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Abstract

As the Asian Water Tower, the Tibetan Plateau (TP) plays a pivotal role in regulating
the regional water cycle, yet sparse rain gauge networks hinder reliable hydrolog-
ical modeling and climate change assessments. This study focuses on the Lhasa
River Basin, a representative high-altitude basin in central TP, to evaluate the perfor-
mance of two satellite-based precipitation products, GSMaP and MSWEP, for runoff
simulation using the BTOP distributed hydrological model. Precipitation accuracy
was assessed using the critical success index (CSl), correlation coefficient (CC),

and coefficient of determination (R?), while hydrological simulations were evaluated
through calibration and validation against observed discharge using the Nash—Sut-
cliffe Efficiency (NSE). The main findings are: (1) GSMaP generally outperforms
MSWEP, with an average CSI of 0.8126 compared to 0.7521, ranging from 0.8690 at
Lhasa station to 0.7453 at Biruo station; (2) GSMaP shows stronger consistency with
observations, with higher CC and R? values (R?2=0.82 vs. 0.77); (3) both datasets
perform well in the wet season (CC>0.8) but degrade in the dry season, with GSMaP
exhibiting smaller time-series errors; and (4) the BTOP model driven by GSMaP
achieves higher NSE values in both calibration (0.793) and validation (0.541) periods,
more effectively reproducing basin hydrological processes despite some peak flow
deviations during flood events. Overall, the results indicate that GSMaP provides
more accurate precipitation estimates and runoff simulations in the Lhasa River
Basin, offering reliable data support for hydrological research and water resource
management in data-scarce regions of the TP.
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Introduction

Precipitation is a key component in the global water and energy cycles, playing a cru-
cial role in hydrology, meteorology, and related disciplines [1,2]. Accurate precipitation
and runoff data are vital for disaster forecasting, agricultural planning, rainfall pre-
diction, and scientific research [3,4]. Currently, there are three primary methods for
measuring precipitation: rain gauges, weather radar, and satellite sensors [5]. Among
them, rain gauges provide the highest accuracy; however, due to the complex terrain
and high costs, rain gauge networks are sparse over the Tibetan Plateau. Moreover,
conventional ground-based precipitation observations often fail to capture the full
spatiotemporal variability of precipitation, limiting their applicability in hydrometeoro-
logical studies [6,7]. Weather radars can provide large-scale precipitation information
with high spatial and temporal resolution [8]. Nevertheless, ground clutter and terrain
blockage can lead to blind spots in low-level precipitation detection. Additionally,
radar systems are predominantly deployed in plains and densely populated regions,
resulting in limited coverage and reduced accuracy in complex mountainous terrains
like the Tibetan Plateau [9,10].

In contrast, satellite-based precipitation products can offer continuous, high-
resolution precipitation estimates on a global scale [11-13]. These products have
shown significant value, particularly in data-sparse or inaccessible regions. Currently,
several mainstream satellite precipitation products, including GPM-IMERG, GSMaP,
TRMM 3B42/3B43, CMORPH, PERSIANN, CHIRPS, and MSWEP, are widely
applied in hydrological and meteorological research, disaster monitoring, and climate
analysis [14—17]. These datasets offer advantages including wide spatial coverage,
high spatiotemporal resolution, and near real-time availability. Their utility is espe-
cially prominent in regions with limited ground-based observations, such as oceans,
mountainous areas, and high-latitude zones [17—19]. However, differences in precipi-
tation retrieval algorithms, data integration strategies, and bias correction approaches
among these products lead to substantial spatial and temporal variability in their
accuracy across different climate zones, terrains, and precipitation regimes [20].

For instance, IMERG demonstrates relatively high accuracy in low- to mid-latitude
regions due to its integration of multiple data sources and ground-based corrections,
while GSMaP is better at capturing short-duration precipitation events but tends to
have larger errors under complex terrain and heavy rainfall conditions [21]. MSWEP,
on the other hand, is a merged product that combines satellite, reanalysis, and gauge
data, aiming to provide a globally consistent, long-term precipitation dataset with
improved accuracy in both gauged and ungauged regions [22—24]. Furthermore,

both products have been applied in various hydrometeorological studies in China and
globally, demonstrating relevance to the current study context [25,26].

To improve precipitation estimation accuracy, integrating multiple satellite precip-
itation products by leveraging their respective strengths and minimizing systematic
errors has become a prominent research direction [27]. In recent years, multi-source
precipitation data fusion has been increasingly applied in various regions to enhance
satellite-based precipitation accuracy [28]. Li et al [29] developed a Transformer-
based multi-source precipitation fusion model incorporating environmental factors in
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the Jingle Basin. The fused data significantly improved rainfall-runoff simulations in the Xin’anjiang, LSTM, and Prophet
models, enhancing correlation with observations compared to single-source products. Shi et al [30] proposed an EDGWR
framework that integrates satellite and gauge precipitation data, demonstrating superior performance in the Yellow River
Source Region. The IMERG-EDGWR product showed particular improvements in heavy precipitation detection and winter
estimates, maintaining robustness with limited input data.

