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Abstract: In this analysis, we assess the performance of GSMaP-GNRT6 data in capturing precipitation 
climatology and climate variability across China from 2001 to 2020. The evaluation involves comparing four 
precipitation indices of accumulated precipitation, the number of rainy days, rainstorm days and precipitation 
maximum with the daily precipitation data from 2419 stations of China. The findings reveal that the GSMaP 
data effectively captures the overall spatial distribution of annual, summer and monthly precipitation. 
However, its exhibits minor limitations in accurately depicting the spatial distribution of the number of rainy 
days from July to September and precipitation maximum during wintertime in eastern China. While the 
GSMaP data depicts a coherent annual cycle consistent with the station observations, a general underestimation 
is observed. Notably, the GSMaP data presents a much smoother annual cycle in precipitation maximum. 
Regarding accumulated precipitation, the number of rainstorm days, and precipitation maximum, the GSMaP 
data shows an almost consistent interannual variation and increasing trends, aligning with station 
observations. However, it is noteworthy that the magnitude of the increasing trend based on the GSMaP data 
is greater, especially entering the early 21st century. Conversely, a significant discrepancy in the annual 
variation and an almost opposite changing trend are noticed in the number of rainy days between the GSMaP 
data and station observations.  

Keywords: GSMaP; station observations; validation; climatology; climate variability 
 

1. Introduction 

Precipitation stands as one of the most critical meteorological elements. As an integral 
component of global water and energy cycle, it not only signifies the prevailing local weather and 
climate conditions but also holds the potential to trigger meteorological disasters. Excessive 
precipitation tends to cause floods, mudslides, urban inundation and waterlogging [1–7], while 
unsufficient precipitation invariably results in drought [8–12]. Floods and droughts exert significant 
adverse impacts on agriculture, the economy and even human safety [13–18]. In particular, under the 
background of global warming, the intensity and frequency of precipitation extremes have increased 
greatly and caused severe damages to the society around the world [15,19–23]. Given that 
precipitation monitoring is vital for weather forecast and climate prediction, as well as further 
disaster prevention and mitigation, precipitation is of great challenging to estimate [24–32]. 

Station observations represent a primary method for conducting precipitation monitoring due 
to their high accuracy and real-time capabilities. However, the spatial resolution and homogeneity of 
meteorological monitoring are constrained by the scattered distribution of observations [31,33,34]. 
With the advancement of satellite remote sensing technology, related data are widely applied. On the 
one hand, satellite remote sensing data is utilized to generate reanalysis datasets [35,36]. Notably, 
two NCEP/NCAR reanalysis datasets (NCEP1 and NCEP2) [37,38], European Centre for Medium-
Range Weather Forecasts (ECMWF) reanalysis data (ERA-40, ERA-Interim and ERA5) [39–42], the 
NCEP Climate Forest System Reanalysis system (CFSR) [43,44], and the Japanese 55-year Reanalysis 
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(JRA-55) [45,46] are extensively utilized. On the other hand, satellite observations also can provide 
meteorological monitoring with high spatial resolution and extensive spatial coverage. Currently, 
various satellite precipitation datasets are available, such as CMORPH [47], the TRMM Multi-satellite 
Precipitation Analysis (TMPA) [48], PERSIANN [49–51], GSMaP [52,53], and others. To enhance the 
application of satellite precipitation, a series of validation and assessment studies have been 
conducted. Global and regional precipitation, particularly precipitation extremes, have been 
compared in numerous studies [32,33,46,54–56]. These studies report general spatial and temporal 
consistency and discuss the advantage and limitations of gauge-based precipitation, satellite 
estimation and reanalysis data.  

