
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Figure 5: Case study 09: Simulated ground cumulative hail volume in the Pujiang area at 17:00 CST based on different simulations (unit:
mm).

hailfall deviated to the west of Pujiang. The hail intensity
in Pujiang was the smallest with respect to the other five
schemes. The Chi Mt. H scheme simulation results were also
not ideal, showing a deviation in the location of maximum
hailfall. The maximum hailfall locations simulated by the
other schemes appeared in the Pujiang area. The original
scheme showed the highest hail amount, while the Fletcher
scheme showed the smallest.

In summary, the effect of the IN concentration on ground
hail is significantly stronger than that on ground rainfall. The
IN influences the formation and growth of large ice particles
by changing the ice crystals, which directly contributes to
ground hail. For rainfall, only the strong precipitation center
location and rainfall amount differ slightly; the difference
does not exceed 5mm.

5.3. Influence of Ice Nuclei Parameterizations on
the Microphysical Structure of Convective Clouds

5.3.1. Influence on the Spatial and Temporal Distribution of
Initial Ice Crystals. Figure 6 shows that the variation of the IN
concentration directly affects the spatiotemporal distribution
of the initial ice crystals (Figures 6(a) and 6(b)). The ice
crystals generated in the hail cloud formation period are
used as initial ice crystals and the average ice crystal water
content and number concentration characteristics (Figures
6(a) and 6(b)) and vertical distributions of ice crystal water
content (Figure 7) were analyzed. The results show that the
average ice water content and number concentrations during
the period before 14:00 CST are as follows: (1) 𝑇1 group:
Cooper > Fletcher; (2) 𝑇2 group: Chi NJ > Chi Mt. H;
and (3) 𝑆 group: the original program > Philips. Based on
the combination with the IN concentration (Figure 1), the
distribution of ice crystals is related to the IN distribution.
A greater number of IN leads to a greater number of initial
ice crystals with higher water content. For example, the
applicable temperature range (from −40∘C to 0∘C) of ice
nucleation activation in the Cooper scheme is the largest.
The IN concentration increased rapidly with a decrease of

temperature and therefore the highest concentration of initial
ice crystals was produced (110 × 103 L−1) and the water
content was the highest (21mg⋅kg−1). In comparison, the IN
concentration of the Fletcher scheme was the smallest and
the applicable temperature range was smaller than that of the
Cooper scheme. Therefore, the number of initial ice crystals
in this scheme was the smallest (51 × 103 L−1) and the water
content was the lowest (13mg⋅kg−1). The differences in the
concentration and water content of ice crystals between these
two schemes were 59 × 103 L−1 and 8mg⋅kg−1, respectively.
5.3.2. Influence on theVerticalDistribution of Ice Crystals. The
differences in the vertical distribution of ice crystals in each
scheme are due to the maximum values and water content
(Figure 6(c)). The Cooper scheme has the highest height of
maximum value andwater content of ice crystal.The Fletcher
scheme has the lowest height of maximum value (8.5 km)
and water content of ice crystal. This difference is due to
the Cooper scheme having a wider temperature range; there
are more IN at lower temperatures and, in contrast, less IN
in the low temperature ranges in the Fletcher scheme. Thus,
the height at which ice crystals are present is related to the
temperature range of ice nucleation activation.

5.3.3. Effects of Different Ice Nuclei Parameterizations on the
Spatial and Temporal Distribution of Other Hydrometeors.
The variation of the IN concentration leads to different
changes of different types of hydrometeors. Ice crystals, as
the most basic ice-phase particles, change the temporal and
spatial distribution of other hydrometeors and the macrode-
velopment and structure of the cloud by participating in
the ice-phase transformation process. On the other hand,
these changes will in turn affect the temporal and spatial
distribution of ice crystals through microphysical processes.
To understand the evolution of microphysical processes in
the cloud, the spatiotemporal distributions of the airflow
structure and hydrometeors in the cloud are analyzed in
detail.
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Figure 6: Variation of the regional (118.7∘E–120.2∘E, 29.4∘N–30.4∘N) average mixing ratio ((a) unit: mg⋅kg−1) and the number concentrations
((b) unit: 103 L−1) of ice crystals with time and the variation of the regional average mixing ratio with height from the hail cloud generation
to the extinction period ((c) unit: mg⋅kg−1).

(1) Influence on the Temporal and Spatial Distribution of Snow
Particles. In combination with the temporal evolution of ice
crystals, the macroscopic variation of the snow water content

over time was analyzed (Figure 8). The peak of snow water
occurs slightly later than the peak of ice crystals. The lag of
snow water indicates that initial ice crystals were formed first
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Figure 7: Continued.
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Figure 7: Cross section of the simulated cloud water mixing ratio (solid line, minimum 0.1 g⋅kg−1, interval 1 g⋅kg−1), ice crystal mixing
ratio (black dotted line, minimum 0.05 g⋅kg−1, interval 0.1 g⋅kg−1), and updraft (colored) and isothermal line (dashed gray line) in latitudinal
direction: (a) original; (b) Philips; (c) Cooper; (d) Fletcher; (e) Chi NJ; and (f) Chi Mt.H.

and then grew to a certain size through deposition, Bergeron,
and collision processes and eventually transformed into snow
particles.

The spatial distribution characteristics of snow particles
at different stages were analyzed (Figure 9). In the develop-
ing and early-mature stages of hail cloud, the snow water
content is in the following order: (1) 𝑇1 group: Cooper <
Fletcher; (2) 𝑇2 group: Chi NJ < Chi Mt. H; and (3) 𝑆
group: original < Philips. This is opposite to the distribution
of the ice crystal content in the previous section. The
distribution and variation characteristics of the concentration
of snow particles are similar to those of the water content
(Figure 8(b)).

The above-mentioned results show that the increase of
ice crystal caused by increased IN is not conducive to the
formation and growth of snow particles. In case of a con-
stant amount of water vapor, the water vapor consumption
increases with increasing formation of ice crystals. Many ice
crystals compete for limited water vapor and cannot grow
quickly to transform into snow crystals, thus inhibiting the
production and growth of snow particles, resulting in a lower
amount of snow particles.

(2) Influence on the Temporal and SpatialDistribution of Cloud
Water and Rainwater. The modified IN parameterization
schemes have the least effect on the cloudwater and rainwater
content. The cloud water content (Figure 7) during the initial
stage is in the order of original program < Philips and
Cooper < Fletcher because a greater number of IN eventually
result in an increased number of ice crystals, thus raising the
consumption of liquid water in the cloud.

With respect to the rainwater content (Figure 9), schemes
withmore IN correspond to less rainwater below the 0∘C level
before the maturation stage (e.g., Chi NJ < Chi Mt. H). As
the IN concentration increases, many ice crystals compete
for liquid water, consequently inhibiting the growth of ice
particles.This is not conducive to the growth of large-sized ice
particles and formation of raindrops and results in less rain.
In addition, the increased intensity of the updraft in the cloud
leads to a reduced liquid water content below the 0∘C layer.
However, this trend is less pronounced after the maturation
of the hail cloud.

(3) Influence on the Spatial and Temporal Distribution of Hail
Embryos (Graupel) and Hail. The relationship between ice
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Figure 8: Variation of the regional average (118.7∘E–120.2∘E, 29.4∘N–30.4∘N) mixing ratio ((a) unit: mg⋅kg−1) and concentration ((b) unit:
103 L−1) of snow particles with time.

nuclei and graupel/hail is even more complex. Hail embryos
(graupel) formed in the hail cloud developing stage and then
enlarged and developed into hail.The hail then grew to a large
enough size and started falling in the early-mature stage of the
hail cloud. After hail fell on the ground, the hail cloud entered
the later maturation stage.

The variation of graupel in each group is similar to that
of snow particles from hail embryo formation to hailfall
(Figure 10). For example, in the 𝑇2 group Chi NJ < Chi Mt.
H; that is, the graupel water content of the scheme cor-
responding to more abundant IN is smaller than that of
the scheme corresponding to fewer IN. With increasing IN
concentration, the early formation of graupel is inhibited and
the stronger updraft in the later stages of hail cloud may
promote the transformation of snow to graupel particles.
As a result, the snow water content in the mature stage
is noticeably reduced such as in the Cooper and Chi NJ
schemes (Figure 10).

The hail particles in each group show a variation trend
opposite to that of above-mentioned graupel particles in the
early or later periods of the mature stage (Figure 11). This is
consistent with the results of van den Heever et al. [9] and
Carrió et al. [10] who studied the effects of the increase of IN
on graupel and hail in a severe precipitation case in Florida.
In this study, the hail water content in the 𝑆 group is in the
order of original > Philips scheme in the early stage of hail
cloud maturation. In the later maturation stage of the hail
cloud, the hail content in the 𝑇1 and 𝑇2 groups showed the
following order: Cooper > Fletcher and Chi NJ > Chi Mt.
H. The results demonstrate that the scheme with higher IN

concentration corresponds to a larger hail water content in
the maturation stage and greater amount of hail falling to the
ground.

The increase of the IN concentration has a certain
inhibitory effect on the growth of hail embryo (graupel; in
the development and early maturity stages). However, when
hail grew to the hail precipitation stage (later period of the
mature stage), the scheme in which the hail content was
higher corresponds to a higher IN concentration, indicating
that an increased IN concentration is favorable for later hail
growth. In the hail embryo formation and growth stages, the
increased IN concentration is not conducive to the growth
of hail embryos due to reasons similar to those presented
for the above-mentioned snow particle suppression; that is,
a large number of small ice particles compete for water
resources, therefore making it more difficult to grow into
large ice particles, leading to lower graupel water contents.
More importantly, the amount of snow particles is relatively
small. Therefore, the corresponding graupel transformed by
snow particle growth decreases. However, at the same time,
the intensity of updraft in the cloud increases, which may be
due to significant latent heat released by phase transformation
(such as deposition, freezing), consequently strengthening
the convection in clouds [5, 45].

When graupel grows into hail, the increase in the updraft
velocity will transport more supercooled water above the
0∘C level and lead to the growth of graupel and hail by
collision with supercooled water, which is indicated by the
apparent supercooled water consumption in the Fletcher
scheme (Figure 7). Otherwise, the updraft is strong enough to
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Figure 9: Continued.
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Figure 9: Cross section of the simulated rain water mixing ratio (solid line, minimum 0.1 g⋅kg−1, interval 2.5 g⋅kg−1), snow water mixing
ratio (black dotted line, minimum 0.1 g⋅kg−1, interval 0.3 g⋅kg−1), and updraft (colored) and isothermal line (dashed gray line) in latitudinal
direction: (a) original; (b) Philips; (c) Cooper; (d) Fletcher; (e) Chi NJ; and (f) Chi Mt. H.

allow hail to have more time to encounter supercooled water
droplets, allowing hail particles to grow.

6. Summary and Discussion

(1) With respect to the hail process simulated in this work,
the influence of the IN concentration on ground hailfall is
significantly stronger than that on ground rainfall. There
were significant differences in hailfall region and intensity.
For rainfall, it only led to slightly different locations of
the strong precipitation center and rainfall amount and the
difference of rainfall did not exceed 5mm. The changes of
the IN concentration caused different changes of hydrome-
teors in the cloud. The effect on ice crystals was the most
significant. The larger the amount of IN is, the greater
the initial concentration of ice crystals and water content
of ice crystals is. The difference of the ice crystal water
content, calculated based on the Cooper scheme with the
highest IN concentration and the Fletcher scheme with the
smallest IN concentration, was 9mg⋅kg−1. The difference in
the ice crystal concentration was 95 × 103 L−1. In addition,
the height at which the maximum ice crystal water content

occurred was determined by the temperature range of the ice
nucleation activation. The effect of the IN concentration on
the cloud water and rainwater content was relatively small.
As the IN concentration increases, a large number of ice
crystals is generated, which compete for water vapor, and the
rapid growth of ice crystals through the Bergeron process
consumes a large number of supercooled water droplets,
which indirectly affects the variation of the cloud water and
rainwater content.

(2) In this case, the influence of varying IN concentrations
at different stages of the hail cloud also differ.The IN changes
the temporal and spatial distribution of other hydrometeors
and dynamic structure in the cloud by ice crystal variation.
Generally, in the developing and early maturation stages of
hail development, a larger number of ice crystals compete for
limited water vapor and cloud water as the IN concentration
increases, therefore preventing the growth of ice crystals
and slowing down their transformation to snow crystals.
This indirect dependency has an inhibitory effect on the
formation and growth of snow/hail embryos. During the later
maturation stage, updraft in the cloud increases, transporting
more supercooled water above the 0∘C level. On the other
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Figure 10: Continued.
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Figure 10: Cross section of the simulated graupel water mixing ratio (solid line, minimum 0.5 g⋅kg−1, interval 3 g⋅kg−1), UWwind vector, and
0∘C line (thin solid line) in latitudinal direction based on the different schemes: (a) the original scheme; (b) Philips; (c) Cooper; (d) Fletcher;
(e) Chi NJ; and (f) Chi Mt. H.
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Figure 11: Cross section of the simulated hail water mixing ratio (solid line, minimum 0.1 g⋅kg−1, interval 1 g⋅kg−1), UW wind vector, and
0∘C line (thin solid line) in latitudinal direction based on the different schemes: (a) original scheme; (b) Philips; (c) Cooper; (d) Fletcher; (e)
Chi NJ; and (f) Chi Mt. H.
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hand, this allows more time for hail particles to grow via
the collection of ice, snow particles, and supercooled water
droplets.

In conclusion, the development of hail storms and their
dependency on IN are very complex. In the future, the
temporal and spatial variations of IN should be considered
in the simulation of severe precipitation based on high-
precision observations of aerosol characteristics such as the
physical and chemical properties of aerosol particles and IN
activation properties of aerosols.
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To compensate radar reflectivity for attenuation effect, a new method for attenuation correction of the radar reflectivity using
arbitrary oriented microwave link (referred henceforth to as ACML) is developed and evaluated. Referring to the measurement of
arbitrary orientedmicrowave link, the ACMLmethod optimizes the ratio of specific attenuation to specific differential phase which
is a key parameter in attenuation correction schemes. The proposed method was evaluated using real data of a dual-polarization
X-band radar and measurements of two microwave links during two rainstorm events. The results showed that the variation range
of the optimized ratio was overall consistent with the results of the previous studies. After attenuation correction with the optimal
ratios, the radar reflectivity was significantly compensated, especially at long distances. The corrected reflectivity was more intense
than the reflectivity corrected by the “self-consistent” (SC) method and closer to the reflectivity of a nearby S-band radar. The
effectiveness of the method was also verified by comparing the rain rates estimated by the X-band radar with those derived by rain
gauges. It is demonstrated that arbitrary oriented microwave link can be adopted to optimize the attenuation correction of radar
reflectivity.