With the intensification of global climate change and human activities, the degree of development in the Lhasa River
Basin, Tibet, has been steadily increasing, leading to an urgent demand for high-quality precipitation data [31]. Although
ground-based meteorological stations in the basin provide relatively accurate precipitation observations, the limited
number and uneven spatial distribution of these stations hinder the comprehensive characterization of spatiotemporal
variability in precipitation [32,33]. Furthermore, the scarcity of reliable precipitation and runoff observations introduces
considerable uncertainty in runoff simulation and water resource forecasting within the basin. Satellite-based precipitation
products, with their large-scale continuous coverage and high spatial-temporal resolution, have demonstrated signifi-
cant potential for application in mountainous and data-scarce regions. However, due to the complex topography and the
influence of extreme weather conditions, single-source satellite precipitation products often exhibit considerable estima-
tion errors over the Tibetan Plateau [34]. Discrepancies among different products are observed in terms of precipitation
intensity, temporal dynamics, and spatial distribution [35]. These climate-induced changes have further complicated the
spatial and temporal variability of precipitation in the region, increasing the demand for accurate and robust precipitation
datasets. As such, understanding and reducing uncertainties in satellite precipitation estimates under changing climate
conditions is crucial for improving hydrological modeling and supporting climate-resilient water resource management [36].

Therefore, systematically evaluating the accuracy and hydrological utility of satellite precipitation products in the Lhasa
River Basin has substantial scientific and practical value. Previous studies over the Tibetan Plateau have mostly focused
on either the statistical evaluation of individual SPPs or their application in conceptual hydrological models, whereas com-
prehensive assessments that jointly consider detection skill, intensity and spatial patterns, and their impacts on physically
based distributed runoff simulations remain limited in glacier- and snow-influenced basins in central TP [37]. In particular,
few studies have simultaneously compared GSMaP and MSWEP as forcing for a distributed model such as BTOP, and
even fewer have examined the temporal transferability between calibration and validation periods in a data-scarce alpine
catchment [38]. Based on this rationale, the present study aims to (i) evaluate the detection capability, temporal correla-
tion, and spatial distribution of GSMaP and MSWEP precipitation against gauge observations in the Lhasa River Basin,
and (ii) quantify how their differences affect runoff simulations by the BTOP model during a calibration period (2010-2013)
and a validation period (2014—-2015). By conducting a comparative analysis of runoff simulation accuracy using gauge-
based and satellite-based precipitation inputs, this study seeks to identify the more suitable product for hydrological appli-
cations in the Lhasa River Basin and to provide guidance for the future design of bias-correction and multi-source fusion
strategies in data-scarce high-altitude regions.

Study area and data acquisition
Study area

The Lhasa River Basin is characterized by abundant water resources, with a multi-year average discharge of 288 m3/s
and an annual total runoff volume of approximately 9.082 billion m® [39]. The basin spans a total length of 568 km and
receives an average annual precipitation of 545.5mm. An overview of the Lhasa River Basin is illustrated in Fig 1.
Although the basin possesses substantial water reserves, both the utilization efficiency and development degree of water
resources remain relatively low [40]. As such, the region still holds significant potential for future water resource develop-
ment. Climatically, the Lhasa River Basin falls within a temperate, semi-arid monsoon regime typical of the Tibetan Pla-
teau, with a low multi-year average temperature ranging from 1.2 °C to 7.5 °C [41]. The elevation data used in this study
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Fig 1. Study area and location of precipitation gauge stations.

https://doi.org/10.1371/journal.pone.0342995.g001

were obtained from the Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM), with a spatial resolution
of 90 meters (version 4.1), provided by the Consortium for Spatial Information (CGIAR-CSI).

Data acquisition

GSMaP dataset. The Gauge-adjusted Global Satellite Mapping of Precipitation (GSMaP) is a blended microwave and
infrared precipitation product from the GPM mission [42]. The GSMaP-Gauge product improves retrieval accuracy by
incorporating the CPC unified gauge-based global daily precipitation analysis, with a latency of 3 days [43]. In this study,
we adopted the near-real-time gauge-adjusted GSMaP GNRT dataset (version 06), which provides hourly precipitation
at a spatial resolution of 0.1°x0.1° on a global grid. Daily precipitation was obtained by aggregating the hourly data from
00:00—24:00 local time. The analysis period spans from January 1, 2010, to December 31, 2015.

MSWEP dataset. The Multi-Source Weighted-Ensemble Precipitation (MSWEP) dataset, recently developed by Beck
et al. (https://www.gloh20.org/mswep/), is a globally available precipitation product that integrates observations from
ground-based rain gauges, satellite remote sensing, and reanalysis datasets. Additionally, the dataset is calibrated using
runoff and potential evapotranspiration data from selected river basins to improve accuracy [44]. The original data were
provided at a 3-hourly temporal resolution and a 0.1°x 0.1° spatial resolution. To facilitate analysis at different timescales,
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the 3-hourly precipitation data were aggregated into daily and monthly totals as needed [23]. For the purposes of runoff
simulation and evaluation, the daily precipitation data from January 1, 2010, to December 31, 2015, were employed in this
study.

Rain gauge dataset. This study also utilized observational data from three hydrometeorological stations located
within the Lhasa River Basin. The dataset spans from January 1, 2010, to December 31, 2015, and includes daily
measurements of precipitation, air temperature, wind speed, and vapor pressure, among other standard meteorological
variables. These ground-based observations were obtained from the China Meteorological Administration’s National
Meteorological Information Center (http://data.cma.cn). Although only three meteorological stations are available within
this vast and topographically complex region, their spatial distribution, which covers the upper, middle, and lower reaches
of the basin, ensures a reasonable representation of the basin’s hydrometeorological and altitudinal gradients (Fig 1). Due
to the high elevation, harsh climate, and logistical challenges of the Tibet Plateau, the overall density of observation sites
remains sparse. Therefore, while the limited number of stations may impose some spatial limitations, they nonetheless
provide the best available ground truth for evaluating satellite-based precipitation products in this data-scarce region.

