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Abstract

Accurate surface wind speed data are vital for atmospheric science, climatology, and energy
applications. European Centre for Medium-Range Weather Forecasts Reanalysis v.5 (ERA5),
as one of the most widely used global reanalysis datasets, has insufficient assessment of
its applicability across diverse landform types. Using the gridded observational dataset
over China (CN05.1) and the Global Basic Landform Units dataset, this study evaluated
the surface wind speed data from ERA5 over various altitudinal zones and undulating
terrains in China via root-mean-square differences (RMSD) and mean absolute percentage
error (MAPE) against CN05.1 observations. Results reveal significant regional variations,
with ERAS5 effectively capturing the spatial distribution of mean wind speeds but system-
atically underestimating magnitudes, particularly in plateau and mountainous regions.
ERADS reanalysis fails to reproduce the observed altitudinal increase in surface wind speed.
Elevation-dependent biases are prominent, with RMSD and MAPE increasing from low-
altitude to high-altitude areas. Terrain complexity exacerbates errors, showing maximum
deviations in high-relief mountains and minimum deviations in hilly regions. These bi-
ases evolve seasonally, peaking in spring and reaching minima in winter. In summary,
discrepancies between observations and ERA5 vary with altitude, topographic relief, and
season. The most significant deviations occur for spring surface winds in high-altitude,
high-relief mountains, with mean RMSD reaching 3.3 m/s and MAPE 553%. The findings
highlight the limitations of ERA5 reanalysis data in scientific and operational contexts over
complex terrains.

Keywords: ERA5; complex terrains; wind speed; landforms; error quantification

1. Introduction

Surface wind speed is a critical parameter in atmospheric dynamics, climate studies,
and renewable energy applications [1-3]. Changes in surface wind speed have profound im-
pacts on regional evapotranspiration [1,4], hydrological conditions [5], air pollution [2,6-8],
strong dust storm events [9], as well as wind energy production [3,10-12]. Consequently, it
is important to represent the variation in surface wind speed accurately.

Changes in surface wind speed are driven by multi-scale physical processes, including
atmospheric circulation anomalies [13-18], land use and cover change [19-22], aerosol-
induced pollution effects [23-25], and instrumentation biases [26-28]. Crucially, the magni-
tude and spatial heterogeneity of these changes exhibit strong modulation by landform
characteristics, particularly in topographically complex regions [29-34]. In complex terrain,
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synoptic winds undergo significant modifications through topographic interactions and
surface-forced local circulations. Terrain elevation variation (characterized by the Laplacian
of elevation) and slope (represented by mean square slope) are the two dominant factors
governing surface wind speed variability in complex terrain [35]. Therefore, accurate repre-
sentation of wind fields is particularly challenging over regions with complex topography,
where local terrain effects significantly modify atmospheric flow patterns [36,37].

The ERAS is the latest generation of global reanalysis dataset produced by the Eu-
ropean Centre for Medium-Range Weather Forecasts (ECMWF). Compared to its prede-
cessor ERA-Interim, ERA5 provides significantly enhanced spatial and temporal resolu-
tion, delivering hourly estimates of atmospheric, terrestrial, and oceanic climate variables.
Furthermore, it features improved representations of tropospheric and stratospheric pro-
cesses [38—41]. This dataset has become a widely adopted resource for regional and global
climate change research as well as wind energy studies [42-49]. However, despite its global
coverage and advanced data assimilation system, ERA5’s performance across diverse to-
pographic regimes—particularly in complex terrains like China—remains insufficiently
validated against high-altitude measurements [50-52]. The vast territory of China encom-
passes extreme elevation gradients from the Tibetan Plateau (>4000 m) to coastal plains,
creating substantial challenges for reanalysis products [53,54]. Previous evaluations have
identified systematic biases in ERA5 wind speeds, but these studies have typically focused
on either limited geographic regions or failed to account for topographic complexity [55-59].
Notably, the interaction between elevation-dependent errors and terrain-induced wind
modifications remains poorly quantified, despite its importance for climate change research
and wind resource assessment.

This study presents a comprehensive evaluation of ERA5 surface wind speed data
across the full topographic spectrum of China, addressing three key knowledge gaps: What
are the simulation biases of wind speed over different terrains and landforms in ERA5
reanalysis data? How do these biases evolve seasonally? What is the quantitative impact of
terrain complexity on reanalysis accuracy? By linking error patterns to topographic and
seasonal drivers, this work not only advances the physical understanding of reanalysis
limitations but also provides actionable guidelines for data users across climate science,
renewable energy, and operational meteorology.

