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Abstract: Remote sensing precipitation products are essential for the systematic analysis of
precipitation characteristics and changes. This study conducts a comparative evaluation
of precipitation products from rain gauge stations, Climate Prediction Center morphing
technique (CMORPH), Tropical Rainfall Measuring Mission precipitation radar (TRMM
PR) version 7 and Global Precipitation Measurement (GPM) Dual-Frequency Precipitation
Radar Ku band (DPR KuPR) version 6 orbital observations during the common obser-
vational period (April–September 2014) across South China. The spatial patterns and
probability density function of rain rates from four precipitation products show similar
features. However, average rain rates from CMORPH (0.2–2.6 mm/h) tend to be smaller
than those from rain gauge (0.1–4.4 mm/h) in temporal and spatial distribution. Conversely,
average rain rates from TRMM PR and GPM KuPR (0.4–10.0 mm/h) are generally larger
and exhibit more pronounced monthly changes. Despite notable differences in the number
of detection samples, TRMM and GPM exhibit comparable spatiotemporal distributions
and vertical structures, including rain-rate profiles, storm top heights and liquid (ice) water
path. This confirms the consistency of space-borne precipitation radars and provides a
foundation for analyzing long-term precipitation trends. Further analysis reveals that light
rain rates from CMORPH have relatively small deviations, while rain rates generally tend
to underestimate the rain rate compared to rain gauge. In contrast, TRMM PR and GPM
KuPR tend to generally overestimate rain rates. Meanwhile, CMORPH (1.5–6.0 mm/h)
shows larger deviations from rain gauge than TRMM and GPM, and the bias progressively
increases as rain rates rise, as indicated by root mean square error results. Several statistical
metrics suggest that although the missing detection rates of TRMM and GPM are higher
than those of CMORPH (probability of detection 10–60%), their false detection rates are
spatially lower (false alert ratio 10–30%) in Middle-East China. This study aims to pro-
vide valuable insights for enhancing precipitation retrieval algorithms and improving the
applicability of remote sensing precipitation products.
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1. Introduction
Precipitation is one of the most challenging atmospheric elements to forecast and is the

crucial factor. Accurate precipitation prediction is essential for protecting human life and
property, understanding climate change and comprehending the global water cycle. The
challenges in predicting precipitation are from the sudden, complex and random nature,
the influence of terrain and the limitations of current detection methods and numerical
models. Moreover, extreme precipitation events have become more frequent in recent years
due to global warming [1–5].

In term of precipitation detection, ground-based observations (such as from rain gauge
stations) are traditional methods that offer high accuracy, real-time monitoring and stabil-
ity [6–8]. Wu et al. [9] analyzed the spatial variation of precipitation across China using
data from surface stations and reanalysis data, which is crucial for understanding climate
change. Zhang et al. [10] utilized bias-corrected rain gauge data to examine precipitation
trends across mainland China from 1961 to 2016, revealing a decreasing precipitation trend
after bias adjustment. However, the spatial coverage of ground-based observation stations
is constrained by their sparse distribution and environmental conditions. Particularly in
complicated mountainous terrain, meteorological data are often absent, making it difficult
to obtain precipitation information over large areas. With the advancement of satellite
remote sensing technology, precipitation can now be observed through various means.
For instance, the Tropical Rainfall Measuring Mission (TRMM), Global Precipitation Mea-
surement (GPM) and Fengyun-3G (FY-3G) have been launched to monitor precipitation
structures using instruments like visible/infrared, radar and microwave imagers [11–14]. In
addition, merged precipitation data from remote sensing satellites, such as Climate Predic-
tion Center morphing technique (CMORPH) and Global Precipitation Climatology Project
(GPCP) data, are also available. These satellites typically offer high spatial–temporal reso-
lution as well as extensive coverage, helping to overcome the limitations of ground-based
precipitation observations [15–18]. Different satellites employ distinct algorithms and have
varying resolutions for retrieving precipitation data. Therefore, the accuracy and adaptabil-
ity of retrieving results need to be systematically evaluated. Precipitation products derived
from satellites are often compared and calibrated by ground-based observations [19–21].
Furthermore, precipitation exhibits significant spatial variation, and uncertainties and
errors are inherent in the measurements of different remote sensing techniques [22,23].
Consequently, understanding the accuracy and bias of precipitation products requires a
comprehensive comparison of precipitation data from various observations, providing
valuable insights for optimizing precipitation observation results.

