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Abstract: Satellite-based and reanalysis precipitation products have experienced increasing popular-
ity in agricultural, hydrological and meteorological applications, but their accuracy is still uncertain
in different areas. In this study, six frequently used high-resolution daily precipitation products,
including Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS), Global Satellite
Mapping of Precipitation (GSMaP), Integrated Multi-satellitE Retrievals for Global Precipitation
Measurement (IMERG), Multi-Source Weighted-Ensemble Precipitation (MSWEP), Precipitation
Estimation from Remotely Sensed Information using Artificial Neural Networks-Cloud Classifica-
tion System-Climate Data Record (PERSIANN-CCS-CDR) and European Center for Medium-Range
Weather Forecasts Reanalysis V5-Land (ERA5-Land), were comprehensively evaluated and compared
in nine regions of mainland China between 2015 and 2019. The results reveal that, in general, GSMaP
is the best precipitation product in different agricultural regions, especially based on the Pearson
correlation coefficient (CC) and critical success index (CSI). ERA5-Land and MSWEP tend to have the
highest probability of detection (POD) values, and MSWEP tends to have the smallest relative root
mean squared error (RRMSE) values. GSMaP performs better at almost all precipitation levels and
in most agricultural regions in each season, while MSWEP has the best performance for capturing
the time series of mean daily precipitation. In addition, all precipitation products perform better
in summer and worse in winter, and they are more accurate in the eastern region. The findings of
this study will contribute to understanding the uncertainties of precipitation products, improving
product quality and guiding product selection.

Keywords: precipitation product; daily precipitation; evaluation; comparison; mainland China

1. Introduction

Precipitation is a crucial meteorological variable that plays a vital role in the hydrolog-
ical cycle, agriculture and eco-environment systems [1–3]. The spatiotemporal distribution
of precipitation has profound impacts on meteorology and hydrology and their associated
processes [4,5]. Therefore, precise estimation of precipitation including the intensity and
frequency is of great importance. However, due to the strong spatial and temporal variabil-
ity of precipitation, high-quality estimation of precipitation at fine spatial and temporal
resolutions remains a great challenge [6,7].

Conventional rain gauges have the most accurate observations at station locations [8],
but it is difficult to obtain high-resolution daily precipitation distribution data over large
areas due to the strong spatial and temporal variability of daily precipitation [9,10] and the
low-density rain gauge network [11,12]. In addition, rain gauges often suffer from frequent
time-series gaps [11,12], and many of them only have short historical records [13].

In recent decades, many satellite-based and reanalysis high-resolution precipitation
products have been released [14], including Climate Hazards Group InfraRed Precipitation
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with Station data (CHIRPS) [15], Global Satellite Mapping of Precipitation (GSMaP) [16],
Integrated Multi-satellitE Retrievals for Global Precipitation Measurement (IMERG) [17],
Multi-Source Weighted-Ensemble Precipitation (MSWEP) [18], Precipitation Estimation
from Remotely Sensed Information using Artificial Neural Networks-Cloud Classifica-
tion System-Climate Data Record (PERSIANN-CCS-CDR) [19] and European Center for
Medium-Range Weather Forecasts Reanalysis V5-Land (ERA5-Land) [20]. Some of them
have been widely applied in agriculture [21,22], climate [23,24] and hydrology [25,26].
Nevertheless, numerous studies have shown that the performance of precipitation products
produced based on different sensors and retrieval algorithms varies considerably and
that there is no optimal product in all cases [27–32]. Therefore, there remains a need to
evaluate and compare the precipitation products with fine spatial and temporal resolutions
in different regions, times and precipitation levels [6,7,33,34].

Many studies have been conducted to examine the error characteristics of precipitation
products at different temporal and spatial scales. In the Adige Basin, CHIRPS was shown
to be the best product, and all products tended to show larger errors in the winter months
in terms of overall statistical metrics [34]. A study conducted in Australia concluded that
IMERG better characterized the distribution of precipitation compared to Tropical Rainfall
Measurement Mission (TRMM), Multi-satellite Precipitation Analysis (TMPA), Climate
Prediction Center morphing method (CMORPH), PERSIANN and PERSIANN-CDR [29].
Another evaluation carried out in the USA found that GSMaP was more accurate than oth-
ers, and all the compared datasets exhibited underestimation in winter yet overestimation
in summer [35]. In addition, several precipitation products released in recent years have
been shown to perform better than previous products in some regions. For example, the
accuracy of CHIRPS and MSWEP was compared on the Tibetan Plateau, and the results
showed that MSWEP was more accurate [36]. ERA5-Land has a higher spatial resolution
and better precipitation estimates than ERA5 in most regions [20]. PERSIANN-CCS-CDR
was found to perform better than PERSIANN-CDR in the USA in terms of the resolution,
intensity and spatial patterns of precipitation [19]. These studies have not only demon-
strated the considerable temporal and spatial variation in the performance of precipitation
products but have also identified relatively accurate high-resolution precipitation products
as well as those released in recent years with excellent preliminary evaluation but not yet
fully assessed.

Located in the eastern part of Eurasia and west of the Pacific Ocean, China is one of
the countries with the most significant monsoons in the world. Many factors, such as the
vast area, complex topography and strong monsoon, contribute to the significant spatial
variation in precipitation of China [37,38], which decreases unevenly from the southeastern
coast to the northwestern interior [39]. In addition, both the amount and spatial variability
of precipitation differ significantly among seasons [40]. Therefore, a temporal and spatial
evaluation of precipitation products helps to provide a relatively optimal precipitation
product for regional studies. A few studies evaluating precipitation products in mainland
China have been reported in the literature. A drought monitoring study compared the
reliability level of seventeen monthly precipitation products in drought detection [32]. A
quantitative analysis of the GPM-based precipitation products pointed out that the overall
quality of GSMaP was slightly superior to IMERG in eastern and southern China [41].
IMERG was found to be more accurate than TMPA in the major basins of mainland
China [31]. However, many studies are limited to two or three precipitation products,
ignoring other available prominent high-quality datasets. In addition, few attempts have
been made to evaluate the estimates of daily precipitation over China, despite its important
role in agriculture and vegetation phenology [42,43]. Furthermore, most of the previous
studies paid attention to a local area of China, while no studies attempted to identify the
error characteristics of precipitation products in different agricultural regions, although
many agricultural studies were carried out in a specific agricultural region [44–47]. To
date, to the best of our knowledge, this is the first time that the promising high-resolution
daily precipitation products have been evaluated and compared in different agricultural
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regions in mainland China, which provides important data support in different agricultural
regions for agricultural research such as crop yield estimation, sustainable agricultural
development and crop adaptation to climate change [21,22].

