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Abstract

Accurate precipitation estimation is essential for hydrological modeling and water resource
management in arid regions; however, complex terrain and sparse meteorological station
networks introduce substantial uncertainties into gridded precipitation datasets. This study
evaluates the performance of nine widely used precipitation products in the arid region
of Northwest China (ARNC) at both the meteorological station scale and the sub-basin
scale, and applies the Bayesian Model Averaging (BMA) approach to merge multi-source
precipitation estimates. The results reveal pronounced spatial heterogeneity and significant
differences in performance among datasets, with the Integrated Multi-Satellite Retrievals for
the Global Precipitation Measurement mission performing best at the station scale and the
Famine Early Warning Systems Network Land Data Assimilation System performing best
at the sub-basin scale. Compared with individual products, the BMA-merged precipitation
demonstrates substantial improvements at both scales, providing higher coefficients of
determination and agreement indices, and lower relative mean absolute error and relative
root mean square error, indicating enhanced accuracy and robustness. The BMA-merged
precipitation product generally exhibits superior and more spatially consistent performance
than the individual datasets across the ARNC, thereby providing a more reliable basis for
regional hydrological and climate-related applications. The merged dataset shows that
the mean annual precipitation in the ARNC during 2000-2024 is approximately 230.4 mm,
exhibiting a statistically significant increasing trend of 1.4 mm per year, with the strongest
increases occurring in the Tianshan and Qilian Mountains. This study provides a reliable
foundation for hydrological modeling and climate-change assessments in data-limited
arid environments.

Keywords: precipitation; arid region of Northwest China; precipitation products; Bayesian
model averaging; precipitation merging; evaluation

1. Introduction

Arid and semi-arid regions account for approximately 41% of the global land surface
and support the livelihoods of hundreds of millions of people worldwide [1,2]. Recent
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global assessments emphasize the extensive distribution of drylands and their high eco-
logical and socioeconomic vulnerability under accelerated climate warming [3]. In these
regions, water resources form the foundation of ecosystem sustainability, agricultural
production, and human wellbeing, where persistent water scarcity constitutes a critical
constraint for development [4,5]. Precipitation represents the primary source of renewable
water in arid environments and governs both the magnitude and temporal variability of wa-
ter availability [6]. Even small variations in precipitation intensity, frequency, or phase can
substantially alter runoff generation, soil moisture dynamics, and vegetation growth [7,8].
In many arid regions with limited storage capacity, spatial and temporal heterogeneity in
precipitation directly triggers hydrological extremes such as droughts and flash floods [7,9].
Moreover, precipitation exhibits pronounced spatial heterogeneity due to complex terrain
effects [10], making the development of high-accuracy precipitation datasets essential for
hydrological modelling, water-balance assessment, and water resource management in
arid regions [11,12].

Direct measurements from the gauge observations at meteorological stations remain
one of the most reliable and widely accepted sources of precipitation data [13]. However,
in arid regions with complex and highly variable terrain—such as the arid region of
Northwest China (ARNC)—station networks are unevenly distributed, with most gauges
located in low-elevation oasis areas while vast high-elevation and desert regions remain
largely unmonitored, leading to limited representativeness of station data for the entire
region [14]. In recent years, satellite retrievals and reanalysis products have provided
gridded precipitation data that help overcome the sparsity of gauge networks and enable
the characterization of spatial patterns and temporal variability across extensive arid
regions [15,16]. Nevertheless, substantial spatial and temporal uncertainties persist in
gridded precipitation datasets due to multiple sources of error. For satellite retrievals,
uncertainties arise from retrieval algorithm limitations, assumptions in cloud microphysics,
and sensor sampling deficiencies [16,17]. For reanalysis datasets, errors mainly stem from
deficiencies in model parameterizations, biases in assimilated observations, and elevation-
dependent representation errors [18,19]. Therefore, a comprehensive understanding and
rigorous evaluation of these uncertainties are essential for the development of high-accuracy
precipitation datasets that support hydrological modelling and water-resource management
in arid regions [16,20].

In recent years, numerous studies have systematically evaluated gridded precipitation
products across arid regions worldwide—including Australia [21], Pakistan [12], Iran [22],
Saudi Arabia [23], and ARNC [24]—typically using in situ gauge observations as the bench-
mark in a point-to-pixel validation framework. However, due to sparse and unevenly
distributed station networks in arid regions, where gauges are predominantly located in
oasis or easily accessible low-elevation areas while vast high- elevation mountains, plateaus,
and desert regions remain largely unobserved, gauge-based point validation often fails
to adequately represent the regional performance of gridded precipitation datasets. An
alternative evaluation strategy that has recently gained increasing attention is basin-scale
water-balance assessment, which offers a complementary and spatially integrated perspec-
tive on precipitation product performance in arid regions [25]. Based on the principle of
water balance, regional precipitation can be estimated using evapotranspiration, runoff,
and total water storage (TWS), thereby enabling the assessment of gridded precipitation
products at the regional scale [26,27].

Evaluation results across different regions reveal that the performance of precipitation
products exhibits substantial spatial variability. For instance, Islam et al. [21] reported that
Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis outper-
forms Precipitation Estimation from Remotely Sensed Information using Artificial Neural
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Networks (PERSIANN) in Australia, whereas Dehaghani et al. [22] found that PERSTANN-
cloud classification system performs better than TRMM in Iran. Even at relatively small
spatial scales, such as the Heihe River Basin in the ARNC (approximately 142,900 km?), the
performance of different precipitation products varies within the basin. The Multi-source
weighted-ensemble precipitation (MSWEP) shows the highest overall accuracy across the
basin, while PERSIANN, Climate Research Unit dataset, and the fifth generation of Eu-
ropean ReAnalysis perform best in the upstream, midstream, and downstream regions,
respectively [28]. Overall, no single precipitation product performs optimally across all re-
gions, and each exhibits distinct advantages and limitations depending on regional climatic
and geographic conditions [25].

