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Abstract

The Jinsha River Basin constitutes the largest hydropower base in China. However, its
complex terrain results in insufficient accurate data support for numerical forecasts, leading
to low accuracy in precipitation predictions. To investigate the spatiotemporal distribution
characteristics of precipitation in this basin with high precision, we evaluated the applica-
bility of several mainstream precipitation products—GSMAP (Global Satellite Mapping of
Precipitation), GPM-IMERG (Integrated Multi-satellite Retrievals for Global Precipitation
Measurement), CMORPH (Climate Prediction Center Morphing technique), and ERA5
(European Center for Medium-Range Weather Forecasts Reanalysis 5)—in the Jinsha River
Basin. Based on the XGBoost algorithm, we developed a merging model that integrates
satellite and reanalysis data with station observations for daily-scale applications. The
results indicate that the GSMAP-Gauge precipitation product exhibits strong performance
in both quantitative accuracy and precipitation event detection, with a better correlation
coefficient (CC = 0.66), the lowest root mean square error (RMSE = 4.45), and higher prob-
ability of detection (POD = 0.88) and critical success index (CSI = 0.59). The ERA5 and
GSMAP-Gauge products performed well in detecting light rain events (daily precipitation
< 10 mm), with hit rates of 0.92 and 0.90, respectively. Meanwhile, the GPM-IMERG and
CMORPH-BLD products showed higher hit rates for heavy rain events (daily precipi-
tation > 25 mm) compared to the other two products. Specifically, the POD indices for
GPM-IMERG and CMORPH-BLD were 0.45 and 0.60, respectively, while those for ERA5
and GSMAP-Gauge were below 0.4. Following the precipitation merging experiment, the
multi-source precipitation merged product (MSP) substantially enhanced the accuracy of
precipitation estimates, and the spatiotemporal distribution characteristics of the merged
data aligned more closely with the station observations. This study analyzes the strengths
and limitations of various precipitation products in the Jinsha River Basin and provides
a feasible multi-source precipitation data merging scheme, offering a novel approach to
constructing high-precision daily precipitation datasets in complex terrain regions.

Keywords: applicability assessment; machine learning; data merging

1. Introduction
Precipitation is a critical component of the regional hydrological cycle and plays a

significant role in climate change, water resources development and management, and
disaster warning and monitoring [1]. However, against the backdrop of global warming,
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the spatiotemporal patterns of precipitation have shifted, and the frequency of extreme
precipitation events has increased, complicating comprehensive meteorological observation
due to environmental constraints such as alpine mountains, permafrost, and glaciers [2,3].

Currently, precipitation data are primarily derived from rain gauges, weather radar,
and satellite. Although traditional ground-based rain gauges provide high-precision pre-
cipitation data, their spatial distribution is limited, particularly in regions with substantial
terrain gradients and complex topography, where uneven and sparse station networks
directly affect data accuracy [4–7]. Compared with fixed ground stations, weather radar
offers superior real-time performance and can rapidly provide continuous spatiotemporal
precipitation data. However, due to the challenges of complex mountainous terrain and
high deployment costs, radar network distribution remains uneven, making comprehensive
coverage of plateau mountainous areas difficult. Additionally, radar-based quantitative
precipitation estimation is prone to errors caused by terrain blockage, super-refraction
echoes, and bright-band contamination [8,9]. With the rapid development of satellite re-
mote sensing technology, multiple satellite remote sensing datasets are now being used for
the continuous spatiotemporal monitoring of weather and climate [10,11]. Satellite remote
sensing data, characterized by high spatiotemporal resolution and extensive coverage,
have become essential for compensating for the low spatial coverage of ground observa-
tions. Wang et al. [12] evaluated the usability of GPM-IMERG data in the Sichuan region
using machine learning methods and performed satellite downscaling research. They
obtained a high-precision satellite precipitation dataset under Sichuan’s complex terrain,
effectively compensating for the lack of precipitation observations in complex terrain area.
Nevertheless, due to limitations in sensor performance, cloud properties, and retrieval
algorithms, satellite precipitation estimates still exhibit considerable errors in practical
applications. Numerous studies have evaluated the applicability of various satellite pre-
cipitation products across China, particularly in the complex mountainous regions of the
Qinghai-Xizang Plateau [13]. For instance, Zeng et al. [14] assessed the accuracy of daily
and hourly precipitation data from GPM-IMERG and GSMaP precipitation products in
Sichuan, comparing their performance in plateau and basin areas. Their findings revealed
that retrieval accuracy was superior in basin areas compared to plateau mountainous re-
gions, with notable differences across terrain types. Xu et al. [15] evaluated the applicability
of CHIRPS, GPM-IMERG, and GSMAP satellite precipitation products in the Jinsha River
Basin, demonstrating that GSMAP outperformed the other two products across different
altitudinal zones. Reanalysis precipitation products were generated by combining historical
meteorological observations with numerical models to produce atmospheric datasets with
high spatiotemporal resolution. With continuous technological advancements, the accuracy
and application scope of reanalysis precipitation products have significantly expanded,
and they are now widely used across various fields, including meteorology, hydrology, and
environmental science [16,17]. Many researchers have conducted comprehensive evalu-
ations of the accuracy of reanalysis precipitation products. For example, Kidd et al. [18]
assessed the reliability of multiple satellite and reanalysis precipitation datasets over north-
western Europe, finding that satellite data exhibited seasonal cycles in metrics such as
correlation coefficients and error rates, performing poorly in winter. In contrast, reanalysis
data showed only seasonal variation in correlation coefficients, with relatively poor per-
formance during summer. Given that errors are unavoidable across various precipitation
products—especially in regions with complex terrain, where the accuracy, coverage, and
integrity of different products face significant challenges. It is imperative to conduct a multi-
source precipitation product merging test to integrate the strengths of different products,
thereby achieving improved precipitation product accuracy.
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A growing number of researchers have exploited the advantages of integrating mul-
tiple observational data sources to develop a series of multi-source precipitation fusion
methods, establishing corresponding precipitation fusion models customized for the char-
acteristics of different study regions. These include geographically weighted regression
(GWR) [19], optimum interpolation (OI) [20], and regression Kriging [21]. With the rapid
development of machine learning, its robust nonlinear representation capabilities have
been effectively utilized in multi-source data merging research. Wu et al. [22] employed
a CNN-LSTM approach to perform spatiotemporal deep merging of satellite and station
precipitation data across mainland China. Li et al. [23] applied random forest methods to
merge and calibrate multi-satellite and reanalysis data in Sichuan Province. These studies
demonstrate that machine learning methods can integrate a wider range of precipitation-
related information, leading to substantial improvements in precipitation estimation and
event detection. However, most existing studies have focused on plains and basins with
relatively homogeneous precipitation characteristics. Whether such methods are equally
applicable to basins characterized by complex terrain, abundant water flow, and sparse
meteorological station networks remains to be determined.

