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ABSTRACT: The Tibetan Plateau (TP), also known as the “Water Tower of Asia,” profoundly impacts regional and global cli-
mates. Existing climate models show substantial biases over the TP, primarily due to low spatial resolution, deficient driving data,
and inadequate model domains. Leveraging meteorological station data, the CN05.1 meteorological dataset, and reanalysis data-
sets, we comprehensively evaluate the performance of the Weather Research and Forecasting Model at gray-zone resolution
(9 km) (WRF9%m) in simulating TP air temperature and precipitation during 1980-2019 and identify bias causes. WRF9%m effec-
tively captures observed spatial air temperature patterns but shows a cold bias. This is mainly due to overestimated surface albedo
(accounting for 64 %), along with underestimated downward radiation and ground heat fluxes. WRF9km also simulates observed
spatial precipitation patterns well, with significant seasonal correlations; however, precipitation biases exhibit pronounced spatial
heterogeneity. Compared to CN05.1, precipitation is overestimated over the southern and eastern slopes of the TP, while it is
underestimated over the interior TP, especially in the western part. These biases primarily arise from inadequate characterization
of wind field dynamics and moisture transport within the model framework. Meanwhile, WRF9km captures annual precipitation
variation with minor deviations, although it does not fully reproduce the temporal trends over the TP. Overall, compared to driv-
ing ERAS data, WRF9km yields only marginal improvement for the cold bias but reduces the regional mean precipitation wet
bias by 79%, particularly over the southern and eastern slopes. This evaluation provides critical insights for dynamic downscaling

in complex terrain, highlighting the need for improved surface albedo parameterizations and higher-quality input data.
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1. Introduction

Climate warming is one of the focal points of the international
research community. Global temperatures have risen by approxi-
mately 1.1°C since the Industrial Revolution (IPCC 2023), where
the increase varies with latitude and altitude (Pepin et al. 2015).
Regarding precipitation, in general wet regions are experiencing
increased precipitation, while decreasing trends are observed in
dry regions (Polson et al. 2013), although studies have identified
more complex regional variations (e.g., Ghosh 2018; Wang et al.
2018). Along with these changes, increases in the frequency and
intensity of extreme weather events such as heatwaves, floods,
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droughts, and storms have been observed, resulting in significant
impacts (IPCC 2023; Wang et al. 2022). With the aim of better
coping with such challenges, regional studies provide crucial in-
sights into local climate change and its impacts (Giorgi 2019).

The Tibetan Plateau (TP), also known as the “Water Tower
of Asia,” is the source of several large Asian rivers, providing
water resources for billions of people living downstream, and
plays a crucial role in regulating Asian and even global hydro-
logical cycles (Immerzeel et al. 2010; Yao et al. 2022). The TP is
a typical alpine region, exhibiting substantial ecological vulnera-
bility and sensitivity to climate change, while holding great eco-
logical and environmental significance for China and the larger
Asian region (Latif et al. 2019; X. Wang et al. 2025). The TP has
exhibited a marked warming trend over recent decades, with a
warming rate twice the global average (Yao et al. 2019, 2022),
resulting in glacier retreat, permafrost degradation, and intensi-
fied hydrological extremes. This threatens regional water secu-
rity and places biodiversity and ecosystems under increasing
pressure (Wang et al. 2022; Xu et al. 2024). Therefore, studying
TP climate change is of great importance to better understand
regional climate dynamics and their associated impacts.

Climate models simulate the climate system based on the phys-
ical, chemical, and biological properties of its components, along
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with their recognized interactions and feedback processes. Cli-
mate models are essential tools when attempting to understand
historical climate dynamics and predict future changes (Jakob
et al. 2023). Global climate models (GCMs) are widely used for
climate projections; however, their low spatial resolution limits
their effectiveness in capturing climate variations that are gener-
ally influenced by local topography (Karki et al. 2020; Yimer et al.
2022), particularly over the TP. Previous studies have consistently
shown that although the widely used climate models from the
Coupled Model Intercomparison Project phase 6 (CMIP6) dem-
onstrate improved simulation accuracy compared to CMIP5 mod-
els, they still exhibit persistent cold biases over the TP (Wei et al.
2025). Furthermore, raw GCM outputs tend to underestimate the
magnitude of warming in China. In contrast, bias corrections
markedly enhance projected warming amplitudes, particularly for
high-altitude regions and long-term projections for China (Wei
et al. 2025). Nevertheless, existing correction methods fail to fully
rectify errors connected to physical processes, such as local valley
circulations and land-atmosphere interactions, caused by the low
resolution of GCMs. This limitation underscores the necessity
for synergistic optimization between dynamic downscaling and
statistical corrections (Chen et al. 2022; Wei et al. 2025). Achiev-
ing a realistic modeling of the regional characteristics of climate
change therefore requires more refined research.

Regional climate models (RCMs), having high horizontal
resolution (i.e., a spatial resolution of several kilometers), can
effectively reproduce regional and local features and have been
widely used in simulating and projecting climate change over
the TP (e.g., Giorgi 2019; Niu et al. 2021; Wang et al. 2021a).
The high-resolution gridded meteorological data generated by
such models represent surface characteristics and explicitly sim-
ulate certain cloud and convection processes better than tradi-
tional coarser-resolution models. International initiatives, such
as the Coordinated Regional Climate Downscaling Experi-
ment, have further advanced these capabilities, with its flagship
project—the Convective-Permitting Third Pole—employing
ensemble-based kilometer-scale modeling to address challenges
specific to the TP, including glacier-atmosphere interactions
and extreme snowfall events (Prein et al. 2023). This has mark-
edly enhanced climate simulations over the TP, especially in
terms of precipitation, contributing to a better understanding of
climate change and the regional water cycle across the TP
(Prein et al. 2023).

RCMs effectively reproduce the spatial distribution of tem-
perature and humidity over the TP and substantially improve
spatiotemporal precipitation simulation accuracy by explicitly
resolving terrain effects, with annual precipitation simulations
outperforming CMIP6 in matching observations. Compared
with GCMs, RCMs reduce precipitation simulation errors by
30%-50% over the TP (Singh et al. 2019). Despite these ad-
vances, multimodel evaluations reveal persistent cold-wet
biases in RCMs, with annual-mean temperature underesti-
mated by 1.2°-2.5°C and annual precipitation overestimated
by 20%—40% on the central TP. These errors primarily stem
from misrepresented convective parameterizations and biased
downward shortwave radiation (SR) associated with complex
terrains (L. Wang et al. 2025). A critical unresolved challenge
lies in the gray-zone resolution range of 4-15 km, where

Brought to you by Gothenburg University Library | Unauthenticated | Downloaded 08/24/26 12:13 PM UTC

JOURNAL OF CLIMATE

VOLUME 39

conventional cumulus schemes can be disabled but cloud micro-
physics remain underresolved, leading to distorted representa-
tions of valley circulations and energy exchanges, an issue that
limits the reliability of TP climate projections (Ou et al. 2020).

The Weather Research and Forecasting (WRF) Model, which
is one of the most widely used meteorological models globally,
has been increasingly used in high-resolution (approaching a few
hundred meters) simulations. A recent study employed both the
Regional Climate Model, version 4 (RegCM4), and the WRF
Model with a horizontal resolution of 30 km to carry out long-
term regional climate simulations in China; this demonstrated
that the WRF Model excels in simulating annual average tem-
perature and precipitation trends, showcased by a particularly
high spatial pattern correlation (Gao et al. 2022; Yang et al. 2025).
A second study assessed the performance of the same models at
the same horizontal resolution in representing temperature ex-
tremes in China; this indicated that the RegCM4 performs better
in reproducing average temperature extremes, especially over the
TP, while the WRF excels in capturing interannual variations in
extreme indices (Kong et al. 2019). Overall, the WRF Model
brings notable benefits in simulating climate variables in regions of
complex terrain in China, providing essential technical support in
the study of regional climate change.