To integrate the strengths of precipitation datasets from different sources, this study
introduces the multi-model averaging (MMA) approach to merge multiple precipitation
products. MMA is a statistical ensemble technique that combines outputs from multi-
ple models or data sources to generate estimates that are generally more accurate and
robust than those from any individual product [29,30]. Beyond the simplest equal-weight
averaging approach, commonly used MMA techniques include information-theoretic meth-
ods such as Akaike and Bayesian Information Criterion averaging [31,32], as well as
regression-based optimization approaches such as Bates and Granger Averaging and its
Granger-Ramanathan A, B, and C variants [33,34]. Among the various multi-model aver-
aging approaches, the Bayesian model averaging (BMA) has gained particular attention
due to its solid probabilistic foundation and flexibility in integrating multiple data sources.
The BMA framework assumes that the true state of a variable can be represented as a
weighted combination of multiple model outputs, where the weights correspond to the
posterior probabilities that each model is the most plausible representation given the
observations [35,36].

Previous studies have demonstrated that BMA can effectively improve the accuracy
of hydrological predictions, including streamflow forecasting, groundwater simulation,
drought assessment, evapotranspiration estimation, and precipitation merging [37-40].
Comparative studies of various MMA methods have shown that the BMA approach
is one of the most effective ensemble techniques for hydrological simulation [41-43].
Yang et al. [25] applied 8 MMA methods to the merging of multi-source precipitation
products in the Qilian Mountains and ultimately recommended the BMA approach. Based
on these findings, this study adopts the BMA method to merge multi-source precipitation
products in the arid regions, with the aim of further expanding its application potential in
hydrological research of arid environments.

The main objectives of this study are: (1) to evaluate the performance of multiple
precipitation products at both the meteorological station scale and the sub-basin scale across
the ARNC; (2) to merge multi-source precipitation products using the BMA method and
evaluate its performance in the ARNC; and (3) to analyze the spatiotemporal characteristics
of precipitation over the ARNC based on the merged dataset.

2. Materials and Methods
2.1. Study Area

The ARNC (Figure 1), which covers the Xinjiang Region, the Hexi Corridor of Gansu,
the northeastern edge of Qinghai and western Inner Mongolia, spans approximately be-
tween 73 and 107° E and 35-50° N, accounts for about 25% of China’s land area [44].
Located in the heart of the Eurasian continent, it is one of the driest regions at its latitude
in the world. The landform exhibits a pronounced “mountain-basin interleaved” pattern,
with east-west trending mountain ranges from north to south, including the Altay, Tian-
shan, and Karakoram-Kunlun-Altun—Qilian belts, interspersed with large inland basins
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such as the Junggar, Tarim, and Qaidam basins. The region exhibits large elevation differ-
ences across short distances, ranging from —152.31 m asl (Aydingkol Lake) to 8611 m asl
(Mount Qogir) [45]. Under a temperate continental climate, the region is extremely dry,
with sparse vegetation and low annual precipitation exhibiting strong spatial variability.
Precipitation generally increases with elevation, making high mountain regions act as “wet
islands” and major sources of runoff, while most rivers are internally drained and have
short flow paths [46]. As a key region for water security and ecological stability in western
China [47], the ARNC, with its complex terrain and sparse observational coverage, serves as
an ideal natural testbed for multisource precipitation data merging and provides valuable
implications for improving regional hydrological modeling, enhancing water-resource
management, and advancing understanding of water-cycle processes in global arid regions.

80°E
1

50°N

45°N

40°N

35°N

80°E 90° E

Figure 1. Spatial distribution of meteorological stations and sub-basins in the arid region of Northwest
China (ARNC). (Numbers in the sub-basins are the serial number of sub-basins, see in Table 1
for details).

Table 1. Features of 25 sub-basins in the arid region of Northwest China.

Number Sub-Basin Hydrologic Station Basin Area (km?) Runoff Data Period
1 Cheercen Qiemo 24,780.0 2000-2011
2 Keliya Keliya 8141.9 2000-2011
3 Yulongkash Tongguziluoke 14,923.6 20002011
4 Kalakash Tuoman 12,484.2 20002011
5 Yarkand Kaqun 48,624.7 20002011
6 Qiakemake Qiaqiga 3333.5 2000-2011
7 Tuoshigan Shaliguilanke 14,822.6 2000-2011
8 Tailan Tailan 1547.3 2000-2011
9 Muzhati Pochengzi 2604.0 2000-2011
10 Kamuslang Kamuluk 1852.0 2000-2011
11 Taileweiqiuke Baicheng 1137.3 2000-2011
12 Kalasu Kalasu 1038.0 2000-2011
13 Kuga Langan 2625.0 2000-2011
14 Kaidu Dashankou 17,191.8 2000-2011
15 Jinghe Jinghe Shankou 1406.0 2000-2011
16 Kuitun Jiangjunmiao 1749.4 2000-2011
17 Manas Kensiwate 5183.4 2000-2011
18 Hutubi Shimen 1827.9 2000-2020
19 Urumgi Yingxiongqiao 922.1 20002011
20 Alagou Alagou 2874.5 2000-2011
21 Danghe Dangchengwan 14,374.6 2000-2020
22 Shule Changmabao 10,948.5 2000-2020
23 Buha Buha 14,469.0 2000-2020
24 Datong Tiantang 12,488.1 2000-2020
25 Heihe Yingluoxia 10,018.1 2000-2020
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2.2. Data Collection
2.2.1. In Situ Observation Precipitation Data