Here, we present the evaluation and comparison of six high-quality daily precipitation
products in nine regions of mainland China. Five satellite-based precipitation products
(CHIRPS, GSMaP, IMERG, MSWEP and PERSIANN-CCS-CDR) and a reanalysis precipita-
tion product (ERA5-Land) with the spatial resolution equal to or finer than 0.1◦ were se-
lected based on their good performance demonstrated by previous studies [18–20,28,29,34].
The spatial and temporal performance of these prominent precipitation products were
evaluated and compared against 2413 rain gauge stations at a daily scale between 2015
and 2019. The rest of this paper is organized as follows. Section 2 describes the study area,
precipitation products and evaluation metrics. Section 3 focuses on the assessment results.
The discussion and conclusion are given in Sections 4 and 5, respectively.

2. Materials and Methods
2.1. Study Area

China has a land area of approximately 9.6 million km2, most of which is located in
the midlatitudes. As depicted in Figure 1, the terrain of mainland China, ranging from
−268 to 8405 m, is very complex and can be abstracted into three great steps from west
to east. Many factors, such as complex topography, volatile monsoon (both its intensity
and direction) and geographic location, contribute to the significant spatial variation in
China’s climate, with mean annual temperature and precipitation decreasing in general
from the south to north and from the southeastern coast to the northwestern interior,
respectively [38,39,48]. To better reveal the performance of precipitation products in differ-
ent regions, we adopted a zoning system that divides mainland China into nine agricultural
regions with similar temperature, precipitation and soil regimes [49,50]. The nine regions
are the Inner Mongolia Plateau, the Gan-Xin Desert Plateau, the Northeast Plain, the Loess
Plateau, the Qinghai-Tibet Plateau, the Sichuan Basin and the Yunnan-Guizhou Plateau,
the South China Tropical Crops Region, the Huang-Huaihai Plain and the Middle and
Lower Yangtze River Region. They were termed Ri, i = 1, 2 . . . , 9, respectively, in this study
(Figure 1). We further group these regions into the northeastern region (R1 and R3), western
region (R2 and R5), central region (R4 and R6) and eastern region (R7, R8 and R9) to better
represent spatial patterns. In particular, the southern region includes R6, R7 and R9, and
the northern region includes R1, R4 and R8.
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2.2. Datasets
2.2.1. Rain Gauge Measurements

The daily precipitation data from the high-density rain gauge dataset, obtained from
the National Meteorological Information Center of the China Meteorological Administra-
tion (CMA), was revised and checked under strict quality control before being released.
Currently, it is deemed the best ground truth of daily precipitation [37,51]. We removed the
stations with time coverage less than 95% during the study period to ensure continuity of
observation series. Finally, a total of 2413 stations throughout mainland China were used
as the reference data to evaluate the precipitation products, whose locations are shown in
Figure 1.

2.2.2. CHIRPS

CHIRPS is a 35+ year quasi-global rainfall dataset spanning 50◦S–50◦N from 1981 to
near-present, which integrates in-house climatology, CHPclim, satellite imagery, and rain
gauge data [15]. The latest version, CHIRPS V2.0, was released in February 2015 and seems
well suited to monitoring droughts in regions where Cold Cloud Duration (CCD) estimates
relate reasonably well to observed precipitation systems [15]. The finest spatial resolution
of CHIRPS is 0.05◦.

2.2.3. GSMaP

Sponsored by the Japan Science Technology Agency (JST) and the Japan Aerospace
Exploration Agency (JAXA) [52], GSMaP aims to develop a precise high-resolution global
precipitation product by integrating various PMW/IR sensors [16]. GSMaP V7 includes the
near-real-time product (GSMaP_NRT), microwave-IR combined product (GSMaP_MVK)
and gauge-calibrated rainfall product (GSMaP_Gauge). In this study, GSMaP_Gauge,
adjusted by Climate Prediction Center (CPC) global daily gauge data [53,54], was evaluated.

2.2.4. IMERG

IMERG is the level-3 algorithm of Global Precipitation Measurement (GPM), which
combines all microwave estimates of the GPM constellation, infrared estimates and precipi-
tation gauge analyses [55]. Three products (IMERG-E, IMERG-L and IMERG-F) are given
in the latest IMERG version (V06B) [17]. They are processed by different algorithms, and
the last one has the best performance most of the time [56,57]. Therefore, IMERG-F was
assessed and compared in this study across China, with a spatial resolution of 0.1◦.

2.2.5. MSWEP

To optimally combine data from various gauge, satellite, and reanalysis data sources,
including CMORPH, daily gauge data, ERA-Interim, GSMaP, etc., MSWEP was gener-
ated through four stages of merging [58]: (i) producing a global map of long-term mean
precipitation; (ii) merging precipitation anomalies from the different datasets for each
data source; (iii) merging the precipitation anomalies from the different data sources; and
(iv) downscaling the long-term mean precipitation to a finer timescale. The latest version,
MSWEP V2, is the first fully global precipitation dataset with a 0.1◦ spatial resolution [18].

2.2.6. PERSIANN-CCS-CDR

Most available high-resolution data are of short-term duration, yet the long-term
duration data are of low resolution [59]. PERSIANN-CCS-CDR was designed to address
these limitations [19] and was released in 2021. The finest spatial resolution of PERSIANN-
CCS-CDR is 0.04◦, and it has a long-term time series from 1983 to the present, span-
ning 60◦S–60◦N. An evaluation showed that PERSIANN-CCS-CDR performed better than
PERSIANN-CDR in most cases, especially for extreme events [19]. However, to date, very
few evaluations have compared this dataset with other excellent precipitation products,
despite its great potential performance. We assessed PERSIANN-CCS-CDR across China in
detail for the first time.
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2.2.7. ERA5-Land

ERA5, the fifth generation of ECMWF, provides a large number of atmospheric, land
and oceanic climate variables, with much higher spatial and temporal resolutions than ERA-
Interim [60]. ERA5-Land is a reanalysis dataset reproduced from ERA5 at a 0.1◦ spatial
resolution [20]. Different from satellite precipitation products, reanalysis precipitation
products incorporate multiple surface variables using the laws of physics. ERA5-Land was
chosen in this study due to its excellent performance reported in other studies [61,62].