The Yangtze River Basin experiences an uneven distribution of drought and flood, with
frequent extreme weather-related disasters. The Jinsha River, in the eastern Qinghai-Xizang
Plateau, is the primary source of water and sediment in the upper Yangtze River. It features
a large basin area, complex underlying surface conditions, and a sensitive climate [24,25].
The complex plateau terrain has resulted in a sparse and highly uneven spatial distribution
of meteorological stations within the Jinsha River Basin. Moreover, errors in the inversion
of various satellite datasets, together with uncertainties inherent in reanalysis data sources,
impose considerable limitations on the study of precipitation characteristics in complex
terrain areas such as the Jinsha River Basin [26,27]. To address these challenges, this study
makes the following contributions. Firstly, it systematically evaluates the applicability
of four mainstream precipitation products (GPM-IMERG, GSMAP-Gauge, CMORPH-
BLD, and ERA5) in the Jinsha River Basin, providing a comprehensive error analysis
across multiple timescales and precipitation intensities. Then, it develops a novel multi-
source precipitation merging model based on the XGBoost algorithm, which integrates
satellite, reanalysis, ground-based station data, and topographic auxiliary parameters
(elevation, slope, longitude, latitude) to generate a high-precision daily precipitation dataset
at 0.1◦ spatial resolution. Ultimately, this machine-learning-based approach, tailored to the
complex terrain of the Jinsha River Basin, offers a feasible solution for obtaining accurate
gridded precipitation data where traditional observations are sparse. The merged dataset
provides crucial data support for theoretical research on the evolution of weather systems
and for the generation of high-resolution initial fields in numerical models.

2. Study Area and Data
2.1. Study Area

The Jinsha River Basin, located in the upper reaches of the Yangtze River and spanning
the Qinghai-Xizang Plateau, is characterized by complex topography with high elevations
in the west, lower elevations in the east, and substantial elevation gradients. The upper
reaches feature plateau valley landforms with elevations exceeding 4000 m and slow flow
velocities. The middle reaches are characterized by alpine canyon landforms, where the
river traverses several continuous gorges with elevation differences of 2000–3000 m, result-
ing in turbulent flow and dense dangerous shoals. The lower reaches are predominantly
hilly, with gradually widening water surfaces and decreasing flow velocities [28,29]. The
abundant water resources and significant elevation drop provide ideal conditions for hy-
dropower generation, making this region a major hydropower base in China. However, the
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complex topography leads to an extremely uneven distribution of meteorological stations
and a shortage of precipitation data, thereby hindering the necessary data support for
climate change studies and numerical model forecasting in the basin. Accordingly, this
study focuses on the Jinsha River Basin. Figure 1 presents the topographic elevation map
of the study area.

Figure 1. Topographic elevation map of the Jinsha River Basin.

2.2. Data

The data used in this study include GPM-IMERG, GSMAP-Gauge, CMORPH-BLD,
and ERA5 precipitation data, as well as precipitation records from over 1800 stations,
including regional and national automatic weather stations.