In regions with steep terrain, the choice of horizontal resolu-
tion is particularly crucial in regional climate simulations, espe-
cially when simulating precipitation and water vapor transport
(Lin et al. 2018; Xu et al. 2018). Recent studies have suggested
that a spatial resolution of 9 km, within the so-called gray-zone
range, strikes a balance between sufficiently detailed spatial
simulation and computational cost (Shin and Hong 2013; Lin
et al. 2018). Ou et al. (2020) simulated the diurnal cycle of pre-
cipitation on the TP using the WRF Model with a spatial reso-
lution of 9 km and found that simulations without the cumulus
parameterization scheme performed better than those with the
scheme. Kilometer-scale modeling over the TP has been shown
to faithfully reproduce diurnal and seasonal cycles, lapse rates,
spatial distribution of climate variables, precipitation frequency
and intensity, and water vapor transport patterns (Karki et al.
2020; Sugimoto et al. 2021). Convection-permitting simulations
at ~3-km grid spacing (Zou and Zhou 2024; Zou et al. 2024)
enable an even more faithful representation of the TP climate
system. Compared to gray-zone resolutions, these simulations
yield more accurate representations of the spring water cycle,
seasonal precipitation, and temperature patterns over complex
terrain. This provides significant added value for both current
climate evaluation and future projections, albeit at a higher
computational cost.

In addition to horizontal resolution, the domain configura-
tion is also crucial. In this respect, when compared with the
High Asia Refined (HAR) analysis, the updated HAR v2,
with an extended domain, provides a better representation of
air temperature and the spatial distribution of seasonal-mean
precipitation but overestimates the amount of precipitation
(Wang et al. 2021c). Most recently, Ou et al. (2023) conducted a
regional downscaling study over a broader domain extending to
50°N using the WRF Model at a resolution of 9 km (WRF9%m)
driven by the fifth generation ECMWF atmospheric reanaly-
sis (ERAS) reanalysis, which indicated that the WRF9km
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FIG. 1. (left) Model domain and (right) topography and distribution of meteorological stations used in this study.
Detailed information on the meteorological stations can be found in Table S1.

substantially reduced the moisture bias in summer precipita-
tion over the northwestern TP.

Previous work applying the WRF at gray-zone resolutions
over the TP (e.g., Ou et al. 2020, 2023) has shown promising
results. However, a systematic and quantitative evaluation of
model performance is a prerequisite for resolving more com-
plex physical process biases. The aforementioned studies,
along with multimodel evaluations (e.g., L. Wang et al. 2025),
have highlighted persistent cold-wet biases and uncertainties
in representing precipitation processes. Thus, a comprehen-
sive understanding of how a specific, widely used WRF con-
figuration at 9-km resolution performs across the entire TP—
capturing both its strengths and systematic errors—is still
needed. It is evident that high-resolution modeling and appro-
priate domain setting are vital to climate research, especially
over the TP. Building upon this previous work, this study aims
to 1) quantify the performance of a WRF 9-km simulation in re-
producing temperature and precipitation over the TP and
2) identify the causes of its biases. A pivotal finding we pre-
sent is a substantial 79% reduction in the domain-averaged an-
nual precipitation wet bias compared to the driving ERAS
reanalysis. Furthermore, by decomposing the surface energy bal-
ance, we trace the dominant cause of the pervasive cold bias to
an overestimated surface albedo. This quantitative evaluation
and mechanistic diagnosis provide a reliable benchmark and
clear pathways for future model development, ultimately con-
tributing to more trustworthy climate projections for the TP.

2. Methods and data
a. Simulation experiment using the WRF9km model

In this study, we used WRF9km developed by Ou et al. (2023)
from the Regional Climate Group, University of Gothenburg,
Sweden, to conduct model evaluations over the TP. The
selected WRF Model, version 3.7.1, used a nonhydrostatic
balance configuration (Skamarock et al. 2008) to dynamically
downscale global reanalysis data, with a model domain cen-
tered over the TP. The northern boundary of the model do-
main (8°-50°N, 65°-125°E) (Fig. 1) was chosen to cover the
core of the summer subtropical westerly jet stream in the upper
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troposphere. The initial and boundary conditions were provided
by the ERAS reanalysis, updated every 3 h.

Our WRF9km experiment used the New Goddard shortwave
radiation scheme, the Rapid Radiative Transfer Model for
GCMs (Tacono et al. 2008), the WRF double-moment 6-class
microphysics scheme, the unified Noah land surface model, and
the Yonsei University planetary boundary layer scheme (Hong
et al. 2000) as a free run without spectral nudging (Ou et al.
2025). To optimize computational efficiency, parallel continuous
simulations were conducted for 1979-98 and 1998-2019. Com-
parative analysis of the overlapping year (1998) revealed negli-
gible differences between simulations in regional averages of
precipitation, relative humidity, 2-m air temperature, skin tem-
perature, and surface net radiation. Therefore, this 1-yr overlap
strategy introduced minimal disturbance to the simulations, al-
lowing the two simulations to be merged into a continuous sim-
ulation covering the period 1979-2019 (Ou et al. 2023).

b. Validation data

To assess the performance of the WRF9%m in simulating
near-surface air temperature and precipitation, we used the
CNO05.1 high-resolution gridded daily air temperature and
precipitation dataset at a resolution of 0.25°, released by the
China National Meteorological Information Center (https://
data.cma.cn/), as our observational data. The CNO05.1 dataset
is generated through an anomaly approach, which includes
three sequential stages. First, a smoothed 0.25° X 0.25° gridded
climatology (1971-2000 baseline) is created from 2416 Chinese
meteorological stations using elevation-corrected thin-plate
spline interpolation. Second, daily station anomalies (devia-
tions from climatological norms) are interpolated to the same
grid via angular distance weighting, capitalizing on their inher-
ent spatial smoothness. Finally, high-resolution gridded daily
meteorological fields are reconstructed by superimposing the
gridded anomalies onto the climatological background field
(Wu and Gao 2013). This dataset has been widely used in cli-
mate model validation and climate change studies (Miao and
Wang 2020; Wang et al. 2021b, 2025). We also utilized in situ
observational data from the existing 81 meteorological stations
on the TP provided by the National Climate Center of the
China Meteorological Administration (https://ncc-cma.net/cn)
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to validate our model simulations at a station scale (Fig. 1b
and Table S1 in the online supplemental material).

To evaluate potential improvements in the WRF9km simula-
tions compared to other reanalysis data, we compared air tem-
perature, precipitation, specific humidity, and wind components
derived and other variables from the ERAS reanalysis dataset
(https://cds.climate.copernicus.eu/), at a spatial resolution of 0.
25° X 0.25° and covering the period from 1950 onward (Muifioz-
Sabater et al. 2021). This dataset undergoes daily updates and
monthly quality control procedures, during which preliminary
estimates are replaced with validated products (Hersbach et al.
2020).

To examine the causes of temperature biases in the WRF9km
simulations, we used the Modern-Era Retrospective Analysis
for Research and Applications, version 2 (MERRAZ2), with a
spatial resolution of 0.5° X 0.625°, developed by the National
Aeronautics and Space Administration (https://gmao.gsfc.nasa.
gov/reanalysiss MERRA-2/); MERRA2 replaced the original
MERRA reanalysis system, integrating the upgraded Goddard
Earth Observing System Model, version 5, data assimilation
system and updating both the model and global statistical in-
terpolation schemes. It contains meteorological elements such
as radiation flux, surface albedo, and water vapor transport,
making it an important dataset for understanding global climate
change and evaluating climate model performance (Gelaro et al.
2017).