2.3. Methodology
2.3.1. Preprocessing

Some previous studies upscaled the rain gauges to the same grid scale as the pre-
cipitation products through various interpolation methods to address the scale mismatch
issue [63,64]. However, the uncertainty of the results has not been well assessed at present
due to the uncertainties introduced by interpolation [65,66]. Instead, followed by other
researchers [31,56,65–68], we adopted a widely-used simple approach where the average
of the rain gauge measurements within each pixel was used as a reference for this pixel. In
addition, the spatial resolution of the precipitation products chosen in this study ranges
from 0.04◦ to 0.1◦. We did not upscale or downscale the products into the same resolution,
because of the uncertainty arising from the scale transformation process [65]. Followed by
the method used in some previous studies [23,56,65], the high-density validation stations
were processed against the pixel size of each precipitation product separately in this study,
and finally, the error values calculated from the precipitation products were compared.

2.3.2. Evaluation Metrics

To evaluate the accuracy and precipitation detection capability of the precipitation
products, four metrics, including the Pearson correlation coefficient (CC), relative root
mean squared error (RRMSE), probability of detection (POD) and critical success index
(CSI), were used in this study. CC, ranging from −1 to 1, quantifies the degree of linear
correlation between precipitation products and rain gauge observations. RRMSE is used
to measure error, reflecting the degree of deviation. POD indicates the proportion of hits
in precipitation events, and a high POD value is expected. The CSI takes into account
hits, misses and false alarms and is sensitive to the climatological frequency of events.
To quantify the detection capability of precipitation events, we adopted 0.1 mm/d as the
precipitation threshold according to the CMA (http://zwgk.cma.gov.cn/, accessed on
12 April 2022). The formulas of the evaluation metrics are listed in Table 1.

Table 1. Evaluation metrics used in this study. P and G mean products and rain gauge observation,
respectively. Hits, Misses and False alarms in the table refer to the observed precipitation correctly
detected by products, observed precipitation missed by products and the precipitation detected by
the products but not observed by the rain gauge, respectively.

Metric Formula Optimal

Pearson correlation coefficient (CC) CC =
∑n

i=1(Gi−G)(Si−S)√
∑n

i=1 (Gi−G)
2·
√

∑n
i=1(Si−S)

2
1

relative root mean squared error (RRMSE) RRMSE =

√
∑n

i=1(Pi−Gi)
2

n / ∑n
i=1 Gi

n
0

probability of detection (POD) POD = Hits
Hits+Misses 1

critical success index (CSI) CSI = Hits
Hits+False alarms+Misses 1

http://zwgk.cma.gov.cn/
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3. Results
3.1. Overall Performance of Precipitation Products throughout Mainland China
3.1.1. Average Accuracy of Precipitation Products

To quantify the average accuracy of these products, the error and precipitation detec-
tion capability of the six products are listed in Table 2, which shows that GSMaP yields
the highest CC and CSI with values of 0.55 and 0.48, respectively. The RRMSE values of
MSWEP (3.09) and GSMaP (3.10) are much smaller than the others. ERA5-Land has the
highest POD (0.79), followed by MSWEP (0.78) and GSMaP (0.76). According to these four
metrics, CHIRPS and PERSIANN-CCS-CDR perform much worse than the others in terms
of average accuracy, with lower CC, POD and CSI and higher RRMSE. In contrast, GSMaP
is the best product in general, with a higher average accuracy. Additionally, MSWEP and
ERA5-Land also perform well.

Table 2. Mean values of CC, RRMSE, POD and CSI of six products based on all observations between
2015 and 2019. We collected all corresponding samples and calculated the statistics at once to avoid
unstable statistics caused by too few precipitation samples on some days.

Product CC RRMSE POD CSI

CHIRPS 0.34 4.23 0.35 0.25
ERA5-Land 0.50 3.20 0.79 0.45

GSMaP 0.55 3.10 0.76 0.48
IMERG 0.47 3.58 0.62 0.39
MSWEP 0.52 3.09 0.78 0.46

PERSIANN-CCS-CDR 0.27 4.16 0.43 0.27

3.1.2. Performance of Precipitation Products for Different Precipitation Levels

In this study, we divide the rate of daily precipitation into five levels (<0.1 mm/d,
0.1–10 mm/d, 10–25 mm/d, 25–50 mm/d and >50 mm/d) according to the CMA and the
number of observations. These five levels are named as no rain, light rain, moderate rain,
heavy rain and violent rain, respectively.

Figure 2 presents the probability density functions (PDFs) of the daily precipitation
rate of the rain gauges and the six precipitation products. As shown in the figure, the
number of precipitation events (>0.1 mm/d) accounts for only 31.83% of all observations.
Overall, all precipitation products capture the precipitation frequency characteristics of
moderate, heavy and violent rain well, with a bias of less than 2% from the truth. The errors
come mainly from the estimation of no rain and light rain. In this study, CHIRPS shows an
overestimation of 12.68% of the no rain and an underestimation of 14.40% of the light rain. A
very similar result was also reported in the Adige Basin [34]. In contrast, all products, except
CHIRPS, underestimate the no rain and overestimate the light rain, with the most serious
case occurring in ERA5-Land and MSWEP, which underestimate the no rain by 23.10% and
21.32% and overestimate the light rain by 20.98% and 21.21%, respectively. For PERSIANN-
CDR, poor classification accuracy was found in both Malaysia [57] and the Adige Basin [34].
However, PERSIANN-CCS-CDR performs very well in all intervals throughout main-
land China, with a mean bias of only 0.46%. This shows that PERSIANN-CCS-CDR,
the latest product of the PERSIANN family, may achieve a significant improvement in
classification accuracy.
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Figure 2. Probability density function of the daily precipitation rate of rain gauges and six precipita-
tion products between 2015 and 2019.