Station-based precipitation observation data offer high accuracy and are often re-
garded as the reference truth value in data fusion experiments. This study utilized daily
precipitation records from more than 1800 automatic weather stations operated by the
Sichuan Meteorological Bureau as the station observation data. Station precipitation data
from 1 January 2022 to 31 December 2024, within the Jinsha River Basin were selected, and
the distribution of national automatic weather stations is shown in Figure 1. To ensure data
quality, meteorological stations with more than ten missing days in a single month were
excluded from the data quality assessment.

Four mainstream satellite precipitation products and one reanalysis precipitation
dataset were selected. The Global Precipitation Measurement (GPM) is a collaborative
mission between the National Aeronautics and Space Administration (NASA) and the
Japan Aerospace Exploration Agency (JAXA). The primary objective of GPM is to provide
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high-resolution spatiotemporal precipitation information worldwide. Building on the
strengths of the Tropical Rainfall Measuring Mission (TRMM) in detecting precipitation in
tropical regions, GPM is equipped with two key sensors—the Dual-frequency Precipitation
Radar (DPR) and the GPM Microwave Imager (GMI)—which significantly enhance the
detection capability for solid precipitation and light rainfall. The Level-3 precipitation
product, GPM-IMERG, provides quasi-global coverage from 50◦ N to 50◦ S and 60◦ N to
60◦ S at a spatial resolution of 0.1◦ × 0.1◦ and a temporal resolution of 30 min [8,30]. The
GSMaP precipitation product is a global satellite precipitation mapping product developed
by JAXA. This series includes near-real-time products (GSMaP_NRT), microwave-infrared
fused products (GSMaP_MVK), and gauge-corrected products incorporating global rain
gauge observations, climate, and topographic information (GSMaP_Gauge). It features
high temporal resolution (1 h) and a spatial resolution of 0.10◦, covering a quasi-global
region from 60◦ N to 60◦ S [31,32]. The CMORPH-BLD precipitation product is a real-time
satellite precipitation retrieval product developed by the NOAA Climate Prediction Center
(CPC). Instead of relying solely on statistical relationships, it employs a “motion vector”
method to estimate precipitation, thereby preserving the spatiotemporal continuity of
precipitation distribution to a certain extent [33,34]. The reanalysis data are derived from
the fifth-generation global climate product released by the European Center for Medium-
Range Weather Forecasts (ECMWF). Compared with the fourth-generation reanalysis
product ERA-Interim, ERA5 offers significantly improved spatiotemporal resolution. The
Integrated Forecasting System (IFS) has been upgraded from Cy31r2 to Cy41r2, and the
4D-Var data assimilation method is used for the first time to integrate 10 ensemble members,
assimilating many state-of-the-art instrumental datasets, including IASI, ASCAT, MWHS-2,
TMI, SSMIS, AMSR-2, and GMI [35]. The forementioned precipitation datasets represent
some of the most widely used satellite observation products and reanalysis precipitation
products, characterized by high accuracy, stability, and long time series. Many researchers
have conducted various evaluations and error analyses of these precipitation products,
confirming their applicability in China [36–38].

Additionally, auxiliary parameters (elevation, slope, longitude, and latitude) were
incorporated into the merging experiment to adjust for biases [39]. The digital elevation
model (DEM) was derived from the Shuttle Radar Topography Mission (SRTM) conducted
by NASA, with a spatial resolution of 90 m [40]. Topographic variables such as slope,
longitude, and latitude were extracted from the DEM data.

To unify the spatial resolution to 0.1◦ and the temporal scales to daily and monthly,
these precipitation products were interpolated using the Kriging method. The original data
were accumulated to obtain daily and monthly scales. Table 1 presents detailed information
on the datasets used in this study.

Table 1. Summary of data products used in the study.

Products Timescale Resolution Download Source

ERA5 1 January 2022–31 December 2024 1-h, 0.25◦ https://cds.climate.copernicus.eu/
(accessed on 26 March 2025.)

GPM-IMERG 1 January 2022–31 December 2024 30-min, 0.1◦ https://gpm.nasa.gov/data
(accessed on 1 April 2025.)

GSMAP-Gauge 1 January 2022–31 December 2024 1-h, 0.1◦ https://sharaku.eorc.jaxa.jp/
(accessed on 26 March 2025.)

CMORPH-BLD 1 January 2022–31 December 2024 1-h, 0.25◦ https://www.ncei.noaa.gov/
(accessed on 26 March 2025.)

DEM — 90 m, -- https://www.gscloud.cn/
(accessed on 1 April 2025.)