Numerous studies have focused on precipitation detection using remote sensing. Nes-
bitt and Zipser [24] investigated the diurnal cycle of mesoscale convective systems (MCSs)
using TRMM precipitation radar (PR) and microwave imagers over tropical regions. They
found that the diurnal cycles of MCSs over oceans exhibit small amplitudes, with peaks
occurring in the early morning, whereas those over land regions have larger fluctuations,
with maximum rainfall intensities occurring in the afternoon. Fu et al. [25] classified
rain types over the Tibet Plateau by applying new thresholds derived from GPM Dual-
Frequency Precipitation Radar (DPR). They distinguished strong convective precipitation,
weak convective precipitation and weak precipitation using maximum radar reflectivity
thresholds of 30 dBZ and 18 dBZ. In addition, precipitation derived from remote sensing
satellites requires retrieval and accuracy verification. Thus, many studies have focused on
evaluating and validating precipitation products, particularly over China. Zhou et al. [26]
compared TRMM 3B42 products, rain gauge data and Precipitation Estimation from Re-
motely Sensed Information using Artificial Neural Networks (PERSIANN) in mainland
China. They found that precipitation from TRMM 3B42 is closer to rain gauge data than
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that from PERSIANN, though TRMM 3B42 tended to overestimate precipitation frequency
and underestimate its intensity. Chen et al. [27] assessed the performance of TRMM 3B42
and Integrated Multi-satellitE Retrievals for GPM (IMERG) products at multiple temporal
scales in Huaihe River basin. Both precipitation products showed a high correlation with
rain gauge data, whereas GPM IMERG products outperformed TRMM 3B42, offering better
spatial–temporal resolution. Xu et al. [28] conducted a comprehensive analysis of meteoro-
logical stations data, GPM IMERG and TRMM 3B42 daily products over Huang-Huai-Hai
Plain in China. While both GPM and TRMM level-3 grid data captured the main spatial
features of annual and seasonal precipitation, they both overestimated precipitation levels.
Nevertheless, most comparative studies of precipitation products have focused on the
level-3 grid data, which is generated by interpolating level-2 orbital data and merging
with other datasets. In contrast, level-2 orbital precipitation data from space-borne radar
contain more detailed information from the original remote sensing measurements. Al-
though several previous studies have validated and analyzed the discrepancies between
the level-2 products from TRMM (or GPM) and ground-based data [29–31], there persists
a gap regarding the comparison of level-2 products from TRMM, GPM and rain gauge
observations, particularly within mainland China.

In this work, precipitation products from rain gauge stations, CMORPH, TRMM PR
and GPM DPR KuPR are collected for the period of April–September 2014 over South China
(18.125◦N–36.125◦N, 72.125◦E–128.125◦E). The study area in South China represents the
northernmost region within TRMM’s detection capability, encompassing three major sub-
regions: Southwest China, the Middle and Lower Yangtze River Basins and Southeast China.
Precipitation in this region significantly affected by the comprehensive influence of the
East (South) Asian summer monsoon and the West Pacific Subtropical High is frequent and
intense. Notably, extreme precipitation has become more frequent in recent years [32–34].
Assessing the accuracies and discrepancies of different precipitation products in South
China is essential for improving the real-time monitoring of precipitation (especially for
extreme events) and study the changing trend of precipitation climate. This will also
provide the reference for the reliability and application of precipitation products from
remote sensing. The differences among these products are quantitatively analyzed, and
their accuracies are objectively evaluated by using statistical methods and metrics. Data
and methodology are outlined in Section 2. Section 3 presents a comparison and evaluation
of the results from rain gauge stations, CMORPH, TRMM PR and GPM DPR KuPR orbit
data. Section 4 shows the conclusions.

2. Materials and Methods
2.1. Materials

The hourly precipitation data obtained from the rain gauge stations of the China
Meteorological Administration (CMA) are used to evaluate remote sensing precipitation
products over South China during May–September 2014. The rain gauge data are processed
with quality control, and the minimum threshold of 0.1 mm/h is applied. Moreover, the
CMORPH is a global precipitation product with high spatial–temporal resolution, devel-
oped by the Climate Prediction Center (CPC) of the National Oceanic and Atmospheric
Administration (NOAA). CMORPH integrates passive microwave (PMW) imager and
geostationary (GEO) satellite infrared (IR), merging and interpolating various precipitation
estimates from different satellites [35,36]. The CMORPH data are provided in grid format,
making them suitable for studying precipitation distribution and inter-annual variations. In
this study, CMORPH hourly precipitation data with a horizontal resolution of 0.25◦ × 0.25◦

are employed.
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TRMM was jointly designed by the National Aeronautics and Space Administration
(NASA) and the National Space Development Agency (NASDA) of Japan, which was
launched on 27 November 1997 and ended service in 2015 [37,38]. TRMM carried several
instruments, including the Visible and Infrared Scanner (VIRS), the first space-borne PR,
TRMM Microwave Imager (TMI) and Lightning Imaging Sensor (LIS), to capture three-
dimensional precipitation information. The TRMM PR plays a key role in observing
precipitation in tropical–subtropical regions (38◦S~38◦N) and operates 15~16 orbits per
day. The radar operates at a frequency of 13.8 GHz, corresponding to a minimum threshold
radar reflectivity of 17 dBZ (rain rate of 0.4 mm/h). The horizontal resolution of TRMM
PR is 5 km, with a vertical resolution of 250 m [39]. The retrieval algorithm of TRMM PR
is based on the hybrid of the Hitschfeld–Bordan method and a surface reference method.
Because of the influence of surface echo, the rain rate at the lowest point is estimated by
the near-surface rain rate [40]. The TRMM PR 2A25 version 7 products for the period of
April–September 2014 over South China are used, which includes near-surface rain rate,
precipitation radar reflectivity profile, liquid water path (LWP) and ice water path (IWP).