According to the Specifications for Surface Meteorological Observation (2003) [48]
issued by the China Meteorological Administration (CMA), precipitation is measured
using a standard rain gauge installed 70 cm above the ground with an inner diameter of
20 cm. Observations are conducted at 08:00 and 20:00 each day, recording the precipitation
amount for the preceding 12 h. For liquid precipitation, the water collected in the storage
bottle is poured completely into a measuring cylinder for reading. During winter snowfall,
the rain-receiving funnel is replaced with a snow-receiving funnel, and the storage bottle
is removed so that solid precipitation is collected directly in the outer cylinder. During
observation, the outer cylinder containing snow or ice is taken indoors, where the solid
precipitation is melted and measured with a measuring cylinder, or the cylinder with snow
is weighed using a designated balance, and the empty cylinder weight (or corresponding
millimeters) is subtracted to obtain the snowfall amount.

The ground-based meteorological dataset used in this study was sourced from the
CMA (http://data.cma.cn/, accessed on 11 July 2022). The precipitation observations
provided by the CMA are compiled by the National Meteorological Information Cen-
ter and undergo stringent quality-control procedures, including screening for extreme
values, checking internal consistency, and removing suspicious records [49]. These gauge-
based datasets have been extensively applied in evaluating precipitation products and in
various hydrometeorological studies over China and its subregions [14,25,50,51]. Daily
precipitation measurements for the period 2000-2020, were subsequently aggregated to a
monthly scale for consistency in this study. In total, 152 meteorological stations distributed
across the ARNC (Figure 1) were utilized to assess the accuracy of multiple gridded
precipitation products.

2.2.2. Grided Precipitation Data
1.  Climate Hazards group infrared precipitation with stations (CHIRPS; CHIRPS V2).

The CHIRPS dataset was jointly developed by the Climate Hazards Group and the U.S.
Geological Survey to support drought monitoring and long-term trend analysis. It combines
the Climate Hazards Group Precipitation Climatology, high-resolution infrared satellite
imagery, satellite-only precipitation estimates, and multiple gauge-based observations [52].
CHIRPS V2 offers both daily and monthly data at a spatial resolution of 0.05° x 0.05°.
In this study, the monthly dataset was used. A summary of CHIRPS and other gridded
precipitation datasets is provided in Table 2.

2. Climate prediction center (CPC) morphing technique (CMORPH; CMORPH V1).

CMORPH precipitation estimates are bias-corrected and reprocessed on a global
8 km x 8 km grid (60° S-60° N) with a temporal resolution of 30 min. The product is
generated through two main steps: initial recalibration of raw satellite CMORPH estimates
followed by bias correction using probability density function matching against CPC daily
gauge observations over land and GPCP pentad analyses over oceans [53]. In this work,
the high-frequency data were aggregated to monthly totals for analysis.

3. Land component of the fifth generation of European ReAnalysis (ERA5-Land).

Produced by the European Centre for Medium-Range Weather Forecasts (ECMWFE)
under the Copernicus Climate Change Service, ERA5-Land represents an enhanced land
component of the fifth generation of European ReAnalysis (ERAD) reanalysis. It retains the
main physical parameterizations of ERA5 but improves the global horizontal resolution
to 0.1°, compared with 0.25° in ERA5 [54]. The monthly ERA5-Land reanalysis data were
utilized in this study.
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Table 2. Summary of datasets used in this study.

Name Abbreviation Resolution Period Data Access Last Accessed
° https:/ /data.chc.ucsb.edu/
CHIRPS V2 CHIRPS 0.05 1981-NRT products/CHIRPS-2.0 20 October 2025
https:
CMORPH V1 CMORPH 8 km 1998-NRT //doi.org/10.5065/0EFN-KZ90 10 August 2025
o https:
ERA5-Land ERA5-Land 0.1 1950-NRT //doi.org /10.24381 /cds.68d2bb30 25 October 2025
FLDAS NOAHO1 C_ GL M FLDAS 0.1° 1982-NRT g‘;tgj%éd‘“'org/ 10:5067/5NHE2 g 11y 2025
o https:/ /doi.org/10.5067 /
GLDAS_NOAH025_M GLDAS 0.25 2000-NRT SXAVCZFAQLNO 25 September 2025
o https:/ /doi.org/10.5067 /GPM/
GPM_3IMERGM V07 IMERG 0.1 2000-NRT IMERG/3B-MONTH /07 27 August 2025
° https:
MERRA V5.12.4 MERRA 0.5 1980-NRT //doi.org/10.5067/0JRLVLSYV2Y4 29 October 2025
MSWEP V3.15 MSWEP 0.1° 1979-NRT http://www.gloh20.org/mswep / 20 September 2025
WorldClim WorldClim 2.5 1960-NRT ~ nttpsi//www.worldelimorg/data/ g g0 tompber 2025
monthlywth.html
GLEAM v4.2a GLEAM 0.1° 1980-NRT https:/ /www.gleam.eu/ 6 December 2025
GRACE-CSR RL06 V3 0.25° 2002-NRT [P/ /www2.csrutexas.edu/ 27 August 2025
grace/RL06_mascons.html
GRACE-GSFC RL06 V2 GRACE 0.5° 2002-NRT ~ [Utpsi//earthogsfenasagov/geo/ o7 ayaust 2025
data/grace-mascons
GRACE-JPL RL06 V4 0.5° 2002-NRT ~ Nitpsi//gracejplnasa.gov/data/ g\ oy 0005

get-data/jpl_global_mascons/

Note. NRT stands for near-real-time.