Gauge observations 1 January 2022–31 December 2024 --, Daily Sichuan Provincial Meteorological Service
(accessed on 1 April 2025.)
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3. Method
3.1. Satellite Data Evaluation Methodology
3.1.1. Multi-Timescale Accuracy Assessment of Precipitation Products

To evaluate the accuracy of the four precipitation products in the Jinsha River Basin,
daily precipitation observations from 1800 automatic weather stations were used as val-
idation data. Accuracy analysis and precipitation detection capability assessments were
conducted at daily and monthly scales. The nearest neighbor method was used for spa-
tiotemporal matching between precipitation products and station observation data. For
monthly-scale evaluation, stations with more than ten missing days in a month were
excluded. Daily-scale precipitation products were further evaluated across different precip-
itation intensity levels according to the classification standards of the People’s Republic of
China (2012) [41]. Table 2 presents the classification thresholds for light rain, moderate rain,
heavy rain, and rainstorm based on ground-observed daily precipitation (p).

Table 2. Classification of daily precipitation intensity grades.

Precipitation Intensity Quantitative Evaluation Threshold (mm) Qualitative Evaluation Threshold (mm)

Light Rain 0.1 < p < 10 0.1 < p < 10
Moderate Rain 10 < p < 25 10 < p < 25

Heavy Rain 25 < p < 50 25 < p < 50
Rainstorm p > 50 p > 50

3.1.2. Spatial Distribution Comparison and Accuracy Evaluation

To explore the spatial distribution and error characteristics of various precipitation
products in the Jinsha River Basin, station precipitation data were interpolated to a 0.1◦

resolution grid using the Kriging method for comparison of the four products’ spatial
precipitation distributions. Additionally, 100 national automatic weather stations within
the study area were selected to evaluate the precipitation product accuracy and precipitation
event detection capability over the period from 1 January 2022 to 31 December 2024, to
verify spatial error.

3.1.3. Accuracy Evaluation Metrics

Evaluation metrics are categorized into quantitative and qualitative indicators. The
quantitative evaluation indicators include the correlation coefficient (CC), bias (BIAS),
and root mean square error (RMSE). CC measures the correlation between precipitation
products and station observations, while RMSE and BIAS quantify the root mean square
error and systematic bias, respectively. The qualitative evaluation indicators comprise
the probability of detection (POD), false alarm rate (FAR), and critical success index (CSI),
which assess the ability of precipitation products to detect precipitation events. POD
represents the probability that both the precipitation product and the ground station detect
a precipitation event. FAR indicates the probability that the precipitation product detects
an event while the ground station does not. CSI is a comprehensive metric that accounts
for hit, false alarm, and miss rates. A precipitation event is defined as daily precipitation
exceeding 0.1 mm [23,42]. Table 3 provides the formulas for these metrics.
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Table 3. Evaluation metric formulas.

Category Metric Equation Description

Quantitative CC 1 − ∑ i( Si−Gi)
∑ i(Gi−mean(Gi)) Correlation coefficient

RMSE

√
1
m ∑m

i=1(Si − Gi)2
Root mean square error

BIAS
∑ iSi
∑ iGi

− 1 Bias

Qualitative POD
H

H+M Hit rate

FAR
F

H+F False alarm rate

CSI
H

H+F+M Critical success index

where Si represents the i-th sample of the estimated precipitation dataset, Gi represents the i-th sample of the
ground validation dataset, m is the total number of samples, H is the number of correctly detected precipitation
events, F is the number of false alarms, and M is the number of missed events.

3.2. Merging Model Training

To obtain more accurate precipitation data in the Jinsha River Basin, a multi-source
precipitation data merging experiment was conducted using GPM-IMERG, CMORPH-
BLD, GSMAP-Gauge satellite products, ERA5 reanalysis data, and station observation
data. The four precipitation products were spatiotemporally matched with the station data.
Considering the influence of terrain on precipitation estimation, elevation, longitude, and
latitude were incorporated as auxiliary parameters to model relationships between satellite
data, reanalysis data, auxiliary parameters, and station observations. The XGBoost method
(eXtreme Gradient Boosting) was used to fit the statistical relationships between the input
and output parameters. XGBoost, proposed by Chen et al. [43], is an ensemble learning
algorithm based on the boosting framework. It improves upon the gradient boosting deci-
sion tree (GBDT) algorithm by iteratively fitting residuals with newly generated trees, with
final predictions obtained by summing the outputs of all leaf nodes. This algorithm effec-
tively captures the nonlinear relationships between the surface precipitation observations,
precipitation product data, and surface auxiliary parameters.

First, the precipitation product data were resampled to a spatial resolution of 0.1◦

using the Kriging interpolation method, and all hourly observation data were aggregated
to the daily scale to form daily precipitation product data. For the daily ground station
precipitation data, we screened the stations, eliminating those with more than 10 days of
missing measurements within a single month. Using the nearest distance method, each
meteorological station was matched with the nearest precipitation grid cell and terrain
parameters to form a sample dataset. Then, the model was validated using fivefold cross-
validation. All sample data were randomly shuffled and divided into five groups. One
group served as the test dataset, and the remaining four groups served as the training
datasets. The training dataset was fed into the XGBoost algorithm. A grid search strategy
was employed to iteratively optimize each hyperparameter within a predefined range,
and regularization terms were introduced to constrain model complexity. The model was
evaluated on the test dataset using RMSE, where a smaller RMSE indicates a better model fit.
Through fivefold cross-validation, five models were obtained, and the one with the smallest
RMSE was selected. After iteratively adjusting the parameters to obtain the optimal model,
the processed grid data were input into the model to generate a high-precision merged
precipitation dataset at 0.1◦ resolution. The data merging experimental process is illustrated
in Figure 2.
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Figure 2. Flowchart of the data merging experiment.