Methodology

Hydrological model. Fig 2 presents the overall methodological framework, which includes precipitation evaluation
using rain-gauge observations, BTOP hydrological simulations driven by GSMaP and MSWEP, and the final identification
of the most suitable satellite product for hydrological application in the Lhasa River Basin.

This study employed the Block-wise TOPMODEL (BTOP), a semi-distributed hydrological model with minimal calibra-
tion requirements, combining TOPMODEL’s runoff generation concept [45] and the Muskingum-Cunge routing method
[46]. The model’s physically interpretable parameters, derived from soil properties, land cover, and moisture conditions,
allow integration with remote sensing and geospatial datasets without extensive ground observations. Moreover, the
BTOP model is developed and integrated several modules such as the core runoff generation (TOPMODEL), parameter-
ization (SCE-UA), flow routing (Muskingum-Cunge) and evapotranspiration (S-W) modules, optional snow process, soil
freezing, and dam/reservoir modules [47,48]. The parameters and related variables used in the BTOP model are summa-
rized in Table 1. To date, the BTOP model has been widely applied for the flood and drought evaluation, water infrastruc-
ture, land-use planning, pollutant transport, and climate variability scenarios in nearly 2300 basins worldwide [49,50].

Required inputs include topography (SRTM DEM, 3 arcseconds), land cover (MODIS-IGBP, 500 m), soil data (FAO,
1:5M), vegetation indices (NOAA NDVI, 0.05°), and meteorological variables (CRU, 0.25°), all resampled to 1 km resolu-
tion. Discharge data from Kitamatsuno station (MLIT) were used for validation.

Model parameterization

In order to ensure the physical rationality and accuracy of the BTOP model in spatial distribution and runoff-routing simu-
lation, this study systematically designed the model from two aspects: parameter calibration and elevation zoning strategy.
The model parameters were calibrated using the Shuffled Complex Evolution algorithm (SCE-UA), a widely used global
optimization method in hydrological modeling known for its strong search capabilities and convergence performance [51].
The maximum number of iterations was set to 50000 to balance convergence and computational efficiency. The primary
objective function was the Nash-Sutcliffe Efficiency (NSE), supplemented by Root Mean Square Error (RMSE) and Bias
to comprehensively evaluate the agreement between simulated and observed streamflow. To represent the spatial hetero-
geneity of hydrological processes affected by terrain, such as precipitation, evapotranspiration, and snowmelt, elevation
zoning was applied in the semi-distributed BTOP model [45]. Unlike traditional approaches that divide the watershed into
elevation zones, BTOP does not require explicit elevation zoning; instead, elevation influences hydrological processes
continuously across the grid domain. This approach ensures a more spatially detailed and physically representative simu-
lation of hydrological dynamics in high-altitude mountainous regions [52].
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In this study, the snowmelt process was represented using a temperature-index (degree-day) method, which is widely
applied in cold region hydrological modeling due to its simplicity and reliable performance under data-scarce conditions.
The snowmelt rate M is calculated as:

M = DDF x (Ta— Tmeit), Ta > Tmeit

Where: M is the snowmelt rate (mm/day); DDF is the degree-day factor (mm/°C/day); T, is the air temperature (°C); T __,
is the melt threshold temperature (typically 0°C). This formulation assumes a linear relationship between air temperature
and melt rate, reflecting the dominant influence of sensible heat on snow and ice melt in alpine regions. The degree-day
method has been validated in numerous studies over glacierized basins.
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Table 1. Parameters and related variables of the BTOP model.

Parameters Unit Physical Interpretation Range Mark
Dyyy m-At-? Groundwater dischargebility (Clay) [0.01, 2] A1
D,oons m-At-? Groundwater dischargebility (Sand) [0.01, 2] A2
D, m-At-? Groundwater dischargebility (Silt) [0.01, 2] A3
SD,.. m Block-average saturation deficit [0.001, 0.9] Bi
m m Discharge decay factor [0.01, 0.1] Ci
n0 s'm-12 Block-average Manning coefficient [0.00001, 0.8] Di
a - Drying function parameter [-10, 10] Ei

Note: i=1,2, ..., n, (n, is the number of the divided sub-basins).

https://doi.org/10.1371/journal.pone.0342995.t001

Although BTOP does not explicitly simulate glacier mass balance or ice dynamics, its snowmelt module captures the
essential seasonal variability of meltwater input by applying the temperature-index approach uniformly to both seasonal
snowpack and glacier-covered areas. This provides a reasonable approximation of meltwater contributions during dry
periods in high-altitude basins.

For all hydrological simulations in this study, the BTOP model was calibrated and validated using daily discharge at
the Lhasa hydrological station over the period 1 January 2010 to 31 December 2015. Consistent with the precipitation
analysis, the time series was split into a calibration period (1 January 2010-31 December 2013) and a validation period (1
January 2014-31 December 2015). This split was used consistently in the scatterplot regressions between satellite and
gauge precipitation, as well as in the evaluation of BTOP runoff simulations, ensuring that all statistical analyses refer to
the same calibration/validation periods throughout the paper.