2. Data and Methods

2.1. Datasets
2.1.1. CNO05.1 Gridded Observational Dataset

This study employs surface elevation data and the monthly mean 10 m wind speed
observational datasets from CNO05.1 [60], a high-resolution (0.25° x 0.25°) gridded product
spanning 1961-2018. The dataset is derived from quality-controlled daily averages of fixed-
time observation data at 2416 meteorological stations across China [61]. An anomaly-based
interpolation scheme was utilized in the CN05.1 dataset to convert station data to grid
format, consistent with the methodology employed in the Climatic Research Unit (CRU)
dataset [62]. This two-stage procedure involves: (1) constructing a baseline climatological
field through thin-plate smoothing spline interpolation, followed by (2) interpolating daily
station anomalies to the grid using angular distance weighting. The final product is gener-
ated by superimposing the daily anomaly field onto the climatological background [63].
Spline functions used for spatial interpolation can incorporate covariate sub-models, such
as considering how physical quantities vary with elevation. The CNO5 dataset utilizes
longitude and latitude as independent variables in thin-plate splines, with elevation as a
covariate, to interpolate climatic fields [60]. Spline interpolation demonstrates robustness
when handling sparse or irregularly distributed data points [62]. For anomaly fields, the
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angular distance weighting method is employed, where grid-point values are derived
from station observations weighted by both angular separation and distance from the
grid point [60]. Previous comparative studies of interpolation methods have demon-
strated that these two approaches yield optimally gridded results [62]. Additionally, the
Parameter-Elevation Regressions on Independent Slopes Model (PRISM) was applied
during interpolation to perform terrain correction [60]. The dataset is available from
https://ccrc.iap.ac.cn/resource/ (accessed on 21 September 2024). CN05.1 is considered
the optimal gridded dataset for characterizing wind speed over mainland China under
multifactorial constraints, with a Root Mean Square Error of approximately 0.595 m/s when
validated against in-situ observations [64]. It has been extensively employed to validate
surface wind speed estimates across China [51,65,66], including regions with complex
topography such as the Tibetan Plateau [67,68], and demonstrates spatial distributions and
temporal variations consistent with independent wind observations [66].

2.1.2. Global Landform Data

Global basic landform units datasets provided by Yangtze River Delta Science Data
Center, National Earth System Science Data Sharing Infrastructure, National Science and
Technology Infrastructure of China are used in this study. The data were developed through
further processing of publicly available FABDEM (Forest and Buildings removed Coper-
nicus DEM), AW3D30 (ALOS World 3D-30m), and REMA (Reference Elevation Model
of Antarctica-32m) datasets by researchers from the School of Geographical Science at
Nanjing Normal University and the Institute of Geographic Sciences and Natural Resources
Research, Chinese Academy of Sciences [69]. The dataset employs a novel terrain relief
index proposed by the research team, coupled with innovative slope-cost distance analysis
methods, to achieve classification of fundamental geomorphological types. The dataset is
available from http://geodata.nnu.edu.cn (accessed on 20 January 2025), with a horizonal
resolution of 30 m. This dataset has been extensively utilized in geomorphological stud-
ies, environmental assessments, ecological evaluations, and geographic process analyses,
demonstrating robust application performance [70-73].

2.1.3. ERA5 Reanalysis Dataset

ERADJ is the fifth-generation reanalysis developed at the ECMWE. The product delivers
hourly outputs for multiple atmospheric, oceanographic, and land surface parameters [38].
The ERAS reanalysis system provides complete global coverage through a 137-layer ver-
tical structure extending from the surface to 0.01 hPa (approximately 80 km in altitude).
While the native spectral resolution of the model operates at 0.28125° (~31 km), the op-
erational data products are systematically interpolated to a standardized 0.25° x 0.25°
latitude-longitude grid [74]. This latest generation demonstrates significant improve-
ments in horizontal and vertical resolution, along with a refined time step, compared to its
predecessors ERA-40 [75] and ERA-Interim [76].

2.2. Methods

Surface wind speed at each grid point is computed as the magnitude of the horizontal

uwsp = Vu?+0? 1

wind vector:
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where 1 and v represent the eastward and northward components, respectively. The nearest-
neighbor interpolation method is used to extract physical variable values across different
landforms from both observational and reanalysis data.