The Global Satellite Mapping of Precipitation (GSMaP) is developed by the Japan Aerospace 
Exploration Agency (JAXA) [46,53], under the framework of the Global Precipitation Measurement 
(GPM), an international collaboration aimed at achieving highly accurate and frequent global 
precipitation observations [57,58]. GSMaP provides global precipitation estimates with a temporal 
resolution as high as 1 hour and a horizontal resolution of 0.1°. Its reliability has been extensively 
evaluated in various regions, such as Japan [53,59], the United States [53,60], mainland China [61–
64], Australia [65] and Indonesia [66]. These studies demonstrate the primary accuracy of GSMaP 
and highlight biases in spatial distribution and magnitude in the climatology of daily or seasonal 
precipitation. To improve the monitoring of extreme precipitation, the World Meteorological 
Organization (WMO) initiated the Space-based Weather and Climate Extremes Monitoring 
(SWCEM) and a two-year (2018-2019) demonstration project, known as the WMO space-based 
weather and climate extremes monitoring demonstration project (SEMDP), conducted in the East 
Asia and Western Pacific region [67]. In this project, the generally good skill of GSMaP in monitoring 
extreme wet and dry events is validated through various case studies.    

Despite of the relatively abundant researches on the validation of the GSMaP data, additional 
efforts are still required to address the shortcomings in current investigation. On one hand, existing 
outcomes are predominantly derived from case studies or short-term records, necessitating 
verification through more extended-term datasets. On the other hand, previous research has 
predominantly focused on climatology and daily or seasonal rainfall amounts, overlooking aspects 
such as climate variations and various precipitation indices. This analysis aims to fill these gaps by 
delving into a comprehensive evaluation of the GSMaP precipitation estimate over a 20-year period. 
Notably, China’s complex terrain and diverse climate types, including the presence of the “third 
pole”, the Tibetan Plateau, in western China, create challenges due to the combined impacts of the 
mid-latitude westerly wind and the East Asian monsoon [68–75]. Consequently, estimating 
precipitation based on satellite remains a significant challenge due to the intricate spatial distribution 
and temporal evolution of precipitation in the region. This study aims to provide valuable references 
for both the application and enhancement of GSMaP estimates.  

The remainder of this analysis is structured as follows. Section 2 introduces the spatial coverage 
and research period of the GSMaP and the station observations in China, as well as the methods 
adopted. Section 3 illustrates the comparison of precipitation climatology between the two datasets. 
And the climate variation in precipitation by the two datasets is compared in Section 4. The main 
results are presented and discussed in Section 5. 

2. Materials and Methods 

In this analysis, the GSMaP Near-real-time Gauge-adjusted Rainfall Product version 6 
(GSMaP_NRT_Gauge; GNRT6) is used [46]. It is the gauge-adjusted precipitation, provided within 
four hours after observation and updated at one-hour intervals. Hourly precipitation is available in 
this dataset, while we adopted the daily product from 1 Jan. 2001 to 31 Dec. 2020. This dataset covers 
a domain of 50.05°-239.95°E, 44.95°S-39.95°N, with a horizontal resolution of 0.1°×0.1°. Climatology 
is derived from 2001 to 2020 and annual and seasonal statistics are based on daily precipitation. 

Using daily precipitation from 2419 national observation stations in China from 1 January 2001 
to 31 December 2020, the GSMaP data were verified by comparing China’s precipitation climatology 
and climate variability. This dataset is compiled by the National Meteorological Information Center 
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of the China Meteorological Administration, and primary quality control such as spatiotemporal 
consistency check and adjustment is carried out. To meet the requirements of climate analysis, two 
additional treatments are performed on the dataset. First, years in which the total number of missing 
records at a single station is greater than 20% are omitted. The second is to remove stations with 
continuous records of less than 15 years. Finally, 2378 stations are chosen for this analysis. For 
comparison with GSMap data, the station data is interpolated into a 0.1°×0.1° grid in the domain of 
72.05°-123.95°E/18.05°-39.95°N.  

In this analysis, a rainy day is defined as a day with daily precipitation equal to or greater than 
0.1 mm, and a rainstorm day is defined as a day with daily precipitation equal to or greater than 50 
mm. Climatology is an average from 2001 to 2020. Correlation analysis is adopted and statistical 
significance is tested using the student-t test. Also, the linear trend coefficient is calculated by the 
least squares method. 