Evaluation metrics. Qualitative statistical indices were employed to evaluate satellite products, including Pearson
correlation coefficient (CC) and Mean Absolute Error (MAE). CC describes the degree of linear correlation between the
satellite products; Besides, three categorical indices were adopted to evaluate the detectability of satellite products [53]. The
probability of detection (POD) measures the ratio of precipitation events correctly detected by the satellite products. False
alarm ratio (FAR) measures the ratio of the no-rain events incorrectly detected by the satellite products. Critical Success
Index (CSI) comprehensively reflects the overall fraction of precipitation events correctly detected [54]. NSE measures
how well the simulated streamflow reproduces the variability of the observed streamflow, with values closer to 1 indicating
better model performance. KGE integrates correlation, bias, and variability components, providing a more comprehensive
assessment of the model’s ability to reproduce hydrological dynamics. Vol quantifies the consistency of overall water volume
between simulated and observed streamflow, where values near 1 indicate a balanced water budget. A value of 1 mm/day
is set for the precipitation/no precipitation threshold in categorical metrics. This choice follows the World Meteorological
Organization (WMO) guidelines, where a day with at least 1 mm of precipitation is classified as a “precipitation day.” Lower
amounts are typically regarded as trace precipitation, which may have limited hydrological or agricultural impact. Moreover,
this threshold is widely adopted in previous studies evaluating satellite or model-based precipitation, ensuring comparability
and consistency with existing literature. Formulas of these indices are listed in the Table 2.

Results
Accuracy evaluation of satellite precipitation products

To evaluate the detection capability of satellite precipitation datasets, this study compared precipitation estimates from
GSMaP and MSWEP at ground station grid points with observed precipitation from ground-based rain gauges. A precipita-
tion event was defined as a day with daily precipitation > 1 mm; otherwise, it was considered a non-precipitation day. Data
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Table 2. Evaluation criteria.

Evaluation indexes Equations Perfect value
Pearson correlation coefficient (CC) n _ _ 1
> (Si-8)(0;-0)
CcC= - =1 -
(Si-8)% |3 (0,-0)?
=1 i=1
Mean Absolute Error (MAE) n 0
MAE = 1> "S- 0|
i=1
Bias N 0
Bias = > (Si-0))
i=1
NSE N ) 1
Z (Qobs,i - Qsim,i)
NSE=1-2L
_ N2
(Qobs,i - Qabs)
i=1
Probability of detection (POD) POD = WHM 1
False alarm ratio (FAR) FAR = H%F 0
Critical Success Index (CSI) CSl = W 1
KGE KGE =1-1/(CC=1)% + (3-1) + (7-1)? 1
05 o B
b= o0’ ' o
Volume Bias Q. 1
VOI _ Z sim
Z Qobs

Note: n denotes the sample size; S, and O, denote ith values of the satellite data and validation data,
respectively; S and O denote the average values of S, and O, respectively. H is the number of observed
rainfall events that satellite precipitation products (SPPs) correctly detect, M is the number of rainfall events
that SPPs miss, F is the number of false detections of SPPs. B is the standard deviation ratio of simulated
to observed values, and y is the mean ratio of simulated to observed values. Qs stands for observed
streamflow. Qg stands for simulated streamflow, which is the flow rate predicted by a BTOP model.

https://doi.org/10.1371/journal.pone.0342995.t002

from 11 ground-based meteorological stations were used, with station indices and names as follows: Station 1 (Bangoin),
Station 2 (Nagqu), Station 3 (Jiali), Station 4 (Damxung), Station 5 (Zedang), Station 6 (Lhasa), Station 7 (Mozhugongka),
Station 8 (Gongga), Station 9 (Gyaca), Station 10 (Nimu), and Station 11 (Biruo).

The H (Hits), M (Misses), and F (False alarms) values for each station, along with the derived POD (Probability of
Detection), FAR (False Alarm Ratio), and CSI (Critical Success Index), are presented in Table 3. Most POD values
exceeded 0.9, with an average of 0.9196. The majority of FAR values were below 0.15, averaging 0.1252. Most CSI
values were greater than 0.8, with an average of 0.8126, indicating that GSMaP demonstrates strong overall performance
in precipitation detection. In terms of POD, all stations exhibited satisfactory detection performance, with Station 6 per-
forming the best. Regarding FAR, Station 4 had the lowest value (0.0762), significantly lower than that of the other sta-
tions. CSI values were generally high, with Station 11 showing the lowest CSI (0.7459), and Station 6 showing the highest
(0.869), indicating a large performance gap. Overall, Station 6 demonstrated the best comprehensive performance, with
POD, FAR, and CSI values of 0.9754, 0.1115, and 0.869, respectively, while Station 11 showed the weakest performance,
with POD, FAR, and CSI values of 0.8595, 0.1512, and 0.7453, respectively. Nevertheless, compared with other satellite
products such as IMERG and TMPA, GSMaP shows excellent precipitation detection capabilities [55,56].
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Table 3. Accuracy assessment of GSMaP precipitation estimates.

Station 1 2 3 4 5 6 7 8 9 10 11

H 1822 1713 1749 1854 1755 1904 1846 1797 1713 1799 1633
M 163 238 199 184 140 48 103 102 187 82 267
F 206 240 243 153 296 239 242 292 291 310 291
POD 0.92 0.88 0.90 0.91 0.93 0.98 0.95 0.95 0.90 0.96 0.86
FAR 0.10 0.12 0.12 0.08 0.14 0.11 0.12 0.14 0.15 0.15 0.15
Csl 0.83 0.78 0.80 0.85 0.80 0.87 0.84 0.82 0.78 0.82 0.75

https://doi.org/10.1371/journal.pone.0342995.t003

The GSMaP product demonstrates overall strong precipitation detection capabilities over the complex terrain of the TP.
It achieves a high average Probability of Detection (POD) of 0.9196, a low average False Alarm Ratio (FAR) of 0.1252,
and an average Critical Success Index (CSl) of 0.8126. Compared with multi-source merged products such as MSWEP,
GSMaP exhibits higher spatial and temporal consistency in detecting daily precipitation events (=1 mm) over the plateau.
However, its performance in capturing extreme precipitation events and precipitation in transition zones remains to be
improved.

