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Highlights

What are the main findings?

° This study presents a thorough and holistic review of the advances, limitations,
and future directions in utilizing satellite and reanalysis precipitation products to
overcome data scarcity, with particular emphasis on high-altitude regions.

e  These precipitation products exhibit non-negligible systematic biases and pronounced
conditional biases across spatial, seasonal, and daily scales in high-altitude regions,
requiring bias correction and data merging to improve accuracy.

What are the implications of the main findings?

e  Further advancements in the application of precipitation products over high-altitude
regions require addressing three critical challenges related to product characteristics,
accuracy improvement algorithms, and operational implementation.

e  This review provides comprehensive insights into the utilization of SPPs and reanaly-
sis datasets for deriving reliable precipitation estimates in high-altitude regions.

Abstract

Accurate precipitation observation in high-altitude regions is of paramount importance for
understanding climate variability and mitigating extreme hazards. However, obtaining
reliable precipitation measurements in these areas remains a formidable challenge due to
sparse gauge networks, complex topography, and intricate meteorological conditions. With
the advent of remote sensing and numerical simulation techniques, satellite precipitation
products (SPPs) and reanalysis datasets have emerged as effective alternatives to in-situ
rain gauges. This review systematically examines the progress, challenges, and prospects
of applying these precipitation products to address data scarcity, focusing specifically
on high-altitude regions, with the Tibetan Plateau (TP) as the primary case study. The
retrieval principles, advantages and limitations, applicability, and error characteristics
of these products are first outlined. These precipitation products generally demonstrate
significant conditional biases across multiple spatiotemporal scales and often lack the
fidelity to accurately capture extreme events. Accordingly, the theoretical foundations, im-
plementation procedures, and case studies of bias correction and product merging methods
are analyzed to evaluate their potential for accuracy improvement in alpine regions. The
results indicate that these methods have been effective in reducing errors in both precip-
itation estimates and hydrological simulations. Nevertheless, further efforts are needed
to address key challenges related to the products themselves, the accuracy improvement
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algorithms, and their operational application. This review offers comprehensive guidance
for leveraging SPPs and reanalysis datasets to obtain more reliable precipitation estimates in
high-altitude regions.

Keywords: high-altitude regions; precipitation estimation; satellite precipitation products;
reanalysis datasets; data scarcity

1. Introduction

Precipitation serves as a fundamental driver of the global water cycle and stands
as the most active variable governing atmospheric circulation [1,2]. Its variability across
diverse spatiotemporal scales dictates the complex interactions between the hydrosphere,
atmosphere, and biosphere [3]. In high-altitude basins, precipitation exhibits pronounced
spatiotemporal heterogeneity and complexity. Steep terrain forces lifting and cooling of
moist air masses, leading to enhanced orographic precipitation on windward slopes and
creating significant rain shadows on leeward sides [4]. This results in dramatic variations
in precipitation amounts and phases over short distances. Consequently, precipitation
in high-altitude regions is far more complex than in lowland areas, posing substantial
challenges for accurate observation and monitoring.

Rain gauges provide relatively accurate point-scale observations of precipitation
reaching the Earth’s surface. However, the utility of gauge networks is significantly
constrained by their uneven spatial distribution and inherent point-scale limitations [5,6].
First, gauge networks are severely sparse in high-altitude and remote areas. For example,
although the China Meteorological Administration Multisource Precipitation Analysis
(CMPA) comprises approximately 30,000 to 40,000 meteorological gauges across mainland
China, only a tiny minority are located on the Tibetan Plateau (TP) [7]. The existing gauges
are predominantly clustered in the eastern TP, leaving the western regions and the southern
slopes severely sparse. Complex terrain, characterized by extreme elevations, steep slopes,
and deep valleys, severely impedes site accessibility, infrastructure deployment, and long-
term operational stability. Furthermore, gauge measurements represent only point-scale
precipitation and cannot capture the spatial heterogeneity of precipitation around the
gauge, particularly in topographically complex high-altitude areas where precipitation
varies markedly over short distances [8]. Ground-based weather radars offer broader
spatial coverage and can provide more continuous precipitation fields. However, their
deployment is costly, and they are subject to terrain blockage, limiting their effectiveness in
mountainous environments [9].

Although the scarcity of reliable in-situ meteorological observations remains a funda-
mental constraint in high-altitude basins, significant technological progress is mitigating
this data gap. Progress in remote sensing capabilities and the increasing availability of satel-
lite and numerical products provide alternative data sources. Satellite precipitation prod-
ucts (SPPs) retrieve precipitation estimates by interpreting signals from visible/infrared
(VIS/IR) or microwave sensors aboard orbiting platforms, offering the advantage of quasi-
global coverage and the ability to monitor precipitation over remote and inaccessible
regions [10,11]. Reanalysis datasets, on the other hand, utilize data assimilation techniques
to integrate multi-source observations with numerical weather prediction (NWP) models,
producing physically consistent, long-term and spatiotemporally continuous records of
atmospheric variables [12]. By presenting data on regular grids in both space and time,
these gridded precipitation products are well suited for capturing the overall dynamics
of precipitation and its localized characteristics, and are also readily integrable into hy-

https:/ /doi.org/10.3390 /hydrology13090259


https://doi.org/10.3390/hydrology13090259

Hydrology 2026, 13, 259

30f 38

drological models [13]. They have been widely applied in high-altitude regions, serving
as a primary alternative source for precipitation estimation in gauge-scarce or ungauged
regions. For example, near-real-time SPPs have proven valuable for extreme disaster pre-
vention in high-altitude basins, enabling timely monitoring of intense precipitation events
and supporting early warning systems for flash floods [14-16]. Reanalysis datasets have
contributed significantly to climate research, enhancing the understanding of precipitation
regime shifts under a changing climate over the TP and other alpine regions [17-19].

Despite their extensive utility, SPPs and reanalysis datasets are subject to various
sources of error stemming from differences in retrieval algorithms, sensor characteristics,
model parameterizations, and data assimilation schemes [10,20,21]. For SPPs, errors primar-
ily arise from observation errors, sampling errors, and retrieval algorithm errors, among
which algorithm errors originate from the indirect nature of the retrieval process [22].
VIS/IR sensors infer precipitation from cloud-top properties, while passive microwave sen-
sors (PMW) rely on scattering and emission signals from hydrometeors, both of which are
prone to misclassification and attenuation effects [23]. Topographic shading, surface snow
cover, and complex terrain further degrade retrieval accuracy [24,25]. Reanalysis datasets
inherit errors from the underlying forecast model, including deficiencies in convective pa-
rameterization, boundary layer processes, and orographic precipitation representation [13].
Therefore, prior to any applications of precipitation products in high-altitude regions, it is
essential to conduct a thorough assessment of product applicability and implement appro-
priate bias correction or data fusion techniques to enhance their accuracy and reliability.

Single-product bias correction methods for SPPs and reanalysis datasets aim to re-
duce systematic biases by typically adjusting single products with ground-based gauge
observations [12,14]. The underlying assumption is that gauge observations represent
the “ground truth,” and that error characteristics derived at gauge-located grid cells are
transferable to gauge-free grid cells. By establishing the statistical relationship between
gridded products and gauge observations at gauged locations, the correction scheme can
then be extrapolated to ungauged areas to adjust the precipitation field. Commonly used
approaches include conventional statistical methods, distribution-based approaches, and
machine learning (ML) techniques. Beyond single-product bias correction, multi-source pre-
cipitation merging offers an alternative pathway for accuracy improvement by integrating
the complementary strengths of different precipitation products, often yielding estimates
superior to any individual product [26]. Multi-source fusion is particularly valuable when
the accuracy improvement achieved by single-product bias correction remains insufficient.
Depending on whether gauge observations are available during the merging process, these
methods can be categorized into gauge-dependent approaches and gauge-independent
approaches [21]. Both bias correction and product merging techniques have been proven
to significantly improve the accuracy of precipitation estimates and hydrological perfor-
mance [27-31]. Although previous studies have documented the application of SPPs and
reanalysis datasets across various regions [3,10,13,32,33], many have primarily focused on
evaluating and ranking selected precipitation products [34,35]. Systematic reviews that
simultaneously examine product applicability, accuracy improvement methods, and key
challenges specific to high-altitude environments remain scarce.

This paper provides a comprehensive overview of the application of SPPs and reanaly-
sis datasets in high-altitude regions, critically reviewing current achievements, identifying
potential challenges, and outlining future research directions. First, the concepts of SPPs
and reanalysis datasets are introduced, including their precipitation retrieval principles
and the attributes of commonly used products. Second, the inherent error sources, appli-
cation advantages, and error performance of these products in precipitation estimation
and hydrological simulation, primarily over a representative high-altitude region, the
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TP, are examined. Third, the corresponding bias correction and product merging tech-
niques developed for accuracy improvement in high-altitude regions are presented. Finally,
the remaining product-related, algorithm-related, and application-related challenges are
analyzed, and prospective recommendations for future research are discussed.

The remainder of this paper is organized as follows. In Section 2, the concepts of
SPPs and reanalysis datasets are introduced. In Section 3, the applicability assessment of
these gridded precipitation products in high-altitude basins is presented. Subsequently,
the corresponding accuracy improvements are introduced in Section 4, and the potential
challenges and future recommendations are discussed in Section 5.

2. Gridded Precipitation Products
2.1. Satellite Precipitation Products

Enabled by the convergence of space-based remote sensing, radiometer technology,
and retrieval algorithms, SPPs have emerged as indispensable datasets for global hy-
drometeorology. Space-based remote sensing provides the essential platform for global
observation, radiometer technology measures the physical radiance signals altered by
hydrometeors, and retrieval algorithms transform these raw signals into quantitative pre-
cipitation estimates by solving complex inverse problems. Compared to ground-based
gauges, satellite products offer spatially continuous and near-global coverage, effectively
filling vast high-altitude areas [36,37].