To comprehensively evaluate the performance of the WRF9km
over the TP, it was compared with relevant reference datasets,
ERAS-Land, and the meteorological forcing dataset for the
Third Pole (TPMFD). The ERAS5-Land dataset is based on a
variety of data sources, including remote sensing and meteoro-
logical station observations (https:/cds.climate.copernicus.eu/),
which are obtained from the European Centre for Medium-
Range Weather Forecasts. It has a spatial resolution of 0.1° X 0.1°
and provides continuous temporal coverage from 1950 to
the present (Munoz-Sabater et al. 2021). The TPMFD is a
long-term (1979-2020) and high-resolution (1/30°) near-surface
meteorological forcing dataset for the Third Pole region
(https://data.tpdc.ac.cn/zh-hans/data/). In this dataset, 2-m air
temperature, 2-m specific humidity, 10-m wind speed, and sur-
face pressure are obtained by integrating ERAS reanalysis data,
short-term high-resolution atmospheric simulations, and ground-
station observations, while downward longwave radiation (DLR)
is calculated using a semiphysical semiempirical method (Jiang
et al. 2025). This dataset serves as a counterpart to the widely
used China Meteorological Forcing Dataset.

To evaluate the causes of the cold bias in the WRF9km sim-
ulation, we also incorporated satellite-derived snow cover and
albedo data from the Moderate Resolution Imaging Spectror-
adiometer (MODIS). Specifically, we used the MODIS albedo
product (MCD43C3), which provides 0.05° data on black-sky
and white-sky albedo, and the MOD10A2 V5 snow-cover
product (Hall et al. 2007). The MOD10A2 product provides a
spatial resolution of 500 m in 8-day composites, representing
the maximum snow extent within each period. The MODIS
products have been widely validated in numerous studies, show-
ing consistently good agreement with the ground observation
data across various regions, including high mountain areas like
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the TP (Klein and Bernett 2003; Parajka and Bloeschl 2006;
Simic et al. 2004; Pang et al. 2025).

c¢. Evaluation strategy

The model simulations were collectively assessed in terms
of annual averages and seasonal data, with the four seasons
being winter [December—February (DJF)], spring [March-May
(MAM)], summer [June-August (JJA)], and autumn [September—
November (SON)]. To quantitatively evaluate model perfor-
mance, we compared the bias, root-mean-square error (RMSE),
correlation coefficient, and linear trend in the WRF9km
simulations with observations (CN05.1) and reanalysis data-
sets (ERAS, ERA5-Land, and MERRA?2). To ensure consis-
tency, we interpolated the WRF9km simulations, ERAS-Land,
and MERRAZ2 reanalysis data onto a common grid resolution
of 0.25° X 0.25° to match that of the CNO5.1 and ERAS data.
We selected the common time frame of 1980-2019 in all data-
sets when conducting our analyses. Additionally, we compared
the WRF9km simulations and ERAS data with observational
data from 81 stations to avoid potential biases resulting from
the relatively low number of stations used in existing gridded
datasets.

To better understand the accuracy of WRF9km simula-
tions relative to the commonly used datasets on the TP, we
performed quantitative comparisons of the WRF9km with
ERAS, MERRA2, ERA5-Land, and TPMFD; this was based
on several indicators, including degree of deviation, temporal
correlation, and spatial correlation.

The deviation indicators included bias (BIAS) and RMSE,
calculated as follows:

1 N
BIAS = — >(M, — 0,), 1)
Niz
1Y 5
RMSE = | 2. (M, — 0,)%, ()
Ni:l
1 N
MAE = > [M, — O, 3)
NS

where M; indicates the value of the dataset under evaluation
at grid point i, O; indicates the value of the observational da-
taset CNO5.1 at grid point i, and N indicates the total number
of grid points.

The correlation indicators included the temporal correlation
coefficient (TCC) and spatial correlation coefficient (SCC),
describing the linear correlation between two random varia-
bles [see Egs. (4) and (5), respectively]:

T
2.(M, - M)(0, - 0,

where M, indicates the value of the dataset under evaluation
at time step f, O, indicates the value of the observational
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dataset CNOS5.1 at time step ¢, M indicates the temporal mean
of the dataset under evaluation, O indicates the temporal mean
of the observational dataset CN05.1, and T indicates the total
length of the time series:

SCC = kL , 5)

< 72 fK =12
kgtl(Mk - Mk) kg'l(ok - Ok)

where M, indicates the value of the dataset under evaluation at
grid point k, Oy, indicates the value of the observational dataset
CNO5.1 at grid point k, M indicates the spatial mean of the da-
taset under evaluation, O indicates the spatial mean of the ob-
servational dataset CNO05.1, and K indicates the total number of
grid points.

After all individual indicators were calculated, a comprehen-
sive scoring system was employed to quantitatively evaluate the
overall performance of each dataset. The processes included the
following steps: 1) Indicator scoring based on rank: For each of
the five evaluation indicators, the performance of all datasets
was ranked. The dataset with the best performance for a given
indicator (e.g., the smallest MAE or the largest TCC) was
assigned the highest score of 5. The dataset with the worst per-
formance was assigned the lowest score of 1. The remaining
datasets received scores of 2, 3, or 4 based on their percentile
rank within the distribution. This nonparametric scoring ap-
proach ensures that the scores reflect the relative performance
among the evaluated datasets, independent of the absolute mag-
nitude of the indicator values. 2) Score aggregation: The com-
prehensive score for a dataset was computed as the sum of the
standardized scores from all five individual indicators. 3) Inter-
pretation: Since each of the five indicators could contribute a
maximum of five points, the maximum attainable comprehen-
sive score was 25. A higher total score indicates that the dataset
is, on average, closer to the observations, exhibiting smaller de-
viations, higher correlation, and more realistic variability. This
comprehensive evaluation framework enables both a visual and
quantitative assessment of the relative strengths and weaknesses
of each dataset, as well as their overall performance.

Furthermore, to quantify the relative dynamic contribu-
tions of surface albedo, downward shortwave radiation, down-
ward longwave radiation, sensible heat flux (SHF), latent heat
flux (LHF), and ground heat flux to temperature biases, we
applied the decomposed temperature metric developed by
Juang et al. (2007). The surface energy balance equation is

eoLST* = (1 — «)SW, + LW, — SH — LH - G,
(©)

where LST is the land surface temperature, ¢ is the effective
emissivity, and o is the Stefan-Boltzmann constant (5.67 X
1078 W m~2 K™*). Following established methodologies for
the decomposed temperature metric (Juang et al. 2007; Li
et al. 2024), a constant value of 1.0 was assumed for e. This
common simplification facilitates a first-order approximation
and enables direct comparison with prior studies, as obtaining
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accurate, spatiotemporally continuous ¢ fields for both models
and reanalysis remains challenging. Nevertheless, it is ac-
knowledged that this assumption introduces a source of uncer-
tainty by neglecting the natural variations of emissivity with
land cover, soil moisture (SM), and snow cover. The potential
implications of this simplification are further discussed below.
The term « is the surface albedo, SWj, is the downward short-
wave radiation, LWy, is the downward longwave radiation, SH
is the sensible heat flux, LH is the latent heat flux, and G is the
ground heat flux.

Next, we considered the temperature difference A between
the reference dataset (MERRA?2) and the WRF9%m simula-
tions. The rearranged Eq. (7) gives

1
ALST = ;o= SWAa, + (1 - a) ASW,, + ALW,
— ALH - ASH - AG + Al )

where LST, SW;,,, and «, are the reference mean climate state
surface temperature, downward shortwave radiation, and sur-
face albedo, respectively; Al represents the residual resulting
from the high-order derivative, including the covariance be-
tween attributing variables and the variables that could not be
quantified in the decomposition metric. As such, the contribu-
tion of energy budget changes to LST biases could be evalu-
ated based on Eq. (7).