4.  Famine early warning systems network land data assimilation system (FLDAS;
FLDAS_NOAHO01_C_GL_M).

The FLDAS dataset provides global monthly land-surface variables simulated using
the Noah and VIC land-surface models [55]. With a 0.1° spatial resolution and tempo-
ral coverage from 1982 to the present, the Noah-driven version (3.6.1) was selected for
this analysis.

5. Global land data assimilation system (GLDAS; GLDAS_NOAH025_M_2.1).

GLDAS-2.1 employs the Princeton meteorological forcing dataset and produces a
consistent record from 2000 to the present. Monthly precipitation data were derived by
averaging 3-hourly simulations from the Noah Model (version 3.6) implemented within
the Land Information System (LIS) version 7. The dataset has a spatial resolution of
0.25° x 0.25° [56].

6. Integrated multi-satellite retrievals for global precipitation measurement (IMERG;
GPM_3IMERGM V7).

The Global Precipitation Measurement (GPM) mission is an international collaboration
involving a core satellite and approximately ten partner satellites. IMERG integrates,
intercalibrates, and merges all microwave and infrared satellite precipitation estimates,
along with gauge analyses and other potential sources, to generate precipitation data at
high spatial and temporal resolutions [57]. This study used the monthly GPM_3IMERGM
V7 data with a 0.1° x 0.1° resolution.

7. Modern-Era Retrospective Analysis for Research and Applications (MERRA; MERRA-2).

MERRA-2 introduces several improvements over the original MERRA system, notably
the assimilation of observation-based precipitation products to correct land surface pre-
cipitation outside high-elevation regions [58]. Produced by NASA’s Global Modeling and
Assimilation Office (GMAO) using the Goddard Earth Observing System (GEOS) Model
version 5.12.4, MERRA-2 provides global atmospheric reanalysis data from 1980 to the
present, with a spatial resolution of 0.5° x 0.625°.
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8. Multi-Source Weighted-Ensemble Precipitation (MSWEP; MSWEP V3.15).

MSWERP is a globally consistent, machine learning—based precipitation dataset avail-
able from 1979 onward, with a 0.1° spatial resolution [59]. It integrates information from
reanalysis outputs, satellite retrievals, and gauge measurements to ensure reliable precipi-
tation estimates across diverse climatic regimes [59]. In this study, the latest version (V3.15)
of the monthly MSWEP dataset was applied.

9.  WorldClim (WorldClim V2.1).

Gridded Climatic Research Unit (CRU) Time-Series (TS) data, were produced by CRU
at the University of East Anglia and funded by the UK National Centre for Atmospheric Sci-
ence, was first published in 2000. CRU TS dataset is derived by the interpolation of monthly
climate anomalies from extensive networks of weather station observations. WorldClim
provides historical monthly weather data in 2.5" x 2.5’ spatial resolution for 1950-2024,
which are downscaled from CRU TS v4.03 using WorldClim 2.1 for bias correction [60].

2.2.3. Evapotranspiration, Total Water Storage, and Runoff Data
1.  Global land evaporation amsterdam model (GLEAM; GLEAM V4 2a).

The GLEAM is a suite of algorithms designed to estimate the individual components of
terrestrial evapotranspiration, including plant transpiration, bare-soil evaporation, canopy
interception loss, open-water evaporation, and sublimation [61]. Numerous studies have
demonstrated the robustness and reliability of the GLEAM dataset across diverse regions
and research applications [62,63]. The dataset has been widely used for evapotranspiration
quantification, hydrological model forcing, global climate variability assessment, and
climate model evaluation [62,64,65]. In this study, the latest version, GLEAM V4.2a [64],
with a spatial resolution of 0.1° x 0.1°, was employed.

2. Gravity recovery and climate experiment (GRACE; GRACE-Center for space research
(CSR), GRACE-Goddard space flight center (GSFC), and GRACE-]Jet propulsion labo-
ratory (JPL)).

Since its launch in 2002, the Gravity Recovery and Climate Experiment (GRACE)
mission, together with its follow-on (GRACE-FO), has provided invaluable observations of
global variations in total water storage (TWS) [66]. Although GRACE data are characterized
by relatively coarse spatial resolution, they remain highly effective for investigating basin-
scale water balance dynamics [67-69]. The latest Release 06 (RL0O6) mascon solutions
are available from three processing centers: the Center for Space Research (CSR) at the
University of Texas, NASA’s Goddard Space Flight Center (GSFC), and the Jet Propulsion
Laboratory (JPL). To minimize product uncertainty, ensemble mean values from these three
centers [25,70] were adopted in this study.

3.  Measured river runoff data.

A total of 25 sub-basins were selected to assess the performance of different precipita-
tion datasets at the basin scale (Figure 1; Table 1). Monthly runoff data from hydrological
gauging stations were obtained from the Hydrographic Yearbooks of the People’s Republic
of China.

2.3. Water Balance

According to the principle of water balance, the basin precipitation can be expressed as:
P =ET+ R+ ATWS (1)

where P, ET, R represent precipitation, evapotranspiration and runoff, respectively (mm).
ATWS denotes the change in the total water storage (mm).
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2.4. Evaluation Criteria

To identify potential overestimation or underestimation in different precipitation
products, the mean error (ME) was applied:

ME = —3 " (Xsi — Xaoi) @)

where X; and X,, denote precipitation products data and observation data, respectively. n
is the number of data points. Given large differences in precipitation magnitude across
stations, the relative mean error (RME) was calculated to reduce scale effects:

RME = ME/X, x 100% 3)

Positive RME values indicate overestimation, whereas negative values indi-
cate underestimation.