Table 1 summarizes the basic information of major SPPs. The Tropical Rainfall Measur-
ing Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA) products, particularly
3B42 and 3B42RT, were among the most extensively applied datasets for hydrological
and climatological studies, providing multi-satellite rainfall estimates across tropical and
subtropical regions [38]. Following the conclusion of the TRMM mission, the Integrated
Multi-satellitE Retrievals for Global Precipitation Measurement (IMERG) was introduced
under the Global Precipitation Measurement (GPM) framework as the designated successor
to TMPA [39]. Relative to its predecessor, IMERG provides broader spatial coverage, finer
spatial and temporal resolution, and offers multiple latency options through its early, late,
and final runs. Concurrently, other major satellite precipitation products have advanced
along distinct methodological pathways. The Gauge-Adjusted Global Satellite Mapping of
Precipitation (GSMaP-G) product integrates multi-satellite microwave and infrared obser-
vations with gauge information to produce gauge-calibrated rainfall estimates [40]. The
Climate Prediction Center morphing technique (CMORPH) dataset utilizes motion vectors
derived from geostationary (GEO) infrared imagery to propagate microwave-derived pre-
cipitation fields, followed by bias correction and optional gauge-based blending [41]. The
Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS) v3 product blends
GEO thermal-infrared cold-cloud-duration estimates, a high-resolution precipitation clima-
tology, and quality-controlled in-situ gauge observations through a variance-preserving,
anomaly-based station-correction scheme [42]. The Precipitation Estimation from Remotely
Sensed Information using Artificial Neural Networks (PERSIANN) family, including PER-
SIANN, PERSIANN-CCS, PERSIANN-CDR and PDIR-Now, represents another important
lineage of algorithms based on artificial neural networks (ANNSs) and cloud-classification
techniques, with different products tailored to near-real-time monitoring, high-resolution
estimation, and long-term climate analyses [43-45]. Collectively, these datasets illustrate a
progression in satellite precipitation retrieval from early multi-satellite merging approaches
toward higher-resolution, gauge-adjustable, and application-specific products, and have
been widely utilized in high-altitude regions [37,46,47].
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Table 1. Summary of basic information of major SPPs.
Spatial Finest Temporal .
Product Resolution Resolution Coverage Latency Period Reference
TRMM 3B42 v7 50° $-50° N 31 December 1997-1
January 2020
0.25° 3h _— / [38]
TRMM 3B42RT v7 60° S-60° N 29 February 2000-2
January 2020
IMERG-Early v7 ~4h
IMERG-Late v7 0.1° 30 min Global ~14 h 1998-present [39]
IMERG-Final v7 ~4 months
GSMaP-Gauge 0.1° 1h 60° S-60° N ~2-3 days 1998—present [40]
CMORPH-BLD 8 km 30 min 60° 5-60° N / 1998-2019 [41]
Preliminary:
~2 days after each
CHIRPS v3 0.05° 1 day 60° S-60° N pentad; Final: 1981—present [42]
~3 weeks after
month-end
PERSIANN 0.25° 1h 60° S-60° N ~2 days [45]
PERSIANN-CCS- o 5 5 1983—present
CDR v2.0 0.04 3h 60° S-60° N ~3 months [43]
PDIR-Now 0.04° 1h 60° S-60° N ~15-60 min March 2000-present [44]

The retrieval of precipitation from space relies primarily on three distinct technolo-
gies [10,13,23], as shown in Figure 1: (1) VIS/IR sensors aboard both GEO and low Earth
orbit (LEO) satellites, which estimate rainfall indirectly from cloud-top properties; (2) PMW
sensors on LEO satellites, which provide a more direct physical measurement by detect-
ing emission and scattering signals from hydrometeors; and (3) active microwave sensors
(AMW) on LEO satellites, which offer the most direct and accurate measurement by actively
probing the three-dimensional structure of precipitation. These three methodologies form
the cornerstone of mainstream modern satellite-based quantitative precipitation estimation.

VIS/IR methods estimate precipitation indirectly by analyzing cloud properties de-
rived from GEO and LEO satellites. The core principle is that cold and bright cloud tops
are statistically associated with deep convection and a higher probability of rainfall [10,23].
Classic VIS/IR algorithms, such as the GEO Operational Environmental Satellites multi-
spectral rainfall algorithm [48], are based on establishing empirical relationships between
these cloud-top characteristics and surface rain rates.

Two prominent examples of VIS/IR-based precipitation products are Climate Hazards
Group InfraRed Precipitation with Station data (CHIRPS) and PERSIANN. CHIRPS utilizes
thermal infrared observations to derive a “cold cloud duration” index, which quantifies
the persistence of cold cloud tops as a proxy for rainfall occurrence, and then heavily fuses
this satellite information with in-situ gauge data to produce a bias-corrected, long-term
climatological record [49]. PERSIANN primarily relies on infrared imagery from GEO
satellites, employing ANNSs to establish a complex statistical mapping between cloud-top
brightness temperature patterns and surface rain rates [50]. However, the relationship
between cloud-top properties and surface precipitation is indirect and non-unique, leading
to potentially significant errors for warm-rain processes, cirrus clouds, and situations where
precipitation occurs without pronounced cold cloud tops [10,23].

PMW radiometers on LEO satellites detect the natural microwave emission and scat-
tering signals from precipitation-sized hydrometeors within clouds. Emission signals
and scattering signatures have a quantifiable physical link to precipitation intensity. Ad-
vanced retrieval algorithms, such as the Goddard Profiling algorithm [51], solve this inverse
problem to estimate instantaneous rainfall and its vertical structure. The key strength of
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PMW retrieval compared to VIS/IR-based methods lies in its capability for all-weather,
day-and-night detection and, more importantly, its direct sensitivity to precipitation-sized
hydrometeors, which enables physically more robust estimation of surface rainfall [52,53].
Its main limitation is the relatively poor temporal sampling (~2-3 overpasses per day
at a given location) from LEO platforms, which cannot capture the rapid evolution of
precipitation systems as effectively as GEO-based IR [10].

AWM precipitation retrieval, primarily conducted by spaceborne precipitation radars,
is recognized as one of the most accurate methods for measuring rainfall from space [54,55].
Exemplified by missions such as the Global Precipitation Measurement (GPM) [39] and
China’s Fengyun-3G (FY-3G) [56] series, the technique operates by actively transmitting
a microwave pulse toward the Earth’s surface and precisely measuring the power and
characteristics of the signal backscattered by precipitation particles within the cloud. This
allows for the direct retrieval of the three-dimensional structure, intensity, and type of
precipitation [57]. However, its most significant limitation is the extremely narrow ob-
servational swath and sparse spatial coverage, which precludes its use for continuous,

high-temporal-resolution monitoring on a global scale alone.
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Figure 1. Illustration of satellite-based precipitation retrieval methods using visible/infrared (VIS/IR),
passive microwave (PMW), and active microwave (AMW) sensors.

To overcome the limitations inherent in any single retrieval algorithm, the prevail-
ing approach in satellite precipitation estimation has shifted toward the integration of
multiple sensor types. This multi-sensor fusion paradigm strategically combines the high
temporal continuity of GEO infrared observations, the direct physical sensitivity of PMW
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measurements, and the high-accuracy vertical profiling of AMW radars. For example, the
GPM-IMERG [39] product unifies precipitation estimates by first intercalibrating all PMW
sensors using active radar data as a physical benchmark. It then merges these calibrated
PMW estimates with high-frequency GEO infrared imagery, using IR-derived motion vec-
tors to interpolate rainfall between microwave overpasses, achieving a synthesis of PMW
accuracy and IR continuity. The GSMaP [58] and CMORPH [41] first retrieve rainfall from
multiple PMW sensors and then use IR-derived cloud motion vectors to propagate and
interpolate these PMW estimates. While the GSMaP further applies a Kalman filter to blend
the propagated PMW data with direct IR-based precipitation retrievals, the CMORPH relies
on IR solely for feature advection via a morphing technique.

2.2. Reanalysis Products

Reanalysis datasets are generally categorized into global and regional products based
on their spatial coverage. Global products are particularly valuable for providing contin-
uous records in data-scarce regions and facilitating global climate assessments [59]. In
contrast, regional products focus on specific target areas with higher spatial resolution,
offering a more detailed representation of local atmospheric processes and topographical
features [60]. Figure 2 presents a flowchart for reanalysis datasets. Table 2 summarizes the
basic information of major reanalysis datasets.

Step 1: Collect Multi-
ﬂ \R Source Observations
} In-situ gauges, radars,

satellites, etc.

{

Step 2: Data Quality Control
and Preprocessing

Y

Step 3: Build Numerical
Model and Data Assimilation

Anomaly detection, correction,
and standardization

v

Step 4: Integrate Observations
with the Model Background

= Numerical model configuration
xa=x,+Ky—Hx) and data assimilation selection

=)

Cyclic assimilation and analysis
update

Vv

" w w m W W

T =
E/v’\/“/\/’\ Variable output, i.nterpolation,
- and post-processing

Step 6: Quality Assessment
and Uncertainty Analysis

\l' UM @ Independent validation and error

Step 7: Release and analysis
Update the Dataset

Product release and
version maintenance

Figure 2. Flowchart for the generation of atmospheric reanalysis datasets.
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Table 2. Summary of the basic information of reanalysis datasets.
Spatial Finest Temporal .
Product Resolution Resolution Coverage Latency Period Reference
Global reanalysis datasets
ERA .25° 1h ~5d 1940 t 61
5 0.25 Global 5 days 940—presen [61]
ERA5-Land 0.1° 1h ~5 days 1950-present [62]
GLDAS-2 0.25° 3h 60° S-90° N ~3-4 months 1948-present [63]
MERRA-2 0.5° x 0.625° 1h Global ~3 weeks 1980-present [64]
1958-January 2024
JRA-55 1.25° 3h Global Seve‘t‘?l iays to (succeeded by [65]
cexs JRA-3Q thereafter)
o Several days to September
JRA-3Q 1.25 3h Global weeks 1947—present [66]
NCEP2 2.5° 6h Global Several days to 1979-present [67]
weeks
Regional reanalysis datasets
o 25° N-53° N,
NLDAS-2 0.125 1h 125° W-67° W ~4 days 1979—present [68]
o 0° N-65° N, ~1h/

CLDAS-V2.0 0.0625 1h 60° E-160° E 2 days January 2017—present [69]

The ERAS5 is one of the most popular global atmospheric reanalyses produced by the
European Centre for Medium-Range Weather Forecasts (ECMWEF), which has replaced
the ERA-Interim project [61]. ERAS5 assimilates a wider range of satellite and in-situ
observations using an advanced 4D-Var data assimilation system [70]. Key improvements
include a significantly higher spatial resolution and hourly temporal resolution. ERA5-
Land is produced by replaying the land component of the ECMWF NWP model, driven
by the meteorological fields from ERA5 [62]. It offers an enhanced spatial resolution of
approximately 9 km (0.1° x 0.1°), providing more detailed information on land surface
variables such as soil moisture, snow depth, and vegetation water content, which are crucial
for hydrological and agricultural applications.

The Global Land Data Assimilation System (GLDAS) was developed jointly by the
National Aeronautics and Space Administration (NASA) and the National Oceanic and
Atmospheric Administration (NOAA), with the first version released in the early 2000s [63].
Since its inception, GLDAS has undergone significant iteration, evolving from GLDAS-1 to
the current GLDAS-2. The system employs advanced Land Surface Models (LSMs), such
as CLM, Noah, and VIC, integrated with the Land Information System (LIS) framework to
ingest satellite- and ground-based observational data, thereby producing optimal fields of
land surface states and fluxes with a spatial resolution up to 0.25° [71].