The results of four statistical metrics of different precipitation levels are displayed in
Figure 3. Compared to considering all precipitation levels, the correlation between products
and rain gauges decreases significantly at individual precipitation levels. All products
have the highest CC for violent rain and a relatively high CC for light rain, with mean CC
values of 0.26 and 0.18. In terms of CC, GSMaP is the best product at all precipitation levels
(CC values are 0.24, 0.15, 0.13 and 0.34, respectively), followed by MSWEP. CC values are
very low in all groups compared to previously reported overall CC and seasonal CC. This
is because CC is the consistency of the variability of the two variables: at overall CC or
seasonal CC, the interval of variability of daily precipitation is larger and the effect of the
uncertainty of the estimates is reduced. However, after dividing the daily precipitation
into several precipitation levels, the interval of variation of precipitation in each level
becomes smaller, which leads to uncertainty in the estimates affecting the CC values even
more. The results of RRMSE show that all products have the largest RRMSE for light rain,
led by CHIRPS (4.56) and followed by PERSIANN-CCS-CDR (4.07) and IMERG (3.69).
This indicates that precipitation products still have large uncertainties in estimating light
rain. Furthermore, MSWEP has the lowest RRMSE values of 2.72 and 0.78 for light rain
and moderate rain, respectively, and GSMaP performs the best for heavy rain and violent
rain, with RRMSE values of 0.69 and 0.75, respectively. A common feature is that these
products are more capable of identifying light rain than other precipitation levels, and the
performance decreases with increasing precipitation rate, which is consistent with studies
in the central United States [69]. Based on POD, MSWEP and ERA5-Land identify a higher
proportion of light rain than other products, with values of 0.73 and 0.71, respectively,
while IMERG and GSMaP perform better at higher precipitation levels (heavy rain and
violent rain). However, GSMaP has the highest CSI at all precipitation levels, with values
of 0.37, 0.17, 0.13 and 0.15, respectively, which indicates that ERA5-Land and MSWEP have
more false alarms for light rain. Overall, GSMaP is better than the others at all precipitation
levels, while MSWEP has an advantage over GSMaP in terms of RRMSE and POD for light
rain. The improved performance of GSMaP for light rain could mainly benefit from the fact
that the GPM combined instrument (GMI) sensor is significantly better than the TRMM
combined instrument (TMI) at capturing light precipitation [70].
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3.1.3. Performance of Precipitation Products in Different Seasons

Figure 4 presents the time series of the mean daily precipitation of rain gauges and six
precipitation products. In general, the time series are unimodal, with precipitation peaking
on the period of the 170th day to the 230th day (mean precipitation is 5.20 mm/d), and
each product is consistent with the rain gauge observations. CHIRPS and PERSIANN-
CCS-CDR, however, have significantly more outliers overestimating the precipitation than
the other products around July. Specifically, they overestimate precipitation by more than
1 mm/d for 40.98% and 34.43% of the period of the 170th day to the 230th day, respectively.
Overestimation by CHIRPS in the wet season was also reported in Colombia but not in
Peru and Turkey [15,71], indicating that CHIRPS does not overestimate the precipitation
in all areas during the wet season. In addition, CHIRPS yields one or several significant
overestimates (2 mm/d higher than rain gauges) in almost every month. PERSIANN-CCS-
CDR shows a mean underestimation of 0.32 mm/d and 0.50 mm/d in March and October,
respectively. Overestimations of daily precipitation exist in GSMaP and IMERG throughout
the year, similar to ERA5-Land, but more slightly, with mean overestimation values of
0.06 mm/d, 0.08 mm/d and 0.10 mm/d, respectively. In contrast, MSWEP is an excellent
product to capture the characteristics of the time series, with a mean overestimation of only
0.01 mm/d and very few overestimations or underestimations exceeding 1 mm/d, which
perhaps benefits from the fact that it incorporates data from multiple sources in a weighted
manner [58].

The seasonal variations in accuracy and precipitation detection capability are presented
in Table 3. Overall, the performance of the six precipitation products varies among seasons,
but their performance ranking is stable, with GSMaP being the best and CHIRPS being
the worst. In terms of CC, GSMaP, MSWEP, ERA5-Land and IMERG perform much better
than CHIRPS and PERSIANN-CCS-CDR in all seasons, with GSMaP having the highest
CC values of 0.53, 0.52, 0.58 and 0.68, respectively. The RRMSE values of MSWEP, GSMaP
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and ERA5-Land are smaller than the other precipitation products in all seasons, with the
smallest RRMSE values in spring, summer and autumn being MSWEP with 2.95, 2.51 and
3.01, respectively, and the smallest RRMSE in winter being GSMaP (3.55). ERA5-Land,
MSWEP and GSMaP have significant advantages in terms of POD compared to other
precipitation products. ERA5-Land has the highest POD in summer, autumn and winter
with 0.84, 0.78 and 0.71, respectively, while MSWEP performs best in spring with a POD
of 0.77. Based on CSI, GSMaP outperforms other products in all seasons, with values of
0.47, 0.50, 0.48 and 0.45, respectively. These results again suggest that ERA5-Land and
MSWEP capture a higher proportion of precipitation events but yield many false alarms,
especially in winter. According to RRMSE, POD and CSI, precipitation products perform
better in summer and worse in winter, which was also reported in Bangladesh [27] and
the contiguous United States [35]. However, GSMaP, ERA5-Land and IMERG all show a
significantly higher CC in winter than in summer by 0.13 on average.
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Figure 4. Mean time series of daily precipitation from rain gauges and six precipitation products
during the year between 2015 and 2019.

Table 3. Mean values of CC, RRMSE, POD and CSI for different seasons between 2015 and 2019.