In the evaluation of H values, Station 6 performed the best, followed by Station 4, whereas Station 11 performed the
worst. This indicates that Stations 6 and 4 had the highest accuracy in identifying precipitation events. Regarding F val-
ues, Station 4 exhibited the best performance with the lowest false alarm probability, while the other stations had similar
F values. In terms of M values, Station 6 again performed the best, followed by Stations 7, 8, and 10. Station 6 had the
lowest M value, indicating the fewest missed detections. Conversely, Stations 2 and 11 had the highest M values, sug-
gesting a larger number of missed precipitation events. In summary, Stations 6 and 4 exhibited relatively high accuracy in
precipitation detection and forecasting, while Station 11 showed weaker performance in both detection and error control,
revealing spatial variability in detection capabilities across stations.

The H, M, and F values, as well as the calculated POD, FAR, and CSI metrics for Stations 1-11, are shown in Table
4 for the MSWEP product. All POD values exceeded 0.9, with an average of 0.9301. Most FAR values were below 0.23,
with an average of 0.2032. CSI values were mostly above 0.7, averaging 0.7512, suggesting strong overall performance
of the MSWEP product in precipitation detection.

Compared with GSMaP, MSWEP shows a slightly higher POD but slightly lower FAR and CSI, suggesting that although
multi-source fusion can enhance the detection rate of precipitation events, it may also introduce more false alarms due
to the inclusion of reanalysis fields and grid-based interpolation. Spatially, Stations 6 and 4 exhibit superior H, M, and F
metrics compared to other stations, indicating more stable precipitation characteristics and better data fusion performance
in these regions. In contrast, Stations 2 and 11 display higher M and F values, reflecting the persistence of false alarms
and missed detections in MSWEP.

Table 4. Accuracy assessment of MSWEP precipitation estimates.

Station 1 2 3 4 5 6 7 8 9 10 11

H 1676 1612 1592 1707 1659 1706 1692 1705 1591 1732 1446
M 150 174 117 155 101 91 109 85 133 90 151
F 364 404 481 328 430 393 389 400 466 368 593
POD 0.92 0.90 0.93 0.92 0.94 0.95 0.94 0.95 0.92 0.95 0.91
FAR 0.18 0.20 0.23 0.16 0.21 0.19 0.19 0.19 0.23 0.18 0.29
Csl 0.77 0.74 0.73 0.70 0.76 0.78 0.77 0.78 0.73 0.79 0.66
https://doi.org/10.1371/journal.pone.0342995.t004
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Results indicate that in terms of detection accuracy, Station 10 had the highest H value, followed by Stations 4, 6, 7,
and 8. Station 11 had the lowest H value, implying the weakest detection performance. For false alarms, Station 4 had the
lowest F value, indicating the best performance, whereas Station 11 had the highest F value. Regarding M values, Station
2 had the highest number of missed detections, while Station 8 had the lowest, indicating the best performance. These
findings highlight the spatial heterogeneity in precipitation detection and forecasting accuracy, with Stations 10 and 4 per-
forming best, while Stations 11 and 2 had higher rates of false and missed detections.

Further analysis of the detection metrics for MSWEP, including POD, FAR, and CSlI, confirms that MSWEP demon-
strates strong overall detection capability in the Lhasa River Basin. Among all stations, Station 10 achieved the highest
POD (0.9506), suggesting the best detection effectiveness, while Station 11 had the lowest POD (0.9054). In terms of
false alarm rate, all stations had relatively low FAR values, with Station 4 having the lowest (0.1612) and Station 11 the
highest (0.2908), approximately twice that of Station 4. CSl values also reflect this trend; all stations, except Station 11
(CSI=0.6603), had values above 0.72, with Station 10 reaching the highest CSI of 0.7909. Overall, Station 10 demon-
strated the best comprehensive detection performance, while Station 11 performed the worst. Despite spatial variations
across stations, MSWEP outperforms other products such as IMERG and TMPA in the Lhasa River Basin, showing high
application potential.

Spatial accuracy comparison of satellite precipitation products

To evaluate the accuracy and applicability of the two satellite precipitation products in the Lhasa River Basin, scatter plots
were generated using daily precipitation time series data from meteorological stations and the two datasets for the period
from January 1, 2010, to December 31, 2015, as shown in Fig 3 (a) — (f). Regression analyses were conducted between
each precipitation product and the observed values, from which the fitted equations, coefficient of determination (R?), and
correlation coefficient (CC) were derived.

This study assessed the applicability of the GSMaP and MSWEP satellite precipitation products in the Lhasa River
Basin and analyzed their precipitation simulation accuracy. The results show that GSMaP exhibits CCs and R? values
ranging between 0.90-0.91 and 0.81-0.83, respectively.

In comparison, the MSWEP product had CCs and R? values ranging from 0.87-0.91 and 0.76-0.83, respectively. The
best performance occurred during the calibration period (January 1, 2014, to December 31, 2015), while the poorest was
during the validation period (January 1, 2010, to December 31, 2013). Although MSWEP performed slightly less accu-
rately than GSMaP, its overall performance remained acceptable. Moreover, the fitted equations of the two precipitation
products were generally similar. The simulation accuracy of the fitted slopes was high (with a variance of approximately
0.01), while the fit of the intercepts was relatively weaker but still acceptable (values ranging from 0.025 to 0.046).