3. Results

a. Evaluation of WRF9km performance in depicting air
temperature

We analyzed the spatial distributions of annual- and seasonal-
mean temperatures over the TP during the period 19802019
based on TPMFD, WRF9%km, ERAS5, MERRA2, ERAS-Land,
and CNO5.1 data (Fig. S1). The WRF9km captured the observed
spatial patterns of temperature, with a spatial correlation exceed-
ing 0.8 across all seasons. However, the WRF9km exhibited cold
biases in most regions, including the Qiangtang Plateau and
Kunlun Mountains, whereas a warm bias was observed in the
northern Qaidam Basin (Fig. 2). In terms of regional averages,
the WRF9km exhibited cold biases relative to CN05.1 for the
annual mean and all four seasons, being largest in March
(—4.0°C) and smallest in August (—1.8°C). The ERAS also ef-
fectively captured the spatial patterns of observed temperature
but exhibited a notable warm bias across the north and east
of the TP and a cold bias in the southeast, except in JJA.
Compared with ERAS, WRF9km displayed higher tempera-
tures across the southeastern TP, specifically in the Hengduan
Mountains, and lower temperatures across the northwestern
Kunlun Mountains (Fig. 2¢), indicating that the WRF9km mit-
igated the cold bias in the southeastern region and warm bias
in the northwestern region inherent in ERAS. Comparing
the WRF9km with MERRAZ2, cold biases prevailed for the
WRF9km across nearly the entire TP, except in the Qaidam
Basin. We further compared both the WRF9%km and ERAS
with in situ station observations. The results revealed that



2316

(a) WRF9km - Stations (b) ERAS — Stations (¢) WRF9km — CNO05.1

40°N 40°N o PR 40N 4

= . 359 - on|

S N 35N 35°N

g &
30°N R 30°N 30°N

Z N
25°N - 25°N . 25°N;
70°E SO°E 90°E 100°E I1I0°E 70°E SO°E  90°E  100°E  1I0°E  70°E S0°E  90°E  100°E
4N 40°N 4N

5

B3N 35N 35N

- o

S N e . 30°N 30°N,
25°N 25°N 25°N
70°E R0°E 90°E 100°E 1I0°E  70°E  80°E 90 100°E  110°E 70K SO°E 90°E  100°E
4N 40N 40N,

= aN 35°N 3N

<

= 30N 30°N 30N
25°N 25°N 25°N .
70°E S0°E 90°E 10°E 1I0°E 70°E SO°E  90°E  100°E 1I0E 70°E  SO°E  90°E  100°E
40N 40°N 40°N

- »

= N y 3N 3N

= o
30°N N 30°N 30°N
25°N . 25°N - 25°N, -
0°E SO°E 90°E 100°E 1I0°E  70°E SO°E 90°E  100°E  110°E  T0°E  SO°E 90 100°E
40N 40°N 40°N

z & T,
35°N 35°N 35N L 3

@ Y . 3
30°N h . x 30°N e 30°N

L

25°N N

259 25°N
70°E S0°E 90°E 100°E 1I0°E 70°E SO°E 90°E  100°E  110°E  70°E SO°E  90°E

A A A
>4 oC

V vV v e o

<4 [4.-21(-2.-1] (-1.0] (0,1] (1,2] (2.4]

JOURNAL OF CLIMATE

110°E

T10°E.

10°E

10°E

T0°E

VOLUME 39

(d) ERA5 — CN05.1 (¢) WRF9km —ERA5 () WRF9km — MERRA2

40N 40°N 40N

% R,
35N 35N 35N 2
30N 30N 30N
25°N 25N - 25N
70°E 80°E 90°E 100°E 110°E 70°E 80°E 90°E 100°E 10°E T0°E 80°E 90°E 100°E 10°E

N - 4N

’ P -

b Wt

35N = avl 35N

30°N 30°N
25°N

2 : N .
70°E SO°E 90°E 100°E  110° T0°E S0°E 90°E 100°E 110°E 0°E S0°E 90°E 100°E  110°F

4N, 40°N 40N

5N Df;:e» ot

30°N < L atid 30°N
gl
25°N
HOE 70°E SO°E

35°N

90°E 100°E 110°E 06 80°E 10°E
40°N
35°N

30°N

25°N S
10°E T0°E SO°E 90°E 100 110°E 0E S0°E 90°E H0E
4WON

35N

30°N

25°N - 25°N,
0E SO°E 90°E 100°E 110°E 0E S0°E 90°E

e

100°E T0°E

-4 ) 0 2 4 oc

FIG. 2. Spatial distributions of air temperature obtained from (a) WRF9km-meteorological station data, (b) ERA5-meteorological station
data, (c) WRF9%km-CNO05.1, (d) ERA5-CNO05.1, (¢) WRF9%km-ERAS, and (f) WRF9km-MERRA?2 for the period 1980-2019.

WRF9km displayed cold biases at most stations in all seasons,
while ERAS displayed warm biases at most stations in JJA.

In terms of the annual mean, the ERAS data displayed a cold
bias (Fig. 3b). The WRF9km simulation also exhibited a consis-
tent cold bias throughout the year when compared with CNO05.1
and MERRA?2 data. However, the WRF9km displayed a larger
cold bias throughout the year compared to ERAS, indicating
that the WRF9km did not markedly reduce the regional-
averaged cold bias inherent in its driving data. The application
of a 0.65°C (100 m)~" temperature lapse rate during model-to-
station interpolation substantially mitigated systematic cold biases
associated with terrain discrepancies between modeled and ob-
served locations, consistent with a previous study (Li et al. 2025).
The evaluation against observational data from 81 meteorological
stations revealed that although both the WRF9%km and ERAS ex-
hibited reduced cold biases when using this elevation-correction
approach, persistent cold biases remained (Fig. 3b).

b. Evaluation of WRF9km performance in depicting
precipitation

The WRF9km effectively captured the spatial distributions of
annual- and seasonal-mean precipitation across the TP (Fig. S2),
with a small deviation relative to the CN05.1 observational data-
set (Fig. 3c). Compared with CN05.1, ERAS5 overestimated pre-
cipitation throughout the year, with the largest wet bias of 2.58
mm day ' occurring in July. Although the WRF9km also over-
estimated precipitation year-round, its overestimation was lower
than that of ERAS, with the largest bias of 0.60 mm day_1 in
May and almost no deviation in August. This indicates that
although both the ERAS and WRF9km datasets exhibited a
tendency to overestimate precipitation, the WRF9km model
performed better, with especially notable improvements in sim-
ulating summer precipitation. The WRF9%m reduced 79% of
the wet bias inherent in ERAS throughout the year.
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We compared the spatial distributions of annual- and
seasonal-mean precipitation over the TP during 1980-2019
among CNO05.1, WRF9%m, ERAS, and ERA5-Land (Fig. 4).
Compared to CNO05.1, the precipitation bias in WRF9km ex-
hibited pronounced spatial heterogeneity rather than a uniform
regional bias. Specifically, WRF9km tended to overestimate
precipitation along the slope regions of the southern and
eastern TP, while underestimating it over the interior TP,
particularly the western TP, with the dry bias being most evident
during JJA. As a result, the localized dry bias over the interior
western TP partially offset the wet bias over the slope regions,
leading to a relatively smaller bias in regional-mean summer
precipitation. Comparison with station observations further indi-
cated that WRF9km exhibited relatively small biases at most
stations, whereas ERAS showed a pronounced wet bias over the
southeastern TP, especially during JJA. Overall, WRF9km rep-
resented a noticeable improvement over ERAS by reducing ex-
cessive precipitation across much of the TP, particularly over
the eastern and southeastern slope regions, where ERAS sub-
stantially overestimated precipitation.