Product Metric Spring Summer Autumn Winter

CHIRPS

CC 0.3 0.34 0.29 0.32
RRMSE 4.31 3.17 4.71 6.15

POD 0.33 0.44 0.28 0.25
CSI 0.22 0.32 0.21 0.16

ERA5-Land

CC 0.45 0.47 0.52 0.62
RRMSE 3.15 2.61 3.11 3.57

POD 0.75 0.84 0.78 0.71
CSI 0.43 0.49 0.44 0.38

GSMaP

CC 0.53 0.52 0.58 0.68
RRMSE 2.97 2.55 3.04 3.35

POD 0.74 0.81 0.75 0.66
CSI 0.47 0.5 0.48 0.45

IMERG

CC 0.43 0.44 0.48 0.53
RRMSE 3.45 2.88 3.58 4.89

POD 0.61 0.72 0.59 0.4
CSI 0.38 0.45 0.37 0.27

MSWEP

CC 0.5 0.5 0.55 0.53
RRMSE 2.95 2.51 3.01 4.19

POD 0.77 0.84 0.77 0.69
CSI 0.44 0.5 0.45 0.39

PERSIANN-CCS-CDR

CC 0.25 0.25 0.25 0.2
RRMSE 3.79 3.43 4.12 5.47

POD 0.44 0.56 0.34 0.24
CSI 0.25 0.35 0.22 0.14
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3.2. Performance of Precipitation Products in Different Regions
3.2.1. Average Accuracy of Precipitation Products

Figure 7 provides four quantitative metrics of each precipitation product in the nine
regions. Precipitation products have the highest CC in R7 (0.50), higher CC in R9, R8, R1, R4
and R3 (0.41–0.45), lower CC in R5 and R6 (0.35–0.36) and the lowest CC in R2 (0.29). This
indicates that the capability of capturing changes in the daily precipitation rate is higher
in the eastern region than in the western region. As indicated by other studies [56,72],
the poor performance of the products in R5 and R6 is likely due to the effects of snow
surfaces and rugged topography, respectively. The CC yielded from PERSIANN-CCS-CDR
is the lowest in each region, followed by CHIRPS. ERA5-Land has the highest CC in R2
(0.43) and R5 (0.48), and MSWEP has the highest CC in R4 (0.54). In addition to the above
regions, GSMaP has the highest CC, which suggests that GSMaP is optimal in the eastern
region and the northeastern region. The nine regions in decreasing order of RRMSE are
R2, R8, R1, R3, R4, R5, R6, R9 and R7. R2 has much higher RRMSE values than the other
regions with a mean value of 6.05, and GSMaP and MSWEP, which perform very well
in other regions, have RRMSE values of 6.49 and 6.41, respectively. In the other regions,
the RRMSE values of ERA5-Land, GSMaP and MSWEP are almost the same and small.
Based on RRMSE, CHIRPS and PERSIANN-CCS-CDR perform worse than the other four
precipitation products in most regions. The POD and CSI of the six precipitation products
indicate a geographic variation in precipitation detection capability, which decreases in
the order of R7, R9, R5, R6, R3, R4, R1, R8 and R2. The precipitation detection capability of
each product ranks consistently among regions, with GSMaP having the best precipitation
detection capability overall, followed by MSWEP and ERA5-Land. The precipitation
products, except CHIRPS, tend to have false alarms for precipitation in all regions, which
is particularly serious in R2. Overall, precipitation products perform better in the eastern
region, where the proportion of light rain is relatively low, because of their weak estimation
of light rain (Section 3.1.2.).
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3.2.2. Performance of Precipitation Products for Different Precipitation Levels

The PDFs in the nine regions are given in Figure 6. There are significant regional
differences in the estimation of PDF among precipitation products, and the errors mainly
exist in the estimation of no rain and light rain. The mean absolute error (MAE) can quantify
the overall classification accuracy of the products, which is the absolute average of the
biases of multiple precipitation levels. In general, precipitation products perform better in
R1, R2 and R8, with an MAE of less than 5%. In R1, GSMaP underestimates no rain by 6.11%
and overestimates light rain by 5.89%, with an MAE of 2.51%, which is the best product.
CHIRPS has a bias of less than 2% for each category in R2, making it the most accurate
product in this region (MAE is 0.71%). CHIRPS also has the smallest MAE in R4 and R8,
with values of 2.70% and 2.54%, respectively. Both GSMaP and PERSIANN-CCS-CDR
perform well in R3, with MAEs of 3.10% and 3.16%, respectively. In other regions, including
R5, R6, R7 and R9, most precipitation products have challenges in estimating the PDF of
daily precipitation rate, with mean MAEs of 6.83%, 7.87%, 7.86% and 6.41%, respectively. In
contrast, PERSIANN-CCS-CDR has relatively good performance in R5 and R9, with MAEs
of 2.71% and 3.56%, respectively, while IMERG performs best in R6 and R7, with MAEs of
1.87% and 3.13%, respectively.
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Figure 6. Probability density function of the daily precipitation rate of rain gauges and six precipita-
tion products in different regions (a–i) between 2015 and 2019.

The statistical metrics for five precipitation levels in the nine regions are provided
in Figure 7. Overall, precipitation products perform better in the western region than in
the eastern region in terms of both light rain and moderate rain. However, they appear
to have better performance in the eastern region for heavy rain and violent rain. In R1,
GSMaP is the best product for moderate, heavy and violent rain. For light rain, GSMaP
has higher CC (0.29) and CSI (0.36) values, but its RRMSE (2.46) value is slightly higher
than that of MSWEP (2.25), and its POD (0.62) value is lower than that of ERA5-Land (0.69)
and MSWEP (0.69). ERA5-Land has higher CC and POD values, 0.27 and 0.72, respectively,
for light rain in R2, and MSWEP and GSMaP have the best RRMSE (1.75) and CSI (0.32)
values, respectively. GSMaP performs best for moderate rain, with a CC of 0.18, RRMSE of
0.76, POD of 0.24 and CSI of 0.15. It also has relatively good RRMSE, POD and CSI values
of 0.75, 0.13 and 0.08, respectively, for heavy rain. GSMaP performs relatively well at all
precipitation levels in R3, while it has a lower POD value of 0.65 than ERA5-Land (0.71) and
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MSWEP (0.70) for light rain and a lower CC value of 0.27 than MSWEP (0.30) for violent
rain. In R4, MSWEP has better CC (0.27), RRMSE (2.00) and POD (0.74) values for light rain,
and GSMaP performs better in terms of CSI values (0.35). GSMaP is the best product for
moderate rain and heavy rain, with a slightly higher RRMSE of 0.74 than MSWEP (0.72) for
moderate rain. Based on RRMSE and CSI values, GSMaP performs better than the others
for violent rain, with values of 0.75 and 0.08, respectively, while ERA5-Land and CHIRPS
perform better based on CC (0.23) and POD (0.13) values. GSMaP has a higher CC and CSI
for light rain and moderate rain in R5. In terms of RRMSE and POD, MSWEP and ERA5-
Land are better for light rain and moderate rain5, respectively. For heavy rain, ERA5-Land
has the best CC and RRMSE, with values of 0.11 and 0.70, respectively, and GSMaP has
a higher POD and CSI, with values of 0.07 and 0.05, respectively. Precipitation products
perform similarly in the other four regions (R6, R7, R8 and R9): At the light rain level,
GSMaP tends to have higher CC and CSI values, while MSWEP has better performance
based on RRMSE and POD. In both R6 and R7, GSMaP, MSWEP and ERA5-Land perform
better according to CSI, RRMSE and POD values for moderate rain, respectively. In terms
of CC, MSWEP and GSMaP are better in R6 and R7, respectively. In R8 and R9, GSMaP
has a higher CC, POD and CSI for moderate rain, while MSWEP has a smaller RRMSE.
GSMaP is the best product for both heavy and violent rain, but it has lower POD values
than IMERG in R8 and R9.
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Figure 7. Mean values of four statistical metrics of precipitation products at four precipitation
levels in different regions between 2015 and 2019. From left to right: (a1–a9) CC, (b1–b9) RRMSE,
(c1–c9) POD and (d1–d9) CSI. Violent rain is not counted in R2 and R5 due to the low frequency
of events.