3. Results 

3.1. Comparison of climatology 

In this section, we compare the spatial distribution and annual cycle of mean precipitation, the 
number of rainy days, the number of rainstorm days, and precipitation maximum using GSMaP data 
and station observations. This validation aims to assess the capability of GSMaP in accurately 
representing the climatology of precipitation in China. 

The annual precipitation pattern in China exhibits a decreasing from the southeast to the 
northwest, with a peak of up to 1800 mm in the southeast and no more than 200 mm in the northwest 
(Figure 1a). GSMaP data adeptly captures this spatial distribution, and the rainfall amount closely 
align with station observations (Figure 1b). However, some differences are noticeable (Figure 1c). 
GSMaP tends to underestimate precipitation to the south of the Yangtze River valley and in eastern 
Northwest China, while overestimating it in the middle and lower reaches of the Yellow River, 
western Northwest China and eastern Tibetan Plateau. Particularly noteworthy are the substantial 
biases around the Tibetan Plateau.  
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Figure 1. Distribution of annual (a and d, unit: mm) and summer (JJA, b and e) precipitation (b and e, 
unit: mm) across China based on station observations (a and b) and GSMaP data (d and e), and biases 
between station observations and GSMaP data (c and f, unit: mm; Station observations minus GSMaP 
data). 

The precipitation in China predominantly occurs during the summer (JJA), showcasing a spatial 
distribution coherent with the annual precipitation pattern, and a peak exceeding 700 mm in the 
south coastal area (Figure 1d). GSMaP data accurately depicts this spatial distribution of summer 
precipitation (Figure 1e). Notably, positive biases in summer precipitation between GSMaP and 
station observations prevail over most of China, except for a pronounced negative bias centered in 
eastern and southern Tibetan Plateau (Figure 1f).  

To quantitatively evaluate the ability of GSMaP to depict the spatial pattern of precipitation in 
China, monthly spatial correlations are calculated. As shown in Figure 2, the spatial correlation 
coefficients for each month consistently exceed 0.5, indicating that GSMaP data has a good ability to 
capture the spatial pattern of precipitation in China. And it can be noticed that correlations are 
relatively lower in January, February and November, hovering around or smaller below 0.6. In 
contrast, they are higher in the remaining months, peaking at 0.96 in May. Furthermore, GSMaP 
demonstrates a superior ability to represent the spatial distribution of precipitation in eastern China 
compared to the entire country, with all spatial correlations approximately or exceeding 0.8. 
Specifically, the similarity between GSMaP data and station observations is most pronounced from 
February to Jun, with spatial correlations surpassing 0.92 and reaching 0.96 in May and Jun. A 
comparison between China and eastern China suggests that GSMaP-based precipitation in western 
China is less consistent with station observations. 

 
Figure 2. Spatial correlation coefficients of monthly climatic precipitation across China (blue line, 
72.05°-122.55°E/17.55°-39.95°N) and eastern China (orange line, 105.05°-122.55°E/17.55°-39.95°N) 
between station observations and GSMaP data. 

Precipitation in China is at its minimum during winter and peaks in summer, a seasonal cycle 
effectively depicted by GSMaP (Figure 3). Seen from Figure 3a, precipitation rises from January, 
attains its zenith in July and gradually diminishes until December, a trend consistent for both GSMaP 
and station observations. However, GSMaP data tends to be generally lower than station 
observations, with the largest disparity occurring in August, reaching an average difference of 32.5 
mm across China. In eastern China, the annual cycle of precipitation exhibits significant alignment 
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between GSMaP and station observations. The primary distinction lies in GSMaP indicating higher 
precipitation in the first half of year compared to station observations. Furthermore, GSMaP places 
the precipitation peak occurs in Jun, contrasting with July in station observations. This further 
substrantiates that GSMaP more accurately captures the precipitation characteristics of in eastern 
China.  

 
Figure 3. Climatological monthly precipitation averaged over China (a, unit: mm) and eastern China 
(b, unit: mm) based on station observations and GSMaP data. 