Figure 5 shows the spatial distributions of peak precipita-
tion months based on the CN05.1, ERAS, ERAS5-Land, and
WRF9%m datasets. Precipitation peaks on the TP generally ex-
hibit a homogeneous summer dominance that aligns with Indian
monsoon moisture intrusion through the Brahmaputra Valley
(Yang et al. 2022). Across all four datasets, peak precipitation
occurred later on the southwestern TP than in other regions.
The month of peak precipitation was well captured by ERAS
and ERAS-Land, showing high consistency with CN05.1. While
WRF9km effectively simulated the summer precipitation peak,
it also revealed substantial spatial heterogeneity across the
northwestern TP, with maximum precipitation occurring in
MAM. The MAM peak simulated by WRF9km could be attrib-
uted to the convergence effect of topographic lifting, driven by
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the model/reanalysis averages at the station locations.

the dominant westerly belt over the northwestern TP during
DJF and MAM. However, this “bias” in WRF9km may not
simply reflect an error but was more likely attributable to its
high spatial resolution and specific physical parameterizations.
The high resolution of WRF9km enabled it to resolve fine-scale
topographic features. The southeastern TP is a region with ex-
tremely steep topographic gradients, where the high-resolution
model can simulate stronger and more frequent topographically
forced convection. This type of convection may be particularly
pronounced in spring—when moisture availability increases but
the large-scale summer monsoon circulation is not yet fully
established—potentially causing the model to transition into
the peak precipitation phase earlier than observed (Maussion
et al. 2014; Bieniek et al. 2016).

Previous studies suggested that the WRF Model tends to
overestimate the intensity of daily heavy precipitation and simu-
lates an early precipitation peak over the complex terrain of the
TP. These biases may be related to the relatively coarse hori-
zontal resolution used in the current convection-permitting

model (CPM), as well as observational uncertainties (Frei and
Schir 1998; Isotta et al. 2014). Furthermore, microphysics pa-
rameterization schemes may not be fully optimized for CPMs.
Although some microphysics schemes can achieve more realis-
tic hydrometeor distributions, they often involve substantial
tuning, and many key processes—such as droplet—droplet in-
teractions, ice particle formation, and particle size distribution
shapes—remain poorly understood. Fully realizing the poten-
tial of these schemes will require further in-depth research to
improve the numerical representation of these processes
(Prein et al. 2015).

c¢. Spatial distribution of trend in air temperature

We compared the spatial distributions of annual- and
seasonal-mean temperature trends over the TP during the pe-
riod 1980-2019 in CN05.1, WRF%m, ERAS5, and MERRA2
data (Fig. 6). The CNO5.1 dataset exhibited significant warm-
ing trends in annual- and seasonal-mean temperatures across
the entire TP, with a stronger warming trend in the northern
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region compared with that in the southern region. The WRF%m
broadly reproduced the warming pattern observed in CNO05.1,
maintaining good agreement in terms of spatial distribution
patterns and statistical significance across the TP. However,
there were seasonal and regional discrepancies. Specifically, in
DJF, the WRF9km underestimated the warming amplitude
over the central TP. On the other hand, the WRF9km spatial
pattern and warming trend in JJA aligned closely with that of
CNO05.1. The WRF%m and ERAS were highly consistent in
their temperature change signals, reflecting the inheritance by

WRF9km of large-scale trends from ERAS. Nonetheless, the
WRF9km reduced the overwarming trend of ERAS, especially
across the southern TP in DJF and the northeastern TP in
MAM, yielding simulations that were closer to CN05.1 data.
Overall, the WRF9km simulations offered a more balanced and
regionally consistent picture of temperature trends. In contrast,
the MERRAZ2 spatial pattern markedly diverged from those
of other datasets, particularly failing to capture warming
trends on the western TP. Moreover, MERRAZ2 struggled to ac-
curately simulate spatial temperature variation trends because
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FIG. 5. Spatial distributions of peak precipitation months in (a) CN05.1, (b) ERAS, (c) ERAS5-Land, and
(d) WRF9km for the period 1980-2019.
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FIG. 6. Spatial distributions of linear trends in annual- and seasonal-mean air temperatures over the TP from (a) CNO05.1, (b) WRF9%m,
(c) ERAS, and (d) MERRAZ2 for the period 1980-2019. Black dots indicate trends exceeding the 95% confidence level.

its horizontal resolution is insufficient to resolve small-scale
temperature differences caused by the complex terrain of the
TP (Wang et al. 2018). In general, the WRF9km simulated the
spatial variation trend of temperature on the TP, exhibiting
high consistency with CN05.1.

d. Spatial distribution of trend in precipitation

A comparison of the spatial distributions of annual and sea-
sonal precipitation trends over the TP for the period 1980-2019
in CNO05.1, WRF9km, ERAS, and ERAS-Land is shown in
Fig. 7. On the basis of CNO05.1 data, annual precipitation
changes over the TP exhibited marked spatial heterogeneity.
The westerlies-dominated region, i.e., western and northern TP,
exhibited a trend of significantly increasing precipitation, while
the monsoon-dominated region, i.e., southeastern TP, displayed
a decreasing trend, and the pattern was particularly pronounced
in JJA. Other seasons exhibited diverging trends. Specifically,
the overall precipitation trend in DJF was weak, MAM showed
a slight drying in the west and significant wetting in the south-
east, and SON exhibited localized wetting in the northeast but
widespread drying elsewhere. Although both ERAS and

Brought to you by Gothenburg University Library | Unauthenticated | Downloaded 08/24/26 12:13 PM UTC

ERAS-Land largely captured the broad spatial patterns of
CNO5.1, they exhibited systematic biases: a consistent overesti-
mation of drying intensity in the monsoon-dominated region
across all seasons and an exaggerated wetting trend in the
westerlies-dominated region during JJA. The general spatial pat-
terns of the WRF9%m simulation were inherited from ERAS,
but with marked improvements in trend magnitudes in key
regions, particularly a reduction in overestimated summer wet-
ting in the westerlies-dominated region and drying trends in
the monsoon-dominated region, ultimately achieving precipi-
tation change patterns more consistent with those of CN05.1.

e. Quantitative evaluation of WRF9km performance in
temperature and precipitation simulations

To evaluate the overall performance of the WRF9km over
the TP against released reference datasets, we conducted sys-
tematic comparisons with ERAS, ERAS-Land, MERRAZ2, and
TPMFD through comparative analysis of individual indicator
scores and the composite assessment scores (Fig. 8). Figure 8a
shows the detailed metric-level performance of different datasets
in depicting air temperature. MERRA?2 exhibited consistently
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FIG. 7. Spatial distributions of linear trends in annual- and seasonal-mean precipitation over the TP in (a) CNO05.1, (b) WRF%m,
(c) ERAS, and (d) ERA5-Land for the period 1980-2019. Black dots indicate trends exceeding the 95% confidence level.

outstanding performance across all evaluation indicators, faith-
fully capturing the temperature characteristics recorded in the
CNO5.1 observational data. It achieved high scores in bias, tem-
poral variation, and spatial distribution, thus making it well
suited for subsequent temperature bias analysis. The WRF9km
demonstrated comparatively robust performance in terms of
spatial and temporal correlations, while its error magnitude
metrics attained lower scores than the other datasets. As shown
in Fig. 8b, the comprehensive evaluation scores ranked as
follows: MERRA?2 was the highest, followed by TPMFD,
ERAS, WRF9km, and ERAS5-Land. This ranking indicates
that WRF9km did not yield a marked improvement in over-
all temperature representation relative to ERAS, with the
exception of its enhanced performance in capturing spatial
trends (Fig. 6).