To quantitatively assess the performance of precipitation products, several statistical
indicators were employed, including the coefficient of determination (R?), mean absolute
error (MAE), root mean square error (RMSE), and index of agreement (d), which are

defined as:
R? = [cov(Xs, Xo) /0 Xs0X,]? @)
1 n
MAE = ) | Xsi = X ©)
i=1
n
S — 0
i=1
n R . 2
dzl[ L = Xa) | gcg<q )
1 (X = Xo| + | Xoi — Xo|)

where cov and ¢ are the covariance and standard deviation, respectively. Relative MAE
(RMAE), and relative RMSE (RRMSE) were further calculated:

RMAE = MAE/X, x 100% (8)

RRMSE = RMSE /X, x 100% (9)

The rank score (RS) method [25,71] was used to evaluate overall performance:
S. — (xi - xi,min)/(xi,max - xi,min) for RMAE and RRMSE (10)
! (xi,max - xi)/ (xi,max - xi,min) fO}’ R2 and d

where i represents the ith products, and x; ,,;;, and x; 5, represent the products of minimum
and maximum values of each evaluation criterion. The sum of RS values across the four
criteria yields the total RS (range 0-4), where lower values indicate better performance.

2.5. Bayesian Model Averaging Method

In this study, the nine precipitation datasets were treated as an ensemble, and the
BMA approach was applied to merge them into probabilistic precipitation estimates for
the ARNC. The application of BMA in hydrological and meteorological studies have been
extensively documented [25,38-40]. BMA determines the weight of each ensemble member
based on its probability distribution function (PDF). Denote y as the variable to be predicted,
D = [¥§,¥5, ..,¥5] as the observed series with a length of T, and f = [fy, f2, ..., fn] as
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the ensemble of series from precipitation products data. According to the law of total
probability, the PDF of the BMA probabilistic prediction of y can be represented as:

P(y|D) = Y, P(fiID) - Pi(ylf,, D) (11)

where P(y|f;, D) is the posterior predictive distribution of y on the condition of the obser-
vation data D and each individual precipitation product f;. P(f;|D) is posterior probability,
and represents the likelihood that a simulation is the right simulation. It can also be seen as
the weight, w; = P(f;| D). The posterior mean and variance of the BMA prediction can be
expressed as:

Ely|D] = YN P(£ID) - E[P.(ylfi, D)) = N wif; (12)
Vll?’[]/|D] = Zzl\il wi (fl - Z}I{\Izl wkfk)2+zil\il wiai2 (13)

where E denotes the mathematical expectation operator, 07 is the variance associated with
precipitation product f; with respect to observation D. The EM algorithm was applied to
estimate weights [37], and the Box-Cox transformation was applied to satisfy Gaussian
assumptions [38,72].

2.6. Trend Analysis

The non-parametric Mann—Kendall test [73-75] was applied to assess the significance
of precipitation trends at a confidence level of o = 0.05 (95% confidence level). Sen’s
slope method [76] was used to quantify the trend magnitude, indicating both direction
and steepness.

To maintain consistent spatial resolution, all datasets were resampled to 2.5’ using
bilinear interpolation. Considering data availability, monthly station-scale evaluations were
conducted for 2000-2020, while sub-basin evaluations followed the hydrological record
periods (Table 2). The BMA weights were calibrated independently at each meteorological
station using observed precipitation during the training period (2000-2020). This station-
wise calibration strategy enables the BMA framework to account for spatial heterogeneity
in the performance of individual precipitation products across the arid and topographically
complex ARNC. Subsequently, the station-based BMA weights were interpolated to con-
tinuous gridded fields using the inverse distance weighting method. A power parameter
of 1 was adopted, such that the influence of a station decreases linearly with increasing
distance. In the interpolation process, no strict distance threshold was imposed, allowing
surrounding stations to jointly constrain the spatial distribution of BMA weights, which
enhances spatial smoothness and robustness in data-sparse regions. The resulting gridded
weights were then applied to generate the BMA-merged precipitation dataset over the
ARNC for the period 2000-2024.

3. Results
3.1. The Precipitation Values from 9 Products

The spatial distribution characteristics of the multi-year mean precipitation derived
from 9 different datasets indicate that low-precipitation areas in the ARNC are mainly
located in the low-elevation desert regions, while high-precipitation areas are primarily
distributed in the high-elevation mountainous regions, such as the Tianshan and Qilian
Mountains (Figure 2). Although the spatial patterns of the products are generally consistent,
substantial discrepancies exist in their estimated precipitation amounts. The maximum dif-
ference in area-averaged annual precipitation across the ARNC reached 2.37-fold, with the
highest estimate from MERRA (286.2 mm) and the lowest from MSWEP (120.8 mm). Based
on the magnitude of annual precipitation, the products are ranked as follows: MERRA >
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ERA5-Land > FLDAS > GLDAS > CMORPH > IMERG > CHIRPS > WorldClim > MSWEP.
Figure S1 shows that trends in area-averaged precipitation during 2000-2024 also var-
ied among the nine datasets. CHIRPS, ERA5-Land, FLDAS, and WorldClim exhibited
decreasing trends, none of which were statistically significant, while the remaining five
products showed increasing trends, among which only CMORPH was not statistically sig-
nificant (p > 0.05). Overall, substantial discrepancies exist among the products in estimating
precipitation over the ARNC, underscoring the necessity of evaluating their applicability.
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Figure 2. Spatial distribution of mean annual precipitation in the arid region of Northwest China for
20002024 determined from the data of 9 products.