The Modern-Era Retrospective analysis for Research and Applications, Version 2
(MERRA-2), is a global atmospheric reanalysis produced by NASA Global Modeling and
Assimilation Office, officially released in 2015 to replace the original MERRA dataset [64].
MERRA-2 utilizes the GEOS-5 (Goddard Earth Observing System, Version 5) data as-
similation system, which employs a 3D-Var analysis scheme with a Gridpoint Statis-
tical Interpolation analysis to integrate a vast array of satellite and in-situ observa-
tions [64]. Compared with ERA5 and GLDAS, MERRA-2 has a coarser spatial resolution of
0.5° x 0.625°.

The JRA-55 is a global atmospheric reanalysis product developed by the Japan Me-
teorological Agency (JMA), spanning from 1958 onward (succeeded by JRA-3Q after
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January 2024) [65]. It provides a comprehensive set of atmospheric, land surface, and
diagnostic variables on a regular 1.25° x 1.25° latitude-longitude grid. Depending on the
variable type, daily outputs are available at 3-, 6-, or 24-hourly temporal resolutions. As
the successor to JRA-55, the Japanese Reanalysis for Three Quarters of a Century (JRA-3Q)
extends the record back to September 1947 and incorporates major advances in JMA’s data
assimilation system, forecast model, boundary conditions, and historical observations [66].
JRA-3Q is continuously updated on a near-real-time basis and provides improved repre-
sentations of precipitation and atmospheric variability relative to JRA-55.

The NCEP-DOE Reanalysis 2 (NCEP2), developed jointly by the National Centers for
Environmental Prediction (NCEP) and the U.S. Department of Energy (DOE), represents a
refined successor to the original NCEP/NCAR Reanalysis [67]. It incorporates corrections
for previously identified processing errors and features updated model parameterizations.
The dataset provides an extensive suite of atmospheric and surface variables on a global
2.5° x 2.5° grid, with most fields available at 6-hourly temporal resolution.

Regarding regional reanalysis datasets, the North American Land Data Assimilation
System (NLDAS) is a collaborative project initiated in the late 1990s involving NOAA,
NASA, and other U.S. research institutions [68]. The project has evolved through two major
phases, NLDAS-1 and NLDAS-2, offering a high spatial resolution of approximately 0.125°
and an hourly temporal resolution. A key advantage of NLDAS over global reanalysis
products is its ability to provide highly detailed and spatially consistent land surface states
specifically tailored for North American hydrological and meteorological applications,
effectively minimizing uncertainties associated with coarse-resolution global models in this
region [72,73].

The China Land Data Assimilation System V2.0 (CLDAS-V2.0) is a high-resolution me-
teorological forcing dataset developed and released by the China Meteorological Adminis-
tration (CMA), specifically designed to focus on the Asian region (0-65° N, 60-160° E) [74].
This dataset provides high-quality atmospheric forcing data from January 2017 to the
present, with a spatial resolution of 0.0625° x 0.0625° and an hourly temporal resolu-
tion. Compared to global reanalysis datasets, the distinct advantage of CLDAS-V2.0 lies
in its dense assimilation of local automatic weather station observations across China,
which significantly improves the accuracy of near-surface temperature, precipitation, and
radiation estimates.

3. Applicability Assessment in High-Altitude Regions
3.1. Error Sources of SPPs and Reanalysis Datasets

Despite the remarkable advancements in SPPs, significant uncertainties persist due to
discrepancies in retrieval algorithms and data fusion strategies, leading to biased estimates,
particularly in high-altitude basins characterized by complex climatic and topographic
conditions. These errors are primarily manifested as observation errors, sampling errors,
and retrieval algorithm errors [22]. Specifically, observation errors arise from sensor cal-
ibration, instrumental noise, atmospheric interference, and limitations in discriminating
precipitating from non-precipitating scenes, resulting in missed events and false alarms.
Sampling errors arise from the discontinuous nature of satellite overpasses, where the
revisit frequency and swath width fail to capture the strong intermittency and spatial
variability of precipitation, particularly for short-duration convective events. Retrieval
algorithm errors are induced by the inherent assumptions and physical constraints of the
retrieval schemes, such as the inability of VIS/IR methods to operate at night or describe
the non-unique relationship between cloud-top properties and surface rainfall. For VIS/IR
retrievals, cloud-top properties are only indirectly related to surface rainfall, whereas PMW
retrievals are affected by surface emissivity, precipitation microphysics, and phase dis-
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crimination. These limitations are amplified in high-altitude regions, where snow- and
ice-covered surfaces can produce microwave scattering signatures similar to frozen hy-
drometeors, potentially generating false precipitation [75]. Consequently, SPP errors are
strongly conditional on precipitation intensity, season, surface type, elevation, and terrain
complexity [75-77]. In addition, multi-satellite merging and gauge adjustment introduce
further uncertainties because differences among sensors, retrieval algorithms, temporal
sampling, and the spatial representativeness of sparse gauge networks can be propagated
into the final products [78,79].

Reanalysis datasets are affected by a different but equally complex set of uncertainties.
Their accuracy is jointly influenced by the quality and temporal consistency of assimilated
observations, the data-assimilation system, atmospheric model dynamics, and physical
parameterizations [10,13,80]. Unlike directly assimilated atmospheric variables such as
temperature and humidity, precipitation is largely generated by the model through pa-
rameterized cloud microphysics and convection, and modulated by moisture transport
and land—atmosphere interactions, which results that precipitation suffers from more
pronounced biases [81]. Furthermore, changes in assimilated observing systems, model
configurations, and data availability over long reanalysis periods can introduce tempo-
ral inhomogeneities that complicate analyses of interannual variability and long-term
trends [64,82]. Finally, uncertainties in gauge observations used either for validation or
post-processing should not be regarded as negligible, particularly in high-altitude regions
where wind-induced undercatch, snowfall measurement errors, and sparse gauge coverage
may propagate into evaluation, bias correction, and merging procedures. Consequently, it
is imperative to conduct a thorough applicability analysis and quantitative error assessment
of SPPs and reanalysis datasets prior to their application in hydro-meteorological studies.

3.2. Evaluation Methods and Metrics

Applicability evaluation of precipitation products is commonly categorized into
two methodological frameworks: direct and indirect assessments. The direct approach
involves a “point-to-grid” comparison, where gauge observations are directly compared
with the nearest grid cell of the precipitation product, thereby avoiding the introduction of
spatial interpolation errors that can confound precipitation detection statistics [83]. Cru-
cially, it mitigates terrain-induced uncertainties, as interpolating sparse gauge data across
heterogeneous elevations can distort precipitation fields and artificially inflate the false
alarm ratio, especially for marginal or no-rain events [84]. The evaluated products in
the existing literature are predominantly post-processed and gauge-adjusted products.
Conversely, the indirect approach evaluates products by using them as forcing data for
the same hydrological models and comparing the resulting simulated streamflow against
observed discharge. This method overcomes the spatial scale mismatch between point
gauges and grid cells by assessing the integrated basin-wide precipitation signal [85].

Evaluation metrics for post-processed/gauge-adjusted products comprise categorical
and continuous indicators. The former frequently assesses the accuracy of precipitation
occurrence detection. Key metrics include the probability of detection (POD), the false
alarm ratio (FAR), the false positive rate (FPR), the critical success index (CSI), and accuracy
(ACC). POD quantifies the fraction of observed precipitation events correctly identified by
the product, reflecting the model’s effectiveness in capturing actual events. FAR measures
the proportion of satellite-detected precipitation events that did not happen, highlighting
the model’s tendency for false alarm reporting. FPR quantifies the proportion of actual
non-rainy events that are incorrectly classified as rainy. CSI integrates POD and FAR to
provide a balanced measure of detection performance by accounting for hits, misses, and
false alarms. Additionally, ACC represents the overall proportion of correct detections.
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In contrast, continuous indicators evaluate the statistical consistency of the simulated
precipitation or streamflow time series against gauge observations. The Pearson corre-
lation coefficient (CC) quantifies the linear association between predicted and observed
values. The mean absolute error (MAE) and root mean square error (RMSE) measure the
average magnitude of prediction errors. The Nash—Sutcliffe Efficiency (NSE) and Kling—
Gupta Efficiency (KGE) assess the overall goodness-of-fit of the time series. The relative
bias (RB) evaluates the overestimation or underestimation of precipitation products, de-
fined as the mean error normalized by the mean observed precipitation and expressed
as a percentage. Table 3 summarizes these statistical metrics. Collectively, these metrics
provide a comprehensive framework for validating satellite-based and reanalysis-based
precipitation estimates.

Table 3. Summary of the statistical metrics used for precipitation product evaluation. TPo, FP, FN,
and TN represent the counts of true positive events, false positive events, false negative events, and
true negative events, respectively. S and O denote the simulated and observed values; T refers to the
length of the simulated period, O is the average of observations, f refers to the ratio of simulated to
observed mean values, r represents Pearson’s correlation coefficient, and 7y is the ratio of simulated to
observed coefficients of variation. For satellite-based precipitation products, evaluation metrics are
applied to post-processed/gauge-adjusted products.

Category Metrics Equation Range Perfect Value
Probability of Detection (POD) % 1
False Alarm Ratio (FAR) TP%FP 0
Categorical False Positive Rate (FPR) Flji% [0,1] 0
Critical Success Index (CSI) % 1
Accuracy (ACC) % 1
Pearson Correlation Coefficient (CC) TZLI (%zé)(? -9) — [—1,1] 1
VEL(5-5) V£ (0-0)
Mean Absolute Error (MAE) %Zthl |Or — St [0, +0) 0
Continuous Root Mean Square Error (RMSE) %Zle (Of—S t)z [0, +c0) 0
Nash-Sutcliffe Efficiency (NSE) 1- % (=00, 1] 1
Kling-Gupta Efficiency (KGE) 1-— \/(r — 124+ (-1 + (y—1) (=00, 1] 1
Relative Bias (RB) S’f%[of x 100% (—o00, +00) 0

3.3. Performance of SPPs and Reanalysis Datasets over the Tibetan Plateau
3.3.1. Advantages

Taking the TP as the primary case study, previous studies have employed these
methodologies and metrics to evaluate the applicability of precipitation products in high-
altitude basins. Figure 3 presents the spatial distribution of rain gauges from the CMA
and the Global Historical Climatology Network (GHCN) over the TP. The digital elevation
model (DEM) used in Figure 3 was derived from the Shuttle Radar Topography Mission
(SRTM) with a spatial resolution of 90 m [86]. Lyu et al. [34] highlighted the distinct
advantages of SPPs in the relatively gauge-dense eastern TP, where IMERG-Final and
GSMaP-Gauge demonstrated robust performance with CC of 0.71 and 0.70, and CSI values
of 0.56 and 0.63, respectively. Conversely, ERA5 appears better suited for the central and
western sectors of the plateau. In the Lower Yarlung Zangpo Basin, GSMaP_MVK_G,
characterized by the lowest ordinary least squares MSE of 54.26 in the terrain-precipitation
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relationship, shows superiority in capturing the observed coupling between precipita-
tion distribution and topographic features [15]. Furthermore, the appropriate selection
of satellite and reanalysis precipitation products as hydrological model inputs can effec-
tively support daily and monthly streamflow simulation, thereby helping to address the
hydrological complexities characteristic of high-altitude basins [87,88].
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Figure 3. (a) Spatial distribution of rain gauges from the CMA and the GHCN over the TP;
(b) topographic map of the TP.