Launched on 28 February 2014, GPM builds upon the observational capabilities of
TRMM and is equipped with DPR, which includes Ka-band (KaPR) and Ku-band (KuPR)
radars. GPM offers improved detection of weak, medium and heavy precipitation. Besides,
GPM extends its observational coverage to the middle-high latitudes (68◦S~68◦N). It fea-
tures three scan patterns (high-sensitivity scan, matched scan and normal scan) and three
kinds of algorithms (KaPR algorithm, KuPR algorithm and dual-frequency algorithm) for
DPR [41]. The scan pattern and retrieval algorithm of GPM KuPR (normal scan and KuPR
algorithm) are similar to TRMM PR, making it suitable for moderate-heavy precipitation.
The KuPR operates at a frequency of 13.6 GHz, with a minimum radar reflectivity of 18 dBZ
(0.5 mm/h), a horizontal resolution of 5 km and a vertical resolution of 125 m [42,43]. A
detailed comparison of the main parameters of TRMM PR and GPM KuPR is presented
in Table 1, illustrating their close similarities. Except for the extension of detection range,
the evolution from TRMM PR to the first space-borne DPR has improved the retrieval
of microphysical parameters and sensitivity to light/solid precipitation. GPM IMERG
performs better than TRMM Multi-satellite Precipitation Analysis (TMPA) in most regions,
due to higher frequency microwave channels and upgraded algorithm for GPM [44]. How-
ever, IMERG shows insignificant improvement compared to TMPA in the Hexi region [45].
Furthermore, DPR offers superior detection capabilities for shallow precipitation and anvil
compared to TRMM PR [16].

Table 1. Comparison of main parameters of TRMM PR and GPM KuPR.

Parameters TRMM PR GPM KuPR

Launch time 27 November 1997 28 February 2014
Swath width 247 km 245 km

Orbit inclination angle 35◦ 65◦

Global coverage 38◦S~38◦N 68◦S~68◦N
Horizontal resolution ~5 km ~5 km

Vertical resolution 250 m 125 m
Maximum altitude 20 km 22 km

Band frequency 13.8 GHz 13.6 GHz
Detection threshold 0.4 mm/h (17.0 dBZ) 0.5 mm/h (18.0 dBZ)
Orbit data version 2A25 V07 2A V06

We use GPM KuPR 2A version 6 products, with precipitation data and study periods
aligning with those from TRMM PR. To ensure consistency of TRMM PR and GPM KuPR
in the study time, the overlapping period of observation in April–September 2014 is
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chosen. The relatively short duration of the study does present some objective limitations.
However, focusing on evaluation of precipitation products during this study period allows
us to understand the performance at different stages and to highlight the strengths and
weaknesses of the remote sensing algorithms at that time [46]. Meanwhile, the error
assessment could be directly applied to the current observation of GPM and the algorithm
improvements. Future work will combine TRMM PR historical data and recent GPM KuPR
data to analyze the characteristics of precipitation climate changes.

2.2. Methods

The spatial distribution of rain gauge stations is variable, and the precipitation data
from TRMM PR (GPM KuPR) are obtained from orbit-based observations. Therefore,
interpolation and gridding of these precipitation products are necessary to enable matching
and evaluation. Based on the resolution of CMORPH, the locations of rain gauge stations
and TRMM PR (GPM KuPR) pixels are interpolated onto a 0.25◦ × 0.25◦ grid over South
China. Due to the non-uniform detections from rain gauge, TRMM PR and GPM KuPR,
the interpolation method is adopted by the nearest distance method proposed by [47–49].
The rain rate for each 0.25◦ grid is calculated as the average value of the total rain rates
from the nearest rain gauge station or nearest TRMM (GPM) pixel divided by the number
of detection samples at each grid point. Temporal matching of different grid data is
then carried out after the spatial interpolation. As a result, precipitation data from rain
gauge stations, CMORPH, TRMM PR and GPM KuPR are processed into spatiotemporally
synchronized grid datasets, which can be compared and analyzed.

To quantitatively analyze the spatial–temporal characteristics and differences among
the four precipitation datasets, we statistically calculate the sample, frequency, average
near surface rain, LWP, IWP and storm top height (STH) for each grid. The frequency is
defined as the ratio of valid precipitation samples to the total detected samples at each
grid. The average near-surface rain rate for each grid is computed by dividing the total
precipitation by the number of precipitation samples in the corresponding grid. Similarly,
the distributions of LWP, IWP and STH can be obtained. The STH is the maximum height
of precipitation particle within the precipitation cloud that can be detected by TRMM
PR or GPM DPR and is defined as the first height where the radar reflectivity exceeds
20 dBZ [50,51].