3.2. Point-to-Pixel Evaluation Using Observational Data from Meteorological Stations
3.2.1. Evaluation of the Precipitation Products

The mean error (ME) analysis shows that none of the nine precipitation products con-
sistently overestimate or underestimate precipitation across all 152 meteorological stations
in the ARNC. Overall, most products exhibit a greater number of stations with precipitation
overestimation than underestimation (Figure 3). Among them, ERA5-Land overestimates
precipitation at 138 stations, with an average overestimation of 52%, representing the prod-
uct with the largest number of overestimating stations. In contrast, MSWEP and WorldClim
tend to underestimate precipitation, with 86 and 87 stations exhibiting underestimation,
and mean values of —27% and —20%, respectively. The spatial pattern of ME also varies
substantially among products; for instance, CMORPH and GLDAS overestimate precipi-
tation around the Tarim Basin yet underestimate it in high-elevation regions such as the
Tianshan and Qilian Mountains, whereas MERRA consistently overestimates precipitation
in the Qilian Mountains.

To further evaluate the accuracy of 9 precipitation products, the R?2, RMAE, RRMSE
and d values between each product and observations from 152 meteorological stations were
calculated. Figure 4 presents the spatial distribution of RRMSE, while Figures 52-S4 show
the spatial distributions of R?, RMAE, and d. Spatially, most products perform better in
northern Xinjiang and the Qilian Mountains, characterized by higher R? and d values and
lower RMAE and RRMSE values, whereas performance is generally poorer in southern
Xinjiang. As shown in Figure 4, MSWEP and WorldClim provide the highest overall perfor-
mance, whereas CMORPH, GLDAS, and MERRA show the weakest performance. Based
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on the four evaluation criteria, the comprehensive performance ranking of precipitation
products at the meteorological station scale is as follows: IMERG > MSWEP > ERA5-Land
> WorldClim > CHIRPS > FLDAS > GLDAS > MERRA > CMORPH.
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Figure 3. Spatial distribution of relative mean error (RME) between 9 products” monthly data

and observational monthly data obtained at 152 meteorological stations

Northwest China.
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Figure 4. Spatial distribution of relative root mean square error (RRMSE) between 9 products
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monthly data and observational monthly data obtained at 152 meteorological stations in the arid

region of Northwest China.
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3.2.2. Performance of the Bayesian Model Averaging Method

Using precipitation data from the nine products and observations from 152 meteorolog-
ical stations, the Bayesian model averaging method was applied to generate BMA-merged
precipitation. RME analysis indicates that the merged dataset overestimates precipitation at
131 stations and underestimates it at 21 stations, with a mean RME of 34.0%. Figure 5 shows
the spatial distribution of differences in RRMSE between the nine individual products and
the BMA-merged precipitation. Compared with each single product, the BMA-merged
precipitation substantially reduces RRMSE at most stations, with IMERG showing the
fewest improvements (103 stations) and CMORPH showing the most (151 stations). The
evaluation metrics demonstrate that BMA-merged precipitation exhibits overall superior
performance relative to individual products, evidenced by higher median R? and d values,
lower median RMAE and RRMSE values, and reduced interquartile dispersion (Figure 6).
Figure S5 shows that BMA performed better than IMERG at 88 stations, and outperformed
CMORPH and MERRA at 151 stations, based on the RS ranking results across all stations.
Overall, the BMA-generated precipitation demonstrates significantly higher accuracy at
the station scale across the ARNC.
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Figure 5. Spatial distribution of the differences in relative root mean square error (RRMSE) between
the nine precipitation products and the merged precipitation from the Bayesian model averaging
method, both evaluated against observations at 152 meteorological stations, in the arid region of
Northwest China.
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Figure 6. Box plots of R? (a), RMAE (b), RRMSE (c), and d (d) values over 152 meteorological stations
for 9 products and Bayesian model averaging method. The black line in each boxplots represents
the median value, and the bottom and top edges of each box indicate the 25th and 75th percentiles,
respectively. The whiskers represent the maximum and minimum values that are not considered
outliers, where outliers are more than 1.5 standard deviations from the mean and are shown as
red crosses.

3.3. Sub-Basin Evaluation Using Water Balance Method
3.3.1. Evaluation of the Precipitation Products

Annual precipitation estimated for 25 sub-basins using the water balance method
(Equation (1)) was employed to evaluate the performance of the nine precipitation products
at the basin scale. The ME analysis indicates that none of the products consistently overesti-
mate or underestimate precipitation across all sub-basins in the ARNC (Figure 7), although
their bias patterns exhibit considerable consistency. ERA5-Land and MERRA underesti-
mate precipitation in only one sub-basin but overestimate it in the remaining 24. Among
the generally underestimating products, CMORPH, GLDAS, and IMERG underestimate
precipitation in only one sub-basin each, whereas MSWEP and WorldClim underestimate
precipitation in two and three sub-basins, respectively. CHIRPS and FLDAS show the
largest spatial variability, underestimating precipitation in 7 and 14 sub-basins, respectively,
while overestimating it elsewhere. After integrating results from all 25 sub-basins, the
magnitude of overestimation follows the order MERRA > ERA5-Land > FLDAS, while
the magnitude of underestimation follows IMERG > GLDAS > CMORPH > MSWEP >
WorldClim > CHIRPS.