Compared with SPPs, reanalysis datasets exhibit a superior capability to capture coher-
ent spatiotemporal precipitation features across the TP [89-91]. From a spatial perspective,
reanalysis data exhibit high spatial correlation with gauge measurements. For instance,
over the eastern periphery of the TP, ERA5 precipitation demonstrates spatial correlation
coefficients exceeding 0.8 in representing the evolution of regional rainfall events [92]. In
terms of temporal characteristics, reanalysis products are more effective at longer time
scales, successfully reproducing the interannual and decadal variabilities of precipitation.
These combined spatial and temporal advantages render reanalysis data a particularly valu-
able resource for precipitation-related studies in high-altitude regions [89,93]. ERA5 is also
recommended for hydrological modeling in High Mountain Asia, owing to its capacity to
represent orographic gradients and its consistency in simulating observed streamflow [94].
GLDAS exhibits complementary strengths with ERA5 in describing precipitation over the
TP. GLDAS performs well in representing the occurrence frequency of daily precipitation,
but struggles to precisely detect individual daily precipitation events [89]. Conversely,
ERA5 demonstrates a strong capability in detecting but tends to overestimate the frequency
of daily precipitation [89]. This complementary behavior suggests that different reanalysis
products capture different aspects of the precipitation regime.

3.3.2. Errors

However, despite these encouraging results, the application of SPPs in high-altitude
regions is still constrained by non-negligible errors. Spatially, retrieval accuracy exhibits
significant heterogeneity. Figure 4 shows the spatial distribution of CC, RMSE, and RB for
four major SPPs at the monthly scale over the TP. The performance is generally superior in
the eastern regions, and declines notably in the interior and high-elevation zones [16,77].
This degradation is largely attributed to the complex topography and heterogeneous land
surface conditions [95]. Seasonally, products demonstrate higher accuracy during the
warm season, whereas performance deteriorates in winter [77]. Figure 5 presents the sea-
sonal evaluation of precipitation datasets over the TP. The winter season, characterized by
frequent light and solid precipitation, is associated with reduced correlation coefficients
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and an increased rate of false alarms [95,96]. At the daily scale, IMERG tends to under-
estimate the frequency of light-to-moderate rainfall while overestimating the occurrence
of torrential and extreme events [97]. At the hourly scale, the product underestimates
precipitation amounts from the early morning to midday but overestimates them from the
afternoon through late night [97]. Furthermore, as shown in Figure 6, a consistent bias is
observed across multiple datasets, which exhibit a tendency to overestimate low precip-
itation rates and underestimate high-intensity events [34,77,98,99]. This phenomenon is
probably attributed to the limited sensitivity of satellite sensors to light precipitation [100].
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Figure 4. Spatial distribution of CC, RMSE, and RB for four major SPPs at monthly scale over the TP.
Reproduced from [35]. The red, green, and yellow indicate the best performance for CC, RMSE, and
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Figure 5. Seasonal evaluation of precipitation datasets over the TP. (a) Continuous metrics shown
via Taylor diagrams for twelve precipitation datasets at the daily scale. The red cross on the X-axis
denotes gauge observations. Reproduced from [34]. (b) Boxplots of categorical metrics for five
SPPs evaluating daily extreme precipitation events exceeding the 75th percentile of all rainy days.
Reproduced from [77].

Evidence from high-elevation regions beyond the TP can further deepen our under-
standing of these biases. Similar error patterns have been reported over mountainous
regions such as the Himalayas, the Peruvian and Colombian Andes, the Alps, and the
Lake Titicaca region [75,76]. SPPs commonly exhibit rain-rate-dependent biases, with light
precipitation tending to be overestimated and heavy precipitation underestimated, partly
because of false detection of weak rainfall and insufficient sensitivity to shallow orographic
warm-rain processes [75]. Their performance is also strongly elevation dependent. In some
cases, SPPs fail to reproduce observed precipitation-elevation gradients or show larger
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missed-rainfall and false alarm errors at higher elevations [75]. Surface conditions intro-
duce additional biases, as snow- and ice-covered land can generate microwave scattering
signatures similar to those of frozen hydrometeors and thus cause spurious precipitation,
whereas warm-cloud precipitation over mountainous areas or high-altitude lakes may be
missed [76]. These errors are also scale dependent. Daily and point-to-grid evaluations
tend to expose event-timing errors, spatial displacement, and point-to-area representative-
ness mismatches more directly, whereas temporal or basin-scale aggregation can partially
cancel or smooth these discrepancies [75]. Although gauge adjustment can reduce some
systematic and random errors, its effectiveness is not universal and may remain limited
or even deteriorate at high elevations when the gauge information used for calibration is
spatially unrepresentative [75,76].

GSMaP-G A
IMERG-F -
ERAS -
MSWEP -
CMORPH-B ~
TMPA -
PERSIANN-CH
CHIRPS -
MERRA2 -
JRA-55 +
GLDAS
NCEP2 A

—30 —20 —10 0 10 20

Relative bias (%)

B Heavy rain I Moderate rain BN [ight rain

Figure 6. Comparison of histograms showing the relative bias of precipitation datasets against the
gauge-based product CMPA across three rain intensity categories over the TP: heavy (>50 mm/day),
moderate (5-50 mm/day), and light (0.1-5 mm/day). Reproduced from [34].

When hydrological models are employed to indirectly evaluate SPPs, the simulated
streamflow also inevitably contains some inherent biases. Zhang et al. [101] conducted
a hydrology-based indirect assessment of four gridded precipitation datasets, revealing
that IMERG Final Run Version 06 still induces notable biases in flood simulations. This
finding is also observed in Figure 7b,c, where deviations in simulated peak flows forced by
IMERG-E and IMERG-F are evident in the upper Yellow River basin [91]. Therefore, given
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the inherent errors in satellite-based precipitation estimates, continuous efforts toward
accuracy enhancement are essential.
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Figure 7. Comparison between observed and simulated daily streamflow forced by (a) ERA5-Land,
(b) IMERG-E, and (c) IMERG-F. The gray dashed boxes indicate the deviated peak flow simulations.
Modified from [91].

Similar to SPPs, reanalysis datasets suffer from notable biases in TP as well. First,
they tend to overestimate the overall precipitation amount [94,102]. For example, Figure 8a
shows the overall precipitation overestimation of ERA5-Land. Meanwhile, Figure 8b
demonstrates that the monthly mean precipitation derived from ERA5-Land is roughly
twice the observed precipitation for nearly all months, with a particularly pronounced
overestimation during the cold season [91], owing to high wind speeds and excessive
external water vapor as represented in climate model simulations [35]. In contrast, IMERG-
F exhibits relatively better performance in capturing the monthly mean precipitation.

Furthermore, regarding precipitation intensity, reanalysis datasets exhibit a consistent
systematic bias, similar to that observed in SPPs, to overestimate low precipitation rates
while underestimating high precipitation ones (Figure 6) [34,99]. ERA5 family also tends to
overestimate the occurrence frequency of precipitation [89,91]. The overestimation of low-
to intermediate-intensity precipitation events is probably attributed to atmospheric models
with a cumulus parameterization scheme, which tends to release convective instability too
readily and thereby results in overly frequent triggering of convection [92,103,104]. Season-
ally, the overall performance of reanalysis datasets is inferior to that of SPPs during summer,
when precipitation is more concentrated [99,105]. This seasonal limitation suggests that
the ERA5 family struggles to accurately capture the variability of the monsoon-dominated
precipitation regime over the plateau.
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Figure 8. Comparison of precipitation amounts with gauge observations at daily and monthly scales
over the TP during 2001-2018. (a) Spatial distribution of daily mean precipitation of the gauge
observations and ERA5-Land. (b) Mean monthly precipitation of gauge observations and the three
selected precipitation products at their corresponding grids. Reproduced from [91].
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Regarding hydrological performance, reanalysis data are generally unable to ade-
quately extract the extreme runoff patterns and underestimate peak flows, as observed in
the source regions of the Yellow River and the Yangtze River [87]. Figure 7a reveals an un-
derestimation of peak flows when evaluating the hydrological performance of ERA5-Land
in the upper Yellow River basin. Moreover, the ability of reanalysis datasets to represent
local trends at hydrologically relevant scales remains region dependent. Evidence from
Mediterranean orographic regions shows that products such as ERA5 may capture the
overall direction of variability while smoothing or missing locally pronounced trends
observed by dense gauge networks, particularly in areas of complex topography [106].

4. Accuracy Improvement of Precipitation Products

To obtain a reliable and precise precipitation field, accuracy improvement techniques
need to be applied to precipitation products before directly employing them in high-
altitude regions. Figure 9 presents the classification of these techniques, which can be
broadly grouped into two categories: single-product bias correction and product merg-
ing. Table 4 presents a comparative assessment of accuracy improvement methods for
precipitation products.

Single-product bias correction refers to the statistical adjustment of single satellite-
based or reanalysis-based precipitation estimates using reference gauge observations to
reduce systematic errors and produce more accurate gridded precipitation fields [12,14].
It mainly includes conventional statistical, distribution-based, and ML-based approaches.
Meanwhile, multiple precipitation product merging represents another promising pathway
for improving precipitation estimation accuracy. This strategy holds particular promise for
areas where single-product bias correction remains inadequate. Product merging methods

https:/ /doi.org/10.3390 /hydrology13090259


https://doi.org/10.3390/hydrology13090259

Hydrology 2026, 13, 259 17 of 38

can be further classified into gauge-dependent and gauge-independent approaches [21].
While bias correction typically enhances the precision of a single precipitation product,
fusion techniques integrate the complementary strengths of multiple precipitation sources
to reduce errors, thereby generally outperforming any individual contributing product [26].