In addition, several statistical metrics, including mean error (ME), root mean square
error (RMSE), probability of detection (POD), false alert ratio (FAR), bias (BIAS) and critical
success index (CSI), are used to quantitatively assess the accuracy and deviation of different
precipitation products. The specific calculation methods are listed in Table 2. The ME
represents the ratio of the sum differences between precipitation values from rain rates
from remote sensing observation (CMORPH, TRMM PR and GPM KuPR) and rain gauge
observation, divided by the number of samples. ME helps to assess the systematic deviation
between remote sensing and rain gauge observation. RMSE offers a comprehensive measure
of deviation, ensuring that the overall error is not underestimated due to the cancellation
of positive and negative errors. It is defined as the square root of the average squared
differences between remote sensing and rain gauge observation. Smaller values of ME and
RMSE indicate that remote sensing observations are closer to the rain gauge observation.
Furthermore, POD reflects the probability of accurate observation by remote sensing,
while FAR denotes the ratio of instances where no precipitation is present but is falsely
detected by remote sensing. BIAS quantifies the degree of deviation between remote
sensing observation and rain gauge observation. CSI represents the total ratio of correctly
detected precipitation by remote sensing observation. When POD, BIAS and CSI approach



Remote Sens. 2025, 17, 2040 6 of 19

100% or 1, and FAR approaches 0, the remote sensing observations are closer to the rain
gauge measurement, indicating better performance.

Table 2. Statistical metrics, including ME, RMSE, POD, FAR, BIAS and CSI.

Statistical Metrics Computational Formula Perfect Value

Mean Error (ME) ∑i=N
i=1 (RS i−RGi)

N
0

Root Mean Square Error
(RMSE)

√
∑i=N

i=1 (RS i−RGi)
2

N
0

Probability of Detection
(POD) POD = H

H+M × 100% 100%

False Alert Ratio (FAR) FAR = F
H+F × 100% 0%

Bias (BIAS) BIAS = H+F
H+M 1

Critical Success Index (CSI) CSI = H
H+F+M 1

RSi is rain rate from remote sensing observation (CMORPH, TRMM PR and GPM KuPR); RGi is rain rate from
rain gauge observation. H refers to the number of samples correctly observed by both remote sensing observation
and rain gauge observation. F denotes the number of samples falsely observed by remote sensing observation. M
represents the number of samples that are not detected by either remote sensing or rain gauge observation.

3. Results
3.1. Spatial Distribution Characteristics of Precipitation from Rain Gauge, CMORPH, TRMM PR
and GPM KuPR

Figure 1 illustrates the spatial distribution of rain rate from rain gauge, CMORPH,
TRMM PR and GPM KuPR observations. Overall, the spatial patterns of rain rates from
different precipitation products are quite similar. The rain rates generally decrease from
Southeast to Northwest China, which is in concordance with the previous results [52,53],
with the highest rain rate values concentrated south of 30◦N and the lowest observed
on the Tibetan Plateau. Nonetheless, there are some discrepancies in detail between rain
gauge and remote sensing observations. Due to uneven spatial distribution of rain gauge
stations, rain rates from rain gauge observation are less densely distributed compared to
the other three products. Besides, rain rates from rain gauge approximately range from
0.1 to 4.4 mm/h, and those from CMORPH range from 0.2 to 2.6 mm/h. Notably, the rain
rates from TRMM PR and GPM KuPR are obviously higher than those from rain gauge
and CMORPH, ranging from 0.4 to 10 mm/h. Furthermore, the rain rates from TRMM
PR are even higher than those from GPM in Southeast China (Guangxi and Guangdong
provinces). In summary, the rain rates from TRMM PR are spatially the largest, followed
by those from GPM KuPR and rain gauge, with CMORPH exhibiting the smallest values.

Figure 1. Spatial distributions of average rain rates derived from (a) rain gauge, (b) CMORPH,
(c) TRMM PR, (d) GPM KuPR over South China (SWC denotes the Southwest China, MEC denotes
Middle-East China and SEC denotes Southeast China).
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Since both TRMM PR and GPM KuPR are space-borne precipitation radars designed
to detect and retrieve precipitation, their spatial resolution at nadir and scanning width
are generally consistent (Table 1). Thus, other precipitation parameters retrieved by the
two radars are further compared. Figure 2 shows the features of sample, frequency, STH,
LWP and IWP from TRMM PR and GPM KuPR over South China. It is clear that the
number of samples detected by TRMM PR is significantly larger than that detected by GPM
KuPR (Figure 2a,b), which aligns with previous study [54]. The samples range from 0 to
700 for TRMM PR, whereas the corresponding range for GPM is roughly 0–100. The fewest
samples are found over the western Tibetan Plateau, and the largest in central China and
the southeastern Tibetan Plateau. This discrepancy may be attributed to the fact that TRMM
has a smaller orbital inclination and has been operated for more than 16 years, while GPM
has only been in operation for a few months since 2014 during the study period and its
system still need to stabilize, leading to fewer samples being detected [55]. The patterns of
frequencies from TRMM and GPM are similar to those of samples (Figure 2c,d), with the
highest frequency occurring near 30◦N (exceeding 10%). The main difference is that the
frequency from TRMM is slightly higher than that from GPM in Southeast China.