3.2.3. Performance of Precipitation Products in Time Series

Figure 8 shows the time series of daily precipitation of rain gauges and six products
in the nine regions. It is evident that the amount and pattern of precipitation vary signifi-
cantly between the nine regions of mainland China. R2 is the driest region with low daily
precipitation throughout the year, and small biases are found between the precipitation
products and real observations. Most products show significant overestimation in R5,
especially in the rainy season. It is possible that the satellite sensors are affected by the
snow cover on the Tibetan Plateau [72]. R7 and R9 are the regions with the most abundant
precipitation; although the differences between the products and observations are large,
the RRMSE values are very low, with values of 2.77 and 2.81, respectively (Figure 7). In
addition, the performance of some precipitation products varies greatly among regions. For
example, MSWEP always overestimates precipitation from the 330th day to the 40th day of
the following year in relatively cold regions, including R1, R2, R3 and R5. PERSIANN-CCS-
CDR exhibits overestimation in rainy months in R2, R5, R6 and R7. As shown in Figure 8,
CHIRPS frequently overestimates precipitation during the wet season in the northern
region, including R1, R3, R4 and R8, yet the overestimation mainly occurs in the wet–dry
transition season in the southern region, including R6, R7 and R9. For CHIRPS, a recent
study has shown that CHIRPS significantly overestimates precipitation from 20◦N to 30◦N
mainly in spring and summer, especially in the southern region [73]. The overestimation
that occurred in the southern region by CHIRPS may be due to the differences with regard
to station type and numbers in southeastern China [73].



Remote Sens. 2023, 15, 223 14 of 24

Remote Sens. 2023, 15, x FOR PEER REVIEW  14  of  26 
 

 

especially in the rainy season. It is possible that the satellite sensors are affected by the 

snow cover on the Tibetan Plateau [72]. R7 and R9 are the regions with the most abundant 

precipitation; although the differences between the products and observations are large, 

the RRMSE values are very low, with values of 2.77 and 2.81, respectively (Figure 5). In 

addition, the performance of some precipitation products varies greatly among regions. 

For example, MSWEP always overestimates precipitation from the 330th day to the 40th 

day of  the  following year  in  relatively  cold  regions,  including R1, R2, R3 and R5. PER‐

SIANN‐CCS‐CDR exhibits overestimation in rainy months in R2, R5, R6 and R7. As shown 

in Figure 8, CHIRPS frequently overestimates precipitation during the wet season in the 

northern region, including R1, R3, R4 and R8, yet the overestimation mainly occurs in the 

wet–dry transition season in the southern region, including R6, R7 and R9. For CHIRPS, a 

recent study has shown that CHIRPS significantly overestimates precipitation from 20°N 

to 30°N mainly in spring and summer, especially in the southern region [73]. The overes‐

timation that occurred in the southern region by CHIRPS may be due to the differences 

with regard to station type and numbers in southeastern China [73]. 

 

Figure 8. Mean time series of daily precipitation of rain gauges and six products during the year in 

different regions (a–i) between 2015 and 2019. 

3.2.4. Performance of Precipitation Products in Different Seasons 

Figure 9 shows the spatial distribution of CC values across the seasons. In spring, 

GSMaP and MSWEP have better performance, with their CC values ranging from 0.37 to 

0.63 and from 0.36 to 0.59, respectively. Specifically, GSMaP has the highest CC in R3, R6, 

R7, R8 and R9, with values of 0.63, 0.38, 0.56, 0.52 and 0.51, respectively, while MSWEP 

performs better in R1 (0.59) and R4 (0.53), and ERA5‐Land performs better in R2 (0.41) and 

R5 (0.46). In general, most precipitation products are more accurate in the northern region, 

with mean CC values of 0.48 and 0.45, respectively. MSWEP and GSMaP also perform 

better  in most regions  in summer, with mean CC values of 0.47 and 0.46, respectively. 

GSMaP has the highest CC  in all regions, except R2, where MSWEP has a significantly 

higher CC value of 0.45 than GSMaP (0.28). The mean CC values of R7 and R9, in summer 

are 0.48 and 0.46, respectively, which are higher than those of other regions. In autumn, 

GSMaP performs best, with a mean CC value of 0.54, which has  the highest CC  in all 

regions except R2 and R5, while ERA5‐Land has a higher accuracy, with a CC value of 0.46 

in those two regions. In winter, GSMaP and ERA5‐Land have a significant advantage over 

the other products, with mean CC values of 0.57 and 0.54, respectively. ERA5‐Land still 

performs well in R2 and R5, with CC values of 0.49 and 0.48, respectively. MSWEP has the 

Figure 8. Mean time series of daily precipitation of rain gauges and six products during the year in
different regions (a–i) between 2015 and 2019.