These two methodological frameworks are reviewed in detail in the following sections.
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Figure 9. Classification of precipitation product improvement methods.
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Table 4. Comparative assessment of accuracy improvement methods for precipitation products.

Category Method

Advantages

Limitations

Expected Suitable
Contexts

Conventional statistical
methods

Simple, transparent,
computationally efficient;
effective for stable
systematic bias

Limited ability to capture
temporal variability and
non-stationary biases; may
introduce interpolation
uncertainty in
data-sparse regions

Best suited to regions with
relatively stable bias
relationships and
sufficient gauge
observations

Single-product bias

. Distribution-based
correction

methods

Correct precipitation
distributions and
quantiles; better represent
frequency and variability

Sensitive to temporal
structure, transformation
assumptions, and
reference-data
representativeness

Have reliable and
representative gauges;
applications emphasizing
distributions, variability,
and quantiles

Machine learning methods

Capture inherently
complex, nonlinear, and
spatially varying errors;

can integrate multi-source
auxiliary variables

Data-intensive; risk of
overfitting; limited
interpretability and

transferability

Complex terrain with
sufficient training data
and auxiliary predictors

Gauge-dependent
approaches

Effectively exploits
complementary strengths
of multiple products and

reduces merging
uncertainties through
gauge information

Depends on gauge density
and representativeness;
sparse networks and
gauge sampling errors can
limit merging
performance

Single-product bias
correction remains
inadequate

Product merging

Gauge-independent
approaches

Do not require gauges for
merging; useful in
data-scarce regions and
can combine
complementary satellite,
reanalysis, or
model information

May rely on assumptions
about product
independence or
transferability; biased or
correlated inputs can
degrade the merged result

Best in poorly gauged or
ungauged regions where
multiple reasonably
independent and
complementary products
are available

4.1. Single-Product Bias Correction

Generally, single-product bias correction consists of a two-step process. First, at
locations where rain gauges are present, the error patterns of the precipitation products
are diagnosed by treating gauge observations as references. Second, these diagnosed error
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patterns are employed in gauge-free grid cells to correct product errors, facilitating the
adjustment of the entire precipitation field.

Specifically, the single-product bias correction methods are broadly categorized into
three approaches. The first approach is conventional statistical methods, representing the
fundamental techniques for bias correction by utilizing discrepancies between satellite-
estimated and gauge-observed precipitation [107-109]. These methods are simple, com-
putationally efficient, and effective for correcting stable systematic biases. They primarily
include scaling techniques and regression techniques. Scaling methods, such as linear
scaling, are widely adopted for their simplicity and robustness. They directly employ rain
gauge data to remove the mean bias of precipitation products at daily or monthly scales,
effectively adjusting the long-term average precipitation amount [110,111]. Regression
methods adjust biases by establishing statistical relationships between satellite estimates
and other covariates. For instance, techniques like stepwise regression (STEP) and geo-
graphically weighted regression (GWR) tune the spatial patterns of model parameters
related to rainfall occurrence and intensity [46,112]. Lu et al. [46] employed the STEP and
GWR to correct the bias of the downscaled IMERG precipitation dataset over the Tianshan
Mountains, and the results showed that the correction effect becomes more pronounced as
the altitude increases. Despite their widespread use, these conventional statistical methods
possess notable limitations, particularly when applied to sparsely gauged areas such as
high-altitude basins. Scaling methods often fail to capture temporal variability and higher-
order moments [113,114]. Moreover, the underlying assumption of a stationary relationship
between observed and numerically modeled data may not be applicable in response to
climate change [31]. Similarly, while regression techniques can integrate sparse records,
they struggle to adjust biases in the timing of events in real-time and introduce additional
uncertainties through interpolation in data-scarce regions [111,115]. Therefore, conven-
tional statistical methods are suited to regions with relatively stable bias relationships and
sufficient gauge observations, particularly when correcting systematic mean biases rather
than event timing or complex non-stationary errors.

The second category of bias correction methods is distribution-based approaches,
which aim to align the probability distribution of satellite-derived or reanalysis precipi-
tation estimates with that of reference observations [113,116]. Compared to conventional
statistical methods that merely correct mean biases or linear relationships, distribution-
based techniques represent better frequency and variability, and offer greater adaptability.
They are suited to regions with representative gauge records where correcting precipitation
distributions and quantiles is the primary objective. Commonly employed distribution-
based methods include quantile mapping (QM), Gaussian anamorphosis (GA), and kernel
density estimation (KDE). QM adjusts the bias of precipitation products by matching the
quantiles of the modeled distribution to those derived from ground-based observations,
thereby correcting the mean, variance, and higher-order moments of the precipitation distri-
bution simultaneously. It has been widely recognized as an effective approach for reducing
systematic biases in remotely sensed precipitation estimates [117-119]. However, it fails to
adjust the temporal structure of precipitation, leading to inaccurate depiction of wet and
dry spell durations [111]. To explicitly consider orographic characteristics of high-altitude
regions, Velasquez et al. [120] introduced a preliminary step that differentiates orographic
features based on elevation and slope orientations prior to applying empirical QM for bias
correction. Besharatifar et al. [121] incorporated orographic effects into Quantile-QM, which
provides more precise precipitation estimates in areas with substantial elevation gradients
compared to traditional methods. For GA methods, it transforms non-normally distributed
precipitation data into a Gaussian space, where standard bias correction techniques can be
applied before transforming back to the original space, though its performance depends
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heavily on the appropriateness of the transformation function [122]. Alternatively, KDE
provides a non-parametric pathway by estimating the probability density functions of both
observed and simulated precipitation without assuming a predefined distributional form,
offering greater flexibility at the cost of increased computational demand and sensitivity
to bandwidth selection [123]. Collectively, while distribution-based methods represent
a substantial improvement over traditional statistical approaches, their effectiveness in
complex terrain regions with sparse gauge networks still remains constrained by the
representativeness of the reference observations used to construct the target distributions.

The third category of bias correction methods is ML-based approaches, which have
emerged as a promising alternative to traditional bias correction approaches in recent
years [124-126]. Compared to conventional statistical and distribution-based methods,
ML techniques offer distinct advantages by capturing inherently complex and nonlinear
relationships between satellite-derived variables and ground-based observations, achieving
better results in topographically intricate areas [127-129]. These models can integrate
multi-source auxiliary variables without imposing explicit assumptions about data distri-
butions, thereby providing greater flexibility and adaptability to quantify uncertainty in
bias-corrected estimates [130]. They are suitable for complex terrain when sufficient train-
ing data and auxiliary predictors are available. The three most commonly employed ML
models are random forest (RF), XGBoost, and long short-term memory (LSTM) networks.
RF operates by constructing an ensemble of decision trees and aggregating their predictions,
effectively handling high-dimensional input spaces and capturing nonlinear interactions
while being relatively robust to overfitting [131]. XGBoost, a gradient boosting framework,
builds trees sequentially by minimizing a loss function, offering improved predictive ac-
curacy and computational efficiency through regularization and parallel processing [132].
With the advent of increased computational power, deep learning (DL) methods have
become a promising avenue owing to their strong capacity for extracting spatiotemporal
features. LSTM networks, one of the most representative DL models, are architecturally
tailored for handling sequential data and utilize gating mechanisms to capture temporal
correlations [133]. Wang et al. [134] developed a terrain-aware XGBoost network, which
incorporates detailed physical topographic factors including elevation, slope, and trigono-
metrically decomposed aspect as auxiliary features. The network succeeds in extracting the
physical modulation mechanisms of complicated terrain on local precipitation of the TP.
Sambyal et al. [31] compared the four statistical approaches and four ML bias correction
methods of ERA5-Land precipitation in the North Western Himalayas, and found that RF
achieved the best accuracy. However, significant limitations of ML techniques include their
limited physical interpretability and relatively large data requirements [111,135].

Regardless of the bias correction approach employed, the quality of the corrected
precipitation estimates is fundamentally constrained by the spatial distribution and density
of gauge stations. All these methods rely, to varying degrees, on reference observations to
establish correction relationships, meaning that sparse and unevenly distributed gauge net-
works inevitably limit the reliability of bias-adjusted outputs. This issue poses a persistent
challenge, particularly in high-altitude basins characterized by complex terrain and sparse
monitoring networks.

4.2. Product Merging
4.2.1. Gauge-Dependent Approaches

Gauge-dependent approaches can be further divided into two types. By using gauge
observations to optimize merging weights or train nonlinear fusion models, the merging
uncertainties can be reduced through gauge information, and the complementary strengths
of different precipitation products can be effectively exploited. The first type comprises
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weighted averaging techniques. Its underlying principle is to first utilize gauge measure-
ments as references to evaluate the error characteristics of each individual precipitation
product. Based on the assessed error metrics, fusion weights are then assigned to each
product accordingly, with smaller errors assigned larger weights. The final fused precipita-
tion estimate at each grid cell is subsequently obtained as a weighted combination of the
individual products. The Multi-Source Weighted-Ensemble Precipitation (MSWEP) dataset
is a representative example [136]. MSWEP merges rain gauge measurements, satellite
estimates, and reanalysis datasets as a function of both timescale and location [10,136].
Specifically, the weight allocated to gauge measurements is determined by the local gauge
network density, while the weights assigned to the other two candidates are derived from
their comparison against surrounding gauge observations. Bayesian model averaging
(BMA) is another widely employed technique [137]. It constructs a probabilistic forecast
by computing a weighted average of candidate products, where the weights are derived
from the historical performance of each product against ground-based gauge observations.
By assigning higher probabilities to more accurate sources and accounting for the condi-
tional probability density of the observations, BMA effectively synthesizes the strengths of
individual datasets to produce a fused product with reduced uncertainty and improved
reliability [138]. Ma et al. [139] followed a two-stage “bias correction-merging” fusion
approach using BMA, and found that even in heavy rainfall events, the merged dataset still
demonstrates significant improvement in the northeastern TP.

The second type of gauge-based approaches is ML-based fusion methods. These
methods treat precipitation estimates from various products at grid points as input features,
while using gauge-measured precipitation as benchmark labels. By training algorithms
on these paired datasets, the model automatically determines how to optimally combine
information from multi-source estimate products, effectively correcting systematic errors
and generating a fused precipitation product with superior accuracy [140]. Nan et al. [30]
utilized an ANN algorithm and a convolutional neural network (CNN) algorithm to
realize the fusion of multi-source precipitation data, including CN05.1, IMERG, and a set
of ERA5 dynamic downscaling datasets. Results show that the fusion of the products
reduces the error and greatly improves the precipitation detection capability over the
TP. Furthermore, the results exhibit better hydrological performance. Zhao et al. [141]
involved seasonal precipitation characteristics and terrain factors into a ML framework,
which largely enhanced the precise of the precipitation product in the high-altitude Yalong
River Basin, with CC increasing from 0.52 to 0.84 and RMSE reducing from 5.5 mm/day to
1.99 mm/day.