Figure 2. Spatial distributions of (a,b) samples, (c,d) frequencies, (e,f) STHs, (g,h) LWP and (i,j) IWP
of TRMM PR and GPM KuPR over South China.

The distribution of STH from TRMM largely agrees with that from GPM (Figure 2e,f).
The STHs reach altitudes greater than 8 km over western China due to the unique topogra-
phy. In contrast, the STHs range from approximately 4 to 8 km in Middle-East China and
from 5 to 9 km in Southeast China. The patterns of LWP (Figure 2g,h) and IWP (Figure 2i,j)
from TRMM PR and GPM KuPR are similar and show distinct characteristics, although
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there are differences in the magnitudes of LWP and IWP. Overall, the values of LWP and
IWP presented by TRMM PR are larger than those from GPM KuPR over South China.
Over the Tibetan Plateau, the IWP values (200–600 g/m2) are larger than those of LWP (less
than 400 g/m2). However, the LWP values dominate and are larger than the IWP values in
the region east of 105◦E. In particular, the LWP values are evidently exceed 1200 g/m2 in
the Southeast China, whereas the IWP values are greater than 600 g/m2.

3.2. Monthly Average Rain Rate, Probability Density Function (PDF) and Vertical Structure of
Precipitation from Rain Gauge, CMORPH, TRMM PR and GPM KuPR

To better analyze regional details, three sub-regions—Southwest China (SWC), Middle-
East China (MEC) and Southeast China (SEC)—are defined, as shown in Figure 1. The
monthly average rain rates from rain gauge, CMORPH, TRMM PR and GPM KuPR over
South China (SC) and the three sub-regions are presented in Figure 3. Overall, the monthly
rain rates from CMORPH are the smallest compared to the other three precipitation prod-
ucts. The monthly rain rates from rain gauge fall between those from CMORPH and
TRMM (GPM). Moreover, the monthly rain rates show slightly variation across different
regions. It is evident that the intensities of monthly rain rates are the lowest (0–3 mm/h) in
Southwest China (Figure 3b) and the highest (0–5 mm/h) in Southeast China (Figure 3d).
In Middle-East China (Figure 3c) during summer (June–August), the monthly rain rates
from GPM are slightly higher than those from TRMM. However, in general, the monthly
rain rates from TRMM are apparently the highest in Southwest and Southeast China. In
contrast, the changes of monthly rain rates from CMORPH are relatively uniform, whereas
the variation amplitudes of monthly rain rates from rain gauge, TRMM and GPM exhibit
more pronounced seasonal characteristics.

Figure 3. The variations of monthly rain rates derived from rain gauge, CMORPH, TRMM PR
and GPM KuPR over (a) South China, (b) Southwest China, (c) Middle-East China and (d) South-
east China.

Figure 4 displays the PDFs of rain rates from rain gauge, CMORPH, TRMM PR and
GPM KuPR over South China and its three sub-regions, respectively. The PDF patterns
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of rain rates from four precipitation products are similar both for South China as a whole
and each sub-region. Specifically, most of the rain rates are concentrated within 4 mm/h
and correspond to the average rain rates of the spatial distribution (Figure 1), whereas
the proportion of rain rates larger than 4 mm/h is small. Besides, rain rates from rain
gauge and CMORPH are more heavily concentrated in the lower range (less than 1 mm/h),
with PDF peaks exceeding 40%. Although the peaks of PDFs from TRMM and GPM are
relatively smaller, the distributions of rain rates are broader, indicating that the rain rates of
TRMM and GPM are generally higher than those of rain gauge and CMORPH.

Figure 4. The PDFs of rain rates derived from rain gauge, CMORPH, TRMM PR and GPM KuPR
over (a) South China, (b) Southwest China, (c) Middle-East China and (d) Southeast China.

In addition, the PDFs of LWP and IWP derived from TRMM PR and GPM KuPR show
quite similar ranges and distributions over South China (Figure 5a,e). The LWP values are
primarily concentrated within the range of 0–2000 g/m2, whereas the ranges of IWP are
roughly 0–800 g/m2. Specifically, the LWP peaks (Figure 5b) are more heavily concentrated
within 100 g/m2 in Southwest China compared to the other sub-regions (Figure 5c,d). It is
evident that the PDF of LWP in Southwest China approaches 0% for values greater than
500 g/m2, whereas LWP values exceeding 500 g/m2 in Middle-East China and Southeast
China still represent a noticeable proportion. In contrast, the percentage of IWP values
above 100 g/m2 is slightly higher in Southwest China than that in Middle-East China and
Southeast China (Figure 5f), likely due to the influence of high-altitude terrain on the west
side of Southwest China. Moreover, LWP and IWP values between TRMM and GPM in
Middle-East China and Southeast China exhibit minimal differences, with their distribution
patterns almost overlapping except for the magnitude of the peak values (Figure 5c,d,g,h).
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Figure 5. The PDFs of LWP and IWP derived from TRMM PR and GPM KuPR over (a,e) South China,
(b,f) Southwest China, (c,g) Middle-East China and (d,h) Southeast China.