1. Introduction

Weather radar plays an important role inweather surveillance
due to its high spatial-temporal resolution. Compared with
the long wavelength (e.g., S- and C-band) radars, short
wavelength (e.g., X-band) radars have some advantages,
including smaller-sized antenna and higher sensitivity of
the differential phase shift to rain rate. An urban remote
sensing network composed of eight dual-polarization (DP)
X-band radars was deployed to overcome the WSR-88DP
coverage limitations and provide flash flood warnings [1].
However, the impact of attenuation caused by precipitation
at higher frequencies needs to be compensated for success-
ful implementation of quantitative precipitation estimation
(QPE). Various methods have been developed to correct
the attenuated radar reflectivity. However, because the actual
amount of attenuation is unknown, the existing methods for
attenuation correction still have many problems. Hitschfeld
and Bordan (1954) demonstrated that their HB algorithm is

inherently unstable and certain constraints imposing on the
total attenuation are required [2]. For dual-polarized radar,
many attenuation correction algorithms were developed.
They are based on the property that the differential propaga-
tion phase 𝜑DP is nearly linearly proportional to cumulative
attenuation in typical radar frequencies [3]. Testud et al.
(2000) proposed a correction algorithm (the ZPHI rain
profiling algorithm), which assumed a fixed proportionality
constant of the dependence of specific attenuation 𝐴𝐻 on
specific differential phase𝐾DP [4]. But the ZPHI algorithm is
very sensitive to the proportionality constant. To tackle this
problem, many studies have focused on the determination of
the correction coefficients. Bringi et al. (2001) proposed the
so-called “self-consistent” method (SC), in which an optimal
proportionality constant of 𝐴𝐻/𝐾DP is estimated by com-
paring the calculated 𝜑DP with the measured 𝜑DP [5]. Based
on SC method, Park et al. (2005) modified the attenuation
correction method for the X-band frequency [6]. To track
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variability in drop size distribution (DSD), Lim and Chan-
drasekar (2006) developed a dual-polarization rain profiling
algorithm (DRPA) incorporating reflectivity as well as differ-
ential reflectivity profiles with attenuation. A self-consistent
method corresponding to the DRPA (SC-DRPA) was also
proposed to get the optimal correction coefficients [7]. The
DRPAmethod has been improved through being less affected
by the bias of reflectivity and differential reflectivity [8]. Rico-
Ramirez (2012) extended HB and Iguchi’s “Final Value” (FV)
[9] algorithms tomake the correction coefficients adaptive by
parameter optimization in a similar way to the SC method
[10]. Kalogiros et al. (2014) provided the self-consistent with
optimal parameterization (SCOP) algorithm for attenuation
correction of radar reflectivity which uses optimal parame-
terization and best-fitted functions of specific attenuation and
backscattering differential phase shift [11]. It can be seen from
these studies that the coefficient optimization is critical for
improving the effectiveness of the proposed methods.

Recently, a variety of investigations have focused on
using existing microwave links which widely spread across
countries for rain monitoring, validating, and optimizing the
radar-based QPE, attenuation correction of radar observa-
tions, and so forth [e.g., [12, 13]]. It is concluded that path
averaged precipitation estimated by the attenuation along
the link path is more compatible with radar observations
than point measurements by gauges [14]. Krämer et al.
(2005) adopted the attenuation and rainfall information
derived from a microwave link with its receiver colocated
with an X-band weather radar as a reference to correct
the radar data for rainfall estimation [15]. Using the same
link as in [15], Rahimi et al. (2006) presented a backward-
iterative attenuation correction algorithm on which the link
attenuation constraint was imposed [16]. Trömel et al. (2014)
demonstrated that the ratio of𝐴𝐻/𝐾DP can be optimizedwith
the help of microwave links oriented along radar radial [14].
However, in these studies focusing on attenuation correction
of radar observations using microwave link measurements,
the utilized links are required to be along the radar radial
direction.This restrains the applications of arbitrary oriented
microwave links and those proposed algorithms. In addition,
because only the radar observations of the ray alongwhich the
microwave link is located can be corrected, the effectiveness
of those methods is also reduced.

To tackle these problems, this paper proposes a method
for attenuation correction of radar reflectivity by using
measurement of arbitrary oriented microwave link. The
proposed method was evaluated with real data of a dual-
polarization X-band radar and the records of two microwave
links during two rainstorm events.The validity of themethod
was demonstrated by comparing the corrected reflectivity
with the result of the SC method and with the reflectivity
of a nearby S-band weather radar. The effectiveness was also
evaluated by comparing the rain rates estimated by the X-
band radar with those derived by rain gauges. The results
show that the ACML provides an alternative approach to
optimize the correction coefficients and broaden the appli-
cation scope of microwave links in attenuation correction of
radar reflectivity and QPE.This paper is organized as follows.
The proposed ACML algorithm is described in Section 2.

Section 3 presents the experiments and the important results.
Finally, the conclusions are presented in Section 4.

2. Methodology

The ACML is based on the ZPHI rain profiling method
[4]. Firstly, brief introduction of the ZPHI and the SC [5]
algorithms is given.

2.1. The ZPHI and SC Algorithms. The specific attenuation
𝐴𝐻(𝑟) [in dB/km] and the measured reflectivity 𝑍𝐻(𝑟) [in
mm6/m3] at range 𝑟 can be expressed as

𝐴𝐻 (𝑟) = 𝑎 [𝑍𝐻 (𝑟)]𝑏 , (1)

𝑍𝐻 (𝑟) = 𝑍𝐻 (𝑟) 𝑒−0.46 ∫
𝑟

0
𝐴𝐻(𝑠)𝑑𝑠, (2)

where 𝑍𝐻 is the intrinsic reflectivity. The path-integrated
attenuation can be expressed with respect to 𝑍𝐻 and 𝑍𝐻 as

2∫
𝑟

𝑟0
𝐴𝐻 (𝑠) 𝑑𝑠 = 10 log10 [𝑍𝐻 (𝑟)]

− 10 log10 [𝑍𝐻 (𝑟)] ,
(3)

where 𝑟0 is the range corresponding to the first resolution
volume with precipitation. In the ZPHI algorithm, 𝐴𝐻
is determined with a constraint that the two-way path-
integrated attenuation PIA2 is proportional to the total span
of the propagation differential phase 𝜑DP:

PIA2 = 𝛼 [𝜑DP (𝑟1) − 𝜑DP (𝑟0)] = 𝛼Δ𝜑DP (𝑟0, 𝑟1) , (4)

where 𝑟1 denotes the ending range of the precipitation. With
this constraint, a final form of 𝐴𝐻 can be described as

𝐴𝐻 (𝑟) =
[𝑍𝐻 (𝑟)]𝑏 [100.1𝛼𝑏Δ𝜑DP − 1]

𝐼 (𝑟0, 𝑟1) + [100.1𝛼𝑏Δ𝜑DP − 1] 𝐼 (𝑟, 𝑟1) ,
(5)

where

𝐼 (𝑟0, 𝑟1) = 0.46𝑏∫
𝑟1

𝑟0
[𝑍𝐻 (𝑠)]𝑏 𝑑𝑠,

𝐼 (𝑟, 𝑟1) = 0.46𝑏∫
𝑟1

𝑟
[𝑍𝐻 (𝑠)]𝑏 𝑑𝑠,

(6)

and 𝑟0 < 𝑟 < 𝑟1. It should be noted that the calculation
of the 𝐴𝐻 using (5) needs setting a priori values for the
exponent 𝑏 and the coefficient 𝛼 in (1) and (4), respectively.
Given that 𝐴𝐻 and 𝑍𝐻 are less sensitive to variations of
temperature anddrop shape than other polarimetric variables
[e.g., [17, 18]], the exponent 𝑏 has a relatively small dynamic
value ranging from 0.76 to 0.84 at X-band [19]. On the other
hand, the coefficient 𝛼 varies widely with temperature and
drop shape. According to the scattering simulations under
various temperatures and drop shapes, the coefficient 𝛼 varies
from about 0.05 to 0.11 dB(∘)−1 at C-band [20] and from 0.139
to 0.335 dB(∘)−1 at X-band [6]. So, a fixed value of 𝛼 may
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Figure 1: The flow schematic diagram of the optimization and correction algorithm.

introduce nonignorable errors in the retrieval of 𝐴𝐻, which
in turn affects the attenuation correction of radar reflectivity.
In SC method, an optimal 𝛼 value is estimated based on self-
consistent principle [5]. For a given 𝛼 value, 𝐴𝐻(𝑟, 𝛼) at each
range is calculated by (5), and then 𝜑calDP(𝑟, 𝛼) is given as

𝜑calDP (𝑟, 𝛼) = 2∫
𝑟

𝑟1

𝐴𝐻 (𝑠; 𝛼)
𝛼 𝑑𝑠. (7)

The optimal 𝛼 value is chosen when the difference between
the calculated𝜑calDP and themeasured𝜑DP over the entire range
through an attenuating rain cell

Error of 𝜑DP =
𝑁

∑
𝑖=1

𝜑calDP (𝑟𝑖; 𝛼) − 𝜑DP (𝑟𝑖) (8)

is minimal, where 𝑖 denotes the range gate index from 𝑟0 to𝑟1 and 𝑁 is the number of data points across the rain cell
between 𝑟0 and 𝑟1.
2.2. The ACML Method. Instead of presetting a fixed 𝛼 in
ZPHI and estimating an optimal 𝛼 from the radar data itself
in SC, the ACML estimates the optimal 𝛼 by an iterative
process based on incorporating radarmeasurements and link
measurements. In ACML, an initial value of 𝛼 is set firstly
and then the mean specific attenuations 𝐴ML and 𝐴𝑅 are
retrieved with this 𝛼 using link measurements and radar
measurements, respectively. The optimal 𝛼 is determined by
minimizing the difference of𝐴ML and𝐴𝑅.Theflow schematic
diagram is shown in Figure 1.

2.2.1. Retrieval of Mean Specific Attenuation Using Microwave
Link Measurements. Firstly, the attenuation baseline (or zero
level) of microwave link should be determined to obtain
the attenuation due to the rain along the link path. The

baseline is not constant over time and fluctuates with changes
of water vapor concentration, temperature, wind effects
on the antenna, losses during transmission and reception,
interferences, and possible multipath effects [21]. Therefore
the calibration of the baseline (or zero level) is crucial for
the link attenuation measurement [12]. Following the work
of Chwala et al. (2012), the dry and wet (rainy) periods can be
identified by considering the power spectrum of the received
signal level (RSL) [22]. If the difference between powers in
low frequency and high frequency regions exceeds a preset
threshold, the period is identified as wet. In the ACML
method, the radar can also be used as a wet/dry indicator.
Furthermore, in our experiment, a rain gauge which was
deployed just in the link path can be used as another wet/dry
indicator. So, if the result of Chwala’s method, or at least one
radar pixel along the link, or the measurement of the rain
gauge indicates that it is rainy, a wet period will be triggered.
After identifying dry and wet periods, the baseline is set to
the value just before a transition from a dry to a wet period.
Then, the link attenuation due to precipitation AttenuML is
obtained by subtracting the received power from the baseline.
Themean specific attenuation𝐴ML (dB/km) can be retrieved
based on microwave link as

𝐴ML = AttenuML
𝐿ML
, (9)

where𝐿ML (km) is the length of the link path. If the frequency
of the link differs from that of the radar, it is necessary to
transfer the attenuation at link frequency to that at radar
frequency before comparing the mean specific attenuation
retrieval results.

2.2.2. The Iterative Procedure. As shown in Figure 1, the
iterative procedure to optimize the coefficient 𝛼 is performed
as follows. Firstly, the initial value of 𝛼 is set to a certain
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Table 1: Main characteristic values of the X-band radar and the S-band radar.

Radar Transmitting
frequency/GHz Gate width/m Antenna beam

width/∘ Range/km Peak power/kw Height of antenna/m

XR 9.19 75 1.5 60 75 15
SR 2.85 1000 0.99 460 650 138

Radar

Link

VNML

Vi

V2

V1

Figure 2: Sketch map of the retrieval of the mean specific attenua-
tion along link path by radar.

range which can be determined from previous studies in the
literatures (e.g., from 0.139 to 0.335 dB(∘)−1 in [6]).

Subsequently, with an estimate value of 𝛼 along with (5),
(6), and (10), the radar retrieved mean specific attenuation
along link path 𝐴𝑅 can be attained with

𝐴𝑅 = ∑
𝑁ML
𝑖=1 𝐴𝐻𝑖
𝑁ML
, (10)

where 𝑁ML is the total number of radar measurement
volumes along the link path (see Figure 2). It should be
noted that since the distances from different parts of the link
to radar are different, the volume size and height of each
radar gate along link are different. Therefore, the specific
attenuation is calculated in volumes of different sizes and
heights.The difference of the radarmeasurement volumewill
increase with the distance from link to radar and will cause
uncertainties in the estimation of 𝐴𝑅. Moreover, when the
link is far away from the radar, the radar and link will be
more spatially mismatch.This will also cause uncertainties in
the proposed method. So, to ensure the effectiveness of the
method, the link cannot be too long.

Then a cost function (𝛿𝐴) which is defined as the
difference between the mean specific attenuations retrieved
by radar and link is calculated as

𝛿𝐴 = 𝐴𝑅 − 𝐴ML
 . (11)

A golden-section search method [23] is applied here to find
the optimal coefficient 𝛼 that minimizes the cost function.
In each iteration, given an interval [𝛼1, 𝛼2] which contains
an extremum for cost function 𝛿𝐴, the golden-section search
method is performed by initially choosing two internal points
𝛼3 and𝛼4 in the interval.The distance between the right-most
internal point 𝛼4 and the left-most endpoint 𝛼1 equals to the

distance between the right-most endpoint 𝛼2 to the left-most
internal point 𝛼3. Both distances are equal to 0.618(𝛼2 − 𝛼1).
If 𝛿𝐴(𝛼3) > 𝛿𝐴(𝛼4), the range of 𝛼 for the next iteration will
be set to [𝛼3, 𝛼2]. Otherwise, the range will be set to [𝛼1, 𝛼4].
Therefore, the range of 𝛼 is narrowed by a fixed coefficient
(0.618) after each iteration.

Finally, using the optimized value of 𝛼 along with (5) and
(6), the optimal specific attenuation 𝐴𝐻(𝑟; 𝛼opt) at each gate
of radar within the azimuth range which the link crosses can
be retrieved, and the attenuated reflectivity can be corrected
by (3).

3. Experiment and Results

To verify the effectiveness of the ACML method, data from
two rainstorm cases were analyzed. For each case, data were
obtained from an X-band dual-polarization radar (XR), an S-
band single polarization radar (SR), a microwave link (ML),
and six rain gauges. During these two cases, the radars (i.e.,
the XR and the SR) were the same, while the MLs and rain
gauges were different. The MLs used in the two cases were
different in transmitting frequency, range to radar, and link
length.The effectiveness of the ACMLmethod can be verified
by comparing the corrected reflectivity with the reflectivity
of the SR and the correction result of the SC method. The
performance of the ACML method can also be evaluated by
comparing the XR estimated rainfall with the gauge derived
rainfall.