4. Results
4.1. Multi-Timescale Precipitation Data Evaluation
4.1.1. Overall Accuracy Evaluation at Multiple Timescales

To investigate the error characteristics of several mainstream precipitation products
in the Jinsha River Basin, this study conducted a comprehensive evaluation of the daily
cumulative precipitation from GPM-IMERG, CMORPH-BLD, GSMAP-Gauge, ERA5, and
the merged precipitation product over the period 2022–2024, using ground-based station
observations as the reference truth. This study verified the overall detection accuracy
of each precipitation product in the basin, as well as the improvement achieved by the
merged precipitation product in terms of data accuracy. The results are presented in Table 4
and Figure 3.

Table 4. Evaluation of the daily-scale precipitation products.

Dataset CC RMSE BIAS (%) POD FAR CSI

GPM 0.66 4.63 11.04 0.82 0.41 0.52
ERA5 0.54 5.23 35.73 0.95 0.50 0.49

CMORPH 0.67 5.64 13.95 0.72 0.28 0.57
GSMAP 0.66 4.45 16.5 0.88 0.35 0.59

MSP 0.9 2.44 4.35 0.95 0.34 0.63
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Figure 3. Regression analysis of daily-scale precipitation products with the station observations.
(a) presents the correlation analysis between GPM-IMERG precipitation products and the station
observations; (b) presents the correlation analysis between ERA5 precipitation products and the
station observations; (c) presents the correlation analysis between CMORPH-BLD precipitation
products and the station observations; (d) presents the correlation analysis between GSMAP-Gauge
precipitation products and the station observations; (e) presents the correlation analysis between
merged precipitation products and the station observations. (point density indicated by color).

Figure 3 and Table 4 present the daily-scale evaluation results for the four precipita-
tion products and the merged dataset. A notable performance gap existed between the
original products and the merged product. Bias indicators revealed that all four products
tended to overestimate precipitation. Quantitative results for CMORPH-BLD, GPM-IMERG,
and GSMAP-Gauge were comparable. GPM-IMERG achieved a CC of 0.66, RMSE of
4.63 mm, and BIAS of 11.04%. CMORPH-BLD yielded a CC of 0.67, RMSE of 5.46 mm, and
BIAS of 13.95%. GSMAP-Gauge achieved a CC of 0.66, RMSE of 4.45 mm, and BIAS of
16.5%, with POD and CSI values of 0.88 and 0.59, respectively, substantially outperforming
the other two satellite products in precipitation event detection. ERA5 showed a CC of
0.54, RMSE of 5.34 mm, and BIAS of 35.69%, significantly lagging behind the other three
satellite products. It indicates that the ERA5 precipitation product exhibits a relatively low
correlation with the station observations, along with substantial numerical errors in its
precipitation estimates. Moreover, its spatiotemporal distribution characteristics deviated
considerably from the precipitation observed at ground stations. However, ERA5 exhibited
a high hit rate (0.95) but also a high false alarm rate (0.50), resulting in a low CSI. While
each product has distinct strengths and weaknesses in quantitative accuracy and event
detection, the multi-source fused product combines their advantages, achieving superior
performance across all metrics.

Figures 4 and 5 show the evaluation results for monthly cumulative data. All products
exhibited good linear regression performance at the monthly scale, with CC values above 0.8
(Figure 4). GPM-IMERG, CMORPH-BLD, and GSMAP-Gauge showed similar performance.
The GPM-IMERG precipitation product exhibited the best performance across all evaluation
indicators, with a CC of 0.87, a BIAS of 7.28%, and an RMSE of 37.8 mm for monthly
cumulative precipitation. The CMORPH-BLD precipitation product performed relatively
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poorly, achieving a CC of 0.85, a BIAS of 14.93%, and an RMSE of 48.42 mm. The ERA5
reanalysis precipitation product underperformed the three satellite precipitation products
across all metrics, with a CC of 0.80, a BIAS of 35.89%, and an RMSE of 63.19 mm. These
results are consistent with the evaluation of the daily-scale precipitation products, further
indicating that the reanalysis product is inferior to satellite precipitation products in terms of
quantitative accuracy and exhibits a substantial systematic bias in precipitation amounts. A
comparison of the monthly trends in evaluation indicators for monthly-scale data (Figure 5)
reveals that the CC and BIAS indicators for all precipitation products exhibited superior
performance during the summer period (May–September) relative to the winter period
(November–March). Among these products, the ERA5 precipitation product demonstrated
the most pronounced seasonal variability. Specifically, in winter, the BIAS exceeded 1 and
the CC fell below 0.5, whereas in summer, the BIAS dropped below 0.8 and the CC remained
approximately 0.6. However, the RMSE evaluation metric yielded more favorable values in
winter than in summer. This disparity arises from the fact that total precipitation in summer
is considerably higher than that in winter. As a result, the RMSE tended to increase with
precipitation volume, creating a systematic difference between the evaluation outcomes
for summer and winter products. Furthermore, the trends of the evaluation indicators
were generally consistent across all precipitation products. Following the multi-source
data merging experiment, the merged precipitation product (MSP) exhibited substantially
superior performance across all evaluation metrics compared to the other products, thereby
demonstrating its advantage.