3.2.4. Performance of Precipitation Products in Different Seasons

Figure 9 shows the spatial distribution of CC values across the seasons. In spring,
GSMaP and MSWEP have better performance, with their CC values ranging from 0.37 to
0.63 and from 0.36 to 0.59, respectively. Specifically, GSMaP has the highest CC in R3, R6,
R7, R8 and R9, with values of 0.63, 0.38, 0.56, 0.52 and 0.51, respectively, while MSWEP
performs better in R1 (0.59) and R4 (0.53), and ERA5-Land performs better in R2 (0.41) and
R5 (0.46). In general, most precipitation products are more accurate in the northern region,
with mean CC values of 0.48 and 0.45, respectively. MSWEP and GSMaP also perform better
in most regions in summer, with mean CC values of 0.47 and 0.46, respectively. GSMaP has
the highest CC in all regions, except R2, where MSWEP has a significantly higher CC value
of 0.45 than GSMaP (0.28). The mean CC values of R7 and R9, in summer are 0.48 and 0.46,
respectively, which are higher than those of other regions. In autumn, GSMaP performs
best, with a mean CC value of 0.54, which has the highest CC in all regions except R2 and
R5, while ERA5-Land has a higher accuracy, with a CC value of 0.46 in those two regions.
In winter, GSMaP and ERA5-Land have a significant advantage over the other products,
with mean CC values of 0.57 and 0.54, respectively. ERA5-Land still performs well in R2
and R5, with CC values of 0.49 and 0.48, respectively. MSWEP has the highest CC value
of 0.54 in R4, and the best product in the other regions is GSMaP. The mean CC value of
products is higher in R7 than in the other regions. Furthermore, there are four regions (R2,
R4, R5 and R8) where the CC values of products are higher in autumn and in the southern
region with higher CC values in winter.
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The spatial distribution of RRMSE is displayed in Figure 10. In spring, MSWEP has a
smaller mean RRMSE value (3.31) in the nine regions than the other products and performs
best in six regions (R1, R2, R4, R5, R8 and R9), with mean RRMSE values of 3.92, 5.43, 3.15,
2.62, 3.91 and 2.12, respectively. In the other three regions (R3, R6 and R7), the RRMSE
values of GSMaP are smaller, with values of 3.18, 2.84 and 2.51, respectively. MSWEP also
performs best in summer, with a mean RRMSE value of 2.57 in the nine regions. Except for
R3 and R7, MSWEP has the smallest RRMSE values in all regions in summer. MSWEP and
GSMaP perform better than the other products in autumn and winter, with mean RRMSE
values in the nine regions of 3.16 and 4.49, respectively. MSWEP performs best in R1, R3,
R4, R5, R6, R7 and R8 in autumn, with RRMSE values of 3.21, 3.36, 2.50, 2.46, 2.58, 2.76 and
3.34, respectively. GSMaP is better in R1, R3, R5, R6, R7, R8 and R9 in winter, with RRMSE
values of 5.48, 3.46, 6.95, 3.39, 3.07, 5.09 and 2.06, respectively. Overall, the RRMSE values
in R7 and R9 are smaller in each season. Additionally, precipitation products perform
better in summer in all regions except R9, where RRMSE is slightly smaller in spring than
in summer.

Figures 11 and 12 provide the distribution of POD and CSI of the precipitation prod-
ucts, respectively. In each season, the performance of the precipitation products in R7 and
R9 is better than that in other regions. ERA5-Land has a higher mean POD, and GSMaP
has a higher mean CSI in each season. More specifically, GSMaP has higher POD values in
R1 (0.63), R3 (0.71), R4 (0.70) and R8 (0.65) in spring; in R1 (0.78), R2 (0.63), R3 (0.82) and
R8 (0.75) in summer; in R1 (0.66), R3 (0.69), R4 (0.76), R8 (0.70) and R9 (0.79) in autumn; and
in R8 (0.58) in winter. The POD values of MSWEP in R6 (0.77) and R9 (0.83) in spring, in
R4 (0.76) and R6 (0.90) in summer, in R2 (0.63) in autumn, and in R1 (0.49) and R9 (0.76) in
winter are higher than those of the other products. For other situations, the POD values of
ERA5-Land are the largest. On the other hand, GSMaP performs best in terms of CSI for all
regions in each season, except for R1 in spring and R1 and R2 in summer, where MSWEP
performs better. Except for R2, the precipitation detection capability of products tends to be
better in summer. The performance of the products in R2 is slightly better in spring than
in summer.

Remote Sens. 2023, 15, x FOR PEER REVIEW  17  of  26 
 

 

 

Figure 10. Distribution of RRMSE values of six products  for different seasons between 2015 and 

2019.  From  top  to  bottom:  (a–d) CHIRPS,  (e–h)  ERA5‐Land,  (i–l) GSMaP,  (m–p)  IMERG,  (q–t) 

MSWEP and (u–x) PERSIANN‐CCS‐CDR. 

Figure 10. Cont.



Remote Sens. 2023, 15, 223 17 of 24

Remote Sens. 2023, 15, x FOR PEER REVIEW  17  of  26 
 

 

 

Figure 10. Distribution of RRMSE values of six products  for different seasons between 2015 and 

2019.  From  top  to  bottom:  (a–d) CHIRPS,  (e–h)  ERA5‐Land,  (i–l) GSMaP,  (m–p)  IMERG,  (q–t) 

MSWEP and (u–x) PERSIANN‐CCS‐CDR. 

Figure 10. Distribution of RRMSE values of six products for different seasons between 2015 and 2019.
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(u–x) PERSIANN-CCS-CDR.
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(u–x) PERSIANN-CCS-CDR.
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(u–x) PERSIANN-CCS-CDR.