Root-mean-square differences (RMSD) between ERAS reanalysis and CN05.1 obser-
vational data are quantified across major landform types during 1961-2018 to assess the
consistency of ERA5 with in situ measurements. RMSD is computed as:

N (Xopsi — XerAs1)
RMSD = \/211( obs,1n ERAS5, ) (2)

To assess the accuracy of ERA5 reanalysis, we also compute the mean absolute per-
centage error (MAPE) between the reanalysis data and observations. This metric, widely
adopted for evaluating model performance, quantifies the average percentage deviation
through the following ratio [77-79]:

MAPE — Ly |Xobsi — XeRasi
Xobs,i

:100% 3
N 3)

N in Equations (2) and (3) denotes the sample size, and X, ; and Xgras,; represent
the i-th observational and reanalysis values, respectively. MAPE is typically employed to
quantify deviation from observations, while RMSD serves as a measure of result disper-
sion [80]. The smaller the RMSD and MAPE values, the higher the accuracy of the ERA5
reanalysis data.

Meanwhile, linear regression analysis and Spearman rank-order correlation were
employed to quantify the relationship between two physical variables.

3. Results
3.1. Spatial Heterogeneity of Wind Speed Biases

Figure 1 presents a comparison between the spatial distribution of ERA5 surface wind
speed climatology and observations over China. Surface wind speed averaged across China
exhibits significant regional variations. On average, observational data show that regions
including the western Tibetan Plateau, northern Inner Mongolia, northern Xinjiang and
Gansu, and parts of the three northeastern provinces exhibit relatively higher wind speeds,
whereas areas such as eastern Sichuan, Chongqing, Guizhou, and Hunan demonstrate
lower wind speeds (Figure 1a). The ERAS5 reanalysis data effectively captures the spatial
distribution characteristics of average surface wind speed across China (Figure 1b), with a
spatial correlation coefficient of 0.491 (p < 0.01). However, the ERA5 data tend to underesti-
mate the average surface wind speed in most parts of China compared to observational
data (Figure 1c), particularly in the western Tibetan Plateau, northern Inner Mongolia and
Gansu, western parts of the three northeastern provinces, and western Sichuan, where
the discrepancies between ERA5-derived surface wind speeds and observational data are
more pronounced, with larger RMSD (Figure 1d). Thus, ERA5 systematically underesti-
mates surface wind speed across China, especially in high-elevation regions with complex
topography, such as Xizang, Qinghai, and western Sichuan (Figure 1c,e).
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Figure 1. Maps of mean 10 m annual wind speed (1961-2018) for (a) observations, (b) ERA5 reanalysis,
(c) differences between ERAS5 and observations, (d) the root-mean-square differences (RMSD) of
CNO05.1 and ERA5 data, and (e) altitude.

3.2. Elevation-Dependent Error Patterns

To evaluate the performance of ERA5 surface wind speed data across different terrains
in China, we classified regions into three categories based on elevation: low-altitude areas
(elevation < 1000 m), mid-altitude areas (elevation > 1000 m but <3500 m), and high-
altitude areas (elevation > 3500 m). Surface wind speed differences between observations
and ERAD reanalysis data covering the period of 19612018 across elevation zones were
analyzed here, including their seasonality. To examine terrain-related variations, Figure 2
presents a scatterplot of mean wind speeds for each elevation zone, where individual grid
cells are represented by colored dots according to their elevation classification. The ERA5
reanalysis data generally underestimate observed wind speeds across all elevation zones,
with deviations from the diagonal line becoming more pronounced at higher altitudes
(Figure 2a). In the observations, higher wind speeds are typically observed in high-altitude
regions compared to low-altitude areas (Figure 2b). Observed wind speeds in low-altitude
regions have a median value (p50) of approximately 2.4 m/s, while the median wind
speeds in the middle- and high-altitude regions are about 2.8 m/s and 4.2 m/s, respectively
(Figure 2b). ERAS5 reanalysis data systematically underestimate observed wind speeds
and fail to reproduce their elevation-dependent pattern, with median wind speeds of
1.2 m/s (low-altitude), 1.1 m/s (middle-altitude), and 1.5 m/s (high-altitude regions),
respectively (Figure 2b).