Figure 4. Regression analysis of monthly-scale precipitation products with the station observations;
(a) presents the correlation analysis between GPM-IMERG precipitation products and the station
observations; (b) presents the correlation analysis between ERA5 precipitation products and the
station observations; (c) presents the correlation analysis between CMORPH-BLD precipitation
products and the station observations; (d) presents the correlation analysis between GSMAP-Gauge
precipitation products and the station observations; (e) presents the correlation analysis between
merged precipitation products and the station observations. (point density indicated by color).
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Figure 5. Monthly variation in accuracy metrics for precipitation products.

4.1.2. Accuracy Assessment Across Precipitation Intensity Ranges

To further investigate the detection effectiveness of various precipitation products for
different precipitation intensity events, this study classified precipitation data into four
intensity levels—light rain, moderate rain, heavy rain, and torrential rain—based on the
ground-based station observations. For each precipitation product and each intensity level,
the quantitative accuracy and precipitation event detection capability were assessed. The
evaluation results are presented in Figures 6 and 7.

Figure 6. Quantitative accuracy evaluation across precipitation intensity ranges.
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Figure 7. Precipitation event detection capability across precipitation intensity ranges.

Figure 6 presents the quantitative accuracy assessment of various precipitation prod-
ucts across different precipitation intensity events. In terms of the CC, both GPM-IMERG
and CMORPH-BLD performed better for light, moderate, and heavy rain. ERA5 exhib-
ited significantly poorer performance than the other three satellite precipitation products
across all intensity categories. The merged precipitation product outperformed all four
original precipitation products in CC evaluation across every precipitation intensity range.
Overall, the correlation coefficient between the precipitation products and station ob-
servations increased as the precipitation amount decreased. RMSE results showed that
GPM-IMERG performed well across categories, while ERA5 and GSMAP-Gauge per-
formed better for moderate rain. GPM-IMERG showed weaker performance for heavy
rain and rainstorm. Bias analysis revealed an overestimation of light rain and underes-
timation of heavy rain across products, particularly for ERA5 and GSMAP-Gauge. For
precipitation > 10 mm, overestimation exceeded 50%; for precipitation > 50 mm, under-
estimation exceeded 50%. The merged precipitation product combined the advantages
of GPM-IMERG and CMORPH-BLD, significantly mitigating the overestimation of light
rainfall events and the underestimation of heavy rainfall events.

The qualitative assessment results for precipitation event detection capability are
presented in Figure 7. The ERA5 and GSMAP-Gauge precipitation products exhibited
relatively high hit rates for light and moderate rain events, whereas GPM-IMERG and
CMORPH-BLD demonstrated better hit rates for heavy rain and torrential rain events
compared to the other two products. CMORPH-BLD achieved the lowest false alarm
rate across all precipitation events, resulting in a favorable critical success index (CSI).
In contrast, ERA5 showed the highest false alarm rate, which significantly degraded
its CSI performance. The merged precipitation product integrates the strengths of the
aforementioned products, achieving a modest improvement in POD index and a substantial
reduction in FAR index.
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4.2. Spatial Distribution and Accuracy Evaluation

To analyze spatial patterns, daily average precipitation during the rainy season
(May–September, 2022–2024) was calculated. Station data were interpolated to a
0.1◦ grid, and results were compared with product outputs (Figure 8).

Figure 8. Spatial distribution of average daily precipitation during rainy season.