By comprehensively comparing the applicability of GSMaP and MSWEP in the Lhasa River Basin, it can be concluded
that GSMaP outperforms MSWEP in overall precipitation simulation accuracy, with better fitting performance, particularly
during the calibration period and across the full study period. Although both satellite products show good applicability,
GSMaP demonstrates stronger precipitation estimation capabilities in the Lhasa River Basin, making it a valuable data
source for hydrometeorological studies in the region.

To further explore spatial-scale characteristics, annual mean precipitation distribution maps over the BTOP model
calculation region were generated based on runoff time series derived from the two precipitation products (Fig 4 (a1) —
(b5)). Regarding the spatial distribution pattern of precipitation, both GSMaP and MSWEP show a similar precipitation
gradient trend—increasing from west to east. However, there are significant differences in the finer details of the spatial
distribution.

A comparative analysis of the interannual spatial distribution patterns of the two precipitation products, GSMaP and
MSWEP, reveals both consistencies and discrepancies in their representation of precipitation amounts and centers.

In 2011, although both products identified the precipitation center at similar locations and estimated comparable total
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Fig 3. Comparison of satellite-derived versus observed precipitation scatter plots during calibration and validation periods. (a)—(c) show scat-
ter plots for GSMaP against gauge observations during the calibration period, calibration subset, and validation period, respectively, while (d)—(f) present
the corresponding results for MSWEP.

https://doi.org/10.1371/journal.pone.0342995.9003

amounts, significant differences were observed in the spatial distribution patterns and the gradients of precipitation inten-
sity. These discrepancies may be attributed to differences in the products’ precipitation intensity resolution, grid scales, or
their ability to resolve precipitation structure.

In 2014, the spatial distribution of precipitation was generally similar between the two products; however, substan-
tial deviations were noted in the absolute precipitation estimates. GSMaP estimated a maximum precipitation amount
of approximately 700 mm at the center, whereas MSWEP exceeded 900 mm. This suggests the presence of systematic
errors in the products’ ability to capture extreme precipitation events, possibly stemming from issues such as radiometric
calibration of satellite sensors, inconsistencies in retrieval algorithms, or differences in ground-based observational data
used for correction.

For 2012 and 2013, the two products not only displayed considerable differences in precipitation magnitude but also
showed spatial shifts in the locations of precipitation centers. Nevertheless, both products exhibited a similar gradient
pattern, with precipitation increasing from west to east across the basin. Despite this overall consistency, notable differ-
ences emerged in the finer details of spatial distribution. MSWEP showed more concentrated and intense precipitation
in the southeastern region, while GSMaP exhibited a smoother distribution, with relatively higher precipitation in central
and western areas. In general, MSWEP tended to report higher precipitation magnitudes than GSMaP, particularly in the
eastern and southeastern parts of the basin, where heavy rainfall was more prominent in MSWEP’s estimates. In contrast,
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Fig 4. Comparison of mean annual precipitation spatial patterns between GSMaP and MSWEP satellite products. (a1)-(a5) show the spatial
distribution of annual precipitation derived from GSMaP for the years 2011-2015, while (b1)—(b5) present the corresponding results from MSWEP for the
same years.
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GSMaP showed lower precipitation in the northwestern areas, whereas MSWEP estimated comparatively higher values.
Both products captured the regional east—-west gradient, with higher precipitation in the east and lower in the west.

These results suggest that, while both precipitation products are broadly consistent in capturing the regional spatiotem-
poral characteristics of precipitation, discrepancies remain in terms of magnitude and localized features. These differ-
ences may arise from the nature of the data sources used. MSWEP integrates multiple data sources such as reanalysis,
ground-based observations, and satellite data, which enhances its data assimilation capabilities and allows it to better
represent extreme precipitation events, particularly in regions with high precipitation. In contrast, GSMaP relies primarily
on satellite-based remote sensing, and its algorithm may lead to underestimation in complex terrain or low-precipitation
regions. Consequently, MSWEP may offer more accurate estimates in high-precipitation zones, while GSMaP could
underestimate precipitation in localized areas. Therefore, when using GSMaP in hydrological studies, post-processing
steps such as bias correction or data fusion may be necessary to improve data reliability. If the study objective involves
the analysis of extreme precipitation events or detailed spatiotemporal distribution characteristics, MSWEP may be a more
suitable choice.

Evaluation of hydrological model performance

In this study, satellite-based and ground-observed precipitation data from January 1, 2010, to December 31, 2015, were
used to calibrate and validate the BTOP hydrological model. The period from January 1, 2010, to December 31, 2013,
was designated as the calibration period, while the period from January 1, 2014, to December 31, 2015, was used for
validation. The Nash—Sutcliffe efficiency coefficient (NSE) and Kligwas calculated for both precipitation products during the
calibration and validation periods. In addition, the volumetric ratio (Vol) was computed to assess the accuracy of stream-
flow simulations. The NSE values obtained are presented in Table 5.

As shown in Table 5, the NSE values during the calibration period are significantly higher than those in the validation
period, indicating that the model performs better during calibration. Specifically, the GSMaP product yielded an NSE of
0.793 during calibration, while the MSWEP product achieved a higher NSE of 0.826, suggesting that MSWEP provided
better performance in simulating runoff during that period. However, during the validation period, GSMaP exhibited supe-
rior performance, with a higher NSE compared to MSWEP. Regarding the volumetric ratio (Vol) between simulated and
observed streamflow, the GSMaP product achieved 0.995 and the MSWEP product 0.984 during the calibration period,
both indicating excellent performance. However, in the validation period, the Vol values decreased to 0.902 for GSMaP
and 0.720 for MSWEP, with the latter showing a notably lower performance than in the calibration period. Overall, both
satellite precipitation products maintain Vol values above 0.70, indicating relatively small discrepancies between simulated
and observed streamflow and generally satisfactory simulation results. In terms of the water balance index, all values for
GSMaP (calibration and validation) and MSWEP (calibration and validation) exceeded 0.94, reflecting high reliability of
both products in maintaining water balance.