3.1. Data Sources. The locations of the XR, SR, two MLs,
and twelve rain gauges used in experiments are indicated in
Figure 3.

(a) Radars.Both the XR and the SR locate in Jiangsu province,
China, and their main characteristic values are listed in
Table 1.

The XR collected volume scan data with 2 or 4 elevations
every 2 minutes. In each ray, it collected data from 800 gates
of 75m. The SR is located at 45.12 km southwest to the XR. It
collected volume scan data with 11 elevations every 6minutes.
In each ray, it collected data from 460 gates of 1 km. Both
radars were calibrated periodically.

(b) Microwave Links. To obtain the total path attenuation
caused by the scattering and absorption of hydrometeors, the
microwave linkmeasures the transmitted energy between the
transmitter and the receiver. The main parameter values of
the MLs are listed in Table 2.

Both MLs transmitted and received horizontally polar-
ized electric-magnetic wave without radomes. From the XR
site, the transmitter of theML1was 46.12 kmaway and located
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Figure 3: Diagram of the experiment area for (a) case I and (b) case II. The locations of the X-band radar, S-band radar, 2 microwave links,
and 12 rain gauges are indicated. The circles correspond to X-band radar ranges of 12, 24, 36, 48, and 60 km, respectively.

Table 2: Main characteristic values of the microwave links.

ML Frequency/GHz Power/dBm Length/km Height of
transmitter/m

Height of
receiver/m Beam width/∘ Temporal resolution/s

ML1 9.47 20 7.5 76 112 7.5 15
ML2 7.7 24.5 8.66 126 152 3.5 60

at azimuth 237∘, while the receiver was 44.62 km away and
located at azimuth 228∘. That is, the ML1 crossed 10∘ in
azimuth (from 237∘ to 228∘) of the XR. Compared with ML1,
the ML2 was nearer to the XR. The transmitter of the ML2
was 29.13 km away and located at azimuth 245∘, while the
receiver of theML2was 24.05 kmaway and located at azimuth
230∘. So, the ML2 crossed 16∘ in azimuth (from 245∘ to 230∘)
of the XR. The link attenuations were sampled by the two
MLs with an accuracy of 0.01 dB. Note that the beam width
of the ML1 was 7.5∘, but it should be smaller to avoid the
mismatching problem between radar beam and microwave
link beam especially when the link path is long.

(c) Rain Gauges. As indicated in Figure 3, twelve tipping
bucket rain gauges were deployed in the experiment area for
the two cases. The sampling time interval of gauges 1 to 6
is 5 minutes and that of gauges 7 to 12 is 10 minutes. The
resolution of all the gauges is 0.1mm.The relative locations of
the rain gauges to the XR are listed in Table 3. The distances
from some gauges to the XR were longer than the link
while some were shorter, which was helpful to evaluate the
effectiveness of the proposed method. Note that gauge 5 was
just in the path of ML1.

3.2. Analysis of Case I

3.2.1. Precipitation Event. A storm producing extreme heavy
rainfall was observed by the experimental instruments on 2
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Figure 4: Reflectivity PPI at elevation 1∘ of the X-band radar at 0746
UTC, 2 June 2015. The circles correspond to radar ranges of 12, 24,
36, 48, and 60 km, respectively.

June 2015. The precipitation was convective at first and then
developed to a mixed type precipitation. A reflectivity field
example measured by the XR is shown in Figure 4.

As seen from Figure 4, several convective cores immersed
within stratiform precipitation echoes which indicated that
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Figure 5: Rain rates measured by (a) gauge 3 and (b) gauge 5 from 0640 to 0842 UTC, 2 June 2015. The link attenuation is also shown in (b).

the precipitation had become a mixed type at that time.
The reflectivity was very intense with the maximum value
exceeding 55 dBZ due to the extreme heavy rainfall. The
instantaneous rain rates during 0640 to 0842 UTC retrieved
by gauge 3 and gauge 5 are shown in Figure 5. Since the
temporal resolution of rain gauge measurements is 5min, the
instantaneous rain rate 𝐼𝑡 (inmm/h) is calculated as 𝐼𝑡 = (𝐺𝑡−𝐺𝑡−1)/5min ∗ 60min, where 𝐺𝑡 is the gauge measurement at
current time and 𝐺𝑡−1 is the gauge measurement at previous
recording time.Then all the instantaneous rain rates from 𝑡−1
to 𝑡 are set to be 𝐼𝑡.

The rainfall measured by the gauges was very heavy with
a maximum rain rate of 88mm/h in Figure 5(a). The heavy
rainfall lasted for a long period at some areas. It was reported
that the daily cumulative rainfall amount was the maximum
during the prior 10 days of June in Nanjing city since 1961.
The path attenuation recorded by ML1 is also plotted in
Figure 5(b) together with the rain rate measured by gauge
5 which was located just in the link path (about 4.95 km
away from the link transmitter). It can be seen that the
heavy rainfall caused strong attenuation (greater than 10 dB)
during some periods. Considering that the link path was only
7.5 km, the specific attenuation exceeded 1.33 dB/km at these
times. Note that there was an obvious downpour around 0750
UTC when the link attenuation data were missing due to the
severe attenuation.The link attenuation at 0720UTCwas also
missing but there was no related rainfall peak. The possible
reason is that there is a certain mismatch between the point
measurement of rain gauge and the path measurement of
microwave link, especially for the convective rainfall with
rapid spatial and temporal variation.

3.2.2. Data Preprocessing

(a) Clutter Removing. Considering that the microwave link
was near the surface, only data in the lowest elevation

(1∘) of the XR were corrected with the ACML method.
Before applying the correction algorithm, it was necessary
to remove the ground clutter from radar reflectivity data.
The classification of radar clutter was performed using a
fuzzy logic classifier proposed by [24]. The features used in
the classification include the radial velocity, the texture of
the reflectivity, the texture of the differential reflectivity, and
the correlation coefficient. The texture of a given point was
calculated using the standard deviation of a 3∘ × 1.275 km
(17 data points along radial) window with the point to be
classified in the center.

(b) Noise Removing. It was important to remove fluctuations
associated with noises in the profiles of radar differential
propagation phase 𝜑DP, reflectivity 𝑍𝐻, and link attenuation.
Moving average windows of 17 data points (1.275 km) and
41 data points (3.075 km) were applied to 𝑍𝐻 and 𝜑DP data,
respectively. In the case of link attenuation, a moving average
window of 8 data points (corresponding to 2 minutes) was
adopted.

(c) Attenuation Matching of Radar and Link. Since the
frequency of the link (9.47GHz) differs from that of the
XR (9.19GHz), the attenuation at link frequency must be
transferred to that at radar frequency before comparing the
mean specific attenuation retrieval results. According to the
microwave attenuation model for rain [25], the ratio of
attenuation from 9.19GHz to 9.47GHz (A9.19/A9.47) versus
rain rate is plotted in Figure 6.

It can be seen that the ratio is close to 1 due to the small
difference between the two frequencies. The ratio increases
with the rainfall rate and the increasing rate becomes lower
within a dynamic range of less than 0.03 when rain rate
exceeds 10mm/h. Calculation results also show that tem-
perature and drop shape have very little effect on the ratio
(not shown). According to the rain rate distribution in the
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Figure 7: Example of the optimization of 𝛼.

experimental cases, the ratio A9.19/A9.47 was set to be 0.912.
So, (9) was rewritten to be

𝐴ML = AttenuML × 0.912
𝐿ML

. (12)

3.2.3. Attenuation Correction and QPE Results. The optimal
values of correction coefficient 𝛼 were determined by an
iterative procedure in the ACML as shown in Figure 1. An
example of 𝛼 optimization is illustrated in Figure 7.

The variation range of the coefficient 𝛼 was set from
0.01 to 0.5 dB(∘)−1 which was a bit larger than the variation
range concluded in those previous literatures. As 𝛼 changed,
the cost function defined in (11) fluctuated as shown in
Figure 7. The perturbed value of 𝛼 (0.215 dB(∘)−1 in Figure 7)
corresponding to the minimumwas found by golden-section
search method. This 𝛼 was chosen as the optimal coefficient.
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Figure 8: Distribution of the optimized 𝛼 for the case of 2 June 2015.

The result of the optimized 𝛼 during the rain event is shown
in Figure 8.

During 0640 to 0842 UTC, there were 73 volume scan
data collected by the XR. For each reflectivity PPI data of
the lowest elevation (1∘) in volume scan data, an optimal 𝛼
was determined using the ACML method. It can be seen
from Figure 8 that most of the optimized 𝛼 were within
0.105 to 0.34 dB(∘)−1 and only one exception occurred at 0705
UTC when 𝛼 equals to 0.46 dB(∘)−1. The distribution of the
optimized 𝛼was consistent with the variation range of 𝛼 (i.e.,
0.139 to 0.335 dB(∘)−1) presented in the previous literature [6].
The mean value of the optimized 𝛼 was 0.227 dB(∘)−1 with a
standard deviation of 0.062 dB(∘)−1. Note that some values of
𝛼were set to be 0.25 dB(∘)−1 (indicated as red “∗” in Figure 8)
at the corresponding radar observation times when there was
no echo detected along the link path, because 𝛼 could not be
optimized with the ACML method under such condition.

Utilizing these optimized 𝛼 together with (5), (6), and
(3), the specific attenuation 𝐴𝐻 and the intrinsic reflectivity
𝑍𝐻 were both retrieved. That is, the radar reflectivity within
the azimuth range of 228∘ to 237∘ which was crossed by the
link was corrected for attenuation. An example of attenuation
correction of the reflectivity is shown in Figure 9.

The reflectivity distributions of the XR radar before
attenuation correction, after ACML attenuation correction,
and after SC attenuation correction within azimuth 228∘ to
237∘ at 0730 UTC are shown in Figures 9(a), 9(b), and 9(c),
respectively. The reflectivity in the same area observed by
the SR at 0729 UTC is shown in Figure 9(d). At each point
of this area, the corresponding SR reflectivity is extracted
from the lowest elevation (0.5∘) scan of the SR. Nine-point
median filtering was used to make the reflectivity of the
SR smoother and easier to compare with XR. It should be
noted that the weak echoes at ranges around 20 to 23 km
and 38 to 45 km were caused by partial beam blockage error
which could be inferred from the analysis on SR volume scan



Advances in Meteorology 9

Link

Radar

dBZ
−10

0

10

20

30

40

50

60

70

52.5

45

37.5

30

22.5

(k
m

)

15

7.5

0

−7.5

45 37.5 30 22.5 15 7.5 0 −7.552.5
(km)

(a)

dBZ
−10

0

10

20

30

40

50

60

70

(k
m

)

45 37.5 30 22.5 15 7.5 0 −7.552.5
(km)

Link

Radar

52.5

45

37.5

30

22.5

15

7.5

0

−7.5

(b)

Link

Radar

dBZ
−10

0

10

20

30

40

50

60

70

(k
m

)

45 37.5 30 22.5 15 7.5 0 −7.552.5
(km)

52.5

45

37.5

30

22.5

15

7.5

0

−7.5

(c)

Link

Radar

dBZ
−10

0

10

20

30

40

50

60

70

(k
m

)

45 37.5 30 22.5 15 7.5 0 −7.552.5
(km)

52.5

45

37.5

30

22.5

15

7.5

0

−7.5

(d)

Figure 9: Reflectivity of (a) the XR before attenuation correction, (b) the XR after ACML attenuation correction, (c) the XR after SC
attenuation correction at 0731 UTC, and (d) the SR at 0730 UTC, 2 June 2015. The microwave link is shown as black straight line in all
figures.

data. It can be seen that the reflectivity of the XR before
attenuation correction is much lower than that of the SR.
The intense echoes detected by SR became weak echoes in
XR due to attenuation especially at far ranges (>36 km). After
attenuation correction using ACML and SC method, the XR
reflectivity was increased obviously and the textures of the
echoes changed a lot. The weak echoes on the far side of the
XR became more intense. Most of the reflectivity values at
far ranges after ACML correction were increased from lower
than 20 dBZ to about 30 dBZ. Compared with the result of
SC method, the reflectivity after ACML correction was more
intense and closer to SR reflectivity.

Figure 10 shows the range profiles of the SR reflectivity
and the XR reflectivity before and after correction along the
ray of azimuth 236∘ in Figure 9. It can be seen more clearly
that the ACML and SC method both mitigated the errors
in XR reflectivity due to attenuation effect. The attenuation
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Figure 10: The range profiles of SR reflectivity and XR reflectivity
before and after correction along the ray of azimuth 236∘ in Figure 9.
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Figure 11: Scatter plot of (a) the XR reflectivity before attenuation correction against the SR reflectivity, (b) the XR reflectivity after SC
correction against the SR reflectivity, and (c) the XR reflectivity after ACML correction against the SR reflectivity. All the reflectivities were
in the azimuth range from 228∘ to 237∘ within the range of 44 and 60 km during 0640 to 0842 UTC. The mean absolute errors (MAEs) are
also shown in the figures.

correction amount increased with range.The reflectivity after
ACML correctionwas larger than that after SC correction and
more similar to SR especially at far ranges. Note again that the
SR was affected by partial beam blockage problem at ranges
20 to 23 km and 38 to 45 km.

To further evaluate the performance of the ACML
method, the uncorrected and corrected reflectivities with
ACML and SCmethod against the SR reflectivities were given
in Figure 11. Reflectivities in the azimuth range from 228∘ to
237∘ and within the range of 44 and 60 km during 0640 to
0842 UTC (101174 points totally) were selected to compare.

It is obvious that the reflectivities corrected with ACML
method were more consistent with the SR reflectivity and

showed less scatter. The effectiveness of the ACML method
was better than the SCmethod in terms of correction amount.

The impact of attenuation on XR derived rain rate
and the effectiveness of the ACML were also evaluated by
comparing with rain gauge measurements. Figure 12 shows
the comparison of the instantaneous rain rate derived by the
uncorrected XR reflectivity, the corrected XR reflectivity, and
the measurements of the rain gauge 3.

The rain rates of radar were estimated based on the
relationship between radar reflectivity and rain rate (𝑍-𝐼
relationship) using the reflectivity of the XR measurement
volumes above the rain gauges. Different 𝑍-𝐼 relationships,
including 𝑍 = 200𝐼1.6 for stratiform precipitation and
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Figure 12: (a) Comparisons of rain rates derived by the XR reflectivity before correction, the XR reflectivity corrected with ACML method,
and gauge 3 during 0640 to 0842 UTC, 2 June 2015. (b) Scatter plot of rainfall retrieved by the XR against rainfall retrieved by gauges 1 to 6
during the same period as (a).