4. Discussion

Many researchers have recognized the importance of evaluating precipitation products
for various studies and have conducted numerous studies to evaluate the performance
of single or multiple precipitation products in different areas [29,57,61]. However, these
studies often suffer from the following major problems. First, many previous studies focus
on very few precipitation products. For example, they compared IMERG and GSMaP [28]
or evaluated the progressiveness of the gauge-adjusted version of GSMaP [30], which is
insufficient for obtaining the relatively optimal product for specific applications. Conclu-
sions drawn from comparing all or most of the available prominent high-quality datasets
would provide more meaningful selection guidance for product selection. Second, many
evaluation studies are conducted at multiple temporal scales [34,56], which leads to many
important features; however, the comparison at a single scale cannot be detected in detail
due to the space limitation in the paper. Specifically, daily precipitation products are criti-
cally important in agriculture, vegetation and ecology [42,43], but previous attempts are
still insufficient. Furthermore, previous evaluation studies divided the study area mostly
based on topography, watershed, or even administrative division, which were very useful
for certain studies. However, performance of different precipitation datasets in different
agriculture regions are also of special interest, as many regional agricultural studies are
often conducted in a specific agricultural region [44–47]. To our knowledge, no studies have
been conducted specifically to evaluate daily precipitation products in different agriculture
regions in China, which would be of crucial importance for better agricultural applications.

To address these shortcomings, this study was conducted to provide a comprehensive
evaluation and comparison of six high-quality and promising products at a daily scale
across different agricultural regions of mainland China to facilitate related regional and local
applications. The results show that GSMaP has the best overall performance compared with
other products, especially in detecting heavy and violent rain, which is mainly attributed
to its advanced sensors and retrieval algorithms [53]. However, the estimation of light rain
is still the main difficulty of GSMaP, although it has benefited greatly from the GMI sensor
in detecting light rain [70]. In this study, GSMaP outperforms IMERG most of the time,
which is consistent with previous findings [41,74]. According to further research, this may
be due to the daily scale adjustment of GSMaP, a method that may also be able to be used



Remote Sens. 2023, 15, 223 20 of 24

to improve other products [74]. The RRMSE values of MSWEP tend to be smaller than
those of the other products in most seasons and regions, which was also confirmed by other
studies [36,65]. However, MSWEP overcorrects the PDF, thus obtaining the best statistical
performance to the extent that it has poor classification accuracy for precipitation levels,
especially for light rain [65]. This study and a study by Gao et al. [75] both demonstrate
that ERA5-Land has high POD values and a large number of false alarms.

The results obtained from this study are important for researchers to select suitable
daily precipitation data for specific applications throughout mainland China. For example,
detecting the precipitation ability of different products at different precipitation thresholds
is fundamental to a wide variety of applications, including developing early warning sys-
tems and disaster management strategies [76,77]. In addition, a large number of studies are
focusing on the influence of daily precipitation on various crops or vegetation [78,79]. Daily
precipitation products can also play a major role in agricultural disaster preparedness and
crop environmental restoration [80]. Furthermore, integrating high-quality precipitation
data into hydrological models or land-surface models could result in reliable output, espe-
cially for applications that are sensitive to precipitation change, which places a particular
emphasis on the identification of the relatively optimal products for the specific region [81].

There are still some methodological uncertainties in this study, including the scale
mismatch issue between the rain gauges and the precipitation products, the statistical
uncertainty due to the uneven density of the station distribution, and the differences in the
definition of day between rain gauges and precipitation products. These issues are very
common in evaluation studies of precipitation products and affect the evaluation results
yet have not been addressed to our knowledge [34,51,65,73,75]. The prevailing approaches
were adopted to avoid introducing further uncertainties in this study, as explained in
Section 2.3.1. How to mitigate the impact of these uncertainties on the evaluation is an
important issue that needs to be addressed in the future.

In addition, uncertainty in the satellite-based precipitation products may also affect
the evaluation and comparison studies. For example, El Niño–Southern Oscillation (ENSO)
is one of the most important factors affecting global precipitation [82] and has a strong
influence on the annual variation of precipitation in China [83]. Many studies have found
that precipitation anomalies due to the ENSO events are often under- or overestimated in
satellite precipitation products [84–86]. Moreover, the performance of different precipitation
products under the influence of various ENSO types is likely to be different due to their
different retrieval algorithms [86,87]. Therefore, the results of evaluation studies, including
the measurement of error distributions and the selection of optimal products, may also be
influenced by ENSO. Further comparison should be conducted by taking into account the
factors of annual variation in rainfall production.

5. Conclusions

In this study, six high-resolution daily precipitation products, including CHIRPS,
ERA5-Land, GSMaP, IMERG, MSWEP and PERSIANN-CCS-CDR, were evaluated and
compared between 2015 and 2019 throughout mainland China. The main conclusions are
as follows.

(1) In general, GSMaP is the best precipitation product, especially in terms of CC and CSI,
and MSWEP tends to have the smallest RRMSE values. In addition, ERA5-Land and
MSWEP can detect a greater proportion of precipitation events most of the time.

(2) In terms of the PDF of daily precipitation rate, the product with the highest accuracy
in different regions are not the same. Based on statistical metrics, GSMaP is relatively
better at all precipitation levels, especially for heavy and violent rain, while MSWEP
has smaller RRMSE values than GSMaP for light and moderate rain.

(3) Considering the overall performance of the precipitation products, each agricultural
region has one or two optimal precipitation products. Specifically, GSMaP is the best
product in the Inner Mongolia Plateau, the Northeast Plain, the Huang-Huaihai Plain
and the Middle and Lower Yangtze River. In addition, ERA5-Land and MSWEP are
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performed better in the Gan-Xin Desert Plateau and the Loess Plateau, respectively. In
the Qinghai-Tibet Plateau region, GSMaP and ERA5-Land perform the best in terms of
different errors metrics. In the Sichuan Basin, the Yunnan-Guizhou Plateau and the
South China Tropical Crops Region, GSMaP and MSWEP perform similarly and better
than other precipitation products.

(4) MSWEP performs better than others at capturing the characteristics of the daily precip-
itation time series, with smaller average deviations and fewer extreme errors. GSMaP
performs the best in each season, while GSMaP has higher RRMSE values than MSWEP
and smaller POD values than both ERA5-Land and MSWEP. Generally, all precipitation
products perform better in summer and worse in winter based on error measurements
and precipitation detection capability, and they perform better in the eastern region.

We analyzed the performance of six high-resolution precipitation products in nine
regions from different aspects and identified the optimal product in each region. The
findings provide the optimal precipitation product for each region, which is important for
local studies. In addition, our results could facilitate further product improvement work or
the production of new multisource fusion precipitation products.
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