The China Meteorological Forcing Dataset (CMFD) is a representative merged near-
surface meteorological dataset, which is constructed by fusing ground-based observations
from the CMA and NOAA with multiple gridded datasets, including GLDAS, MERRA, and
TRMM [142]. It has a three-hourly temporal resolution and a 0.1° spatial resolution. The
latest version CMFD v2.0 expands its data sources to ERA5, ISCCP-ITP-CNN and TPHiPr
dataset, and transitions its production framework toward ML techniques. It stands out as
one of the most precise products for reproducing precipitation patterns and streamflow
characteristics over the TP across multiple intensities and spatiotemporal scales, compared
to other mainstream SPPs and reanalysis datasets [87,99,143].

However, gauge-dependent merging approaches still rely on gauge precipitation ob-
servations and inevitably suffer from challenges analogous to those encountered by bias
correction approaches. In high-altitude regions, the potential for accuracy improvement
remains restricted by the spatial distribution of sparse monitoring networks and the sam-
pling errors inherited in gauge measurements [13,144]. Therefore, these approaches are
more effective in regions with sufficiently representative and reliable gauge observations.
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4.2.2. Gauge-Independent Approaches

To address this challenge, gauge-independent fusion methods have been developed,
which leverage the intrinsic characteristics and cross-comparisons among multiple satellite
and reanalysis products to derive an optimized merged product without relying on in-situ
gauge observations [145]. They are suitable in poorly gauged or ungauged regions where
multiple reasonably independent and complementary products are available. Common
gauge-independent fusion methods include multi-source averaging and ML techniques.

Multi-Source Averaging

Triple Collocation (TC) is one of the most representative methods of multi-source
averaging [21,146]. The fundamental assumption of TC is that the errors among the
three mutually independent precipitation products are uncorrelated, allowing the error
variances of each product to be estimated solely from their pairwise covariances [147].
Under this framework, the method analyzes the statistical relationships between three
independent estimates of the same precipitation variable to quantify the relative accuracy
of each product without requiring an external reference. Once the error variances are
derived, fusion weights are assigned inversely proportional to these estimated errors. Wu
et al. [148] systematically examined the effectiveness of TC for multiple SPPs fusion over
TP. The TC approach outperformed the individual SPPs and largely reduced the relative
bias, exhibiting its reliability for merging SPPs in ungauged regions.

However, TC is subject to several important limitations. First, it is fundamentally
designed to handle only random errors and cannot account for common systematic biases
shared among the datasets. For example, SPPs tend to overestimate low-intensity events
and underestimate high precipitation rates [34,77]. This systematic bias will remain un-
corrected in the fused estimate, as TC treats it as part of the signal rather than an error.
Second, the method relies on the critical assumption that errors among the three datasets
are mutually uncorrelated. In practice, however, this assumption is sometimes violated,
as some SPPs share common input data sources or algorithms [149,150]. These limita-
tions collectively hinder the effectiveness of TC in accurately estimating precipitation and,
consequently, in supporting hydrological simulation [151].

The Extended Triple Collocation (ETC) framework introduces a significant improve-
ment by additionally estimating the error correlation coefficient between each individual
product and the unknown true signal [152]. It leverages inter-product covariance struc-
tures to characterize relative product skill and relaxes the practical constraint of perfectly
uncorrelated biases, providing a more flexible framework for gauge-independent precip-
itation fusion. Wei et al. [153] integrated the ETC and cumulative distribution function
to blend SM2RAIN-ASCAT, IMERG Early Run, and the Climate Prediction Center (CPC)
global unified gauge-based products. The ETC yields more robust performance than TC in
determining the optimal weight for each collocated estimate.

As another alternative to TC, signal-to-noise ratio optimization (SNR-opt) constructs a
noise-to-signal ratio matrix from the empirical covariance of the input datasets, quantifying
each product’s random error relative to the true signal [26,27]. Products with lower noise-
to-signal ratios receive larger weights. Unlike TC, SNR-opt does not require zero error
cross-correlation or a unit-sum constraint on weights. Shah et al. [27] introduced the
SNR-opt framework to blend precipitation products in the Himalayas. This framework
has the flexibility of estimating both low and heavy precipitation and reduces the bias for
extreme rainfall.

https:/ /doi.org/10.3390 /hydrology13090259


https://doi.org/10.3390/hydrology13090259

Hydrology 2026, 13, 259

22 of 38

ML Techniques

Similar to their prominent role in gauge-dependent fusion methods, ML techniques
have also assumed an important position in gauge-independent approaches. Distinct
from multi-source averaging, they automatically learn optimal fusion strategies from data,
without requiring explicit assumptions about error distributions or product independence.
Beyond the gridded precipitation products themselves, ML methods can also incorporate a
variety of precipitation-related environmental variables as additional predictors to enhance
the accuracy of the fused precipitation estimates. Input features, involving topographic
factors, normalized difference vegetation index (NDVI), surface temperature, and sea-
sonal characteristics, are proven to contribute to the accuracy improvement of merged
precipitation datasets [141,154-156].

DL offers the distinct advantage of autonomously extracting hierarchical spatiotem-
poral features from high-dimensional and heterogeneous input data. By replacing the
fully connected feed-forward connections between layers with convolutional structures,
the convolutional long short-term memory (ConvLSTM) retains the temporal modeling
capability of LSTM while simultaneously acquiring the ability to describe local spatial
features [157]. This unique architecture makes ConvLSTM particularly well suited for
capturing the spatiotemporal characteristics of precipitation fields, and has been proven
effective in high-altitude complex terrain regions [158]. As another state-of-the-art DL
architecture, Transformer represents a paradigm shift in sequence modeling by discard-
ing recurrent structures, relying exclusively on self-attention to weigh the significance
of different input parts dynamically [159]. Its structure has a benefit for capturing non-
local precipitation patterns and dependencies that span large geographical distances, and
overcomes the limited receptive fields and sequential processing bottlenecks inherent in
traditional CNN and RNN-based methods. Microsoft’s atmospheric foundation model, Au-
rora, based on the Swin Transformer, has provided a promising application in multi-source
precipitation product fusion [13,160]. In parallel, unlike the standard supervised learning
paradigm, which is typically trained directly on precipitation data from the target alpine
region, transfer learning adopts a fundamentally different strategy [161]. It is initially
pre-trained in data-rich regions to capture generalized spatiotemporal patterns, and the
acquired knowledge is subsequently transferred and adapted to data-scarce high-altitude
regions. Liu et al. [162] transferred a blending model pre-trained in eastern China to
the TP, achieving a nearly 30% reduction in RMSE for the merged dataset relative to the
original product.

However, in spite of the more advanced and complex architectures offered by DL
models, their superior performance over traditional ML methods is not guaranteed [163].
Given that each category possesses distinct advantages, it is necessary to compare and select
the most appropriate model for specific application contexts. Furthermore, integrating DL
and traditional ML approaches within a hybrid framework leverages the advantages of both
paradigms, potentially yielding greater overall benefits in precipitation product fusion. A
representative example is a two-step “classification-regression” merging framework [7,164].
In this framework, precipitation events are first classified using traditional ML models, after
which precipitation amount is quantified by more sophisticated DL networks. This design
explicitly accounts for precipitation identification errors, which constitute a significant
component of the total error in precipitation estimates [165].

https:/ /doi.org/10.3390 /hydrology13090259


https://doi.org/10.3390/hydrology13090259

Hydrology 2026, 13, 259

23 of 38

5. Challenges and Future Recommendations

5.1. Product-Related Challenges and Recommendations
5.1.1. Inherent Error

SPPs and reanalysis datasets possess inherent limitations that constrain their accu-
racy in high-altitude regions, including limitations in orographic precipitation estimation
and deficiencies in solid precipitation detection. Table 5 summarizes the major chal-
lenges and future research directions for precipitation products in high-altitude regions.
Figure 10 provides a roadmap for future research in high-altitude precipitation estimation
and application.

First, these datasets tend to exhibit a systematic bias, characterized by an overestima-
tion of low precipitation rates and an underestimation of high-intensity events. This is
partly attributed to the false detection of light rainfall and insufficient sensitivity to shallow
orographic warm-rain processes. Reanalysis products further tend to overestimate total
precipitation amounts. Second, estimating orographic precipitation remains a particularly
formidable challenge due to the complex interactions between atmospheric flow and high-
altitude terrain. It introduces additional uncertainties beyond those encountered in flat
regions. Cloud microphysics are highly heterogeneous over mountainous terrain and are ex-
tremely unstable over short temporal and fine spatial scales [9], far exceeding the capturing
capability of current satellite sensors. Furthermore, because of the limited spatial resolution
of SPPs, one coarser pixel may simultaneously encompass multiple heterogeneous terrain
types [166]. IR and PMW typically yield a mean precipitation estimate, rendering them
unable to resolve sub-grid orographic precipitation gradients. Consequently, this limitation
may lead to the underestimation of precipitation on windward slopes and overestimation
on leeward slopes. To address these limitations, incorporating physically informed auxil-
iary information and utilizing reliable downscaling techniques are promising solutions. For
example, He et al. [167] demonstrated that incorporating high-resolution thermodynamic
and orographic information into a multi-channel infrared satellite precipitation retrieval
framework can substantially improve heavy precipitation detection over complex terrain.
Moreover, a topography-aware downscaling framework integrating terrain information
with an AutoML-based scheme was used to refine coarse-resolution ERA5 precipitation
to 90 m, effectively improving precipitation estimates and reducing wet biases over high-
elevation and complex-terrain regions [168]. Third, significant challenges remain in the
accurate quantification of solid precipitation in high-altitude and cold regions. On one
hand, the decreased number of gauge samples constrains the bias correction of SPPs and
reanalysis datasets in winter, as some gauges are unable to reliably monitor snowfall [169].
On the other hand, the influence of winds and other factors on gauges often leads to
under-detection of snowfall events and underestimation of precipitation amounts [170,171].
Therefore, future developments should further improve solid precipitation retrieval and
measurement techniques, and strengthen the integration of physically based information
with satellite observations, particularly over snow- and ice-covered mountainous regions.
Existing active-passive satellite observing frameworks, such as the combined use of the
Dual-frequency Precipitation Radar (DPR) and GPM Microwave Imager (GMI) within
the GPM mission, provide an important technical basis for improving precipitation-phase
discrimination and snowfall retrieval [172].
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Table 5. Summary of major challenges and future research directions.