Similar to the spatial distribution of precipitation, the number of rainy days in China exhibits a 
decreases from southeast to northwest, with high values extending from northeastern Tibetan Plateau 
to southern China (Figure 4a). GSMaP captures this trend, but the high-value belt is positioned father 
north, along the Yangtze River valley (Figure 4d). Due to this inconsistency in the high-value belt, 
the number of rainy days based on GSMaP is fewer than that based on station observation in southern 
China and most of the Tibetan Plateau, but greater in eastern Tibetan Plateau and north of the Yangtze 
River (Figure 4c). Additionally, the positive biases are generally larger than the negative deviations, 
suggesting an underestimation in the GSMaP data. In summer,  the number of rainy days is 
concentrated in southwestern China, especially on the Tibetan Plateau, with some ares exceeding 70 
days (Figure 4b). GSMaP data also exhibits a similar pattern, and its deviation pattern from station 
observations is coherent with that of the annual number of rainy days in China (Figure 4e and 4f).  
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Figure 4. Distribution of annual (a and d, unit: days) and summer (JJA) number of rainy days (b and 
e, unit: days) across China based on station observations (a and b) and GSMaP data (d and e), and 
biases between station observations and GSMaP data (c and f, unit: days; Station observations minus 
GSMaP data). 

The monthly spatial correlation of the number of rainy days in China between GSMaP and 
stations observations is stably around or greater than 0.7, with peaks in April and October reaching 
0.84 (Figure 5). These high correlation coefficients affirm that GSMaP accurately represents the spatial 
distribution of the number of rainy days in China. Meanwhile, it can be noticed that the ability of 
GSMaP to depict the spatial pattern of the number of rainy days in eastern China varies by month. 
The correlation coefficients are generally higher in the first half of the year, exceeding 0.9 in May and 
Jun, but drop to smaller than 0.5 in September.  

 

Figure 5. Spatial correlation coefficients of monthly climatic number of rainy days across China (blue 
line, 72.05°-122.55°E/17.55°-39.95°N) and eastern China (orange line, 105.05°-122.55°E/17.55°-39.95°N) 
between station observations and GSMaP data. 

GSMaP effectively captures the annual cycle of an increase in the first half of the year and a 
decrease in the second half regarding the number of rainy days in China, with the peak occurring in 
July (Figure 6). Nevertheless, the number of rainy days derived from GSMaP data is consistently 
lower than that from station observations in each month, indicating a general underestimation in 
GSMaP, likely associated with the underestimation of precipitation. In eastern China, this 
underestimation by GSMaP is notably reduced and primarily occurs in winter months (Figure 6b).  

 
Figure 6. Climatological monthly number of rainy days averaged over China (a, unit: mm) and eastern 
China (b, unit: mm) based on station observations and GSMaP data. 

As heavy rainfall predominantly occurs in the summertime, the focus is on the period from April 
to September in this analysis. Rainstorms are concentrated in southeastern China, particularly in 
south coastal areas, with the maximum annual number of rainstorm days reaching around 10 days 
(Figure 7a). However, rainstorm are infrequent in northern and western China. GSMaP data well 
captures both the spatial pattern and magnitude of this distribution (Figure 7d). In comparison, the 
number of rainstorm days is observed to be underestimated in most of eastern China but slightly 
overestimated in western China by GSMaP data (Figure 7c). The spatial distribution of the number 
of rainstorm days in summer mirrors that of the annual count, with high values situated in 
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southeastern China (Figure 7b). The number of rainstorm days derived from GSMaP appears to be 
less than station observations (Figure 7e), and further analysis supports this bias, revealing a pattern 
of “less in eastern China but more in western China” by GSMaP relative to station observations 
(Figure 7f). Monthly spatial correlations in the number of rainstorm days between GSMaP data and 
station observations are consistently higher than 0.8, reaching 0.9 in May for both the whole of China 
and eastern China (Figure 8). This high level of similarity indicates that GSMaP depicts the spatial 
patterns of severe precipitation well. 