To further investigate the geographical characteristics and underlying deviations of
the observed spatial pattern, we plotted mean surface wind speed against elevation for
each grid cell (Figure 3). The results clearly demonstrate a positive elevation-wind speed
relationship in observations, with a statistically significant correlation coefficient of 0.463
(p < 0.05) between mean wind speed and altitude across China (Figure 3a). However, ERA5
reanalysis shows a statistically significant negative dependence of wind speed on elevation
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(R = —0.498, p < 0.01; Figure 3b), revealing a fundamental limitation in mountainous
region representation.
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Figure 2. (a) Comparison of 1961-2018 mean 10 m wind speed between CNO05.1 observations and
ERADJ reanalysis for three elevation zones: low (<1000 m), middle (1000-3500 m), and high (>3500 m).
(b) Mean 10 m wind speed from CNO05.1 observations and ERA5 reanalysis, averaged across three
elevation zones. Boxplots show the 25th and 75th percentiles (box limits), median (central line), and
full data range (whiskers: minimum to maximum values).
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Figure 3. Scatter plots of 1961-2018 mean surface wind speed versus elevation across China:
(a) observational data and (b) ERA5 reanalysis data.

The failure of ERA5 reanalysis to capture the altitudinal variation of wind speed
may indicate greater biases in high-elevation regions. Figure 4 analyzes the RMSD and
MAPE between observational data and ERAS reanalysis across three elevation zones over
the period of 1961-2018. On average, RMSD exhibits a pronounced altitudinal gradient,
with median values increasing from 1.3 m/s in low-elevation areas (<1000 m) to 2.6 m/s
in high-altitude regions (>3500 m) (Figure 4a). Similarly, MAPE increases with altitude,
showing median values of 97% at low elevations, 147% at middle elevations (1000-3500 m),
and 177% in high-altitude zones (Figure 4b).

The relationships between RMSD/MAPE and altitude across China were analyzed
to quantify the elevation-dependent deviations between ERA5 reanalysis and CNO05.1
observations over the period of 1961-2018 (Figure 5). In general, the higher the altitude, the
larger the RMSD (Figure 5a) and MAPE (Figure 5b) values between observed data and ERA5
analysis data across China. The correlation coefficients between altitude and RMSD/MAPE
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are 0.491 (p < 0.01) and 0.345 (p < 0.01), respectively. These elevation-dependent increases
in both RMSD and MAPE indicate that ERA5 reanalysis demonstrates greater deviations
from CNO05.1 observations in topographically complex high-terrain environments.
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Figure 4. (a) Median RMSD and (b) mean absolute percentage error (MAPE) between CNO05.1 and
ERADJ data covering the period of 1961-2018 across three elevation zones: low (<1000 m), middle
(1000-3500 m), and high (>3500 m). Error bars indicate the interquartile range (25th—75th percentiles).
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Figure 5. Elevation-dependent deviations between CN05.1 observations and ERA5 reanalysis over
the period of 1961-2018 across China: (a) RMSD; (b) MAPE.

Seasonal surface wind speeds in ERA5 exhibit consistent elevation-dependent biases,
with larger deviations in spring/summer and smaller deviations in autumn/winter across
all elevation zones (Figure 6). The maximum RMSD occurs in high-altitude regions during
spring (mean: 3.3 m/s), while the minimum appears in low-altitude regions during winter
(mean: 1.0 m/s) (Figure 6a). For MAPE, peak values occur in high-altitude regions during
summer (mean: 412%), contrasting with winter minima in low-altitude regions (mean:
103%) (Figure 6b). This seasonal discrepancy between RMSD (spring peak) and MAPE
(summer peak) may stem from differences in mean wind speed magnitudes between
seasons. In summary, ERA5 demonstrates relatively accurate characterization of surface
wind speeds in low-altitude regions, particularly during autumn and winter, but shows
significant deficiencies in high-altitude areas, especially in spring and summer.
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Figure 6. Seasonal (a) RMSD and (b) MAPE between CNO05.1 observations and ERA5 reanalysis data,
stratified by three elevation zones: low (<1000 m), mid-altitude (1000-3500 m), and high (>3500 m).
Seasons: DJF (December-January—February), MAM (March-April-May), JJA (June-July—August),
SON (September—-October-November).