𝑍 = 486𝐼1.37 for convective precipitation, were applied
to derive rain rate. Although these 𝑍-𝐼 relationships are
applicable for different types of precipitations, it is found
that the estimation results of rain rate utilizing the two 𝑍-𝐼
relationships were very close on the whole. The rain rates
retrieved by𝑍 = 200𝐼1.6 were a bit larger than those retrieved
by𝑍 = 486𝐼1.37 and closer to the rain gauge estimations.This
indicated again that the precipitation had developed from
convective precipitation to stratiform precipitation during
the experimental period. As shown in Figure 12(a), the rain
rates estimated by the XR before attenuation correction were
much lower than that derived by gauge 3 due to the strong
attenuation produced by the heavy precipitation. The radar
estimated rain rates increased significantly after attenuation
correction, and the amplitudes and variations were much
closer to the gauge estimations. Figure 12(b) is the scatter
plot of all the rain rates retrieved by the 6 gauges against
the corresponding (the same location and time) rain rates
retrieved by the XR. It can be seen that most radar-derived
estimates were less than 5mm/h, whereas some actual rates
approached 90mm/h. The agreement between the two sets
of estimates was significantly improved after the attenuation
correction using ACML method. Since the gauges were
deployed at different ranges and azimuth directions from the
XR, it demonstrated that the ACML worked well in different
locations.Although the rainfall was still underestimated over-
all especially when the rainfall was heavy, the performance of
QPE of the XR was obviously improved.

To evaluate the performance of the ACML in a statistical
way, the correlation coefficient (CC) between the rain rates
of gauges and the X-band radar before and after attenuation

correction was calculated, as well as the normalized relative
error (RE) which is defined as

RE = 1𝑁
𝑁

∑
𝑖=1

𝐼𝑅𝑖 − 𝐼𝐺𝑖
𝐼𝐺𝑖 , (13)

where 𝐼𝑅𝑖 and 𝐼𝐺𝑖 are the rainfall rate estimated by radar
and rain gauge, respectively. Term 𝑖 is the time sampling
index and term𝑁 is the total number of the sampling times.
Table 4 gives the results of RE and CC between the rain rates
estimated by gauges and the XR before and after attenuation
correction.

From Table 4, it can be seen that the REs were reduced
notably. The mean RE of the radar retrieved rain rates
decreased from 97% to 53%, which was a significant improve-
ment considering the high rainfall intensity. The correlations
between the rain rates obtained by the XR and gauges were
also improved obviously after correction. The correlations of
the XR-gauge 3 and XR-gauge 4 even changed from negative
correlation to strong positive correlation. The mean CC
increased from 0.04 to 0.53.

3.3. Analysis of Case II

3.3.1. Precipitation Event. Another rainstorm event occurring
on 1 June 2016 was also analyzed to further evaluate the
performance of the ACML method. Similar to case I, the
precipitation was also developed from a convective precipita-
tion to a mixed type precipitation. Different from case I, the
rainfall in this event lasted for a longer time. The ML2 used
in this case was different from the ML1 in range to the XR,
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Table 4: Relative error (RE) and correlation coefficient (CC) between the rain rates estimated by gauges and the radar before and after
attenuation correction.

Gauge 1 Gauge 2 Gauge 3 Gauge 4 Gauge 5 Gauge 6
RE CC RE CC RE CC RE CC RE CC RE CC

Radar Before correction 95.6% 0.234 97.3% 20.1% 98.4% −0.076 97.4% −0.069 98.8% −0.291 96.6% 0.227
After correction 59.5% 0.317 50.7% 68.5% 50.4% 0.723 54.9% 0.628 51.1% 0.372 52.0% 0.455
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Figure 13: (a) Reflectivity PPI at elevation 1∘ of the X-band radar at
0330 UTC, 1 June 2016. The circles correspond to radar ranges of 12,
24, 36, 48, and 60 km, respectively. (b) Rain rates derived by gauge
9 from 0000 to 0500 UTC, 1 June 2016. The attenuation recorded by
ML2 is also shown in (b).

transmitting frequency and link length. An example of the
XR echo and the rainfall derived by gauge 9 (see Figure 3) is
shown in Figure 13.

From Figure 13(a), the echoes of the XR at this time
were very intense especially at range around 20 km with
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Figure 14: Relationship between specific attenuation due to rain at
9.19GHz and 7.7GHz.

maximum reflectivity exceeding 45 dBZ. Because of the
strong attenuation caused by the heavy rainfall near the radar,
the echoes beyond the intense echoes were very weak. The
precipitation far from the XR could not even be detected,
leading to the “V” notch echoes at far ranges. The rainfall
derived by gauge 9 and the attenuation recorded byML2 from
0000 to 0500 UTC are both shown in Figure 13(b). It can be
seen that although gauge 9 was about 12 km away from the
ML2, the time when the attenuation of ML2 and the rain rate
of gauge 9 reached their peak values (5.9 dB and 59mm/h,
respectively) was almost the same.

3.3.2. Data Preprocessing. The methods used for clutter
removing and noise removing were both the same as in case
I. Because the frequency of ML2 (7.7GHz) differed from
that of ML1 (9.47GHz), it should be studied again on the
attenuation matching of the XR and ML2. According to the
microwave attenuationmodel for rain [25], the variation ratio
of attenuation from 9.19GHz to 7.7GHz (A9.19/A7.7) versus
rain rate is plotted in Figure 14.

It can be seen that the ratio varies from 0.54 to 0.625,
in which the ratio increases quickly with the rainfall rate
and the trend slows when the rain rate exceeds 10mm/h
with a dynamic range of less than 0.05. Setting the ratio
adaptively according to the changing of rain rate is helpful to
make the retrieval result more accurate. However, in practical
applications, rain gauge or other rain measuring instruments
may not be available to get rain rate. Therefore, the ratio
A9.19/A7.7 was set to be 0.6 considering that the dynamic
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Figure 15: Distribution of the optimized𝛼 for the case of 1 June 2016.

range of the ratio is very small. Equation (9) was rewritten
to be

𝐴ML = AttenuML/0.6
𝐿ML

. (14)

3.3.3. Attenuation Correction and QPE Results. The results of
the optimized 𝛼 during this event is shown in Figure 15.

From 0000 to 0500 UTC, there were 180 volume scan
data collected by the XR. For each reflectivity PPI data of
the lowest elevation (1∘) in volume scan data, an optimal 𝛼
was determined using the ACML method. It can be seen
from Figure 15 that most of the optimized 𝛼 were within
0.05–0.42 dB(∘)−1 which was overall consistent with and a
bit larger than the variation range of 𝛼 in literature [6]. The
mean value of the optimized 𝛼 was 0.1749 dB(∘)−1 with a
standard deviation of 0.0647 dB(∘)−1. Note again that some
values of 𝛼 were set to be 0.25 dB(∘)−1 at the corresponding
radar observation times when there was no echo detected
along the link path.

Utilizing these optimized 𝛼 together with (5), (6), and (3),
the radar reflectivity within the azimuth range of 230∘ to 245∘
which was crossed by the link was corrected for attenuation.
An example of attenuation correction of the reflectivity is
shown in Figure 16.

It can be seen from Figure 16 that the reflectivity of the
XR before attenuation correction is much weaker than that
of the SR. Because of the strong attenuation, precipitations
beyond the intense echoes (e.g., precipitation at range about
45 km) were not detected. Even the intense echo at range
about 48 km detected by the SR was not detected by the XR.
After attenuation correction with ACML and SCmethod, the
XR reflectivity increased obviously. The intense echoes were
recovered to a certain extent. Compared with the result of
the SCmethod, the reflectivity corrected with ACMLmethod
was more consistent with the SR reflectivity.

It can be seen more clearly from Figure 17 that the
proposed method worked well to correct the reflectivity for
attenuation. The correction effectiveness was better than the
SC method with the correction amount exceeding 25 dB at
the end of the ray. The correction result of ACML method
was closer to the SR reflectivity. It should be noticed that if
the precipitation is not detected by the radar because of strong
attenuation, the correction methods cannot recover it.

The rain gauge derived rain rates were utilized again for
evaluating the performance of theACMLmethod in this case.
Figure 18 shows the comparison of the instantaneous rain
rate derived by the uncorrected XR reflectivity against the
corrected XR reflectivity using ACML and SC method.

As done in case I, the rain rates of the XR in Figure 18
were also retrieved by 𝑍 = 200𝐼1.6. As shown in Figure 18,
the agreement between the rainfalls derived by the XR and
rain gauges was significantly improved after the attenuation
correction using ACML and SC methods. On the whole, the
rain rates after ACML correction were larger than those after
SC correction andmore consistent with the rain rates derived
by the rain gauges. It should be noted that the disagreements
still existed between the XR and the gauges derived rain rates.
Some light rainfalls were overestimated while some heavy
rainfalls were underestimated.

Different from case I, the gauges used in case II were
farther away from the ML2 (see Figure 3). Gauges 7 and 8
were close to the XR while gauges 9 to 12 were far away from
the XR, which demonstrated that the ACML worked well not
only in the areas near theML but also in the areas far from the
ML even in such a heavy rainstorm.The performance of QPE
of the XR was improved obviously after ACML correction.

3.4. Error Factors Analysis. As shown above, there were still
biases between the rain rates estimated by the gauges and
the radar after attenuation correction. Firstly, one reason
is the spatial mismatch of radar and gauge measurements.
Rain gauge measures at a point on the ground while radar
makes inference from large volumes at certain heights above
gauge. Secondly, factors including radar system bias, radome
attenuation, and partial beam blockage can cause errors in
radar reflectivity, which will in turn introduce errors into
the results of the proposed method. The quality control
of the radar data including clutter removal and smoothing
of reflectivity and differential propagation phase should be
handled carefully. Thirdly, if there is a radar gate along link
path without echo, to avoid the problem of beam blocking,
the proposed algorithm will not execute. But when radar
beam is partially blocked, errors will still be introduced in the
estimation of the specific attenuation.

Besides, as described in Section 2, an assumption that the
specific attenuation along the link path is equal to the mean
specific attenuation derived from the radar measurements
above the link path is used in the proposedmethod. However,
the heights of the link path and the radar sampling volumes
are different due to the radar elevation and the earth curve. So
it is necessary to analyze the impact of the heights difference
on the method performance.

As seen from the link, the height of the link path and
the central heights of radar beams of elevations 1∘ and
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Figure 16: Reflectivity of (a) the XR before attenuation correction, (b) the XR after correction with ACMLmethod, (c) the XR after correction
with SC method at 0330 UTC, and (d) the SR at 0330 UTC, 1 June 2016. The microwave link is shown as black straight line in all figures.
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Figure 18: Scatter plot of (a) rainfall retrieved by the XR before correction and after SC correction against the rainfall retrieved by gauges 7
to 12 and (b) rainfall retrieved by the XR before correction and after ACML correction against the rainfall retrieved by gauges 7 to 12 during
0000 to 0500 UTC, 1 June 2016.
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Figure 19: Comparisons of (a) heights of the link and radar beams and (b) range profiles of reflectivity of the 1∘ and 2.4∘ elevation at azimuth
236∘ in Figure 9.

2.4∘ calculated under the standard atmosphere criterion are
shown in Figure 19(a), where the heights of the lower edges
of the 1∘ and 2.4∘ beam are also shown. Figure 19(b) shows
the radar reflectivity range profiles of 1∘ and 2.4∘ elevations at
azimuth 236∘ in Figure 9. It can be seen that the reflectivities
of the two elevations match fairly well even in such a severe
rainstorm. Therefore, it can be inferred that the difference

between the precipitations on the link path and at 1∘ radar
beam height might not be too large, which in turn indicates
that the assumption is reasonable and can work well for the
correction of the attenuated reflectivity although it will lead
to some errors in the retrieved results. To control this error
within an acceptable range, the link used in the proposed
method cannot be deployed too far away from the radar
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and the elevation of the radar should be as low as possible.
The vertical profile of reflectivity (VPR) technique will be
investigated and applied in the method to further reduce the
error.

Another performance decreasing factor of the ACML is
the constant ratio 𝛼 assumption in the correction area. In
fact, 𝛼 cannot maintain to be a constant due to different
temperatures and drop shapes. So the constant 𝛼 assumption
is just a “mean value” solution to the problem and can cause
errors in the correction of radar reflectivity, especially in
convective rainfall case where the DSDs vary much at differ-
ent areas. When different microwave links crossing different
radar azimuth ranges are available, different optimal 𝛼 for a
particular area can be obtained. Furthermore, when multiple
microwave links at different radar ranges are available, the
performance of the ACML method can be further improved
by applying different optimal 𝛼 at different ranges.

In addition, the proposed ACML method can only cor-
rect the reflectivities within the azimuth range crossed by
microwave link. It will be out of workwhen there is no precip-
itation above the link path or the attenuation caused by rain
is too strong for the radar to detect the returned power.These
problems can also be resolved when more links deployed at
different ranges and azimuths of the radar are available.

4. Conclusions

A method for attenuation correction of radar reflectiv-
ity using synchronous measurements of arbitrary oriented
microwave link (ACML) is presented. By minimizing the
difference between the mean specific attenuations along the
link path retrieved by microwave link and radar, the ratio 𝛼
of specific attenuation to specific differential phase which is
a key parameter in attenuation correction schemes is opti-
mized. The proposed method was applied with real data of
an X-band radar and measurements of two microwave links
during two rainstorms. The results show that the variation
range of the optimized 𝛼 was overall consistent with that
presented in previous studies.The radar reflectivity increased
notably after attenuation correction with these optimized 𝛼,
especially at long distances. Compared with the SC method,
the correction amount is larger and the corrected reflectivity
ismuch closer to the reflectivity of a nearby S-band radar.The
effectiveness of the method was also evaluated by comparing
the rain rates estimated by the radar and those estimated
by the rain gauges. The rainfall rates estimated by the
X-band radar after correction with ACML method were
increased significantly and more consistent with the gauge
measurements. The experimental results also show that the
proposedACMLmethod can achieve goodperformance even
in the areas far from the microwave link. In spite of some
uncertainties, the ACMLmethod appears to be rather robust.