 

 

 

Figure 7. Distribution of annual (a and d, unit: days) and summer (JJA, b and e) number of rainstorm 
days (b and e, unit: days) across China based on station observations (a and b) and GSMaP data (d 
and e), and biases between station observations and GSMaP data (c and f, unit: days; Station 
observations minus GSMaP data). 

 

Figure 8. Spatial correlation coefficients of monthly climatic number of rainstorm days across China 
(blue bar, 72.05°-122.55°E/17.55°-39.95°N) and eastern China (orange bar, 105.05°-122.55°E/17.55°-
39.95°N) between station observations and GSMaP data. 
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Rainstorms seldom occur during the winter months, gradually increasing from spring to 
summer and then decreasing thereafter (Figure 9). Both GSMaP data and station observations both 
capture this annual cycle. However, the temporal evolution of the number of rainstorm days also 
indicates an underestimation by GSMaP. In addition, the peak in the number of rainstorm days 
occurs earlier in GSMaP, specifically in May, compared to Jun in station observations.  

 
Figure 9. Climatological monthly number of rainstorm days averaged over China (a, unit: mm) and 
eastern China (b, unit: mm) based on station observations and GSMaP data. 

The comparison of the maximum daily precipitation is undertaken to assess GSMaP’s capability 
to depict extreme precipitation in this section. Climatologically, the daily precipitation maximum 
generally exceeds 80mm in eastern and southern China, as well as in a few locations in western China 
(Figure 10a). The scattered distribution of high values highlights the localized nature of precipitation, 
influenced by factors such as terrain height and small to medium-scale weather systems. GSMaP data 
demonstrates a similar spatial pattern of daily maximum precipitation in China (Figure 10b). The 
differences in precipitation maximum between station observations and GSMaP reveal a pattern of 
positive biases in most of eastern China and negative biases dominating western China. (Figure 10c). 
This pattern indicates underestimation in the east but overestimation in the west by GSMaP, similar 
to the situations observed for the number of rainy days and rainstorm days. Regarding monthly 
precipitation maximum in China, the spatial distribution discrepancy is substantial in January, with 
the spatial correlation being lower than 0.2 (Figure 11). However, in other months, the precipitation 
maximum from GSMaP shows a highly similar spatial pattern to that from station observations, with 
spatial correlations consistently around or above 0.7, reaching a peak exceeding 0.9 in May. The 
situation in eastern China comparable. And it can be noticed that the spatial correlation coefficients 
between GSMaP and station observations are generally lower than those observed for the entirety of 
China.  
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Figure 10. Distribution of annual precipitation maximum across China based on station observations 
(a, unit: mm) and GSMaP data (b, unit: mm), and biases between station observations and GSMaP 
data (c, unit: mm) (Station observations minus GSMaP data). 

 

Figure 11. Spatial correlation coefficients of monthly precipitation maximum averaged over China 
(blue line, 72.05°-122.55°E/17.55°-39.95°N) and eastern China (orange line, 105.05°-122.55°E/17.55°-
39.95°N) between station observations and GSMaP data. 

For both China and eastern China, there are some differences in the annual cycle of precipitation 
maximum presented by GSMaP data and station observations (Figure 12). In station observations, 
the evolution shows an increase from January to July, followed by a decrease. In contrast, GSMaP 
data exhibits a much smoother variation. Precipitation maximum in GSMaP is greater than in station 
observations at the beginning and end of the year, but the opposite is true in the middle of the year.  

 
Figure 12. Climatological monthly precipitation maximum averaged over China (a, unit: mm) and 
eastern China (b, unit: mm) based on station observations and GSMaP data. 