Figures 8c and 8d depict the comprehensive evaluation of
performance in precipitation across the five datasets, revealing
that TPMFD obtained the highest overall performance, with a
total score of 24. In notable contrast to the temperature evalu-
ation, the WRF9km outperformed ERAS in representing pre-
cipitation, particularly in the error magnitude. The advantage
of the WRF9km over ERAS in capturing the spatial trends of
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precipitation can be observed in Fig. 7. These were key factors
driving its higher composite score, again indicating pronounced
improvement in precipitation simulation relative to its driving
data. However, improvements in WRF9km simulations of
temporal changes and spatial distribution patterns remain
necessary.

f- Potential causes of air temperature biases

The WRF9km simulations exhibited certain temperature biases
across the TP. To investigate the possible causes of these biases,
we compared relevant variables, such as energy fluxes, surface al-
bedo, snow cover, and cloud cover, in WRF9km and MERRA?2/
MODIS (Figs. 9-13). The WRF9%km underestimated both down-
ward longwave radiation and net SR (NSR) across most of the
TP. The spatial differences in downward radiation forcing, pri-
marily driven by net shortwave and downward longwave radia-
tion, closely resembled those in temperature (Fig. 2). Therefore,
these underestimations of downward longwave radiation and net
downward shortwave radiation were inferred to be important fac-
tors in the detected cold bias. Ground heat flux directly affects
surface temperature fluctuations by controlling the transfer, stor-
age, and release of surface energy. Compared to MERRA2, the
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WRF9%m substantially underestimated ground heat flux, partially
contributing to the cold bias.

To diagnose the cause of the shortwave radiation bias,
surface albedo from WRF9%km was compared against MERRA?2
and MODIS over the TP (Fig. 10). The analysis revealed a
widespread albedo overestimation in WRF9km, which di-
rectly explained its simulated shortwave radiation deficit.
This elevated albedo was likely attributable to an excessive
snow-cover fraction in the model, as WRF9km exhibited
greater snow cover than both MERRA?2 and MODIS across
the region (Fig. 11). Furthermore, clouds played a critical
role in the surface radiation budget by absorbing and re-
emitting longwave radiation. The WRF9km simulation
produced less high-cloud cover than MERRA2 (Fig. 12),
leading to a consequent reduction in downward longwave
radiation.

Figure 13 shows the quantitative contributions of various fac-
tors to the detected temperature biases. Surface albedo had the
highest contribution to the cold bias, accounting for 64% of the
total. Ground heat flux ranked second followed by sensible heat
and latent heat fluxes. However, the warm bias induced by
downward shortwave radiation may stem from the misrepresen-
tation of cloud-radiation processes over the TP in the model; the
WRF%m simulated reduced high-cloud cover, which allowed
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excessive shortwave radiation to reach the land surface, leading
directly to the warm bias.

In addition, some model bias may be related to the distribu-
tion of meteorological stations, especially in high mountain
areas. Meteorological stations are typically located in valleys
at lower altitudes, where temperatures tend to be higher
(Wang et al. 2016). Therefore, the high-altitude temperatures
interpolated from these stations often include high tempera-
ture values, resulting in a cold bias in the simulated values.

g. Potential causes of precipitation biases

The WRF9km simulations indicated overall wet precipitation
biases over the TP across both annual and seasonal scales com-
pared to the CNO05.1 observational dataset. However, these wet
biases were significantly smaller compared to both ERAS5 and
ERAS-Land. To investigate the causes of these biases, we
conducted a systematic comparative analysis focusing on both
near-surface land-atmosphere interactions and midtropospheric
moisture transport processes.

At the near-surface layer, we compared the annual- and
seasonal-mean wind speed at 10-m height, specific humid-
ity, and Bowen ratio between WRF9km and ERAS-Land.
Compared with ERAS, WRF9km exhibited relatively higher
10-m wind speeds, which were accompanied by enhanced
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surface turbulent exchange and sensible heat flux, leading to a
larger Bowen ratio and reduced near-surface specific humidity
(Fig. 14). These near-surface thermodynamic differences were
closely associated with reduced atmospheric moisture avail-
ability and suppressed cloud formation, although they may
also partly reflect the consequences of reduced precipitation.
Additional diagnostics further indicated that WRF9km simu-
lated consistently lower soil moisture as well as reduced sensi-
ble heat flux and latent heat flux compared to ERAS and
ERAS-Land (Figs. 16a—). The reduced latent heat flux directly
weakened the supply of moisture and latent heat to the atmo-
sphere, while the concurrent reductions in sensible and latent
heat fluxes promoted near-surface cooling and enhanced atmo-
spheric stability, thereby inhibiting convective initiation and ver-
tical moisture transport.

Thermodynamically, as noted above, the overestimated surface
albedo in WRF9km reduced surface absorption of solar radiation.
This resulting near-surface cooling increased atmospheric stability,
which, in turn, suppressed turbulent mixing and limited the verti-
cal transport of moisture to cloud-forming levels aloft (Zhang et al.
2018; Santanello et al. 2018). Together, the enhanced near-surface
drying and constrained vertical moisture transport provided a
physically consistent explanation for the reduced precipitation
simulated by WRF9km relative to the reanalyses.

In the midtroposphere, we analyzed the annual- and
seasonal-mean wind speed, specific humidity, and integrated
water vapor transport at the 500-hPa level between WRF9km
and ERAS (Fig. 15). While both datasets agreed on the domi-
nance of westerly moisture transport outside the summer mon-
soon season, notable discrepancies emerged in certain key
regions. In JJA, the summer monsoon brings warm and moist
air from the Indian Ocean into the southern TP, causing a
weakening of the westerly transport. However, a pronounced
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discrepancy appeared over the southwestern TP, where the
WRF9km simulation produced weaker southerly and south-
easterly winds than ERAS. This resulted in reduced northward
moisture transport and contributed to a distinct precipitation
reduction in the model for this region. Conversely, over the
Hengduan Mountains, WRF9km simulated stronger moisture
convergence, thereby enhancing precipitation in the southeast-
ern TP. During SON, as the monsoon retreats, westerly mois-
ture transport strengthens and reestablishes dominance. The
WRF9%km simulation accurately captured this seasonal transition
in the southern TP, shifting from a summertime southeasterly
regime to a westerly one. In contrast, ERAS maintained an
anomalous southeasterly wind pattern over the southeastern
TP. This systematic deviation in the ERAS circulation could ex-
plain its pronounced wet bias relative to the WRF9km simula-
tion during this season.

The circulation differences described above can be attributed
to the combined effects of surface thermal forcing, boundary
layer processes, and complex topography over the TP. Reduced
sensible and latent heat fluxes in WRF9km weakened the spatial
gradients of surface heating, thereby altering the intensity
and pattern of thermal forcing that drive regional circulation
(Auvissar and Schmidt 1998; Wang et al. 2022). Through bound-
ary layer mixing and vertical heat redistribution (Liu et al.
2018), these surface anomalies modulated the lower-tropospheric
thermal structure and subsequently influenced large-scale at-
mospheric circulation. In regions of complex terrain, interac-
tions between high-resolution topography and boundary layer
parameterizations further reshaped local circulations (Xu et al.
2018), affecting the efficiency of orographic lifting and the lo-
cation and strength of moisture convergence.

In addition, the precipitation differences between WRF9km
and ERAS reflected the combined effects of physical
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FIG. 10. Spatial distributions of annual- and seasonal-mean albedo obtained from (a) WRF9km, (b) MODIS, and (c) MERRAZ2, as well as
their differences from (d) WRF9km — MODIS and (¢) WRF9km — MERRAZ for the period 1980-2019.

parameterizations and reanalysis uncertainties. Inconsisten- ERAS-Land can be attributed to a coherent mechanism initi-
cies in the representation of cumulus convection and boundary  ated by a drier and colder land surface, leading to weakened
layer processes altered latent heat release and the associated at-  surface moisture and energy fluxes, enhanced atmospheric sta-
mospheric heat source, which plays a critical role in shaping cir-  bility, altered thermal forcing, and ultimately suppressed mois-
culation over the TP (Dee et al. 2011; Zhang et al. 2023).  ture convergence and uplift.