Category Identified Challenges

Underlying Causes

Recommended Future
Research Directions

Inherent systematic biases and
inadequate representation of
orographic precipitation

Complex atmosphere-terrain
interactions; heterogeneous cloud
microphysics; limited sensor/grid

resolution; unresolved sub-grid
precipitation gradients

Incorporate physically informed
auxiliary information and develop
reliable downscaling methods for

complex terrain

Limited capability for solid
precipitation quantification

Product-related challenges

Sparse winter gauges; unreliable
snowfall measurements;
wind-induced gauge undercatch

Improve solid precipitation
retrieval and measurement
techniques and explicitly account
for snowfall measurement
uncertainty

Double-penalty error in
precipitation evaluation

Small spatial or temporal
displacement may be counted
simultaneously as a miss and a
false alarm in point-to-grid
verification

Combine conventional
point-based metrics with
neighborhood-, scale-, and
object-based verification
approaches

Spatial scale mismatch between
gridded products and gauges

Gauges represent point
precipitation, whereas gridded
datasets represent area-averaged
precipitation

Develop downscaling approaches
that account for varying
precipitation-topography
relationships under different
atmospheric conditions

Strong dependence of bias
correction and merging on
gauge observations

Correction and merging methods
commonly rely on gauges for
calibration, training, or weighting,
making their performance
sensitive to gauge availability and
representativeness

Assess method performance
under different gauge network
densities, optimize methods for

sparsely gauged regions, and

quantify reference-data
uncertainty and its propagation

Restrictive assumptions in
statistical correction and
error-based merging

Accuracy improvement algorithm
challenges

Conventional statistical correction
commonly assumes stationarity;
TC/ETC rely on assumptions
concerning error independence,
stationarity, additivity, or
Zero-mean errors

Develop methods that are more
robust to non-stationary
precipitation and
correlated /non-additive
product errors

Limited interpretability, training
data, and spatial coherence of
ML approaches

Black-box characteristics; sparse
and unrepresentative training
observations; pixel-wise modeling
neglects spatial dependence
among neighboring grids

Develop physics-guided ML,
zoning-based approaches
accounting for climatic
heterogeneity, and spatially
explicit models that exploit
neighboring-grid dependencies

Insufficient skill in simulating
extreme precipitation and floods

Extreme-precipitation biases

propagate into hydrological

simulations; extreme-rainfall
characteristics depend on
duration and spatial scale

Evaluate extremes across multiple
durations and hydrologically
relevant scales, and integrate

multi-sensor observations from
active/passive remote sensing,
reanalysis, and NWP information

Operational application

Insufficient spatiotemporal
challenges

resolution

Coarse products fail to resolve the
high heterogeneity of
precipitation fields and the
complex topography
characteristic of small-scale
catchments

Further develop high-resolution
sensors and advanced
downscaling techniques for
small-basin and extreme-event
applications

Product latency and
accuracy-timeliness trade-off

Final products may be delayed by
weeks or months, whereas
near-real-time versions have
relatively larger errors

Complement observations with
NWP and Al-based forecasts,
accelerate processing using
high-performance computing,
and develop unified multi-source
data-processing platforms
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Key Challenges

Inherent product errors

« Light-rain overestimation and heavy-
rain underestimation

* Orographic precipitation bias

« Weak solid-precipitation detection

Double-penalty error
* Small spatial/temporal displacement
counted as both miss and false alarm

Gauge-grid scale mismatch

« Point-scale gauges versus grid-
averaged precipitation

* Sparse high-altitude gauges

Gauge dependence in bias correction
and merging

« Sensitive to gauge-network density

« Gauge measurement has uncertainty

Limitations of bias correction and
merging techniques

« Restrictive stationarity and TC
assumptions

* ML lacks physical interpretability,
training data and spatial dependencies

Insufficient skill for extreme events
« Extreme rainfall misrepresented
« Peak flows poorly reproduced

Resolution and latency limitations for
operational application

* Coarse products miss rapidly evolving
precipitation

* Long latency of final products

V' | 2. Conduct multi-duration extreme |4

Future Research Directions Possible Technologies and Solutions Expected Outcomes
1. Incorporate physically informed
auxiliary information

2. Develop topography-aware
downscaling methods

3. Improve solid-precipitation retrieval

1. Thermodynamic and orographic
_ information
» 2. Integrate terrain information with an
AutoML-based scheme
3. Combine the Dual-frequency Radar

* Reduced systematic bias
>+ Better orographic estimates
* Improved snowfall retrieval

« Neighborhood- or scale-based metrics:
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1. Spatial representativeness analysis

. 2.1 Employ gauge-independent methods
2.2 Leverage high-resolution model-based
estimates

1. Gauge-density sensitivity experiment
2. Reduce gauge dependence
3. Quantify reference uncertainty

* Robust sparse-gauge correction
' and merging
« Better uncertainty quantification

1. Utilize approaches relaxing error 1.1 E.g., extended TC approaches and
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adaptive, and spatially informed ML 4 c i
2.2 Climate-zoning-based ML

3. Develop non-stationary correction g g Rl i
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* More reliable correction and
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« Improved physical consistency
« Stronger spatial coherence

1. Integrate complementary multi-sensor
observations

1.1 Integrate SPPs with WRF-derived
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1.2 Combine passive microwave
validation observations with active radar
1. E.g. GOES-R/ABI, Himawari-8/9, FY-
4A/4B AGRI, and MTG-FCI
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* Better extreme-rainfall estimates
» Lower peak-flow uncertainty
« Stronger flood-risk support

1. Exploit high-frequency geostationary
observations

2. Employ short-latency NWP and Al
weather systems

3. Build a unified processing platform

* Higher-resolution and lower-
latency products

« Better short-term precipitation
and flash-flood forecasting

Figure 10. Roadmap for future research in high-altitude precipitation estimation and application.

5.1.2. Double-Penalty Error

Accuracy assessments of gridded precipitation datasets typically employ a “point-
to-grid” comparison and utilize in-situ gauge observations as a reference. However, this
approach might be susceptible to the double-penalty error when evaluating high spa-
tiotemporal resolution products [173]. The double-penalty error arises when a precipitation
event is correctly predicted but is slightly displaced in space or time relative to the gauge
observation [174]. In such cases, the evaluation metric unfairly penalizes the product twice:
once for a “miss” at the observed location, and again for a “false alarm” at the displaced
location. This effect underestimates the actual skill of the dataset in capturing precipita-
tion patterns, particularly in high-altitude regions where precipitation fields exhibit sharp
spatial gradients and high temporal variability.

To address this issue, current research increasingly employs spatially tolerant verifica-
tion approaches. Neighborhood- or scale-based metrics, such as the Fraction Skill Score
(FSS) [175,176], assess precipitation agreement within spatial windows of increasing size
rather than requiring exact grid-cell correspondence, thereby reducing penalties associated
with small spatial displacements. In addition, object-based methods, such as the Method
for Object-Based Diagnostic Evaluation (MODE) [177], identify contiguous precipitation
features as spatial objects and evaluate their location, size, orientation, shape, and intensity
separately. Therefore, future precipitation-product evaluations in high-altitude regions
should combine conventional point-based metrics with neighborhood-, scale-, and object-
based verification approaches to provide a more comprehensive assessment of spatial
displacement and precipitation-pattern errors.
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5.1.3. Mismatch of the Spatial Scale Between Gridded Precipitation Datasets and
Gauge Measurements

Gauge observations reflect point-scale precipitation, whereas gridded precipitation
products provide grid-averaged values. This spatial scale mismatch introduces skewed
validation results and adds uncertainty to subsequent bias correction and data fusion pro-
cedures [13,178]. Downscaling offers a potential solution by refining gridded precipitation
to a finer spatial resolution. However, downscaling daily precipitation remains highly chal-
lenging, as the spatial distribution of precipitation is influenced by multiple environmental
variables, whose relationships with precipitation are highly unstable at the daily and sub-
daily timescale [179]. For example, orographic precipitation-topography relationships have
been shown to vary with both elevation and synoptic-scale atmospheric conditions, with
cyclonically forced heavy precipitation events exhibiting markedly different precipitation-
elevation gradients [180]. Therefore, it is advisable to develop downscaling models for
varying precipitation-topography relationships under different atmospheric patterns. This
concept has been preliminarily explored by Wolvin et al. [180]. They first partitioned
mountainous terrain into topographically coherent facets, then fitted facet-specific linear or
nonlinear precipitation-elevation relationships and derived temporally varying orographic
precipitation-gradient coefficients, which were subsequently used to downscale coarse
precipitation fields and better represent fine-scale orographic precipitation variability.

5.2. Accuracy Improvement Algorithm Challenges and Recommendations
5.2.1. Influence of Gauge Measurements on Bias Correction and Merging

The effectiveness of bias correction and merging with gauge observations is strongly
dependent on the density of the rain gauge network. Correction and merging methods
commonly rely on gauges for calibration, training, or weighting, making their performance
sensitive to gauge availability and representativeness. This is particularly problematic
on the southern slope of the TP, which exhibits distinct precipitation characteristics but
merely has a sparse gauge network, leading to degraded accuracy of gridded precipitation
products [77,169]. Therefore, further investigation into the applicability of various bias
correction and fusion methods under different gauge network densities is needed, along
with optimization of these methods for sparsely gauged regions.

It is also crucial to recognize that gauge observations should not be treated as error-free
ground truth when evaluating or correcting SPPs. Gauge measurements themselves are
subject to uncertainties arising from diverse climatic conditions, complex terrain, limited
spatial representativeness, and instrumental errors [78,79]. These observational uncer-
tainties are inevitably propagated into bias-corrected and merged precipitation products.
In high-altitude regions, these limitations can be particularly severe, and recent studies
suggest that well-configured high-resolution model-based precipitation estimates may, in
some cases, better represent spatially integrated mountain precipitation than sparse gauge
networks [181]. Current research increasingly investigates the sensitivity of correction and
merging methods to gauge network density and spatial representativeness [182,183]. In
parallel, gauge-independent approaches, such as improved TC methods, are being devel-
oped to reduce reliance on gauge measurements. Future research should place greater
emphasis on quantifying reference-data uncertainty and tracing its propagation throughout
the correction and fusion chain.

5.2.2. Limitations of Bias Correction and Merging Techniques

First, regarding conventional statistical methods of bias correction, they are predicated
on the assumption of stationarity. However, precipitation trends and variability can ex-
perience substantial changes under evolving climatic conditions. Conventional statistical
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approaches risk weakening or artificially reshaping the true climate signal embedded in the
original precipitation data. Future methods should further build on trend-preserving and
non-stationary frameworks to improve their adaptability to changing climatic conditions.