Figure 6 displays the contoured frequency with altitude diagram (CFAD) of radar
reflectivity from TRMM PR and GPM KuPR over South China (Figure 6a,e) and its three
sub-regions (Figure 6b–d,f–h). In general, the shapes of CFADs for TRMM and GPM are
similar, with the radar reflectivity approximately increasing as height decreases, though
it remains relatively unchanged below 5 km, which agrees with the previous study [56].
The storm top heights in Southwest (Figure 6b,f) and Southeast China (Figure 6d,h) are
slightly higher than those in Middle-East China (Figure 6c,g), and the radar reflectivity
near the surface exceeds 40 dBZ, except in Southwest China. It is noted that the frequencies
at 3–9 km differ significantly between TRMM and GPM, with TRMM showing higher
frequencies due to its larger number of detection samples. Moreover, the frequencies
of radar reflectivity reflect the number of samples at corresponding height, which also
suggests that TRMM captured more precipitation samples in the vertical structure than
GPM during the study period. Therefore, the CFADs of radar reflectivity from both TRMM
PR and GPM KuPR are largely consistent, with the primary difference lying in the samples
of vertical structure.

Figure 6. The CFADs of radar reflectivity derived from TRMM PR (top row) and GPM KuPR
(bottom row) over (a,e) South China, (b,f) Southwest China, (c,g) Middle-East China and (d,h) South-
east China.
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4. Discussion
To clearly compare the differences and deviations of rain rates between rain gauge

observation and other precipitation products from remote sensing, Figure 7 illustrates the
scatter plots of rain rates from CMORPH, TRMM PR and GPM KuPR grid data, matched
with rain gauge grid data over South China. The number of matching rain rate samples
between rain gauge and CMORPH is large in each grid, with most grid points having
over 500 samples (Figure 7a). However, the matched rain rates between rain gauge and
CMORPH are more concentrated around 1 mm/h, and the large rain rates (greater than
2.0 mm/h) are sparsely distributed. This suggests that rain rates from CMORPH are closer
to the results of rain gauge observation when the rain rates are light.

Figure 7. Scatter plots of rain rates among rain gauge and CMORPH, TRMM PR, GPM KuPR over
South China, respectively (The color bar denotes samples at each grid from the rain gauge observation
and corresponding remote sensing observation).

Combined with Figure 2a,b, it can be observed that the number of detection samples
from TRMM PR exceeds that from GPM KuPR during the study period. Additionally, the
rain rate samples in each matched grid between rain gauge and TRMM are larger than
those between rain gauge and GPM (Figure 7b,c). Most of the rain rate scatter grids tend
to be distributed on the TRMM and GPM side, indicating that the rain rates from TRMM
and GPM are generally higher than those from rain gauge observation, which is consistent
with the spatial distribution results (Figure 1a,c,d). Figure 7d shows the scatter distribution
of rain rates from TRMM and corresponding values from GPM. Although there are fewer
matched samples in each grid, the rain rate values of the two are relatively close, especially
within 2 mm/h. As the rain rates exceed 3 mm/h, the matched rain rate samples generally
decrease and the scatter pattern become more dispersed, suggesting that the deviation
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between TRMM and GPM increases with increasing rain rate. This is likely due to the
Hitschfeld–Bordan method in the TRMM PR and GPM KuPR algorithms performing well
when the rain attenuation is weak, whereas the result of retrieval becomes unstable when
the rain attenuation is strong [57]. Meanwhile, radio wave signal attenuation is significantly
related to precipitation (particle), and attenuation is strong for heavy precipitation [58,59].
Thus, it could be concluded that the deviation of TRMM and GPM become larger with the
rain rate increasing.

Furthermore, box plots of rain rates, storm top heights, LWP and IWP from rain
gauge, CMORPH, TRMM PR and GPM KuPR are shown in Figure 8. It is obvious that the
range between maximum and minimum rain rates from rain gauge exhibits the largest
variation (Figure 8a), indicating a significant dispersion in rain rate values due to the
uneven distribution of stations. In contrast, the dispersion of rain rate values from GPM
is the smallest. Moreover, the median, the first quartile (the 25th percentile) and the third
quartile (the 75th percentile) of rain rates from TRMM and GPM are generally higher than
those from rain gauge and CMORPH, implying a slight overestimation of rain rate by
TRMM PR and GPM KuPR relative to rain gauge observation. It is noted that the average
rain rate from TRMM is the largest (2.61 mm/h), while the rain rate from GPM (2.22 mm/h)
is the closest to that from rain gauge (2.37 mm/h). The median, average and interquartile
ranges of STH (approximately 4.7–7.7 km) and IWP (approximately 53–270 g/m2) from
TRMM and GPM are similar (Figure 8b,d). However, the median, average and interquartile
ranges of LWP from TRMM (181–764 g/m2) are notably larger than those from GPM
(97–459 g/m2) (Figure 8c), which corresponds to the spatial distribution patterns observed
in Figure 2g,h, particularly over the Tibetan Plateau and Southeast China.