3.3. Terrain-Induced Variability Analysis

Furthermore, we evaluated the applicability of ERA5 surface wind speed data across
five relief-based terrain classes: plains, hills, low-relief mountains, medium-relief moun-
tains, and high-relief mountains, to assess terrain-induced variability in bias metrics. The
ERADJ reanalysis data demonstrate significantly larger wind speed errors in topographically
complex mountainous areas compared to relatively flat plains and hills, as evidenced by
their stronger deviations from the diagonal line (Figure 7a).
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Figure 7. (a) Comparison of mean 10-m wind speed between CNO05.1 observations and ERA5
reanalysis for five relief-based terrain classes: plains, hills, and mountains with low, medium, and
high relief. (b) Mean 10 m wind speed from CNO05.1 observations and ERA5 reanalysis, averaged
across five relief-based terrain classes. Boxplots show the 25th and 75th percentiles (box limits),
median (central line), and full data range (whiskers: minimum to maximum values).
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On average, observational data show that plains generally exhibit higher mean wind
speeds than hilly areas, with median values of 3.0 m/s (plains) versus 2.6 m/s (hills). ERA5
reanalysis data successfully capture the characteristic pattern of higher wind speeds in
plains relative to hills, albeit with systematic underestimation. Median wind speeds are
1.4 m/s (plains) versus 1.3 m/s (hills) in the reanalysis data (Figure 7b). Regarding moun-
tainous areas with varying relief, observational data demonstrate that greater topographic
relief correlates with stronger surface wind speeds, with median values increasing from
2.5 m/s (low-relief) to 3.0 m/s (high-relief). In contrast to observations, the ERA5 reanalysis
shows lower wind speeds in high-relief mountains compared to low-relief mountainous
areas, with median values of 0.7 m/s versus 1.0 m/s, respectively (Figure 7b). Therefore,
ERAS5 systematically fails to accurately capture the variations of surface wind speed across
diverse undulating terrains.

Accordingly, ERA5 exhibits larger errors in plain areas than in hilly areas. The median
RMSD and MAPE in plains are 1.7 m/s and 117%, respectively, both exceeding those
in hilly regions (median RMSD: 1.4 m/s; median MAPE: 110%). Both RMSD and MAPE
between observations and ERA5 data peak in high-relief mountainous areas (median RMSD:
2.2 m/s; median MAPE: 336%), significantly exceeding values in low-relief regions (median
RMSD: 1.4 m/s; median MAPE: 140%) (Figure 8). This pronounced contrast underscores
the limitations of ERA5 in simulating wind dynamics over steep terrain. These maximal
RMSD (Figure 8a) and MAPE (Figure 8b) values over high-relief terrain may indicate that
ERAD systematically underestimates orographic wind enhancement and poorly represents
slope-induced accelerations [81-83].
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Figure 8. (a) RMSD and (b) MAPE between CNO05.1 and ERAS data over the period of 1961-2018
across five relief-based terrain classes: plains, hills, low-relief mountains, medium-relief mountains,
and high-relief mountains. Error bars indicate the interquartile range (25th-75th percentiles).

Regarding seasonal wind speeds, ERA5 exhibits relatively small biases over plains,
hills, and low-relief mountains, but shows larger deviations in medium- and high-relief
mountainous areas. The most significant biases occur in high-relief mountains during
spring (mean RMSD: 2.9 m/s, Figure 9a; mean MAPE: 553%, Figure 9b), whereas the small-
est deviations are found in hilly regions during winter (mean RMSD: 1.3 m/s, Figure 9a;
mean MAPE: 106%, Figure 9b). Consequently, ERA5 exhibits significant deficiencies
in representing wind fields across complex topography, particularly during spring and
summer seasons.
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Figure 9. Seasonal (a) RMSD and (b) MAPE between CNO05.1 observations and ERA5 reanalysis
data, stratified by five relief-based terrain classes: plains, hills, and low-, medium-, and high-
relief mountains.

4. Conclusions

Evaluating the applicability of ERA5 reanalysis data across complex terrains in China
is of great significance for atmospheric science, climatology, and energy applications.
While ERAS successfully reproduces the macro-scale spatial distribution of surface winds,
systematic underestimations prevail, particularly in plateau and mountainous regions.
ERADS exhibits smaller biases in low- and mid-altitude regions but significantly larger biases
in high-altitude areas, with error metrics demonstrating strong elevation dependence.
Hence, ERAS fails to accurately represent elevation-driven variations in surface wind
speed. Regarding terrain complexity, ERA5 shows minor biases in plains and hilly areas
(with hills displaying the smallest errors), whereas substantial errors occur in high-relief
mountains compared to low-relief mountains. Among all undulating terrains, high-relief
mountains exhibit the maximum bias, while hills show the minimum, revealing limitations
in orographic flow representation.

Collectively, ERA5 surface wind speed data remain applicable for analyzing clima-
tological spatial distributions across China—particularly over low-to-moderate elevation
plains, hills, and low-relief mountains. However, they exhibit significant deficiencies in
capturing wind fields within complex topography, especially in high-altitude zones and
high-relief mountains, where the RMSD exceeds 2 m/s for both regions. These deficiencies
are seasonally amplified, peaking most prominently during spring and summer.