In addition, compared with previous attenuation correc-
tion methods which request microwave link to be radial
oriented, the ACML is obviously more effective and more
applicable for utilizing arbitrary orientation link. The cor-
rection area is also enlarged from one radar ray to the area
crossed by the link. More microwave links can be utilized to

compensate radar observations and improve the ability for
QPE and other quantitative applications. The effectiveness
can be further improved by using more links around radar.
Since the microwave links have been widespread around the
world, the proposedmethod can be extended inmany regions
and occasions without any additional costs.
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The performance of six satellite-based and three newly released reanalysis rainfall estimates are evaluated at daily time scale and
spatial grid size of 0.25 degrees during the period of 2000 to 2013 over the Upper Blue Nile Basin, Ethiopia, with the view of
improving the reliability of precipitation estimates of the wet (June to September) and secondary rainy (March to May) seasons.
The study evaluated both adjusted and unadjusted satellite-based products of TMPA, CMORPH, PERSIANN, and ECMWF ERA-
Interim reanalysis as well as Multi-Source Weighted-Ensemble Precipitation (MSWEP) estimates. Among the six satellite-based
rainfall products, adjusted CMORPH exhibits the best accuracy of the wet season rainfall estimate. In the secondary rainy season,
unadjusted CMORPH and 3B42V7 are nearly equivalent in terms of bias, POD, and CSI error metrics. All error metric statistics
show that MSWEP outperform both unadjusted and gauge adjusted ERA-Interim estimates. The magnitude of error metrics is
linearly increasing with increasing percentile threshold values of gauge rainfall categories. Overall, all precipitation datasets need
further improvement in terms of detection during the occurrence of high rainfall intensity. MSWEP detects higher percentiles
values better than satellite estimate in the wet and poor in the secondary rainy seasons.

1. Introduction

Rainfall is an important parameter for the characterization
of water cycle. In Africa, assessment, planning, and man-
agement of water resources are often constrained by lack of
reliable rainfall data [1–3]. One of the reasons is that spatial
and temporal availability of rain gauge networks in Africa
and in particular in Ethiopia is deteriorating by the year. As
a result, the density and spatial distribution of rain gauges
in the Upper Blue Nile Basin is uneven and time-varying.
Satellite-based and reanalysis global precipitation estimates
are steadily rising, which offers precipitation datasets at high
spatial and temporal resolution, which could potentially sup-
port research and operational water resources applications in
these data-poor environments.

In accession to the satellite-based precipitation esti-
mates, a newly released European Center for Medium range

Weather Forecast (ECMWF) reanalysis precipitation esti-
mates and Multi-Source, Weighted-Ensemble Precipitation
(MSWEP) [4–6] at a spatial resolution of 0.25 degree grid
size are available at the eartH2Observe web site (http://www
.earth2observe.eu). The eartH2Observe is a Global Earth
Observation for Integrated Water Resource Assessment
project funded by the European Union to integrate available
earth observations, in situ datasets and models, in order to
construct a consistent global water resource reanalysis.

Both satellite-based and reanalysis precipitation estimates
exhibit significant bias, which needs to be postprocessed
[7, 8] before these data are used in hydrological applications.
There is also a pressing need for a better long-term rainfall
dataset to be used in water resource analysis of the Upper
Blue Nile Basin. However, the herein mentioned reanalysis
precipitation datasets have not yet been evaluated over the
study domain in terms of accuracy and systematic error.
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Figure 1: The Upper Blue Nile Basin in the Eastern Africa, overlaying the rain gauge network and the global precipitation estimates grid. In
gray highlighted grid pixels, we depict those grid cells that include at least one gauge.

Past rainfall studies in the region and elsewhere [9–
16] have demonstrated challenges for the satellite precip-
itation estimation over mountainous regions, and results
have shown that satellite-based precipitation estimates (SPEs)
generally underestimate heavy precipitation events, with a
slight overestimation in some locations.There are few studies
conducted at daily time scale for the Upper Blue Nile Basin
[17–21] that evaluated the performance of satellite estimates.
The evaluation error metrics at daily timescale have been
illustrated for a period of two consecutive wet seasons [18, 21]
and during the period 2002 to 2006 [19, 20] and reportedwith
the view to improve rainfall retrieval algorithms.

This study attempts to evaluate six commonly available
satellite-based precipitation estimates (SPEs) and three newly
available reanalysis precipitation estimates at 0.25-degree
spatial grid size and daily temporal resolution with the view
of improving the reliability of precipitation estimation of
the wet season (June to September) and secondary rainy
season (March to May) rainfall datasets over the Upper
Blue Nile Basin. This comes from the evaluation of state-
of-the-art reanalysis that will allow us to understand the
current strengths and limitations of these products for water
resources evaluations in the region. Results will also contrast
the potential benefits/limitations between satellite-based and
reanalysis precipitation estimates, information that can be
helpful for blending approaches of the two.

2. Study Region and Data Type

2.1. Study Area. The Upper Blue Nile Basin, locally called
“Abbay” in Ethiopian, is located within 7.5∘ to 12∘ north and

34∘ to 40∘ east (Figure 1). The basin has a complex topogra-
phy, ranging from lowlands (∼500m.a.s.l.) near Ethio-Sudan
border to mountain ranges (∼4250m.a.s.l.) in the central
highlands. The basin has an area of about 177,000 Sq.km and
accounting for 17% of Ethiopia’s land mass and nearly 7% of
the Nile Basin surface area. The basin is the major source of
the Nile water resources, which contributes above 60% of the
overall river Nile flow at Aswan Dam in Egypt [1].

Past studies have demonstrated difficulty to efficiently
evaluate water resources of the Blue Nile due to its complex
terrain and lack of adequate data,mainly precipitation, at sub-
basin and short time scales. Existing rain gauge observations
are sparse in both time and space within the basin.This could
cause a lack of insight into the evaluation of water resource
availability for impacts and benefits of major development
interventions on the water resources management of the
basin.

The rain producing climate systems and rainfall charac-
teristics for the study region has been described in several
studies [22–25]. The period from June to September repre-
sents the wet season of the region which obtains almost 70%
of the annual rainfall amount [26].

2.2. Observed Rainfall Data. Thesurface rainfall observations
are obtained from a network of 153 National Meteorological
Agency (NMA) stations within the Upper Blue Nile Basin
at daily time scale. The spatial and temporal distribution of
these rainfall gauging stations is uneven and exhibits very
limited coverage in time and spatial distribution that follows
the local road network and major towns (Figure 1). A rainfall



Advances in Meteorology 3

Table 1: Summary of the satellite-based and reanalysis rainfall products used in this study.

Rainfall product Abbreviation Retrieval method Data used

TMPA 3B42V7 MW + IR + gauge observation 2000 to 2013
3B42RT MW + IR 2001 to 2013

CMORH CM MW + gauge observation 2000 to 2013
CM-unadj MW 2000 to 2013

PERSSIAN PN IR + gauge observation 2001 to 2010
PN-unadj IR 2001 to 2013

Reanalysis
ERAI-unadj ECMWF reanalysis 2000 to 2013

ERAI ECMWF reanalysis + gauge observation 2000 to 2013
MSWEP Reanalysis + SPEs + gauge observation 2000 to 2013

station above 80% of historic record for the rainfall seasons
were considered for the analysis. Based on the above criteria,
126 station observations passed through a quality control
(QC) process and were used as a reference in this study. The
remaining gauges were discarded.

Evaluation of precipitation estimate is carried out at the
0.25-degree regular grid pixels represented by at least one-
gauge observation. A total of 92 satellite-grid boxes that
contain gauge observations were considered for the period
2000–2013. The observed gauge rainfall data were interpo-
lated using ordinary kriging (OK) algorithm to produce
rainfall fields at 0.05-degree grid size, which were then
aggregated to the 0.25-degree grid box, and considered as the
reference areal gauge rainfall to evaluate satellite-based and
reanalysis precipitation dataset [27].

2.3. Satellite-Based and Reanalysis Precipitation Products.
The satellite products used in the analysis are commonly
used in operational and research activities focusing on
water resources planning, design, and decision-making in
the basin. This study evaluated six of the main satellite-
based precipitation estimates (SPEs) at 0.25-degree spatial
grid size and daily time scale for the period 2000 to 2013
(Table 1).The SPEs are (1) theNational Aeronautics and Space
Administration (NASA); Tropical Rainfall Measuring Mis-
sion (TRMM) Multisatellite Precipitation Analysis (TMPA)
[7, 28]; (2) the National Oceanic and Atmospheric Adminis-
tration (NOAA) Climate Prediction Center (CPC) morphing
technique (CMORPH) [29]; and (3) Precipitation Estimation
from Remotely Sensed Information using Artificial Neural
Networks (PERSIANN) [30] technique.

The TMPA version-7 precipitation datasets were released
in December 2012 [31] with a spatial grid resolution of
0.25 degrees and a nominal 3-hourly time scale. The
dataset combines geostationary thermal infrared (IR) and
low-earth orbiting (LEO) passive microwave (MW) sen-
sor precipitation estimates. The MW sensor data come
from Microwave Imager (TMI) on TRMM, Special Sensor
Microwave Imager (SSMI) on theDefenseMeteorology Satel-
lite Program (DMSP) satellites, Special Sensor Microwave
Imager/Sounder (SSMI/S, only for the research product),
the Advanced Microwave Sounding Unit-B (AMSU-B), and
the Advanced Microwave Scanning Radiometer for Earth
Observing System (AMSR-E) on the Aqua and Microwave

Humidity Sounder (MHS). Descriptions of the TMPA sen-
sors can be found in [32].

The TMPA algorithm includes four steps [28]: (1) the
MW data are converted into instantaneous rain rates at
the individual sensors’ field of views; the resulting datasets
are calibrated and combined to produce 0.25-degree grid
size MW estimates at 3-hourly time steps; (2) the IR-based
rain-rate estimates were derived using a MW-precipitation-
calibrated algorithm, (3) the near real-time (RT) version-
7 unadjusted (hereafter, 3B42RT) precipitation estimate was
created by combining the two products, and (4) the post-RT
gauge adjusted research product (hereafter, 3B42V7) [7, 28,
33].

The CMORPH product is created by morphing methods
that combines MW precipitation estimate with IR sensors
observations. The IR-image data are used to propagate the
MW-based precipitation estimates forward and propagated
backward in time between successive MW sensor observa-
tions [29]. CMORPH estimates are available as postprocessed
gauge adjusted product (hereafter, CM) and as a near-real-
time product (hereafter CM-unadj).

ThePERSIANNprecipitation datasets are created from IR
brightness temperature observations using an artificial neural
networkmethod [34, 35].Themodel is calibrated againstMW
rainfall estimates provided by the TMPA satellite through a
procedure that adjusts model parameters iteratively for rain
rate at 0.25-degree spatial grid size [30].

In addition to SPEs, we examined unadjusted and gauge
adjusted ERA-Interim andMulti-SourceWeighted-Ensemble
Precipitation (MSWEP) precipitation estimates as indicated
in Table 1. The MSWEP dataset has been created using
an optimal combination of the highest quality data from
SPEs, reanalysis data sources, and gridded gauge observation.
These include three satellite estimates (CMORPH, 3B42RT,
and (Global Satellite Mapping of PrecipitationMicrowave-IR
Combined Product) GSMaP-MVK), two atmospheric model
reanalysis (ERA-Interim and (Japanese 55-year Reanalysis)
JAR-55), and gauge observation [6].

3. Methods

3.1. Performance of Rainfall Detection. The rainfall events
detection capability was examined. The global rainfall prod-
ucts’ skill to detect daily rainfall accumulation greater than
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Table 2: A 2 × 2 contingency metric.

Gauge observation
Rain No-rain

Satellite/reanalysis estimate
Rain H = hit F = false detection
No-rain M = miss Correct no-rain

0.1mm [36] is evaluated using Probability of Detection
(POD), False Alarm Ratio (FAR), and Critical Success Index
(CSI). POD represents the fraction of observed rainfall events
correctly detected with a perfect value of 1. Similarly, the
FAR represents the fraction of no-rainfall falsely detected by
satellites with a perfect value of 0. The CSI describe the skill
of rainfall estimate by combining the marginal error metrics
of POD and FAR with a perfect value of 1. The three error
metrics are defined from the contingency metric (Table 2).

POD = 𝐻𝐻 +𝑀,

FAR = 𝐹𝐹 + 𝐻,

CSI = 𝐻
𝐻 + 𝐹 +𝑀,

(1)

where 𝐻, 𝐹, and 𝑀 represent hit, false detection, and
missed rainfall, respectively. The rainfall detection metrics
do not provide the volume of rainfall correctly or incorrectly
detected. Additional error metrics of missed rainfall volume
fraction (MRV) and falsely detected rainfall volume fraction
(FRV) are useful in evaluating the satellite-based and reanal-
ysis rainfall [10]. MRV error metric measures ratio of missed
rainfall volume to the total observed rainfall volume while
FRV measures the ratio of falsely detected rainfall volume to
the total rainfall volume for the period we examined.

MRV = ∑
𝑛

𝑖=1 (𝐺𝑖 > 0 ∩ 𝑆𝑖 = 0)
∑𝑛𝑖=𝑖 𝐺𝑖

FRV = ∑
𝑛

𝑖=1 (𝐺𝑖 = 0 ∩ 𝑆𝑖 > 0)
∑𝑛𝑖=1 𝐺𝑖 .

(2)

3.2. Statistical Error Metrics. The quantitative analysis for
comparison of satellite rainfall against gauge observation is
based on a statistical error metric. We use the following
error metrics to evaluate the performance of satellite-based
and reanalysis products. The error analysis utilized statis-
tical techniques using bias ratio (bias), Person correlation
coefficient (CC), and normalized root-mean-square-error
difference (NRMSE) to evaluate performances.

Bias = ∑
𝑛

𝑖=1 𝑆𝑖
∑𝑛𝑖=1 𝐺𝑖 ,

MRE = ∑
𝑛

𝑖=1 (𝑆𝑖 − 𝐺𝑖)
∑𝑛𝑖=1 𝐺𝑖 ,

CC = ∑𝑛𝑖=1 (𝑆𝑖 − 𝑆) (𝐺𝑖 − 𝐺)
√∑𝑛𝑖=1 (𝑆𝑖 − 𝑆)2√∑𝑛𝑖=1 (𝐺𝑖 − 𝐺)2

,

NRMSE

= {(1/𝑛)∑
𝑛

𝑖 [𝑆𝑖 − 𝐺𝑖 − (1/𝑛)∑𝑛𝑖=1 (𝑆𝑖 − 𝐺𝑖)]2} 1/2
(1/𝑛)∑𝑛𝑖=1 𝐺𝑖 ,

(3)

where 𝑆 and 𝐺 are the mean of satellite and gauge rainfall,
respectively. The bias ratio is an error metric measuring the
systematic error component with a perfect score of 1, while a
value less or greater than one shows that underestimation and
overestimation, respectively. In a similar way, the MRE error
metric indicates the magnitude of under- or overestimation
with perfect score of zero. Pearson correlation indicates the
linear association between observation and model estimates.
The NRMSE metrics measure the variation of the random
error component.

Furthermore, the performance of satellite products is
evaluated for different rainfall magnitudes conditional to
different reference gauge rainfall threshold values. These
threshold values correspond to the 10th, 25th, 50th, 75th,
90th, and 95th percentiles of the reference gauge rainfall.

4. Results

4.1. Evaluation ofMean Seasonal Rainfall Patterns. TheUpper
Blue Nile Basin has a marked wet season from June to
September and a secondary rainy season fromMarch toMay.
The climatological characteristics and seasonal rainfall driv-
ing systems of the region have been discussed in several past
studies [22–24, 26]. Spatial patterns ofmean seasonal rainfall,
obtained from the SPEs and global reanalysis products, are
presented in Figures 2 and 3 for the wet and secondary rainy
seasons, respectively.