 
Figure 8. Box plots of (a) rain rates, (b) STHs, (c) LWP and (d) IWP derived from rain gauge,
CMORPH, TRMM PR and GPM KuPR over South China (the black solid line in the box denotes the
median and the red solid line denotes the average value, the whisker denotes the range of the value).

ME and RMSE provide an intuitive indication of the deviation between remote sensing
observations (CMORPH, TRMM PR and GPM KuPR) and rain gauge observation. There-
fore, the spatial patterns of ME and RMSE of rain rates over South China are shown in
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Figure 9, with the calculation formulas detailed in Section 2.2. It is clear that the ME values
are negative across most parts of South China for CMORPH (Figure 9a), with ME values
dropping below −1.0 mm/h in the south of 30◦N region. In contrast, the ME values are
predominantly positive for TRMM and GPM (Figure 9b,c). This pattern, along with Figures
7 and 8a, confirms that the rain rate values from CMORPH are generally underestimated,
while rain rates from TRMM PR and GPM KuPR are overestimated.

 

Figure 9. Spatial distributions of ME (top row) and RMSE (bottom row) of rain rates over South China.

Precipitation estimation of CMORPH is based on instantaneous PMW and GEO IR;
thus, the source of error for CMORPH depends on poor detection of PMW signals and
limited capability of the retrievals [60,61]. It may also miss short-duration heavy rainfall
events measured by PMW, resulting in low rain rates. Furthermore, systematic errors
between rain gauge observation and TRMM PR (GPM KuPR) are inevitable, as the former
measures hourly accumulated precipitation (including evaporation), whereas the latter
captures instantaneous measurement. The gridding process of TRMM and GPM orbital
data may also introduce errors. Another primary source of uncertainty of TRMM and GPM
precipitation estimates comes from the conversion of radar reflectivity into rain rate, which
is significantly influenced by complex topography, seasonal variability and precipitation
types [41]. Despite the topography classification, some echoes captured by antennas at
high surface echoes are misinterpreted as rain echoes. Some sidelobe clutters are removed
but not all of them in algorithm [62].

Because of the KuPR detection threshold (about 13 GHz) limitation of TRMM and
GPM, rain rates below 0.5 mm/h (such as drizzle) may be omitted. Moreover, the detection
ability of TRMM for light rain diminishes after orbital boost [63], which could result in
larger discrepancies and RMSE in observational results for light rain compared to rain
gauge and CMORPH. The attenuation signal of the light rain rate is weak and may be
contaminated by noise signals from the surface, making it challenging to distinguish
and leading to errors. Beyond that, the retrieval of TRMM and GPM rely on Rayleigh
scattering, which is highly dependent on the shape and size of precipitation particles [62].
Consequently, inhomogeneity in precipitation particles may introduce minor biases in the
estimation results. On the other hand, the RMSE values (1.5–6.0 mm/h) of rain rates for
CMORPH are significantly large across South China (Figure 9d). In contrast, the RMSE
values of rain rates for TRMM and GPM are relatively smaller (Figure 9e,f), though larger
RMSE values are typically observed in low-latitude regions due to algorithm instability,
especially when retrieving heavy rain rates in these areas. Meanwhile, it can be found that
RMSE values for GPM KuPR are slightly smaller than those for TRMM PR, especially in
Southeast China, indicating that the deviations of rain rates between GPM and rain gauge
are lower.

Four statistical metrics—POD, FAR, BIAS and CSI—are selected to further evaluate
the deviation between remote sensing measurements (CMORPH, TRMM PR and GPM
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KuPR) and rain gauge observations over South China (Figure 10). The POD (10–60%),
BIAS (0.25–2.0) and CSI (0–0.4) values for CMORPH (Figure 10a,g,j) are relatively higher
than those for TRMM and GPM, with values closer to the ideal (100% or 1). It is worth
noting that the FAR (30–70%) for CMORPH (Figure 10d) does not perform as well as
POD, particularly in Southwest and Southeast China. CMORPH is a precipitation product
generated by the multiple remote sensing data sources using retrieval algorithms, resulting
in fewer missing rain-rate values and better POD performance. However, the relatively
large FAR for CMORPH reflects that the proportion of false detections still affects the rain
rate results. Besides, the POD, BIAS and CSI for TRMM (Figure 10b,h,k) are higher than
those of GPM (Figure 10e,i,l), primarily due to fewer detection samples from GPM during
study period. This result is consistent with the previous result of level-3 high-resolution
precipitation product from GPM and TRMM [64,65]. Nevertheless, the FAR patterns for
GPM and TRMM (Figure 10e,f) are similar and obviously lower than those for CMORPH in
Middle-East China (FAR 10–30%). This suggests that although GPM KuPR detects relatively
fewer precipitation samples, its detection error rate is low, and it can detect characteristics
of rain rate similarly to TRMM PR.