Second, the TC method relies on the fundamental assumption that the errors among
the three input products are mutually uncorrelated. In practice, however, this assumption is
frequently violated, as some SPPs inevitably share common input sources or employ similar
retrieval algorithms. Although the ETC method relaxes some constraints, its underlying
assumption of stationary, additivity, and zero-mean errors may still be violated in complex
terrain, where precipitation errors exhibit multiplicative behavior and non-zero conditional
biases [184]. As an alternative approach, the SNR-opt does not require the assumption
of zero error cross-correlation among products, offering greater flexibility in handling
correlated errors. However, it requires prior knowledge or reliable estimation of the signal-
to-noise ratio for each product, which is often difficult to obtain, particularly in data-sparse
regions [27].

Third, ML techniques face inherent limitations regarding physical interpretability,
data scarcity, and spatial coherence. They operate as “black boxes”, establishing com-
plex non-linear mappings between inputs and outputs without revealing the underlying
mechanisms. While they can yield favorable statistical metrics, the lack of interpretability
makes it difficult to identify extrapolation risks for extreme events or spatial generalization
capabilities in ungauged high-altitude regions. To mitigate this, incorporating physical
mechanisms to construct physics-guided bias correction or merging approaches can en-
hance the physical consistency of generated precipitation products. One pathway that has
been demonstrated to be effective in enhancing the physical feasibility is the incorporation
of multiscale physical constraints, including local pixel-wise physical conditions and global
rainfall conservation, into data-driven precipitation correction frameworks [185].

Furthermore, the accuracy of ML models heavily depends on the quantity and rep-
resentativeness of observation samples. Sparse gauge networks in high-altitude regions
prevent models from establishing robust statistical relationships, limiting their ability to
effectively learn the error characteristics of precipitation products. Recent work has sought
to overcome this challenge by adopting zoning-based approaches, which couple spatially
coherent sub-regions with ML, while accounting for regional climate heterogeneity [186].
This integrated method improves product performance and strengthens the generalizability
of correction models across spatial domains.

Conventional ML approaches typically establish relationships between gridded fea-
tures and gauge observations independently at each pixel, neglecting the spatial dependen-
cies of neighboring grids. However, precipitation fields exhibit strong spatial correlation,
with each grid point influencing its surroundings [187]. This is particularly problematic
in high-altitude regions where topography-precipitation interactions are complex. Future
research should therefore place greater emphasis on fully exploiting these spatial features
in ML modeling, which holds significant potential for improving the accuracy of precipi-
tation products [188]. For instance, spatially informed random forest frameworks, which
explicitly integrate spatial autocorrelation among neighboring precipitation pixels, provide
a preliminary pathway to merge precipitation products by leveraging surrounding spatial
information [189].

5.3. Operational Application Challenges and Recommendations
5.3.1. Insufficient Skill in Simulating Extreme Events

As demonstrated in the preceding sections, both SPPs and reanalysis datasets tend to
overestimate the occurrence of torrential and extreme precipitation events in high-altitude
basins. When SPPs are used as inputs to hydrological models, this bias can propagate

https:/ /doi.org/10.3390 /hydrology13090259


https://doi.org/10.3390/hydrology13090259

Hydrology 2026, 13, 259

28 of 38

into flood simulations, leading to deviations in peak flow predictions. Similarly, reanal-
ysis datasets often show limited capability in reproducing extreme runoff characteristics
and may underestimate peak flows. Consequently, these gridded precipitation products
introduce considerable uncertainty into the representation of extreme events. This issue
is further complicated by the fact that extreme-rainfall trends are strongly dependent on
event duration and spatial scale. Increasing trends may be pronounced at short durations
but weaken or disappear at longer durations, while substantial spatial heterogeneity can
occur even within the same region [190]. Therefore, satisfactory performance at the daily
scale does not necessarily imply that a gridded product can reliably reproduce sub-daily
extremes, local trend hotspots, or their non-stationary behavior. Extreme-precipitation
validation should be conducted across multiple durations and at hydrologically relevant
spatial scales.

Further efforts are still needed to improve the simulation of extremes in high-altitude
regions, including both extreme precipitation and extreme floods. Because extreme weather
events involve complex interactions among multiple atmospheric and land surface pro-
cesses [191], relying on a single satellite observation source is unlikely to capture these
interactions adequately. Future research could therefore further integrate multi-sensor
observations, including active and passive remote sensing, and numerical weather pre-
diction (NWP) models. A step in this direction has been taken by an emerging ML-based
framework that integrates SPPs with high-resolution WRF-derived thermodynamic and dy-
namical fields, providing a preliminary pathway for improving intense rainfall estimation
and holding particular promise for application in high-altitude basins [192]. Active-passive
sensor integration has also demonstrated considerable potential for reconstructing three-
dimensional precipitation structures during extreme rainfall events. For instance, a recent
FY-3G framework used DL to combine passive MWRI-RM multi-channel microwave obser-
vations with active PMR-Ku radar measurements, enabling improved representation of
high-reflectivity structures during typhoon and extreme-rainfall events [193].

5.3.2. Spatiotemporal Resolution and Latency Limitations

Despite substantial advancements in satellite observation technology, achieving high
spatiotemporal resolution for specific applications, such as hourly flood forecasting and
hydrological simulation in small basins, remains a critical challenge. These applications
require frequent and detailed observations to capture the rapid evolution of hydrological
processes, which often occur within short time windows and over localized areas [105].
Coarse-resolution products often fail to resolve the high heterogeneity of precipitation
fields and the complex topography characteristic of small-scale catchments. Continuous
development of high-resolution sensors and advanced downscaling techniques is essential
for more accurate representation of precipitation fields at the scales required for extreme
event simulation and forecasting. The increasing availability of high-temporal-resolution
GEO satellite observations, such as GOES-R/ABI, Himawari-8/9 AHI, FY-4A /4B AGR]I,
and MTG-FCI, provides new opportunities to resolve rapidly evolving convective pre-
cipitation at minute-scale intervals and thereby improve short-term precipitation and
flash-flood forecasting.

Additionally, the latency of SPP and reanalysis datasets poses another significant
limitation for operational applications. On one hand, for precipitation nowcasting and near-
real-time flood forecasting, gridded precipitation products with short latency are essential.
However, the final release versions of SPP and reanalysis datasets typically become avail-
able weeks or even months after the observation date, and their pre-released near-real-time
counterparts often suffer from relatively larger errors. To address this gap, short-latency
NWP forecasts and emerging Al-based weather prediction systems, such as ECMWE-
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AIFS [194] and GraphCast [195], may provide complementary precipitation information.
On the other hand, improving the efficiency of satellite data retrieval, extraction, and
interpretation is of great importance as well. It is advisable to develop high-performance
computing algorithms to expedite remote sensing data processing and reduce output la-
tency, thereby meeting the real-time requirements of operational hydrological applications.
Furthermore, constructing a unified processing platform that integrates capabilities such
as data retrieval, quality assurance, format standardization, and interface provision for
multi-source observation data can also enhance the efficiency of data processing [196]. In
this context, NASA’s GPM Precipitation Processing System and Giovanni serve as excellent
exemplars for implementing such a platform.

6. Conclusions

The paper provides a comprehensive review of the application of SPPs and reanalysis
datasets in high-altitude regions characterized by sparse gauge networks and complex
terrain. First, the theoretical basis, comparative advantages, and representative products of
SPPs and reanalysis datasets are introduced. Constrained by intricate climatic conditions,
complex topography, and sparse gauge observations inherent to high-altitude regions, SPPs
and reanalysis datasets offer distinct advantages in terms of spatiotemporal continuity and
quasi-global coverage for these remote and inaccessible regions. Although they serve as
effective alternatives for quantitative precipitation estimation and hydrological simulation,
these products still suffer from errors arising from observation, sampling, and retrieval
algorithms. Following the review of data sources, a critical applicability assessment of
these gridded precipitation products in high-altitude regions, with particular emphasis on
the TP, is presented. Owing to their inherent errors, both SPPs and reanalysis datasets show
non-negligible systematic biases over the TP. They consistently tend to overestimate low
precipitation rates while underestimating high precipitation rates. In addition, they exhibit
pronounced conditional biases across spatial, seasonal, and daily scales. Regarding hydro-
logical performance, these products are insufficient to capture extreme runoff features and
tend to underestimate peak flows. Accordingly, these notable errors necessitate accuracy
improvement prior to the application of gridded precipitation datasets in high-altitude
regions. The paper subsequently reviews the theoretical foundations of single-product bias
correction and product merging techniques, along with their implementation procedures
and case studies in high-altitude regions. These two methods have been shown to signifi-
cantly reduce errors in precipitation estimates and hydrological simulations. Nevertheless,
remaining challenges related to the products themselves, accuracy improvement algorithms,
and operational applications are identified. Meanwhile, corresponding recommendations
for future research are presented:

(1) SPPs and reanalysis products inevitably have inherent errors from limitations in
orographic precipitation estimation and deficiencies in solid precipitation detection.
Furthermore, the double-penalty error and scale mismatch between gridded precip-
itation datasets and point-scale gauge measurements warrant particular attention
when evaluating and correcting these products in complex terrain. Both factors can
introduce biased validation outcomes and inject additional uncertainty into subse-
quent bias correction and data fusion procedures. Promising avenues for addressing
these issues include enhancing physical constraints into precipitation retrieval algo-
rithms and developing downscaling techniques that account for varying precipitation-
topography relationships.

(2) Regarding accuracy improvement algorithm challenges, the effectiveness of bias cor-
rection and product merging methods that incorporate gauge observations heavily
depends on the density of rain gauge networks. This issue is clearly exemplified
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over the TP. Bias-corrected or fused precipitation products exhibit notably poorer
accuracy on the gauge-scarce southern slope compared to those in the gauge-denser
eastern part of the plateau. Moreover, uncertainties from gauge observations can
propagate through the correction or fusion algorithm into reconstructed precipitation
products. Therefore, future research can prioritize the optimization of accuracy im-
provement algorithms for regions with varying gauge network densities, as well as
the quantification of uncertainty propagation from gauge measurements. In addition,
different accuracy improvement algorithms possess distinct advantages and limita-
tions. The selection of an appropriate algorithm should be guided by the specific
application context.

(3) SPPs and reanalysis datasets remain insufficient for simulating extreme events in high-
altitude areas, whether through direct quantitative precipitation estimation or through
their use as inputs to hydrologic models. Further efforts are still needed to improve
the simulation accuracy of extreme precipitation and extreme floods. Recommended
strategies include integrating multi-sensor observations, adopting high-resolution
datasets, employing short-lag or Al-based forecast products, and developing a unified
data-processing platform to support operational applications.

This review provides guidance for leveraging gridded precipitation products to en-
hance precipitation monitoring, mitigate extreme precipitation and flood disasters, and
deepen understanding of climate variability.
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