Gauge adjusted SPEs, 3B42TR, CM-unadj, and MSWEP
show an equivalent spatial pattern with two regions of peak
values (>1000mm), whereas adjusted ERAI shows a similar
spatial pattern without distinct peak rainfall in the basin.The
ERAI-unadj estimates mean seasonal rainfall above 1000mm
in most parts of the basin exhibit a stronger overestimation
of the wet seasonal rainfall relative to the other products.
PNN-unadj does not capture the spatial pattern of rainfall
as compared to the other products and underestimate the
seasonal rainfall amount in the southern and eastern parts of
the study domain.The secondary rain seasonal mean rainfall
pattern is illustrated in Figure 3. All products give similar
spatial distribution of the seasonal rainfall pattern indicating
that the southern part of the domain received relatively more
rainfall during the season. PNN-unadj product gave lower
seasonal rainfall amounts than the other products (Figure 3).

4.2. Rainfall Detection. We examined the performance of the
six SPEs and the three reanalysis products using categorical
statistics of POD, FAR, and CSI.The statistics computed from
rain/no-rain events of contingency table used to evaluate the
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Figure 2: Spatial pattern of mean season rainfall (mm) for the period June to September.

skill of products’ that detects rainy events [37]. The results of
the categorical error metrics are shown in boxplot (Figure 4)
for a better visual inspection of the skill of rainfall detection
spectrum across the study area. Each box plot ranges from the
25th to 75th quartile; themiddle line in the box shows that the
median and the dot represent themean value of error metrics
as shown in Tables 3(a) and 3(b); the plus signs indicate the
values beyond the whiskers.

Results from SPEs showed that CMORPH products
scored higher mean POD (92%) which have better skill in
detecting rainfall events in the wet season while 3B42V7
is about 83%. 3B42RT and gauge adjusted PERSIAN are
equivalent with mean value of POD about 78%. The
precipitation-estimating algorithms are different among the
SPEs (explained in the methodology section). The MW-
based products provide better estimate of precipitation event
detection than the IR-based estimate. Both products of

CMORPH are a result from propagation and morphing
techniques of MW-based estimate which are superior in
rainfall event detection performance among the six SPEs
in this study (Figure 4(a)), and the plus symbol below
the whiskers shows that the performance of rainfall event
detection is nearly 70% to 80% in some locations. All SPEs are
nearly equivalent in detecting the wet season percentage of
FAR (<1%). Results indicate that CMORPH products capture
most of the rainy events better than TMPA and PERSIANN
products in the study domain. This indicates that IR-based
rainfall retrieval algorithms havemajor limitation in complex
topographic regions, while the MW-based rainfall is more
physically based and free of the cold surface of snow effects
[17, 38]. The cloud top brightness temperature does not
always correlate well with the gauge rainfall amount; cirrus
cloud and nonprecipitating cold cloud can easily mislead the
IR-based estimate [29].
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Figure 3: Spatial pattern of mean seasonal rainfall (mm) for the period March to May.

From March to May of rainy season, both products of
TMPA and CMORPH performance is nearly equivalent with
mean POD (62–67%) and higher values over some locations.
FAR is the relatively higher mean value of about 20% for
TMPA and CM-unadj while CM has 16%. PERSIAAN prod-
ucts exhibit a lower value of mean FAR (<10%). Figure 4(d)
shows that TMPA and CMORPH exhibit larger false alarm
in some parts of gauge locations. Figure 5 shows missed and
falsely detected rainfall volume of SPEs; CMORPH products
exhibit a lower MRV (∼4%) and all other SPEs perform a
mean value of 10–15% in the wet season. Both TMPA and
CMORPH have equivalent MRV in the small rainy season,
about 18–20%, whereas PERSIANN products performed on
MRV above 30%.

In addition to SPEs, results from the reanalysis products
of POD and FAR are shown in Figures 4(a)–4(d), indicating

that the reanalysis products outperformed SPEs with
MSWEP being the highest POD in both rainfall seasons.
The mean POD values are 98-99% in the wet and 82–92%
in the small rain seasons. On the other hand, the reanalysis
products exhibit a slightly higher mean FAR than the SPEs
for the wet as well as in the small rain seasons. The three
products of reanalysis have mean value of MRV <0.5% in
wet, while MSWEP (∼3%) and the other two are ∼8% in the
small rain seasons.This indicates that the reanalysis products
are relatively better in avoiding missed rainfall volume in
both seasons. The mean value of FRV indicates that the
reanalysis products detected relatively higher volume of false
rainfall in domain.

The results from CSI showed that, during the wet season,
CMORPH products exhibiting 91% of rainfall events were
correctly detected followed by 3B42V7 (82%). The three
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Figure 4: Categorical statistics for (a) POD for June to September, (b) POD for March to May, (c) FAR for June to September, and (d) FAR
for March to May.

newly created reanalysis products outperform (CSI > 97%)
the satellite estimates in terms of correctly detected rainfall
event in both seasons. During the secondary rainy season
CMORPH and 3B42V7 are nearly equivalent (Figures 6(a)
and 6(b)).

4.3. Rainfall Quantification Error Metrics. The error analysis
is done on a grid cell by grid cell basis for the unconditional
case where the reference gauge rainfall threshold ≥ 0.1mm
and the averages over the study domain are described. The
spectrum of the error metrics CC, bias ratio, and NRMSE
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Table 3

(a) Mean value of statistical error metrics for the wet (June to September) seasons

Product type Bias CC NRMSE POD FAR CSI MRV FRV
3B42V7 0.88 0.36 1.08 0.83 0.01 0.82 0.10 0.00
3B42RT 0.73 0.30 1.08 0.79 0.01 0.78 0.14 0.00
CM 0.87 0.39 0.98 0.92 0.01 0.91 0.04 0.00
CM-unadj 0.74 0.36 0.88 0.92 0.01 0.91 0.04 0.00
PNN 0.82 0.37 1.02 0.78 0.00 0.78 0.12 0.00
PNN-unadj 0.52 0.36 0.81 0.75 0.00 0.75 0.16 0.00
ERAI-unadj 1.39 0.23 1.31 0.99 0.01 0.98 0.00 0.00
ERAI 0.89 0.26 0.92 0.98 0.01 0.97 0.00 0.00
MSWEP 0.92 0.37 0.80 0.99 0.02 0.98 0.00 0.00

(b) Mean value of statistical error metrics for the secondary rainy (March to May) seasons

Product type Bias CC NRME POD FAR CSI MRV FRV
3B42V7 1.07 0.41 1.79 0.67 0.20 0.57 0.17 0.12
3B42RT 1.09 0.39 1.97 0.64 0.20 0.54 0.20 0.15
CM 0.93 0.42 1.70 0.65 0.16 0.56 0.18 0.22
CM-unadj 1.10 0.42 1.86 0.68 0.19 0.57 0.16 0.31
PNN 0.95 0.46 1.74 0.46 0.09 0.44 0.29 0.05
PNN-unadj 0.56 0.43 1.33 0.40 0.08 0.39 0.36 0.02
ERAI-unadj 1.05 0.30 1.63 0.82 0.22 0.66 0.08 0.08
ERAI 0.93 0.32 1.49 0.82 0.21 0.67 0.08 0.08
MSWEP 0.99 0.44 1.31 0.92 0.29 0.66 0.03 0.03

collected from each grid box is illustrated in Figure 7 for
visual inspection and mean values of the metric are reported
in Table 3. Results showed that the SPEs underestimated
the wet season reference gauge rainfall. The gauge adjusted
SPEs perform higher in terms of bias ratio with 3B42V7
(88%), CM (87%), and PN (82%) which indicates that the
contribution of ingesting of gauge observation into the
model improves the SPEs (Figure 7(a)). TMPA products
and CM-unadj relatively overestimated and CM and PNN
underestimated the secondary rainy season (Figure 7(b));
PNN-unadj underestimated both wet and secondary rainy
seasons nearly by 50%.

The results from CC statistics showed all products are
nearly equivalent both in wet (CC ∼0.3) and in secondary
rainy (CC ∼0.4) seasons (Figures 7(c) and 7(d)). The lower
linear relation between SPEs and gauge observations could
be attributed to the inherent sampling nature of point obser-
vation at daily time scale. The NRMSE is a normalized root-
mean-square error by mean reference rainfall with a lower
value indicates less error variance (Figures 7(e) and 7(f)).
The mean value of NRMSE was from 1.1 to 0.8 with lower
values corresponding to PERSIANN (0.81) and MSWEP
which indicates that the spread of random error component
is relatively lower for these products.

Recently, Abera et al. [39] demonstrated a comparison of
point gauge observations and SPEs.The authors reported that
CM-unadj was the most biased product with a magnitude
of underestimation about 72% in the domain which seems
to be unrealistically high. This is quite far from our findings
and inconsistent with previous studies on the performance

of the SPEs in the region [12, 17–21, 38, 40–42]. Our findings
indicate that the magnitude of the error was lower than the
results reported in previous studies. This is as a result of
considering a longer period of time (2000 to 2013), taking all
the available gauge rainfall data and areal representation of
gauge rainfall for comparison analysis.

The gauge unadjusted ERA-Interim overestimated, which
is the most biased product in the wet season (Figure 2),
whereas the other two products of reanalysis have nearly
equivalent bias ratio with 3B42V7 and CM. During the
small rainy season, MSWEP is nearly unbiased and the other
products indicating a slight under- and overestimations were
observed as shown in Figure 7(b) and Table 3. The mean
values of CC and NRMSE of MSWEP and satellite-based
products were nearly equivalent in both seasons.

4.4. Error Metrics for Different Gauge Rainfall Threshold
Categories. The performance of the SPEs and reanalysis was
evaluated with different percentile threshold values of gauge
rainfall categories for the two rainy seasons (Figure 8). The
errormetricswere examined at six percentile threshold values
corresponding to 10th, 25th, 50th, 75th, 90th, and 95th
percentiles. The corresponding percentiles of gauge rainfall
valueswere 1.9, 4.2, 7.8, 12.3, 17.3, 20.8, and 29.1 and 0.2, 0.6, 1.9,
4.9, 9.1, 12.2, and 19.4mm/day for the wet (June to September)
and secondary rainy (March to May) seasons, respectively.

ERAI-unadj overestimated below the median by 30% at
10th percentile and exhibits lower underestimation for higher
threshold values in the wet season. The other eight products
show the increased magnitude of MRE with an increasing
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Figure 5: MRV and FRV for June to September (a and c) and March to May (b and d).

percentile of threshold values. ERAI, MSWEP, CMORPH,
and 3B42V7 nearly are equivalent having a lower magnitude
of MRE (10–20%) below the 25th, whereas CMORPH and
3B42V7 outperform better in capturing relatively higher
percentile threshold values.

In the secondary rainy season, TMPAandCM-unadj have
slight overestimation (∼<5%) below the 25th and outperform

with a lowermagnitude of underestimation for higher thresh-
olds.The reanalysis estimates sharply increase the magnitude
of underestimation for higher quantile. The PNN-unadj
exhibits highest underestimation in both seasons. The CC
relatively lower values decrease with gauge rainfall threshold
categories.The ERAI and ERA-unadj have a lower CC for the
two rainfall seasons.
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Figure 6: CSI for June to September (a) and March to May (b).

5. Conclusion

Theresults of this study provide an examination of the perfor-
mance of satellite-based and newly released reanalysis rainfall
products at a daily time scale for the wet and the second rainy
seasons during the period 2000 to 2013 over the Blue Nile
Basin.The study utilized six adjusted and unadjusted satellite
precipitation products (TMPA, CMORPH, and PERSIANN),
two ERA-Interim reanalysis products, and MSWEP, which
is a blended product that combines satellite, reanalysis, and
gauge precipitation. The evaluation of rainfall estimate was
carried out at 0.25-degree regular grid and at least one-
gauge observation within the grid box. Comparison analysis
using a point observation or averaged rainfall of the unevenly
distributed station networks at daily time step could cause
a substantial consequence on the value of error metrics. We
used the unbiased linear estimators, ordinary kriging (OK)
algorithm, to produce areal representation of gauge rainfall at
0.25-degree grid size for comparison at daily time scale. Based
on the categorical and quantitative error metrics used in our
analysis, we summarize our findings as follows:

(1) The categorical error metrics for event detection
showed that CMORPH products have higher POD,
which are better in detecting rainfall events in the
wet season while TMPA and CMORPH products are
nearly equivalent during the secondary rainy season.
FAR is below 1% of all products during the wet
season and 8 to 20% during the small rainy season.
MSWEP product outperformed the satellite-based
and reanalysis with the highest POD in both rainfall
seasons; both exhibit a slightly higher mean FAR than
the satellite-based on the wet and small rainy seasons.

(2) In terms of volume of missed and falsely detected
rainfall, CMORPH has lower MRV than the TMPA
and PERSIANN products. All products are nearly
equivalent in detecting percentage of FRV. The
ECMWF reanalysis and MSWEP products are rela-
tively better than the satellite products in avoiding
missed rainfall volume in both seasons. The mean
value of FRV indicates that the reanalysis products
detected slightly higher volume of false rainfall.

(3) The results fromCSI showed that CMORPHproducts
outperform the rainfall events correctly detected in
the wet season. During the secondary rainy season,
CMORPH and 3B42V7 are nearly equivalent. The
three newly released reanalysis products outperform
the satellite estimates in terms of correctly rainfall
event detection in both seasons.

(4) The bias ratio results showed that satellite-based
rainfall products underestimated the wet and slightly
overestimated the small rainy season’s gauge precip-
itation. The CC statistics showed that all products
are nearly equivalent in both seasons. The spread of
random error components was shown to be slightly
higher for TMPA products.

(5) Among the reanalysis products, the error metric
statistics show that MSWEP outperform ERAI-unadj
and ERAI estimates.

(6) The magnitude of error metrics is linearly increasing
with increasing percentile threshold values of gauge
rainfall categories. 3B42V7 and CM are relatively
better in capturing higher percentile in the wet season
while CM-unadj better in capturing higher percentile
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Figure 7: Statistical error metrics of bias ratio (a and b), CC (c and d), and NRMSE (e and f) for the rainfall seasons.
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Figure 8: Conditional error metrics.
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in the secondary rainy seasons. MSWEP detects
higher percentiles values better than 3B42RT and
CM-unadj detect higher percentiles values in the wet
season. This indicates that the detection ability of
both satellite and reanalysis products needs further
improvement during heavy rainfall intensity in the
retrieval algorithms.

(7) Gauge adjusted SPEs, 3B42TR, CM-unadj, and
MSWEP are equivalent in capturing the spatial
pattern of wet seasonal rainfall amount with two
regions of peak values. During the second small rainy
season, all products have similar spatial distribution
performance of the seasonal rainfall pattern with
PNN-unadj having relatively lower seasonal rainfall
amount.