Further analysis using R? (Figure $6), RMAE (Figure S7), RRMSE (Figure 8), and d
(Figure S8) reveals substantial spatial variation in product performance across the basins.
CHIRPS and FLDAS perform best in the Tianshan region; CHIRPS, FLDAS, CMORPH, and
WorldClim perform well in the Qilian Mountains; GLDAS performs best in the Karakoram
region; all products show weaker performance in the Kunlun and Altun regions. Among
the 25 sub-basins, FLDAS and CHIRPS achieve the best performance in 9 and 6 sub-basins,
respectively, and neither product ranks worst in any basin. Conversely, MERRA performs
best in only one sub-basin but ranks lowest in 11 sub-basins, and IMERG, while never
ranking first, ranks worst in just two sub-basins (Figure 9). Considering all performance
metrics, the overall ranking of precipitation products across the ARNC at the sub-basin
scale is FLDAS > CHIRPS > WorldClim > MSWEP > GLDAS > IMERG > ERA5-Land >
CMORPH > MERRA.
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Figure 7. Spatial distribution of relative mean error (RME) between 9 products” data and mean
annual precipitation calculated using the water balance method at 25 sub-basins in the arid region of

Northwest China.
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Figure 8. Spatial distribution of relative root mean square error (RRMSE) between 9 products’ data
and annual precipitation calculated using the water balance method at 25 sub-basins in the arid
region of Northwest China.
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Figure 9. Best (a) and worst (b) performance of the precipitation products at 25 sub-basins in the arid
region of Northwest China.

3.3.2. Performance of the Bayesian Model Averaging Method

Precipitation estimates obtained from the water balance method for 25 sub-basins were
utilized to evaluate the areal performance of the BMA method across the ARNC. RME
analysis shows that BMA-merged precipitation overestimates precipitation in 7 sub-basins
and underestimates it in 18 sub-basins, with a mean RME of —8.6%. Consistent with the
station-scale results, the BMA-merged precipitation demonstrates enhanced areal accuracy
relative to the nine individual products. Compared with each product, the BMA-merged
precipitation substantially reduces RRMSE in most sub-basins, with IMERG, MERRA and
MSWEP showing the greatest improvement by reducing RRMSE in 24 sub-basins, and FLDAS
showing the least improvement but still reducing RRMSE in 17 sub-basins (Figure 10).
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Figure 10. Spatial distribution of the differences in relative root mean square error (RRMSE) between
the nine precipitation products and the merged precipitation from the Bayesian model averaging
method, both evaluated against estimated precipitation at 25 sub-basins, in the arid region of North-
west China.
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Evaluation metrics for the 25 sub-basins demonstrate that BMA-merged precipita-
tion overall outperforms individual products. Higher median R? and d values, lower
median RMAE and RRMSE values, and narrower interquartile ranges collectively indicate
enhanced robustness and stability of the merged dataset (Figure 11). Figure S9 shows that
the BMA dataset performed better than each individual product in a larger number of
basins, with improvements ranging from 18 basins relative to FLDAS to 24 basins relative
to IMERG and MERRA, based on the RS ranking results. Overall, the BMA-merged precipi-
tation demonstrates significantly higher accuracy at the sub-basin scale across the ARNC
compared to all single precipitation products.
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Figure 11. Box plots of R? (a), RMAE (b), RRMSE (c), and d (d) values at 25 sub-basins for 9 products
and Bayesian model averaging method. The black line in each boxplots represents the median
value, and the bottom and top edges of each box indicate the 25th and 75th percentiles, respectively.
The whiskers represent the maximum and minimum values that are not considered outliers, where
outliers are more than 1.5 standard deviations from the mean and are shown as red crosses.

3.4. Temporal and Spatial Variability in Precipitation in the Arid Region of Northwest China

Based on the evaluation results from both the meteorological station and sub-basin
scales, the BMA-merged precipitation exhibits significantly higher accuracy than any
single precipitation product. Therefore, the BMA-based dataset was used to analyze
the temporal and spatial variability of precipitation across the ARNC from 2000 to 2024.
The results indicate that the multi-year mean annual precipitation over the ARNC is
approximately 230.4 mm. High-precipitation regions are primarily located in high-elevation
mountainous areas such as the Qilian Mountains and the Tianshan Mountains, while low-
precipitation regions are mainly distributed across low-elevation desert areas, including
the Taklimakan Desert, the Kumtag Desert, and the Badain Jaran Desert (Figure 12a).
Sen’s slope analysis demonstrates that annual precipitation exhibited a predominantly
increasing trend across most of the ARNC during 2000-2024, with the most pronounced
positive trends occurring in the Qilian Mountains, where the increases were statistically
significant at the 95% confidence level (Figure 12b). Only a few regions showed decreasing
trends, primarily along the northern slopes of the Tianshan Mountains and within the
Junggar Basin; however, none of these negative trends were statistically significant at the
95% confidence level (Figure 12c). Overall, annual precipitation in the ARNC increased
significantly over the period 2000-2024, with a linear trend of 1.4 mm per year (Figure 12d),
indicating an enhancement of water availability under ongoing climatic warming.
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Figure 12. Spatial distribution of mean annual precipitation (a), Sen’s slope of the annual precipitation
(b), trends in annual precipitation based on the Mann-Kendall method (c) and inter-annual variation
in the mean annual precipitation (d) in the arid region of Northwest China during the 2000-2024
period (the dotted line is the trend line).