Moreover, inherent uncertainties in ERAS, particularly in data- In addition to mean-state precipitation biases, the dif-
sparse regions such as the TP, could be further amplified during ferences in precipitation trends between WRF9km and the
regional dynamical downscaling (Li et al. 2024). Overall, the re-  reanalyses were also linked to long-term changes in land—
duced precipitation bias in WRF9km relative to ERAS and atmosphere coupling. The spatial trends in soil moisture,
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FIG. 11. Spatial distributions of annual- and seasonal-mean snow cover obtained from (a) WRF9%m, (b) MODIS, and (c) MERRA2,
as well as their differences from (d) WRF9km — MODIS and (¢) WRF9%km — MERRA2 for the period 1980-2019.
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FIG. 12. Spatial distributions of the depth of cloud at different heights obtained from (a) WRF9%m and (b) MERRA?2, as well as (c) their
differences (WRF9%km — MERRA?2) for the period 1980-2019.

sensible heat flux, and latent heat flux showed pronounced
regional contrasts over the western TP, where WRF9km
exhibited a markedly weaker wetting trend in soil mois-
ture, a stronger increase in sensible heat flux, and a weaker
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FIG. 13. Quantitative contributions of different factors to air
temperature biases during the period 1980-2019. Note: SW;, =

downward shortwave radiation; LW;, = downward longwave radi-
ation; G = ground heat flux.
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rise in latent heat flux compared to ERAS5 and ERAS-
Land (Figs. 16d—f).

The weaker soil moisture trend in WRFOkm limited the
long-term increase in surface moisture availability, thereby con-
straining the increase in latent heat flux. As a result, more avail-
able surface energy was partitioned into sensible heat flux,
strengthening its increasing trend. This enhanced sensible heat-
ing promoted a warmer and drier boundary layer, suppressing
moistening of the lower troposphere—a key process for sustain-
ing precipitation increases. In contrast, the stronger soil mois-
ture and latent heat flux trends in ERAS and ERAS-Land
favored more efficient moisture and latent heat transfer to the
atmosphere, supporting a more wetting trend in precipitation.

From a dynamical perspective, divergent trends in surface en-
ergy partitioning also imply different evolutions of surface ther-
mal forcing. In WRF9%m, the intensified sensible heating altered
the long-term thermal contrast between the western TP and sur-
rounding regions, which could weaken the trend in moisture con-
vergence and orographic uplift. This limited the increase in
precipitation over time, particularly in the western TP where pre-
cipitation is highly sensitive to land-atmosphere feedbacks. Con-
versely, the reanalyses, with stronger latent heat flux and soil
moisture trends, maintained more favorable conditions for mois-
ture convergence and uplift, yielding a stronger wetting trend.
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FIG. 14. Spatial distributions of annual- and seasonal-mean water vapor transport [vectors; kg (m s~ ') "] and specific humidity (g kg ')
at 10 m obtained from (a) WRF%m and (b) ERAS-Land, and Bowen ratio 8 from (d) WRF9km and (¢) ERAS-Land, as well as (c) the
differences in specific humidity (g kg™ !) between WRF9km and ERA5-Land during the period 1980-2019.

Overall, the weaker precipitation wetting trend in WRF9%km
over the western TP can be attributed to a self-consistent
land-atmosphere feedback mechanism, characterized by muted
soil moisture increase, reduced latent heat flux trend, and en-
hanced sensible heating trend. These processes collectively sup-
pressed the long-term intensification of atmospheric moistening
and moisture convergence, providing a physically consistent
explanation for the precipitation trend differences between
WRF9km and ERAS5/ERAS-Land.

4. Discussion

Our study reveals that the WRF9%km exhibits cold and wet
biases in simulating temperature and precipitation across the
TP; these are closely related to the model resolution, physical
processes, external moisture transport simulations, and treat-
ment of topography. Although the WRF9%m performs well in
simulating temperature and precipitation over the TP relative
to commonly used datasets, notable differences persist in mag-
nitude, trend patterns, and spatial variability relative to obser-
vations, highlighting the need for substantial improvements in
the simulation of both variables.

The quantitative evaluation unequivocally demonstrates the
superior performance of the WRF9%m configuration in simu-
lating JJA precipitation over the TP compared to ERAS. A
pivotal finding of this study is the substantial reduction (79%)
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in the domain-averaged wet bias compared to the driving
ERAS reanalysis data. Jiang et al. (2024) evaluated the daily av-
erage precipitation over the TP using kilometer-scale simula-
tions and found that such high-resolution simulations effectively
reduced the summer wet bias but even led to a slight underesti-
mation. Ding et al. (2023) conducted simulations for East Asia
with the Icosahedral Nonhydrostatic (ICON)-CPM model, com-
paring CPM against traditional parameterized convection across
various resolutions. Their results confirmed CPM’s superior per-
formance in simulating precipitation characteristics, with further
improvements in precipitation rate, spatial extent, and flux met-
rics when the grid spacing was refined to approximately 4 km.
Similarly, Li et al. (2021) conducted a TP-wide CPM experiment
at a grid spacing of 4 km and contrasted its summer perfor-
mance with two coarser mesoscale models (13 and 35 km). The
CPM eliminated spurious afternoon rainfall, thereby signifi-
cantly reducing the wet bias present in the coarser simulations.
The better-resolved orography in high-resolution models is a
key factor in improving precipitation simulation over the com-
plex terrain of the TP. In summary, our results underscore the
efficacy of CPM in significantly reducing precipitation wet bias
over the TP. The specific quantitative improvements and mecha-
nistic analysis provided herein pave the way for more refined
and accurate precipitation simulations.

MERRAZ2 performs poorly in terms of temperature and
precipitation trend simulations; this may be related to the
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FIG. 15. Spatial distributions of annual- and seasonal-mean water vapor transport [vectors; kg (m s~') '] and specific humidity (g kg™ ")
at 500 hPa obtained from (a) WRF9km and (b) ERAS5, and (c) the differences in specific humidity (g kg~ ') between WRF9km and

ERAS5 during the period 1980-2019.

data generation process. The data assimilation system and
land surface model employed in MERRA?2 oversimplify criti-
cal factors such as land cover, local circulation, and aerosol—
cloud interactions; this leads to systematic biases in simulating
the spatial heterogeneity of energy budgets, ultimately under-
mining the reliability of regional temperature and precipita-
tion gradients and variation trends (Wen et al. 2022).

While CPM at kilometer-scale resolutions have been demon-
strated to significantly improve summer precipitation simula-
tions over the TP—effectively reducing wet bias by better
representing moisture transport and uplift processes (Jiang
et al. 2024; Li et al. 2021) and even outperforming traditional
parameterized convection in multiple aspects (Ou et al. 2023)—
our WRF9km simulations reveal a more complex reality: Im-
proved precipitation performance does not translate to better
snow simulation as expected. The primary reason lies in a
strong counteracting mechanism driven by a pronounced cold
bias originating from excessively high surface albedo. This overes-
timated albedo significantly limits shortwave radiation absorption
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at the surface, thereby strongly suppressing snow ablation. As a
result, although improved precipitation reduces wet bias, it
simultaneously diminishes snow accumulation. These two
opposing effects ultimately offset each other, resulting in no
net improvement in simulated snow depth and snow cover.
This indicates that the main shortcoming of the current
model lies in the snow-ice—albedo feedback mechanism and
that optimizing the snow albedo parameterization scheme
will be essential for achieving future breakthroughs in snow
simulation (Liu et al. 2022).