3.2. Comparison of climate variability 

To validate the ability of GSMaP to depict the climate variability of precipitation in China, 
annual precipitation, number of rainy days, number of rainstorm days and daily precipitation are 
averaged over Chian and eastern China from 2001 to 2020 using GSMaP and station observations, 
respectively. As shown in Figure 13a and 13c, annual precipitation and the number of rainstorm days 
in China present coherent interannual variation, with correlation coefficients are both up to 0.76, 
exceeding the confidence level of 99.9%. The correlation of precipitation maximum in China between 
the two datasets is 0.46, exceeding the confidence level of 95%. However, inconsistencies become 
more apparent after the early 2010s (Figure 13d). The temporal variation of the number of rainy days 
in China is less consistent between the two datasets, with a correlation only -0.16 (Figure 13b). It is 
noteworthy that all four precipitation indices show an obvious difference in magnitude between 
GSMaP and station observations, indicating that GSMaP generally underestimates the precipitation 
in China. This observation aligns with the findings in the climatological comparisons. Similar 
patterns are observed for eastern China. GSMaP and station observations demonstrate highly 
coherent interannual variation in annual precipitation, the number of rainstorm days and 
precipitation maximum, with correlations of 0.83, 0.80 and 0.66, respectively, exceeding the 
confidence level of 99%. However, the opposite variation in the number of rainy days between the 
two datasets is significant (Figure 13d). In eastern China, the differences in the magnitude of 
precipitation indices decrease significantly. Notably, the annual precipitation based on the two 
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datasets is almost identical before the early 2010s. Therefore, it is reasonable to conclude that the 
underestimation of precipitation by GSMaP mainly occurs in western China.  

 

  

  

 

Figure 13. Time series of annual precipitation (a and b, unit: mm), number of rainy days (c and d, 
unit: days), number of rainstorm days (e and f, unit: days) and precipitation maximum (g and h, unit: 
mm) across China (a, c, e, g) and eastern China (b, d, f, h) from 2001 to 2020 based on station 
observations and GSMaP data. 

Figure 14 presents the monthly correlations of temporal evolution for each precipitation index 
between GSMaP data and station observations. It is obvious that the consistency of annual 
precipitation between the two datasets is the highest, with correlations all above 0.6 and reaching 
0.92 (Figure 14a). Moreover, the temporal variation in annual precipitation is more coherent in eastern 
China than in the whole of China. GSMaP data also well depicts the interannual variation in number 
of rainstorm days and precipitation maximum, with higher consistency in eastern China, where the 
correlation coefficients are generally higher (Figure 14c and 14d). The minimum correlation is above 
0.4, while the maximum correlation reaches 0.91. It can also be observed that the coherence of 
interannual variation between the two datasets is higher in the latter half of the year. GSMaP does 
not capture the interannual variation of the number of rainy days as well (Figure 14b). Its correlations 
with station observations in Jun and July are notably lower and even opposite for China, with the 
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maximum correlation being only 0.52 in October. The situation improves in eastern China, especially 
in the latter half of the year, when the correlations are consistently above 0.6.  

  

  
Figure 14. Correlation coefficients of monthly precipitation (a, unit: mm), number of rainy days (b, 
unit: days), number of rainstorm days (c, unit: days) and precipitation maximum (d, unit: mm) 
averaged over China and eastern China between station observations and GSMaP data. 

In addition to interannual variation, a linear trend can be observed in the time series of 
precipitation indices from 2001 to 2020. Annual precipitation, the number of rainstorm days and 
precipitation maximum consistently illustrate an increasing trend by GSMaP and station 
observations. All three indices show varying degrees of increase, with GSMaP data indicating an 
acceleration in the increasing trend after the early 2010s However, for the number of rainy days, 
GSMaP data and station observations present opposite changing trends, with an increasing trend in 
the former and a decreasing trend in the latter (Figs. 13c and 13d). The linear trend coefficients for 
the four precipitation indices are calculated month by month (Figure 15). There is a significant 
difference in the trend of the number of rainy days between GSMaP data and station observations, 
and they are even opposite in some months. The increasing trend dominates in GSMaP data, while 
the number of rainy days in China and eastern China consistently shows a decreasing trend each 
month. For the other three precipitation indices, the changing trends are generally consistent both in 
China and eastern China, but the magnitude is much greater in GSMaP. It is evident that GSMaP 
overestimates the increasing trend in precipitation to varying degrees. 
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Figure 15. Linear trend coefficients of monthly precipitation averaged over China (a, unit: 
mm/decade) and eastern China (b, unit: mm/decade) based on station observations and GSMaP data. 