These findings establish a critical benchmark for reanalysis applications in complex
terrain and provide actionable insights for improving next-generation climate models. The
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demonstrated elevation- and relief-dependent errors underscore the necessity of terrain-
aware utilization of ERA5 products in scientific and operational contexts.

5. Discussion
5.1. Reasons for ERA5’s Failure to Capture Orographic Effects

ERADJ tends to underestimate surface wind speed in regions with complex topography,
which agrees with previous studies [52,84]. The fundamental reasons mainly stem from
inadequately resolved topographic features and the parameterization of orographic drag
within the model [85]. Due to inherent spatial discretization in atmospheric models,
surface properties such as orography undergo inevitable smoothing [86]. This topographic
approximation introduces significant inaccuracies in mountainous regions, where subgrid
heterogeneity—driven by unresolved valleys and ridges—dominates local flow dynamics.
Such unresolved terrain features systematically bias wind simulations across complex
terrains through distortions in momentum transport and thermal forcing [86].

Meanwhile, ERA products such as ERA-Interim and ERA5 exclude near-surface wind
observations over land during data assimilation, as these cannot be effectively utilized.
Instead, wind profiles from radiosondes, aircraft, satellites, and other sources provide
vertical input data over land surfaces [38,76]. It might also affect wind accuracy in ERA5.

To achieve precise wind speed assessments, reanalysis data can be integrated into com-
putational fluid dynamics models for downscaling complex flows generated by local terrain
features [87,88]. Meanwhile, significant improvements are particularly evident in moun-
tainous regions when station elevation differences are incorporated into parameterization
schemes [89].

5.2. Limitations and Outlook

While this study quantifies elevation- and terrain-dependent biases in ERA5 surface
winds over China, several limitations warrant attention. First, to facilitate direct compari-
son against ERAS reanalysis data, the gridded observational product CNO05.1 is utilized
throughout this work. As documented in prior studies [60,90], CN05.1 demonstrates robust
agreement with in situ observations across eastern China, where station density is high.
While interpolation uncertainty exists in western regions due to sparser observational
coverage, CN05.1 remains the optimal gridded dataset for characterizing wind speed
over mainland China, with an RMSD of 0.595 m/s [64]. CN05.1 continues to serve as the
most widely used benchmark for climate model validation in China owing to its homog-
enized quality control, temporal coverage, and peer-reviewed methodology. Although
this study leverages the spatially homogeneous CN05.1 dataset for systematic evaluation,
high-elevation field measurements remain indispensable for resolving fine-scale processes
in topographically complex regions. Future work should prioritize acquiring in-situ obser-
vations across western China’s mountainous terrain (e.g., the Tibetan Plateau) to advance
our understanding of orographic wind mechanisms—particularly where gridded products
exhibit higher uncertainty due to sparse station coverage. Such targeted validation would
elucidate interactions between synoptic-scale circulations and local topography, ultimately
refining model representations of boundary-layer dynamics.

Second, it is important to acknowledge a key limitation inherent in our comparative
methodology: the temporal resolution of the datasets employed. Both the ERA5 reanal-
ysis and the CNO05.1 observational dataset used in this evaluation were analyzed at a
monthly-mean resolution. Given the significant sub-monthly variability in surface wind
speeds—particularly in complex terrains like plateaus and mountains where local thermal
circulations, downslope/valley winds, and synoptic events occur frequently—this monthly
resolution inherently smooths over critical high-frequency fluctuations. Consequently,
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while our analysis robustly characterizes systematic mean-state biases, it cannot resolve
transient discrepancies. Future work will therefore prioritize acquiring high-temporal-
resolution observations to evaluate ERA5’s performance in capturing diurnal cycles and
extreme events, thereby capturing the full spectrum of wind variability over complex
terrains. This may offer deeper insights into the physical mechanisms driving the biases
identified in this study.

Third, while this study provides robust diagnostics for wind simulation biases in
China, the generalizability of these findings beyond this region requires critical scrutiny.
Caution is warranted when extrapolating these findings globally, as orographic responses
are highly sensitive to regional factors including surface heterogeneity and land-ocean
configuration—particularly given China’s unique terrain encompassing the world’s highest
plateau and vast marginal seas. Nevertheless, the methodological framework established
here could offer transferable value for evaluating reanalysis products in other orographi-
cally complex regions.
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