It can be observed that the spatial distribution characteristics of daily average precipi-
tation in the Jinsha River Basin were generally consistent across the several precipitation
products. Precipitation amounts exhibited an overall increasing trend from the northwest
to the southeast. The southeastern area of the lower reaches, which comprises plains and
basins, receives an average daily precipitation exceeding 6 mm. In contrast, the northwest-
ern area of the upper reaches, characterized by plateaus and mountainous terrain, recorded
an average daily precipitation of less than 3 mm. Compared with the ground station
observations, each precipitation product showed an overestimation in the downstream area
of the Jinsha River Basin and an underestimation in the upstream area. The overestimation
was particularly pronounced in the ERA5 product, especially over a large area in the lower
reaches of the eastern low-altitude basin. The GSMAP-Gauge product exhibited spatial
distribution characteristics similar to those of GPM-IMERG, but its overestimation in the
downstream area was weaker than that of GPM-IMERG, and both products showed a
slight underestimation in the upstream area. Relative to GPM-IMERG and GSMAP-Gauge,
the CMORPH-BLD product displayed spatial precipitation distribution characteristics
more closely resembling those of the ground station observations. However, it exhibited
significant overestimation in the downstream area, with a higher magnitude than that of
GSMAP-Gauge and GPM-IMERG. The precipitation spatial distribution derived from the
merged precipitation product was the closest to the station-observed distribution. Moreover,
it effectively corrected the overestimation in the downstream area and the underestimation
in the upstream area observed in the original precipitation products.

To quantitatively evaluate spatial accuracy, 100 national automatic weather stations
were selected as validation points (Figure 9).
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Figure 9. Accuracy evaluation results at 100 national automatic weather stations.

CC, POD, and FAR evaluations showed better performance in downstream regions
than upstream regions. RMSE was higher downstream due to greater precipitation totals.
The merged precipitation product improved upstream CC and reduced downstream RMSE.
GPM-IMERG and CMORPH-BLD achieved CC values around 0.7 at most stations. GSMAP-
Gauge showed similar performance, with higher correlation at some stations due to its
integration of multiple satellite and station data. ERA5 CC was generally below 0.6. The
merged precipitation product raised the CC to >0.8 at most stations. CMORPH-BLD
and ERA5 showed the highest RMSE, particularly downstream (>6 mm), while GSMAP-
Gauge had the lowest RMSE (<5 mm). The merged precipitation product achieved RMSE
values around 3 mm. In terms of precipitation event detection (POD), the ERA5 and
GSMAP-Gauge products achieved the highest scores, followed by GPM-IMERG, with
CMORPH-BLD ranking the lowest. Overall, the hit rate in the northwestern upper reached
was relatively low, with POD values at most stations falling below 0.8. After the merging
experiment, the hit rate in this region improved markedly. Regarding the false alarm
rate (FAR), the ERA5 and GPM-IMERG precipitation products exhibited higher values,
whereas CMORPH-BLD and GSMAP-Gauge showed relatively lower false alarm rates.
The merged precipitation product achieved the lowest FAR, demonstrating substantially
better performance than all four original precipitation products.
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4.3. Discussion

This study addresses the lack of high-precision gridded precipitation data in the
complex terrain of the Jinsha River Basin. Using multiple satellite-based precipitation
products (GPM-IMERG, CMORPH-BLD, GSMAP-Gauge) and the global reanalysis prod-
uct ERA5, along with ground-based station precipitation measurements as a reference, a
multi-source precipitation data merging experiment was conducted integrating satellite, re-
analysis, and station data. As a result, a multi-source merged precipitation dataset at
0.1◦ spatial resolution and daily temporal resolution was obtained for the Jinsha
River Basin.

First, the error characteristics of the aforementioned precipitation products were
comprehensively analyzed. The results showed that the overall accuracy of the GPM-
IMERG, GSMaP-Gauge, and CMORPH-BLD products at daily and monthly scales exhibited
no significant differences. In contrast, the ERA5 reanalysis product performed poorly
in terms of correlation and root mean square error, indicating a substantial systematic
bias within the Jinsha River Basin (Figures 3 and 4). The detection accuracy of the four
precipitation products exhibited generally consistent temporal trends. For the CC and
BIAS indicators, all products performed better in summer (May–September) than in winter
(November–March). In contrast, the RMSE indicator yielded better performance in winter
than in summer. This discrepancy arises because the total precipitation volume in summer
is substantially higher than that in winter, and RMSE increases with precipitation amount,
leading to a notable gap between the evaluation values for summer and winter precipitation
products (Figure 5).