To further quantify the uncertainty associated with the sparse rain gauge network, we compared the performance deg-
radation between the calibration and validation periods for both precipitation products. The relative changes in NSE, KGE,
and Vol, provide a measure of temporal robustness. As shown in Table 5, GSMaP exhibits substantially smaller uncer-
tainty ranges, with decreases of 31.8% in NSE, 25.1% in KGE, and only 9.3% in volumetric accuracy. In contrast, MSWEP

Table 5. Performance metrics of the two precipitation products during calibration and validation periods.

metrics GSMaP calibration GSMaP validation Uncertainty (%) MSWEP calibration MSWEP validation Uncertainty (%)
NSE 0.793 0.541 -31.8 0.826 0.431 -47.8
KGE 0.847 0.635 -25.1 0.769 0.572 -25.6
Vol 0.995 0.902 -9.3 0.984 0.720 -26.8

https://doi.org/10.1371/journal.pone.0342995.t005
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shows much larger reductions of 47.8%, 25.6%, and 26.8%, respectively. These results indicate that MSWEP suffers from
stronger temporal non-stationarity and larger fluctuations in error structure, whereas GSMaP demonstrates notably better
stability and transferability across hydrological periods. Therefore, although both products show reduced performance
during validation, GSMaP provides more consistent forcing inputs for hydrological modeling in this data-scarce alpine
basin.

To further explore the temporal performance of the BTOP model using GSMaP and MSWEP precipitation inputs, daily
runoff time series were generated and are illustrated in Figs 5-8. In these figures, “obs” denotes observed streamflow,
“BTOP” refers to model-simulated streamflow, and “P” indicates observed precipitation. The results show that both prod-
ucts yielded satisfactory simulations during the calibration period, although performance deteriorated somewhat during the
validation period.

The simulation results based on the GSMaP satellite precipitation product demonstrate that the BTOP model effectively
captures the seasonal and interannual variability of runoff in the Lhasa River Basin during the calibration period (2010—
2013). The simulated hydrographs closely match the observed discharge in both dry and wet seasons in terms of timing
and magnitude. The Nash—Sutcliffe Efficiency (NSE) coefficients all exceed 0.50, indicating strong model performance in
reproducing the overall runoff dynamics. However, in July 2014, the simulated peak discharge was significantly lower
than the observed value, reflecting an underestimation of the hydrological response to extreme precipitation events.
During the validation period (2014-2015), GSMaP-driven simulations exhibited an overestimation of peak flow in July
2014, with the simulated peak occurring approximately 1-2 days earlier than the observed peak. This suggests that
limitations in the temporal resolution of the precipitation data or model parameterization may affect the dynamic response
to heavy rainfall events. Nevertheless, the NSE values during the validation period remained within an acceptable range,
confirming the applicability of GSMaP for hydrological modeling in complex terrain.

The performance of MSWEP precipitation data during the calibration period (2010-2013) was also satisfactory, with
minimal phase shifts between simulated and observed flows. The model reproduced flow fluctuations well, particularly
during periods of moderate discharge. However, the simulation accuracy declined markedly during the validation period
(2014-2015), with the NSE dropping below 0.50. Specifically, in July 2014, the simulated peak discharge exceeded
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Fig 5. Simulated versus observed daily runoff driven by GSMaP data in the calibration period.
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Fig 6. Simulated versus observed daily runoff driven by GSMaP data in the validation period.
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Fig 7. Simulated versus observed daily runoff driven by MSWEP data in the calibration period.
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observations, and the peak timing in July 2014 and 2015 was either advanced or delayed by 2—3 days, respectively.
These discrepancies may be attributed to the sparse distribution of ground meteorological stations in the Lhasa River
Basin, which limits the spatial representativeness of the MSWEP product. In particular, satellite-derived estimates may
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Fig 8. Simulated versus observed daily runoff driven by MSWEP data in the validation period.
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struggle to capture localized intense precipitation events, thereby affecting the temporal and spatial accuracy of runoff
simulations.

Comparative analysis of the two precipitation products indicates that GSMaP exhibits greater overall stability than
MSWEP during both calibration and validation periods, with consistently higher NSE values and smaller timing deviations.
This suggests that GSMaP provides a more reliable characterization of the spatiotemporal distribution of precipitation in
the Lhasa River Basin. While MSWEP performed well during the calibration period, its degraded performance in the vali-
dation period reveals limitations in data-sparse regions. Overall, GSMaP appears to be more suitable for high-
resolution hydrological simulations in this region. In contrast, MSWEP may require the integration of ground observations
to enhance its spatial representativeness. Both products exhibited discrepancies in peak flow response to extreme precip-
itation events, indicating a need for further optimization of model parameters or the development of multi-source precipita-
tion fusion approaches to improve simulation accuracy.