In the analysis of the month of peak precipitation, peak pre-
cipitation occurred later on the southwestern TP than in other
regions for four datasets. This may be because during June—
July, the South Asian monsoon makes landfall over the Indian
Peninsula; thus, moisture can be transported to the southeast-
ern TP, leading to strong moisture flux convergence and a pre-
cipitation peak across this region. However, owing to the
topographic obstruction of the Himalayas, the South Asian
monsoon must accumulate kinetic energy to rise over the high



1 MAY 2026 LIET AL. 2327
(2) SM (b) SHF (¢) LHF (d) Trend-SM (¢) Trend-SHF () Trend-LHF
i
4N N «r.\" a
= N SN, SN
T \
3 . '
0°N 0N 0N
# \
5N SN SN
SO’k WE 100°E S0°F KW°F 100°F S0°F 9°F 100°F
40N N
“
< 38N SN
= aeN 0N ¢ ~ 0N
Sy "\'v‘“‘\,- &
25N 28N SN
SE 90h 1007 S 90T 00T
4N N o N
=1 8 p
2 2 o,
R N L I8N
@ o !
< 30N N e . 0N
& Sy N
w . ¥
N SN SN . . = 25N T SE  WE 10E
SOE 90E 100 S°E 90E  100°E SCE 90°E  I06°E WE _WE __I0UE SE  O°E  10E SYE__ NE 1008
T T T . [ | | |
s 175 W m? 120 60 0 60 120w m? -0.02 0.00 0.02 300 000 600 -1.00 000 6.00

02 04 06 08 m' m’ L]

m* m~ decade ™! Wmdecade ™! Wm2decade!

FI1G. 16. (a)—(c) Spatial distributions and (d)—(f) linear trends of SM, SHF, and LHF over the TP for the period 1980-2019 from WRF9%m,
ERAS, and ERA5-Land. Black dots indicate that trends exceed the 95% confidence level.

mountains. Only in August, when the monsoon circulation at-
tains peak intensity, can moist air penetrate the orographic
barrier and form strong moisture convergence across the lee-
ward southwestern TP region. WRF9%km shows obvious spatial
heterogeneity in the northwestern TP, and the peak precipita-
tion months occur during MAM. This simulated peak month
may not be spurious but rather an “added value,” because the
high-resolution WRF9%m simulation can resolve terrain-driven
micrometeorological processes (Ou et al. 2023). Domain size is
also a key factor for RCMs (Prein et al. 2023); the domain of
the WRF9km experiment covers major atmospheric dynamic
systems, including the westerlies and Asian monsoons, enabling
better capturing of low-level winds and summer precipitation
over the TP (Ou et al. 2023). Therefore, the peak precipitation
month distribution in the WRF9km simulation reflects the en-
hanced capacity of the model to resolve topographic features
and appropriate domain configuration in capturing regional wa-
ter vapor transport variability. In the northwestern TP, the
WRF9%km model accurately represents the spring precipitation
peak documented in CN05.1. Despite this agreement, the simu-
lated peak occurs earlier than observed, highlighting a need for
more detailed research into the underlying model physics.

For the land surface temperature decomposition, we ap-
plied the first-order approximation, assuming a constant land
surface emissivity (¢ = 1.0) for consistency with prior studies
(e.g., Juang et al. 2007; Li et al. 2024). Acknowledging that this
neglects actual ¢ variations and associated uncertainties, we ar-
gue that the approach remains valid for achieving the study’s pri-
mary objective: quantifying the relative contributions of major
energy balance components. Future research that incorporates
more accurate and spatiotemporally higher-resolution emissivity
data would further enhance the accuracy of the related estimates.
Additionally, regarding the model configuration, it should be
clarified that the WRF9km simulation, driven by 3-hourly ERAS
data, deviated from the initial experimental design, and spectral
nudging was not active due to a technical configuration issue. A
subsequent investigation (Ou et al. 2025) revealed that
while both the simulations with and without spectral
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nudging reproduce broadly consistent spatial patterns of wind
vectors at 500 hPa and precipitation in summer, spectral nudging
performs better in mitigating the existing wind speed and wet
biases. Consequently, the WRF9km results presented herein are
based on a free simulation without large-scale nudging, which
should be considered when interpreting the model’s internal var-
iability and its departure from the driving fields.

We also find substantial dry biases across the southwestern
interior of the TP, which may be related to the resolution of
the WRF9km model. The 9-km horizontal resolution, while in-
formative, somewhat limits the accurate representation of the
steep terrain on the southern edge of the TP. Consequently,
some complex moisture features may not be fully captured.
With increasing resolution, the characterization of moisture
transport and precipitation formation should become more re-
alistic (Zhou et al. 2023). Looking ahead, a more comprehen-
sive evaluation that includes additional variables—such as soil
temperature, soil moisture, and land-atmosphere interaction
processes—is essential. Such efforts, especially through the in-
tegration of in situ and remote sensing data within CPM
frameworks, hold strong potential to yield more reliable and
physically coherent precipitation estimates over the TP (Gao
et al. 2022; Lin et al. 2018).

5. Conclusions

In this study, we used multisource data to synthetically and
quantitatively evaluate the performance of WRF9%m climate
simulations across the TP during the period 1980-2019. The
WRF%m model performed reasonably well in simulating the
spatial distribution of temperature, with a spatial correlation co-
efficient exceeding 0.86, although there was a cold bias of approx-
imately —2.06°C. This cold bias may be related to downward
radiation bias and underestimated ground heat flux; the greatest
contribution to the cold bias (64%) came from the overestima-
tion of albedo. We attributed the underestimation of downward
longwave radiation to the underestimation of high-level cloud
cover, while the overestimation of surface albedo was associated
with an overestimation of snow cover.
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Both CNO05.1 and WRF9km data exhibited a significant
warming trend across all seasons, but the spatial distribution of
this trend differed between datasets, with the simulated warming
trend generally being of a smaller magnitude than that of the
CNO5.1 observations in most areas. Compared with ERAS, the
WRF9%m substantially reduced the bias in the warming trend
across the northern and southwestern TP.

The WRF9km also effectively captured the observed spatial
distribution patterns of precipitation, albeit with pronounced
spatially heterogeneous biases. The bias pattern was character-
ized by overestimation on the southern and eastern TP slopes
and underestimation across the interior, particularly in the west-
ern TP, with the largest biases in JJA. These precipitation biases
were associated not only with differences in wind fields and
moisture transport but also with variations in near-surface land—
atmosphere interactions. By increasing resolution and turning
off the cumulus parameterization scheme, the WRF9km better
resolved convective processes and land surface—atmosphere in-
teractions over the TP than the driving ERAS data, leading to a
mean decrease of 79% in the wet bias. Although both the
WRF9km and ERAS exhibited spatially opposing trends rela-
tive to CNO05.1 observations, the WRF9km simulation demon-
strated improved performance relative to the ERAS driving
data. This improvement was particularly pronounced on the
southern TP across all seasons, where the overestimated
drying trend in ERAS was notably moderated through dy-
namic downscaling.

Compared with other datasets commonly used across the
TP, the WRF9%km performed well in simulating the spatial dis-
tribution of temperature and precipitation; however, it exhib-
ited poor accuracy against CNO5.1 observations in terms of
magnitude (bias), spatial variability, and temporal variability.
For comprehensive performance, WRF9km ranked fourth in
temperature (outperforming ERAS5-Land) and second in pre-
cipitation (surpassing ERAS, ERAS5-Land, and MERRA?2).
To further improve the simulation accuracy of the WRF9km
model, future research directions should focus on refining the
snow-cover albedo scheme and the quality of the driving data.
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