4. Discussions 

The reliability of GSMaP data in presenting the spatial distribution and temporal variation of 
precipitation in China has been previously validated by numerous studies [61–64]. In this analysis, 
its consistency is further affirmed through long-term records and extensive station observations for 
comparison. However, attention should be directed towards biases, which are critical for both data 
application and data improvement.  

Firstly, a notable overestimate is observed over the Tibetan Plateau for all four precipitation 
indices. Due to the unique terrain and the absence of reference data from station observations, 
estimating precipitation on the Tibetan Plateau is a challenge and involves certain uncertainties [76–
78]. The same challenges are encountered in other mountainous and plateau areas.  
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Secondly, a conspicuous increasing trend is observed in the number of rainy days averaged over 
China. However, many previous studies have highlighted a decrease in rainy days but an increase in 
precipitation intensity in China [79–81]. The biases in light rainfall estimates by the GSMaP data may 
contribute to this discrepancy [61,82,83]. Therefore, there is room for improvement in the GMaP’ 
ability to identify whether precipitation occurs and estimate precipitation of different intensities.  

Thirdly, the GSMaP data should be applied to climate change research with caution, considering 
its tendency to overestimate increasing trends in precipitation indices. Efforts should be taken to 
investigate the potential causes of excessive increase observed after the early 21st century.         

5. Conclusions 

The GSMaP data provides global precipitation estimates with high spatial and temporal 
resolution. Numerous previous studies have delved into its reliability in monitoring precipitation in 
diverse regions. Due to a limited understanding of GSMaP’s capacity to depict the climatology and 
climate variability of various precipitation indices, this study compares the spatial and temporal 
characteristics of four indices-accumulated precipitation, number of rainy days, number of rainstorm 
days and precipitation maximum-in China, as derived from GSMaP-GNRT6, with those based on 
2419 station observations from 2001 to 2020. 

The GSMaP-GNRT6 data generally well captures the spatial distribution of the four precipitation 
indices in China. The spatial correlations between the GSMaP data and station observations are above 
0.7 in most months, particularly for the number of rainstorm days, where the spatial correlations 
exceed 0.8 in each month over both China and eastern China. Notably, the GSMaP data depicts the 
spatial distribution of annual precipitation averaged over eastern China better than that over China. 
Conversely, for the other three indices, the GSMaP data performs better in accurately depicting the 
spatial distribution over the entire country. However, there are slight limitations in accurately 
depicting the spatial distribution of the number of rainy days from July to September and 
precipitation maximum during wintertime over eastern China, showing relatively low spatial 
correlation in these periods.  

The GSMaP data effectively captures the annual cycle of all four precipitation indices, 
characterized by an increase from the beginning to the middle of the year and a decrease from the 
middle to end of the year. There is a general underestimation observed in the four precipitation 
indices averaged over China, but the biases vary across different regions. The accumulated 
precipitation and number of rainy days are mainly underestimated in the western part of China, 
while the number of rainstorm days derived from the GSMaP data is less than that observed by 
station observations over both eastern and western China. The GSMaP data depicts a smoother 
annual cycle in precipitation maximum compared to station observations, with similar monthly 
precipitation maximum averaged over China. 

The GSMaP demonstrates a strong ability to represent the interannual variation of accumulated 
precipitation, the number of rainstorm days, and precipitation maximum, particularly for the former 
two indices, where the correlation coefficients with station observations exceed 0.75. However, a 
noticeable discrepancy in the interannual variation of the number of rainy days in China between the 
two datasets is evident. Similarly, accumulated precipitation, the number of rainstorm days, and 
precipitation maximum based on the GSMaP exhibit a consistent increasing trend comparable to that 
observed by station observations. Nevertheless, the GSMaP data tends to overestimate this upward 
trend, especially entering the early 21st century. Regarding the number of rainy days in China, an 
opposite changing trend is observed between the GSMaP data and station observations, with an 
upward trend in the former and a downward trend in the latter. 
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