Secondly, this study categorized precipitation events of different intensities based on
daily rainfall amounts to further investigate the detection performance of various precipita-
tion products under varying intensity conditions. Quantitative accuracy analysis showed
that the detection differences among the GPM-IMERG, GSMAP-Gauge, and CMORPH-BLD
satellite precipitation products were relatively small, whereas the ERA5 product performed
worse than these three satellite-based products across all intensity levels (Figure 6). In
terms of qualitative detection for different precipitation intensities, the overall results
indicated that ERA5 and GSMAP-Gauge performed better in detecting light rain events
(daily precipitation < 10 mm), whereas CMORPH-BLD and GPM-IMERG outperformed
the other two products in terms of hit rates for heavy and torrential rain events (daily pre-
cipitation > 25 mm) (Figure 7). The ERA5 precipitation product assimilates ground-based
observations, satellite radiances, radiosonde measurements, and other data into a global
numerical weather prediction model. For weak precipitation events, its simulations rely
primarily on parameterized representations of stratiform cloud microphysical processes.
Such precipitation typically manifests as stable, continuous, and widespread processes,
which are relatively easier for models to capture. However, this leads to an overestimation
of the frequency of weak precipitation, resulting in a significantly higher false alarm rate
compared to the satellite precipitation products. Additionally, the model’s parameterization
schemes for convective processes introduce spatial smoothing effects. Extreme localized
heavy rainfall events may be averaged into moderate precipitation over coarse model grids,
thereby suppressing peak rainfall values and failing to capture intense downpours [44].
GSMAP-Gauge combines microwave retrieval with ground-based gauge calibration. Light
rainfall often originates from warm-cloud processes (with cloud-top temperatures above
0 ◦C), involving few ice-phase particles and extremely weak microwave scattering signals.
Under such conditions, the sensitivity of satellite microwave retrievals decreases, mak-
ing them heavily dependent on ground-based rain gauge data [45]. CMORPH-BLD and
GPM-IMERG are global high-spatiotemporal-resolution precipitation datasets developed
using multiple microwave and infrared data sources. Intense precipitation is invariably
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associated with deep convective clouds, where strong updrafts lift water droplets above
the freezing level, forming abundant ice crystals, graupel, hailstones, and other ice-phase
particles. These ice-phase particles strongly scatter high-frequency microwave signals,
causing significant reductions in the brightness temperature received by satellites. Pre-
cipitation retrieval based on the correlation between multi-channel brightness tempera-
tures and precipitation intensity has a clear physical basis and low misclassification rates,
enabling a more accurate capture of instantaneous peak intensities during convective
precipitation events [46].

Finally, the spatial distribution characteristics and error patterns of several precipita-
tion products over the Jinsha River Basin were analyzed. The daily average precipitation
distributions of these products were generally consistent, exhibiting an overall increasing
trend from the northwest to the southeast. Precipitation errors were characterized by
overestimation in the lower reaches and underestimation in the upper reaches of the basin.
Following the multi-source precipitation merging experiment, the accuracy metrics of the
merged product were significantly improved, and its spatial distribution of precipitation
closely resembled that of the station observations. This effectively corrected the overestima-
tion in the downstream area and the underestimation in the upstream area observed in the
original precipitation products. An evaluation of each precipitation product at different
stations within the Jinsha River Basin revealed that the accuracy in the downstream area
was higher than that in the upstream area. The merged precipitation product substantially
enhanced data accuracy in the upstream region; nevertheless, its accuracy remained lower
than that in the downstream region. This discrepancy arises because the ability of original
satellite data to detect ground precipitation is influenced by topographic factors such as
altitude and slope, which in turn introduces certain biases into the relationship between
the multi-source precipitation merging product and station-based measurements. Related
studies have indicated that in higher-altitude areas, multi-source precipitation merged
products exhibit greater instability in precipitation estimation [47].

5. Conclusions
To obtain high-precision, high-spatiotemporal-resolution precipitation data for the

Jinsha River Basin, this study evaluated the accuracy and precipitation event detection
capability of several mainstream satellite precipitation products and reanalysis data. Using
machine learning and accounting for topographic influences, a multi-source precipitation
merging experiment was conducted. The main conclusions are as follows:

(1). GSMAP-Gauge demonstrates strong performance in both quantitative accuracy
and event detection. CMORPH-BLD and GPM-IMERG show good correlation with station
data but weaker event detection. ERA5 exhibits high hit rates but also high false alarm
rates, with poor quantitative accuracy.

(2). Different products excel in detecting precipitation events across different intensity
ranges. The quantitative accuracy of the ERA5 precipitation product is inferior to that of the
three satellite-based precipitation products across all precipitation intensity levels. ERA5
and GSMAP-Gauge perform better for light rain (<10 mm/day), while CMORPH-BLD and
GPM-IMERG show higher hit rates for heavy rain and rainstorm (>25 mm/day).

(3). Spatial precipitation distributions of the products are generally consistent with
station observations. The fused product aligns more closely with station data and shows
substantial improvements in all accuracy metrics.

In summary, this study produced a daily-scale precipitation dataset for the Jinsha River
Basin (2022–2024) at 0.1◦ spatial resolution by fusing multi-source precipitation products
with topographic auxiliary parameters using a machine learning algorithm. Compared
with the original products, the fused dataset showed significant improvements in both
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quantitative and qualitative evaluations: CC increased from 0.67 to 0.9, RMSE decreased
from 5.64 mm to 2.44 mm, POD increased from 0.95 to 0.96, and CSI increased from 0.59
to 0.63, demonstrating the feasibility of the merging approach. Future research could
incorporate additional multi-source precipitation data (e.g., weather radar) to further
enhance accuracy and expand spatiotemporal resolution. Developing hourly (or sub-
hourly) and kilometer-scale (or sub-kilometer) precipitation products would be of great
significance for studying precipitation characteristics over complex terrain in the Jinsha
River Basin.
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