Figure 10. Spatial distributions of (a–c) POD, (d–f) FAR, (g–i) BIAS and (j–l) CSI over South China.

Beyond the deviations discussed above, topography is a crucial factor in satellite
retrieval. Both TRMM and GPM algorithms classify land surface types (land, ocean,
inland water and coast) but are unable to account for all surface categories. Precipitation
estimation by TRMM and GPM is affected by high surface echo, potential beam blockage
and signal attenuation in complex terrain, with the noise echo from the terrain unable
to be fully eliminated in the algorithm. Moreover, the retrieved rain rates exhibit strong
dependence on local topography, and the retrieval result in flat topography is better than
that in mountains [31,41,65]. Meanwhile, the 17.0 dBZ detection threshold for TRMM PR
potentially misses light rain in higher terrain [66], and a similar limitation may exist in
GPM KuPR with its 18.0 dBZ threshold. The rain rates decrease with increasing elevation,
especially due to the compression effect over the Tibetan Plateau [3], and both TRMM
PR and GPM DPR may misjudge the bright band. Thus, the precipitation should be
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reclassified according to the specific algorithm [25]. Future work will include a more
detailed examination of space-borne radar detection performance for different surface
types and its effects on precipitation intensity retrievals across mainland China.

5. Conclusions
This study compares and evaluates the performances of different precipitation prod-

ucts spatially and temporally by using rain gauge stations, CMORPH hourly data, TRMM
PR v07 and GPM DPR KuPR v06 observations from April to September 2014 over South
China. The main conclusions are summarized as follows:

The spatial patterns of rain rates from rain gauge, CMORPH, TRMM PR and GPM
KuPR are similar, with the rain rates gradually increasing from the North to South. The rain
rates from CMORPH are generally lower than those from rain gauge observation, while
TRMM and GPM tend to slightly overestimate rain rates relative to rain gauge, particularly
in Southeast China. Despite TRMM PR having a significantly larger number of detection
samples than GPM KuPR, the high frequency in Middle-East China, as well as the storm
tops, are largely consistent. In contrast, the distributions of LWP and IWP values show
discrepancies, with the LWP and IWP values from TRMM being larger than those from
GPM in the south of 30◦N.

The monthly rain rates from rain gauge, CMORPH, TRMM and GPM exhibit similar
seasonal variations over South China and the three sub-regions (SWC, MEC and SEC). The
monthly rain rates from CMORPH are generally the smallest and show less pronounced
variations, while rain rates from the other three precipitation products present significant
seasonal characteristics. Besides, the monthly rain rates from TRMM in SWC and SEC
are typically higher than those from GPM, which is in good agreement with the spatial
distribution. The PDF changes of rain rates from four precipitation products are broadly
consistent over South China and the three sub-regions, although the peak values of PDFs are
different. The variations in the PDFs of LWP, IWP and the CFADs of radar reflectivity from
TRMM PR and GPM KuPR show minimal differences over South China, suggesting that
TRMM PR and GPM KuPR exhibit strong consistency in retrieving the three-dimensional
structure of precipitation and related information. This consistency also paves the way
for long-term series characteristics and precipitation trends based on TRMM and GPM
remote sensing.

Moreover, several statistical methods and metrics are employed to further analyze the
bias in rain rates among rain gauge, CMORPH, TRMM PR and GPM KuPR over South
China. The rain rates from CMORPH are closer to those from rain gauge when the rain
rates are below 1 mm/h. However, the deviations between CMORPH and rain gauge
gradually increase as the rain rates rise, particularly when exceeding 2 mm/h. Overall, the
rain rates from TRMM and GPM are higher than those from rain gauge, which is consistent
with the spatial distribution result. The patterns of ME values further confirm that the
rain rates from CMORPH are spatially smaller than those from rain gauge, whereas the
rain rates from TRMM and GPM tend to be larger in most southern regions. Moreover,
the RMSE values indicate that the deviations between rain rates from CMORPH, TRMM
PR and GPM KuPR compared to those from rain gauge observations increase due to the
instability of the retrieval results of intense precipitation. Furthermore, the POD, FAR, BIAS
and CSI are used to assess the quality of these precipitation products. The satellite orbital
detection mode leads to fewer precipitation samples, resulting in smaller POD and CSI
values from TRMM and GPM compared to those from CMORPH. Nonetheless, TRMM PR
and GPM KuPR tend to overestimate the rain rates, their false detection rates of TRMM and
GPM are generally lower, and the FAR results for TRMM and GPM are generally superior
to those for CMORPH (particularly in Middle-East China), indicating that the error rates of
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detection by TRMM and GPM are relatively small. In summary, CMORPH demonstrates
higher accuracy in light rain, while TRMM PR and GPM KuPR exhibit progressively larger
deviations as precipitation intensity increases.
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