Discussion

To further contextualize the performance of satellite-based precipitation products in this study, we compared our findings
with similar studies conducted across the Tibetan Plateau (TP) and adjacent regions. Liu et al. [57] evaluated TRMM,
CPC, CMFD, and ERA5-Land and found that CMFD performed best on daily and monthly scales, while TRMM and ERA5-
Land performed worse in high-altitude and arid areas. In contrast, our results show that GSMaP outperforms MSWEP

in the Lhasa River Basin in terms of CSI, CC, and NSE, indicating higher reliability for both precipitation estimation and
runoff simulation. Wang et al. [58] reported that model calibration can partially offset input errors but becomes insufficient
once precipitation errors exceed a certain threshold, while Zhang et al. [59] found that GPM performs well during high-flow
periods despite negative biases. These studies, together with our results, highlight that careful selection and evaluation

of SPPs are critical in mountainous regions and that GSMaP provides a clear advantage for hydrological applications in
high-altitude, data-scarce basins such as the central TP. The relatively good performance of MSWEP during calibration
but its deterioration during validation also suggests potential overfitting of model parameters to error structures specific to
the calibration period, emphasizing the need for bias correction, long-term cross-validation, and multi-source precipitation
fusion.
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From a process perspective, the moderate validation performance of the GSMaP-driven BTOP model (NSE=0.54) and
the contrasting underestimation and overestimation of peak flows can be explained by the combined effects of satel-
lite precipitation errors and model structural limitations. GSMaP exhibits year- and season-dependent biases, including
underestimation of intense rainfall and rain—snow phase misclassification near 0 °C, and these error characteristics differ
between the 2010-2013 calibration period and the 2014-2015 validation period. During the 2010 flood season, GSMaP
underestimates the intensity and duration of several multi-day rainfall events over the upper basin, leading to insufficient
soil moisture build-up in BTOP and muted simulated peaks, even when the timing of the rising limb is reasonable. In con-
trast, the 2014 flood season is dominated by localized, short-duration convective storms that are partially smoothed and
spatially displaced by the 0.1° daily GSMaP and MSWEP grids; when projected over an overly large effective contributing
area in the model, these storms can trigger excessive runoff and produce simulated peaks that are higher and slightly
earlier than observed. Moreover, BTOP uses a single parameter set for the entire simulation period; parameters calibrated
under predominantly snowmelt- and stratiform-rain-dominated conditions may be too responsive to more intense convec-
tive rainfall, further amplifying peak overestimation during the validation period. Overall, these findings indicate that peak-
flow errors arise from non-linear interactions between precipitation timing/intensity errors and model structure, rather than
from a simple bias in seasonal precipitation totals, and they support the use of season-specific bias correction and, where
possible, regime-dependent parameterization in high-altitude basins.

The BTOP model has been applied in diverse regions worldwide and shows good adaptability in both humid and data-
scarce basins, and in this study it effectively captures the main hydrological processes of the glacier-influenced Lhasa River
Basin. Nevertheless, as a semi-distributed model, BTOP simplifies spatial heterogeneity by grouping similar terrain units and
may overlook sub-grid variability in glacier dynamics, permafrost, and localized land-use changes, as well as uncertainties in
snow and glacier melt simulation under limited observations. Future work should therefore focus on integrating high-
resolution remote sensing and improving the representation of cryospheric processes, while also incorporating bias-
correction techniques and advanced data-fusion methods, including machine learning, to further reduce precipitation
uncertainties. The use of next-generation high-resolution datasets (e.g., GPM IMERG) offers new opportunities for improv-
ing precipitation estimation in high-altitude basins. Strengthening the practical application of GSMaP-driven hydrological
simulations—particularly for flood forecasting and early warning in Tibet—and integrating dense ground-based observations
and numerical model outputs to develop rainfall-intensity- and season-dependent bias-correction schemes will be crucial for
enhancing the stability and transferability of hydrological simulations in the plateau region [60,61]. Future research should
integrate dense ground-based observations and numerical model outputs to develop machine learning-based bias correction
models tailored to different rainfall intensities and time periods. Additionally, incorporating combined microwave-infrared sat-
ellite retrieval algorithms may further reduce the false alarm rate while maintaining high detection capability, thereby improv-
ing the CSI and providing more reliable data support for water resources monitoring and management in the plateau region.

Conclusions

This study evaluates the applicability of the GSMaP and MSWEP satellite precipitation products in the Lhasa River Basin,
in combination with the BTOP hydrological model for runoff simulation. The main conclusions are as follows:

(1) Both GSMaP and MSWEP demonstrate satisfactory precipitation estimation capabilities in the Lhasa River Basin.
Notably, GSMaP exhibits superior overall performance, with its mean Critical Success Index (CSI=0.8126) signifi-
cantly exceeding that of MSWEP (CSI=0.7521). Moreover, GSMaP maintains higher estimation stability across all
evaluated stations. Spatially, both products consistently exhibit high detection accuracy (CSI1>0.66). The Lhasa Sta-
tion yields optimal results (GSMaP CSI=0.8690), while the Biruo Station shows relatively inferior performance.

(2) Strong correlations (CC>0.8) between both products and ground observations are observed during the flood sea-
son, whereas correlations markedly diminish in the dry season (December—February). GSMaP outperforms MSWEP
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across all error indices, particularly demonstrating lower systematic bias in temporal analysis. Linear regression further
confirms GSMaP’s superiority, with higher R? values during the entire period (0.82), validation phase (0.81), and cali-
bration phase (0.83) compared to MSWEP (0.77, 0.76, and 0.79, respectively).

(3) The BTOP model driven by satellite precipitation data effectively replicates the runoff processes in the Lhasa River
Basin. Simulations forced by GSMaP achieve higher Nash-Sutcliffe efficiency coefficients (NSE) than those using
MSWEP, with notably better performance during the calibration period (NSE >0.75) than the validation period.
Although slight overestimation (2014 flood season) and underestimation (2010 flood season) occur, the overall simula-
tions capture the basin’s hydrological dynamics robustly, validating the model’s applicability in high-altitude regions.
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