4. Discussion
4.1. Differences Between Evaluation at Meteorological Station and Sub-Basin Scales

Evaluation of the nine precipitation products at meteorological station and sub-basin
scales reveals notable scale-dependent discrepancies in performance. In the ARNC, IMERG
and CMORPH were identified as the best- and worst-performing products at the station
scale, whereas FLDAS and MERRA ranked highest and lowest at the sub-basin scale,
respectively. Similar inconsistencies between scales have also been reported in the Qilian
Mountains [25,77] and in global assessments [78]. These differences reflect the influence
of scale effects: point-to-pixel validation is sensitive to representativeness errors, uneven
gauge distribution, and steep topographical gradients, potentially obscuring the true
regional performance of precipitation datasets [79,80]. The superior performance of IMERG
at the point scale can be attributed to its incorporation of gauge observations within its
satellite—gauge fusion algorithm, which enhances accuracy at individual station locations.
In contrast, FLDAS emphasizes physically consistent water and energy balances at the
basin scale. As a result, it provides more reliable precipitation estimates at sub-basin or
regional scales, even if its point-scale accuracy is comparatively lower. Sub-basin evaluation
relies on spatially aggregated precipitation, effectively reducing random uncertainties
and providing more stable performance patterns. As demonstrated in Figure 7, several
products display systematic regional biases, while their station-scale errors exhibit greater
dispersion (Figure 3). These findings underscore the need to align validation strategies
with application contexts and to adopt multi-scale evaluation frameworks when selecting
precipitation datasets for hydrological applications.
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4.2. Advantages of Bayesian Model Averaging for Precipitation Merging

Compared with individual precipitation products, the BMA-merged precipitation
significantly improves estimation accuracy at both meteorological station and sub-basin
scales in the ARNC. This improvement results from the probabilistic integration of model
uncertainties and the optimization of weighting based on observational evidence rather
than subjective assumptions [25,37]. Numerous studies have demonstrated the effective-
ness of BMA in enhancing hydrometeorological predictions such as runoff forecasting,
drought monitoring, and evapotranspiration simulation [38—40]. The advantages of BMA
in precipitation merging have also been confirmed by Yang et al. [25] in the Qilian Moun-
tains. Consistent with previous findings, our results show that BMA substantially reduces
RRMSE relative to all individual products (Figures 5 and 10), and other evaluation criteria
consistently demonstrate superior performance (Figures 6 and 11). Moreover, the method
exhibits remarkable robustness across sub-basins with diverse hydro-climatic characteris-
tics. Furthermore, the method exhibits notable robustness across diverse hydro-climatic
environments. Therefore, BMA provides an effective strategy for producing reliable precipi-
tation datasets in sparsely monitored and topographically complex arid regions, supporting
hydrological modeling and climate assessment.

4.3. Uncertainties and Limitations

Despite the demonstrated improvements of the BMA-merged dataset, several uncer-
tainties and limitations must be acknowledged. First, the accuracy of BMA is strongly de-
pendent on the quality and spatial representativeness of gauge observations. In the ARNC,
meteorological stations are predominantly concentrated in oasis and low-elevation areas,
whereas high-elevation mountain regions and desert interiors remain sparsely monitored
(Figure 1), introducing uncertainty in weight estimation. Second, structural differences
among precipitation products—including spatial resolution, sensor characteristics, and
retrieval algorithms—result in systematic biases that cannot be fully eliminated through
statistical fusion techniques [81,82]. Third, basin-scale validation using the water balance
method relies on evapotranspiration, TWS changes, and runoff data, which themselves
contain uncertainties. In cryosphere-dominated basins in the ARNC influenced by glaciers,
snow, and permafrost, hydrological processes are more complex [83,84], potentially affect-
ing diagnostic accuracy. In addition, the basin-scale water balance validation is constrained
by the availability of observed runoff data, which in most sub-basins ends around 2011.
As a result, the hydrological validation does not fully cover the entire period (2000-2024)
for which the final BMA-merged precipitation dataset and its long-term trends are pre-
sented. The extension of the merged precipitation product beyond the runoff validation
period implicitly assumes that the relative performance of individual precipitation products
remains temporally stable, and the trend analysis should therefore be interpreted with
due consideration of this limitation. Furthermore, the BMA-merged precipitation exhibits
a positive mean RME of +34.0%, indicating a systematic overestimation. This overesti-
mation can be primarily attributed to the input datasets themselves: except for MSWEP
and WorldClim, the remaining seven products tend to overestimate precipitation at most
stations (Figure 3). Although the BMA-merged product improves correlation and spatial
consistency compared with individual datasets, this positive bias should be considered
when using absolute precipitation amounts for hydrological or climate applications. Future
improvements should focus on enhancing high-elevation observations, adopting system-
atic uncertainty quantification frameworks, and developing fusion strategies tailored to
coupled cryosphere-hydrology systems.
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5. Conclusions

Based on a comprehensive evaluation of 9 precipitation products across the ARNC,
this study employed the BMA method to generate a high-accuracy merged precipitation
dataset. The main conclusions are as follows:

(1) Substantial spatial heterogeneity and uncertainty exist among all precipitation
products, and no single dataset consistently performs best or worst at both meteorological-
station and sub-basin scales. Among the 152 meteorological stations, IMERG, MSWEP, and
ERAS5-Land show the best performance, whereas at the sub-basin scale, FLDAS, CHIRPS,
and WorldClim rank highest.

(2) The BMA-merged precipitation significantly improves estimation accuracy rel-
ative to all nine individual products. At both station and sub-basin scales, the merged
dataset demonstrates higher R? and d values, lower RMAE and RRMSE values, and strong
robustness and stability across diverse hydro-climatic environments.

(3) The BMA-merged dataset indicates that the mean annual precipitation in the
ARNC during 2000-2024 is approximately 230.4 mm, exhibiting a statistically significant
upward trend of 1.4 mm per year. The most pronounced increases are concentrated in
high-elevation mountainous regions, including the Tianshan and Qilian Mountains.

Overall, the BMA-merged precipitation dataset provides a reliable foundation for
hydrological modeling, cryosphere-hydrology interaction studies, and research on climate-
change impacts and adaptation in arid regions. Continued advancements in data-fusion
techniques and increased availability of high-resolution ground and remote-sensing obser-
vations will further enhance precipitation estimation accuracy in complex terrain such as
the ARNC.
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