We observed that, among the six satellite-based rainfall
products, CM has relatively better estimation performance
in the wet season, while, in the small rainy season, CM and
3B42V7 are nearly equivalent over the Upper Blue Nile Basin
for the periodwe examined.TheMSWEPperformed better in
rainfall event detection. A unique nature of MSWEP product
is the availability of data since 1979. To take full advantage
of the best performing satellite and reanalysis products with
the view of improving the analysis of water resources in the
basin, our next step is to create blended rainfall products
that combine the different satellite and reanalysis datasets
accounting for each product’s respective uncertainty.
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The terrestrial water storage anomalies (TWSAs) in the Tarim River Basin (TRB) were investigated and the related factors of water
variations in the mountain areas were analyzed based on Gravity Recovery and Climate Experiment (GRACE) data, in situ river
discharge, and precipitation during the period of 2002–2015. The results showed that three obvious flood events in 2005, 2006, and
2010 resulted in significant water surplus, although TWSA decreased in the TRB during 2002–2015. However, while the significant
water deficits in 2004, 2009, and 2011 were associated with obvious negative river discharge anomalies at the hydrological stations,
the significant water deficits were not well consistent with the negative anomalies of precipitation.While the river discharge behaved
with low correlations with TWSA, linear relationships between TWSA and climate indices were insignificant in the TRB from 2002
to 2015. The closest relationship was found between TWSA and Pacific Decadal Oscillation (PDO), with correlations of −0.56
and 0.58 during January 2010–December 2015 and during January 2006–December 2009, respectively. Meanwhile, the correlation
coefficient between TWSA and El Niño-SouthernOscillation (ENSO) index in the period of April 2002–December 2005 was −0.25,
which reached the significant level (𝑝 < 0.05).

1. Introduction

TheTRB is located in the heart of China’s Silk Road economic
belt and has abundant natural resources and extremely vul-
nerable ecological environment [1]. The main water resource
in the TRB is sourced from the surrounding mountains for
the glacier snowmelt in alpine regions and precipitation in
mid-mountains [2]. The famous Silk Road with lots of fertile
oases located at the edges of the TRB is nurtured by the
glacier-snowmelt water.These oases play important roles and
are the inward and outward kernel for economic and social
development in the region [3, 4]. Because of the arid and
semiarid climate, water is the main limiting factor of the
development of oasis in the TRB [1].

Therefore, climate variations and human activities would
impact on the terrestrial water resources which are important

to human society [5].Thus, it is important to detect variations
of terrestrial water storage (TWS), as well as the spatial
and temporal variation of its processes [6]. Meanwhile, the
atmospheric circulation in large scale is connected with
the hydrological cycle in the TRB. For instance, Wang et
al. [2] found that the drought evolution in the TRB was
affected by the northern hemisphere polar vortex, North
Atlantic Oscillation (NAO), and Arctic Oscillation (AO); Li
et al. [7] reported that the increasing precipitation in the
northwest China, including TRB, owned to the South China
Sea Subtropical High (SCSSH),West Pacific Subtropical High
(WPSH), and North America Subtropical High (NASH);
Liu et al. [8] concluded that the El Niño-Southern Oscil-
lation (ENSO) index could be another factor for the varia-
tions of the dryness/wetness conditions in the northwest of
China.
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Figure 1: The map of the study area.

Worldwide, the hydrological cycle can be identified by
precipitation [9], river discharge [10], and other hydrolog-
ical variables [11]. Generally, while the drought indices are
valuable tools for dryness/wetness conditions assessment,
the Standardized Precipitation Index (SPI) [12], the Palmer
Drought Severity Index (PDSI) [13], the stream flow drought
index (SDI) [14], and the surface water supply index (SWSI)
[15] are commonly and widely used to qualify the dry-
ness/wetness level. There are multiple drought indices and
methods to assess the dryness/wetness level in the TRB
[16, 17]. However, there are not enough observation data in
highly temporal and spatial variability for dryness/wetness
conditions analysis. Additionally, the local precipitation and
nonclimatic factors commonly impact on the river discharge
variations [13, 18]. Because the different dryness/wetness
processes make the hydrological variables have different
characteristics, the work of dryness/wetness identification is
incomprehensive [19, 20] .

GRACE has provided an essential and valuable tool
for analyzing variation in terrestrial water storage (TWS)
[21, 22], enriching the data for detecting dryness/wetness
conditions at large scale. Many studies have detected the
TWSA in many regions of China by using GRACE and other
hydrometeorological datasets [23–27] such as the Tian Shan
Mountain [28], theYangtze River Basin [18], andNorthChina
[29]. It can be noted that the usefulness of GRACE data can
be prolonged by combining with other datasets. Moreover,
the detection of dryness/wetness conditions can be solved
through GRACE data [30–32].

To examine the dryness/wetness conditions and their
potential factors in the TRB, the GRACE and Global Land
Data Assimilation System (GLDAS) data were applied,
combined with the meteorological and hydrological data.
Furthermore, the river discharge and precipitation data in
the subbasins were investigated, which might directly reflect
the changes of TWSA in the TRB during the period of
2002–2015. In particular, the derived factors of TWSA during
2008 and 2009 were investigated. Additionally, potential
teleconnections between TWSA and NAO, AO, ENSO, and
Pacific Decadal Oscillation (PDO) were also assessed in the
TRB.

2. Study Area

The largest and longest inland river in China, named Tarim
River, is located in the TRB, with an area of 1.029 × 106 km2,
ranging from 73∘E to 97∘E and from 34∘N to 45∘N, including
high mountains and low plain regions (Figure 1) [33].The 114
rivers in the TRB connected with the mainstream reduced
throughout history to just 3 rivers in the present day [33].
The mean annual runoff of 3.989 × 1010m3 is exhibited in
the TRB, where the water component from ice and snow and
precipitation in the mountains accounts for 48.2% [33, 34].
The three largest headstreams, Aksu River, Hotan River, and
Yarkand River, account for 73.2%, 23.2%, and 3.6% of the
total runoff, respectively [35]. For the annual precipitation,
while it is more than 300mm in the mountainous region, it
differs from 60 to 200mm for the plain regions. Additionally,
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Table 1: The summaries of weather stations in the TRB in this study.

ID Name Long. (E) Lat. (N) ID Name Long. (E) Lat. (N)
51467 Baluntai 86.30 42.73 51720 Keping 79.05 40.50

51542 Bayinbuluke 84.15 43.03 51730 Alaer 81.27 40.55

51567 Yanqi 86.57 42.08 51765 Tieganlike 87.70 40.63

51628 Aksu 80.23 41.17 51777 Ruoqiang 88.17 39.03

51633 Baicheng 81.90 41.78 51804 Tashikuergan 75.23 37.77

51642 Luntai 84.25 41.78 51811 Shache 77.27 38.43

51644 Kuche 82.97 41.72 51818 Pishan 78.28 37.62

51656 Kuerle 86.13 41.75 51828 Hetian 79.93 37.13

51701 Tuergate 75.40 40.52 51839 Minfeng 82.72 37.07

51705 Wuqia 75.25 39.72 51855 Qiemo 85.55 38.15

51711 Aheqi 78.45 40.93 51931 Yutian 81.65 36.85

Table 2: The summaries of hydrological stations in the TRB in this study.

Station River Long. (E) Lat. (N) Station River Long. (E) Lat. (N)
Tongziguluoke Hotan 79.92 36.82 Xidaqiao Aksu 80.20 41.17

Kaqun Yarkand 76.90 37.98 Alaer Tarim 81.30 40.56

Shaliguilanke Aksu 78.61 40.95 Dashankou Kaikon 85.81 42.20

the annual air temperature in the TRB exhibits intra-annual
variations [33]. The barren and sparsely vegetated land plays
major role in the land use in the TRB, which accounts for
56.2% [34].

3. Materials and Methods

The GRACE and GLDAS data were applied to detect the
spatiotemporal distribution of TWSA. In addition, the pre-
cipitation, river discharge, and climate indices were used to
investigate the potential factors for the changes of TWSA.

3.1. Materials

3.1.1. Meteorological Data and Hydrological Discharge Data.
As shown in Table 1, daily weather data (including precipita-
tion and temperature) during the period of 2002–2015 from
22 weather stations in the TRB were obtained. The data were
collected from the China Meteorological Administration
(CMA), http://data.cma.cn/. Additionally, the hydrological
discharge data during the period of 2002–2011 were collected
from the Annuals of Hydrological Statistics, which was
established by Ministry of Water Resources of the People’s
Republic of China. The hydrological data applied in this
study are monthly averaged river discharges. The specific
hydrological stations can be seen in Table 2.

3.1.2. Climate Indices Data. Because the precipitation and
river discharge were included in the hydrological cycle and
lots of researchers found that the precipitation [7], stream
flow and its extremes [2], and dryness/wetness conditions
[36] were associated with the climate indices, the North
Atlantic Oscillation (NAO), the Arctic Oscillation (AO),
ENSO/NINO3.4 (i.e., the sea surface temperature locates
in 170∘W-120∘W and 5∘S-5∘N), and the PDO during the

period of 2002–2015 were selected to analyze the potential
factors of the variation of TWSA fromEarth SystemResearch
Laboratory (ESRL), http://www.esrl.noaa.gov.

3.1.3. GRACE Data. The couple satellites in GRACE survey
the spatiotemporal variations of earth’s gravity field based on
detecting the distance between the satellites. The variations
of earth’s gravity field could be converted to TWSA in the
form of equivalent water height (EWH) after removing the
influence of atmospheric/oceanic circulations and glacial
isostatic adjustment (GIA). The methods for optimizing the
accuracy and resolution of this conversion are still a subject
of active research [25].

TheGRACE data can be obtained beginning at April 2002
from http://grace.jpl.nasa.gov/. Based on the Level-2 RL05
data of GRACE in forms of spherical harmonic coefficients,
the TWSAs were computed. Firstly, the atmospheric mass
variations were removed from the gravity filed. Secondly, the
C2,0 coefficients were replaced with Satellite Laser Ranging
(SLR). Thirdly, the degree-1 was estimated by the empirical
formula.Then, the corrected GIA, destriping filter, and Gaus-
sian filter with 300 km smooth radius were included in the
data processing. Lastly, the monthly averaged TWS during
January 2004–December 2009 was removed from the TWS
time series during April 2002–December 2015. Although
there were leakage error and measure error in the GRACE
data processing, they were not taken into consideration in
this article. The missing data in 2003–2015 were directly
remedied by the linear interpolation.

3.1.4. GLDAS Data. GLDAS aims at producing the pre-
cise condition of the land surface [37]. There are four
models in the system (e.g., Mosaic, Community Land
Model (CLM), and Variable Infiltration Capacity (VIC)),
http://mirador.gsfc.nasa.gov/. The soil moisture, canopy

http://data.cma.cn/
http://www.esrl.noaa.gov
http://grace.jpl.nasa.gov/
http://mirador.gsfc.nasa.gov/
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water, and snow water equivalent which are intimately con-
nected with TWSA from these four models were recombined
for comparison with the TWSA by averaging these four
models.

3.2. Methods

3.2.1. Terrestrial Water Storage Calculations. Reference [38]
proposed that the gravity spherical harmonic coefficients can
be processed into TWS based on the following equation:

Δ𝜑 (𝜃, 0) =
𝛼𝜌ave∑

∞

𝑛=0 ∑
𝑛

𝑚=0 (2𝑛 + 1/1 + 𝑘𝑛) (Δ𝐶𝑛𝑚 cos (𝑚0) + Δ𝑆𝑛𝑚 sin (𝑚0)) 𝑃𝑛𝑚 (sin (𝜃))
3

, (1)

where 𝜑 is terrestrial water storage in form of EWH and
𝜃, 0, 𝛼, 𝜌ave, 𝑘𝑛, 𝐶𝑛𝑚, and 𝑆𝑛𝑚 are the latitudes, longitudes,
equatorial radius, mean density of Earth, love number,
and coefficients of the spherical harmonics (Stokes’ coef-
ficients), respectively. Additionally, 𝑃𝑛𝑚(sin(𝜃)) is the 𝑛th-
degree and mth-order fully normalized Legendre func-
tion, with maximum degree 𝑛 and order m, expanded to
60.

Based on themethod, the spherical harmonic coefficients
of GRACE were converted into the terrestrial water storage
in form of EWH.

3.2.2. The Gauss Filter Weight Function. To verify the TWSA
of GRACE, the monthly average value during the period of
January 2004–December 2009 of equivalent TWS of GLDAS
was removed from monthly equivalent TWS to obtain the
GLDAS-based TWSA. Firstly, the null values area of GLDAS
in the south polar was reassigned zero and then expanded
to harmonic coefficients at 60 degrees. Subsequently, the
harmonic coefficients were smoothed with Gaussian filter
at 300 km smooth radius. Lastly, the processed harmonic
coefficients were recombined to TWSA in form of EWH.
The Gauss filter weight function could be expressed as
follows:

𝑊0 =
1

2𝜋
,

𝑊𝑙 =
1

2𝜋 ((1 + exp (−2𝑏) /1 − exp (−2𝑏)) − 1/𝑏)

𝑊𝑙+1 = −
(2𝑙 + 1)𝑊𝑙
𝑏
+𝑊𝑙−1,

(2)

where 𝑏 is equal to ln 2/(1 − cos(𝑟1/2/𝑎)), in which 𝑟1/2 and 𝑎
are the Gauss filter smooth radius and the radius of Earth.

The combined TWSA of GLDAS were filtered by the
Gauss filter for verifying the TWSA of GRACE.

3.2.3. The Fitness Function. Due to the significant seasonal
variation and linear trend in the time series of TWSA in form
of EWH, precipitation and river discharge would impact on
the real signal; the seasonal variation and linear trend were
removed from the time series. The seasonal changes could be
obtained from the least-square method to fit the time series,
as shown in the following equation:

𝑦 (𝑡) = 𝐴1 sin [𝑤 (𝑡 − 𝑡0) + 𝐴2]

+ 𝐴3 sin [2𝑤 (𝑡 − 𝑡0) + 𝐴4] + 𝐴5 (𝑡 − 𝑡0)

+ 𝐴6,

(3)

where𝐴1 and𝐴3 are the annual and semiannual amplitudes,
respectively, 𝐴2 and 𝐴4 are the phase in the annual and
semiannual,𝐴5 indicates linear trend, and𝐴6 is the constant.
𝑡0 is the first year of reference, that is, 1 January 2002.

4. Results and Discussion

4.1. Spatial Distribution of Terrestrial Water Storage. Figure 2
shows the averaged spatial distribution of TWSA from three
different organizations (e.g., Center for Space Research at
University of Texas, Austin (CSR), Jet Propulsion Laboratory
(JPL), and GeoForschungsZentrum, Potsdam (GFZ)) in the
TRB from April 2002 to December 2015. Significant negative
TWSA was detected in the north of TRB, while the positive
TWSA was monitored in the south of TRB, especially in
the southeast of TRB. In addition, the least TWSA was
less than −15mm, while the most TWSA was more than
10mm. Pondering on the difference of the dataset from the
three organizations, it was noted that there were no obvious
differences among the datasets in the spatial distributions of
TWSA. For the regional different variations of TWS in the
TRB, glacial retreat and material accumulation were defined
as the vital causes [1]. Because of the increase of summer 0∘C
level height [39], accelerated glaciers retreat and large-scale
land use expansion emerged in the north of TRB [40], but the
decrease of glacial melt andmaterial accumulation happened
in the south of TRB for the decrease of summer 0∘C level
height [39, 41].

4.2. Temporal Distribution of Terrestrial Water Storage.
Meanwhile, the distribution of TWSA from GRACE and
GLDAS in the TRB from April 2002 to December 2015 was
shown in Figure 3. It could be seen that the decreasing
trend was monitored in all of them (i.e., CSR, GFZ, JPL,
and GLDAS), and the amplitude and phase were in line with
each other. The correlation coefficients of TWSAs between
GRACE and GLDAS were 0.42 (i.e., CSR and GLDAS), 0.27
(i.e., JPL and GLDAS), and 0.42 (i.e., GFZ and GLDAS),
respectively, as shown in Figure 3(b). The trends, at the
rates of −1.6 ± 1.1mm/a, −1.6 ± 1.1mm/a, and −1.6 ±
1.2mm/a, respectively, agree well among CSR, GFZ, and
JPL, which were less than the rate of −4.2 ± 1.7mm/a for
GLDAS. This indicated that the other water resource factors
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Figure 2: The spatial distribution of TWSA of GRACE. (a) CSR
TWSA; (b) JPL TWSA; (c) GFZ TWSA.

(e.g., surface water or groundwater) may have exhibited an
increasing trend or slighter decreasing trend from April 2002
to December 2015. While the two high TWSAs occurred
in 2005 and 2010, being in line with the high precipitation
during 2005 and 2010 (i.e., Figure 3(c)), the lower TWSAs
in 2009 were associated with the low precipitation (i.e.,
Figure 3(d)).

During these three special periods, while the annual
precipitations in 2005 (e.g., 135.7mm) and 2010 (e.g., 163mm)
were 20.6% and 44.9% higher than the mean value (e.g.,
87mm) during the period of 2002–2015, respectively, the
annual precipitation in 2009 was 19.2% lower than the mean
value. Moreover, the second highest mean annual temper-
ature of 9.7∘C occurred in 2009, as shown in Figure 3(d).
Thus, the significant low TWSA in the last month of 2008
and the early month of 2009 originated from the increasing
evapotranspiration and subsequently caused an extra water
loss from soil and surface water bodies in the TRB. Also,
this proved that there was a severe drought event in the last
month of 2008 and the early month of 2009. In addition, the
previous study has found that the summer snow coverage
rate reached a minimum amount of 2.46% in 2008 for the
period of 2002–2012 based on the MODIS snow-ice product.
Subsequently, the height of summer 0∘C level reached the
lowest value and the snow coverage rate was at less level in
2009 [39, 42, 43]. As a result, a drought event happened in
2009 [42].

4.3. Relationship between TWSA and River Discharge Anoma-
lies. To research the significant drought and flood events,
the seasonal and linear trend signals were deleted from
the original time series of TWSA, river discharge, and
precipitation in the TRB during the period of 2002–2015.
Then, the nonseasonal time series were smoothed at thirteen-
month moving windows and normalized during the study
period. The variations of TWSA in the TRB exhibited in
Figures 4–6 are themean value of TWSA fromCSR,GFZ, and
JPL.The river discharge of the whole basin was the average of
the measurements at six hydrological gauging stations (i.e.,
Shaliguilanke, Xidaqiao, Alaer, Tongziguluoke, Kaqun, and
Dashankou) in the TRB.

Figure 4 shows the normalized variations of TWSA, river
discharge, and precipitation with nonseasonal signal and
linear trend signal in the TRB. While the water depletions
were detected during the period of 2002–2004, the drought
event was reported in 2009. Although the significant negative
river discharge anomalies in 2003 and 2004 were in line
with the water depletion, there were no significant negative
precipitation anomalies in the related period. Before the 2008
and 2009 droughts, there was a long-term positive TWSA
in 2005–2007. Additionally, severe water depletions and
drying up in 2009 resulted from the significant precipitation
deficits and low height of 0∘C in summer in the TRB [39].
Subsequently, while TWSA and river discharge anomalies
increased to be positive in a short period in 2010 and 2011,
the abundant precipitation and river discharge happened.
Additionally, there was another period with negative TWSA
during 2013–2015 but without significant variations in precip-
itation. It was proven that there were complex relationships,
which might have consisted of the human activities [40], the
height of 0∘C in summer [39], and atmospheric circulation [2,
7, 36] in water resource system in the TRB during 2002–2015.
Also, the uncertainties in TWSA of GRACE were evaluated,
which resulted from its relative coarse spatial resolution in the
early period [18, 44]. In addition, the negative TWSA in 2003
and 2004 can be attributed to the negative river discharge and
less snow cover rate in the same periods [42]. More potential
factors in hydrological variables were needed to verify the
TWSA of GRACE.

As the inland basin region, TRB is surrounded by
mountains, which are the source of the water for the glacier
and snow ice melting. Although the correlation coefficients
were not high, indicating that the impact of precipitation on
TWSA was insignificant, the extreme events were associated
with the factors among the TWSA, precipitation, and river
discharge during 2002–2015. As shown in Figure 1, six specific
hydrological stations, grids of GRACE in themountain areas,
and six weather stations were selected. The river discharge
anomalies were normalized for further comparison.Then the
correlation relationship between TWSA and river discharge
anomalies and precipitation anomalies in the TRB at six
hydrological stations was detected (Figure 5). The results
showed that the river discharge at the six hydrological stations
behaved with low correlations with TWSA. This indicated
that the TWSA may be influenced by other factors. How-
ever, while the significant water deficits observed in 2004,
2009, and 2011 were associated with negative river discharge
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Figure 3: The distribution of water resource factors. (a) The distribution of averaged TWS; (b) correlation relationship between GRACE
and GLDAS; (c) time series of monthly TWS of GRACE and GLDAS; and (d) time series of monthly precipitation and temperature. “EWH”
stands for equivalent water height.

anomalies in all stations, the significant water deficits were
not consistent with the anomalies of precipitation in the
weather stations.

The influences of subbasins in the TRB for the 2009 and
2015 drought events were different. In 2009, the extremely
low TWSAs over half of year, which were reported at
all stations, and the extremely low TWSAs at Xidaqiao,
Alaer, Tongziguluoke, Kaqun, and Dashankou stations were
between the two extremely negative river discharge anoma-
lies. This demonstrated that the river discharge from the
mountains decreased in 2008 followed by the negative TWSA
in 2009 under the impact of river discharge. Subsequently,
the river discharge from the mountains increased in the last
months of 2009 followed by the positive TWSA in 2010
under the impact of river discharge and precipitation. For
the four stations (e.g., Shaliguilanke, Xidaqiao, Alaer, and
Dashankou), both the negative TWSA and positive river
discharge anomalies were observed in 2003. It can be deduced

that the decrease of snow ice and glacier increased the river
discharges downstream. Moreover, it decreased the TWSA
in the mountain areas. Additionally, the positive TWSA and
positive river discharge were found at Shaliguilanke, Alaer,
Tongziguluoke, and Kaqun stations during 2005–2007. It
implied that although the accumulation of TWSA happened
less in the mountain areas for the snow and ice melt, the river
discharge increased at the stations.

Despite the significant negative TWSA in the last months
of 2008 and the early months of 2009, there were no
significant positive anomalies of river discharge displayed
at the hydrological stations. But both significant positive
TWSA and obvious positive river discharge anomalies were
detected at the hydrological stations in 2010 and the early
months of 2011. As shown in Figure 5, this might be owed
to the extreme precipitation in 2010 and the early months
of 2011 in the TRB. In the last months of 2011, the river
discharge anomalies and TWSA dropped down together.
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Table 3: Correlation coefficients between TWS/precipitation and teleconnection indices.

Periods Index
P AO NAO PDO NINO 3.4

Apr/2002–Dec/2015 0.13 −0.04 −0.10 −0.12 0.04

Apr/2002–Dec/2005 0.04 −0.11 −0.13 −0.06 −0.25
Jan/2006–Dec/2009 0.07 0.10 0.15 0.58 0.19

Jan/2010–Dec/2015 0.14 −0.03 −0.22 −0.56 0.07

Note: the numbers in bold represent the correlations at 95% level of confidence.
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Figure 4: Time series of nonseasonal variations in TWSA, mean
discharge, and precipitation in the TRB. The error bars indicate the
uncertainties of GRACE data.

Also, there were, respectively, lowest TWSAs during 2014-
2015. Additionally, there were obvious differences in the
variation patterns of precipitation anomalies, river discharge
anomalies, and TWSAs at different stations, especially at
the hydrological station of Shaliguilanke. There were large
high amplitudes in the nonseasonal precipitation anomalies
at Shaliguilanke station, especially in the year of 2010.

4.4. Relationship between TWSA and Climate Indices. The
relationships between TWSA and climate indices in the TRB
were also investigated in this study (Figures 6 and 7). In
addition, based on the previous studies, the climate indices
of AO, NAO, PDO, and NINO3.4/ENSO were selected to
analyze the potential factors about variations of TWSA.
Similarly, the seasonal signal and linear trend were removed
from the hydrological factors, and the nonseasonal time
series were smoothed at thirteen-month moving windows to
better understand the relationships (Figure 6). As the results
reported above, both the dry events around 2009 and 2015
and the wet periods in 2005 and 2010 in the TRB are exhibited
in Figure 6. However, there was no monopolized relationship
between TWSA and climate indices for the different periods
in the TRB during 2002–2015.

As for AO,while the positive correlation relationshipwith
TWSAwas exhibited in the TRB during 2009–2012, the nega-
tive correlation relationship was displayed during 2002–2009

and 2012–2015 (Figure 6(a)). Pondering on NAO, while the
positive correlation relationship with TWSA was exhibited
in the TRB during 2009-2010, the negative correlation rela-
tionship was displayed during 2002–2009 and 2010–2015
(Figure 6(b)). Taking PDO into consideration, while the
positive correlation relationship with TWSA was exhibited
in the TRB during 2005–2010, the negative correlation
relationship was displayed during 2002–2005 and 2010–2015
(Figure 6(c)). As for NINO3.4/ENSO, while the positive
correlation relationshipwith TWSAwas exhibited in the TRB
during 2006–2008, the negative correlation relationship was
displayed during 2002–2006 and 2009–2015 (Figure 6(d)).
The significant surplus of TWSA and precipitation anomalies
during 2010 owed to other factors, such as ENSO, and it
was given that this water surplus was consentient with a
negative ENSO phase (La Niña) (Figure 6(d)). The cool sea
water in the eastern Pacific equatorial region would increase
the precipitation on the western Pacific continent, thus
increasing TWS. On the contrary, the warm condition of sea
water in eastern Pacific equatorial region would decrease the
precipitation on thewestern Pacific continentwith decreasing
the TWS [45, 46]. Similar cases were also investigated in the
midstream of Yellow River and Qinghai province in China,
which found that NINO3.4/ENSO impacted on the regional
precipitation and water conditions in 2008-2009 and 2010
[8, 47].

Figure 7 reports the monopolized liner relationship
between TWSA and climate indices. It can be noted that the
linear relationships were not significant in the TRB during
2002–2015. In addition, the correlation coefficients between
TWSA and climate indices in the TRB at different periods
are detected (Table 3). Since the correlations of−0.56 and 0.58
between TWSA and PDOwere, respectively, obtained during
January 2010–December 2015 and January 2006–December
2009, the TWSA in the TRB was more closely related to PDO
than NINO3.4/ENSO, AO, and NAO, as opposed to insignif-
icant correlation between TWSA and NINO3.4/ENSO, AO,
and NAO for the different periods (Table 3). Additionally, the
correlation coefficient between TWSA and NINO3.4/ENSO
in April 2002–December 2005 was −0.25, which reached the
significant level. While the opposite correlations before and
after December 2005 were found between TWSA and AO,
NAO, PDO, and NINO3.4/ENSO, the converse correlations
before and after December 2009 were discovered between
TWSA and AO, NAO, PDO, and NINO3.4/ENSO. After
December 2009, the positive TWSA was consistent with
two continued La Niña events in 2011-2012 and the long-
term significant cool PDO phases imposed various climate
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Figure 5: Time series of nonseasonal TWS anomalies, precipitation anomalies, and discharge anomalies in the six hydrological stations of
TRB. (a) Shaliguilanke; (b) Xidaqiao; (c) Alaer; (d) Tongziguluoke; (e) Kaqun; (f) Dashankou.

extremes in many regions [48]. Both the transport of water
vapor and intensity of evaporation would be affected by the
powerful atmospheric circulations; as a result, the conditions
of TWS would be affected.

5. Conclusion

In the present study, the spatiotemporal variability of TWSA
in the TRB during April 2002–December 2015 and the
potential related factors of water sources in the mountain
area were investigated using GRACE data, river discharge,

and precipitation data. TWSA exhibited the decreasing trend
in the TRB between April 2002 and December 2015, which
was largely caused by the glacial retreat and melted snow ice.
A few of drought events in 2002, 2004, 2009, and 2015 were
observed fromGRACE-derived TWSA, while the flood event
in 2010 was detected from GRACE as well. Thus, it is also
implied thatwhile the quantification of hydrological extremes
(e.g., floods and droughts) can be detected by GRACE,
the combination between GRACE and other hydrological
parameters would broaden the applications of GRACE in
closed area. Comparing the six hydrological stations, it was
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Figure 6: The thirteen-month moving smoothed time series of nonseasonal variations in precipitation, TWSA, and climate indices of (a)
AO, (b) NAO, (c) PDO, and (d) ENSO/NINO3.4.
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found that the impacts from TWSA in the mountain areas
were different at different stations.

TWSA in the TRB was influenced by POD and
NINO3.4/ENSO for the subperiods. The correlations of
−0.56 and 0.58 between TWSA and PDO were obtained
during January 2010–December 2015 and during January
2006–December 2009, respectively. Thus, the TWSA in the
TRB was more closely related to PDO than NINO3.4/ENSO,
AO, and NAO, as opposed to insignificant correlation
between TWSA and NINO3.4/ENSO, AO, and NAO for
the different periods. Additionally, the correlation coeffi-
cient between TWSA and NINO3.4/ENSO during April
2002–December 2005 was −0.25, which reached the signif-
icant level. This research can provide useful information to
detect the wetness/dryness conditions and their potential
factors in the TRB.
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