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Abstract. High-resolution three-dimensional (3D) wind field data are critical for a wide range of applications,
including wind energy assessment, low-altitude aviation, air quality modeling, and extreme weather forecasting.
Although ERAS reanalysis remains widely used, its relatively coarse spatial resolution (~ 31 km) limits its abil-
ity to capture local-scale atmospheric processes. To address this, this study develops an hourly 3D dynamic wind
field dataset with 1 km horizontal resolution covering the Yangtze River Delta (YRD) region during the summer
months (June—August) from 2021 to 2023, namely YRD1km, generated through advanced dynamical downscal-
ing of ERAS using a customized Weather Research and Forecasting (WRF) model configuration. The method-
ology integrates multi-source observational nudging with high-resolution land use parameterization to enhance
near-surface wind accuracy and terrain-induced flow representation, particularly in urban clusters and mountain-
ous areas. Validation against ground-based observations confirms the superior performance of YRD1km over
ERAS for hourly 10m wind components, with Mean Absolute Error (MAE) reduced by 21.61 % for U and
26.04 % for V, Root Mean Square Error (RMSE) reduced by 18.30 % for U and 22.63 % for V, and Nash—
Sutcliffe Efficiency (NSE) improved by 33.27 % and 40.13%, respectively. On a daily mean basis, both MAE
and RMSE are reduced to below 0.5ms ™!, and NSE reaches approximately 0.88. Spatially, YRD1km captures
finer spatial wind speed gradients and localized terrain-induced circulations that are not captured by ERAS. Tem-
porally, consistent accuracy improvements with approximately 20 % lower hourly error variability are seen when
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compared to ERAS. Vertically, 42.18 % accuracy gains are observed in the near-surface layer when compared
with radiosonde profiles. Moreover, convective case analyses indicate that YRD 1km captures vertically coherent
wind structures across multiple tropospheric levels that are closely linked to the initiation and maintenance of
deep convection, highlighting its diagnostic advantage in high-impact weather events. Overall, the YRD1km 3D
wind field dataset and its integrated methodological framework provide a robust foundation for regional meteo-
rological applications, including high-resolution Al-based forecasting, renewable energy planning, and weather
risk management in rapidly developing regions such as the YRD. The YRD1km 3D wind field dataset is available
at https://doi.org/10.57760/sciencedb.23752 (Zhang and Liu, 2025).

1 Introduction

Accurate characterization of three-dimensional (3D) wind
fields with high spatiotemporal resolution is fundamental to
modern meteorological services, wind energy development,
and the safe operation of low-altitude economy. Although
widely used ERAS atmospheric reanalysis datasets are ca-
pable of providing wind field variables that exhibit temporal
continuity and physical consistency, their relatively coarse
spatial resolution limits the capability to resolve regional-
scale wind field features (Hu et al., 2023; Jung and Schindler,
2022), particularly in areas with complex terrain and intense
urbanization (Molina et al., 2021).

The Yangtze River Delta (YRD), as one of the most in-
tensely urbanized regions in China, exhibits evident spa-
tiotemporal heterogeneity in local wind fields due to the com-
bined effects of sea-land thermal contrasts, urban heat island
effects, and boundary layer turbulence (Zhang et al., 2010).
This presents significant challenges for precise wind energy
resource assessment, urban ventilation capacity diagnosis,
and early warning of wind storm events. To address these
challenges, spatial downscaling of coarse-resolution reanal-
ysis datasets has become a promising strategy for improving
regional wind field reanalysis and supporting fine-scale ap-
plications (Boé et al., 2007; Tang et al., 2016; Zhang et al.,
2020).

Spatial downscaling techniques primarily include statis-
tical downscaling and dynamical downscaling approaches.
Statistical downscaling establishes statistical relationships
between coarse-resolution meteorological variables and local
observational data (Dayon et al., 2015; Tareghian and Ras-
mussen, 2013), enabling the acquisition of high-resolution
wind field information at relatively low computational costs
(Zamo et al., 2016). However, such methods often overlook
the physical constraints among meteorological variables. In
recent years, deep learning has been increasingly applied
to enhance the accuracy of statistical downscaling of wind
fields (Dujardin and Lehning, 2022; Dupuy et al., 2023; Hoh-
lein et al., 2020; Lian et al., 2024; Liu et al., 2024a; Zhang
and Li, 2021). Nevertheless, incorporating physical consis-
tency into deep learning frameworks remains a significant
challenge (Sun et al., 2024). In contrast, dynamical down-
scaling employs the fundamental equations governing the at-
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mospheric dynamics to explicitly resolve physical processes,
thereby reconstructing regional weather systems at high reso-
Iutions (Tang et al., 2016). Its effectiveness has been demon-
strated in various applications (Bao et al., 2015; Liu et al.,
2024b; Xu et al., 2021). Horvath et al. (2012) applied the
Weather Research and Forecasting (WRF) model with sub-
kilometer grid spacing over mountainous regions of Nevada
and showed that dynamical downscaling significantly im-
proved the representation of near-surface wind speed and
variability compared to coarser reanalysis products. Notably,
when combined with nudging techniques, the model’s re-
sponsiveness to the actual atmospheric state is further en-
hanced (Harkey and Holloway, 2013; Lo et al., 2008).

Nudging, also known as Newtonian relaxation, is a data
assimilation method that introduces forcing terms into nu-
merical model equations to incrementally adjust model vari-
ables toward observations or analysis fields (Hoke and An-
thes, 1976). Compared with variational assimilation meth-
ods, nudging does not require the construction of an ad-
joint model or the estimation of background error covari-
ance matrices. As a result, it offers a simpler implementa-
tion and lower computational cost (Daescu and Langland,
2013; Lei and Hacker, 2015). Research has demonstrated that
this method has been successfully applied in the construc-
tion of several high-resolution reanalysis datasets. For exam-
ple, the MERIDA HRES (4 km resolution, hourly) (Viterbo
et al., 2024) and the BAYWRF (1.5km resolution, daily)
(Collier and Molg, 2020) datasets both employ the WRF
model to perform dynamical downscaling on ERAS reanal-
ysis data. By integrating nudging techniques, these datasets
have reconstructed local wind field characteristics for Italy
and the Bavarian region of Germany, respectively. Although
dynamical downscaling demands substantial computational
resources, advancements in regional model structures and
high-performance computing technologies are expected to
greatly improve its feasibility for regional complex terrain
studies and non-climate research applications (Gutowski et
al., 2020; Yuan et al., 2024).

Furthermore, accurate representation of land surface pa-
rameters is another critical factor influencing the perfor-
mance of wind field dynamical downscaling. In recent years,
high-resolution land use data have been increasingly incor-
porated into wind field modeling to optimize surface param-
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eterization (De Bode et al., 2023; Fu et al., 2020; Santos-
Alamillos et al., 2015). The updated land use datasets enable
more precise characterization of various land surface features
such as urban areas, mountainous regions, and water bod-
ies, which improve simulation of terrain-induced flows and
boundary layer processes, particularly in complex terrain re-
gions (Golzio et al., 2021; Siewert and Kroszczynski, 2023).

In summary, this study presents the development of a 1 km
hourly 3D dynamic wind field dataset over the YRD re-
gion (YRD1km), covering the period of the summer months
(June to August) from 2021 to 2023. The YRD1km dataset
is generated by applying a state-of-the-art dynamical down-
scaling technique to the ERAS reanalysis data, integrating
multi-source observational nudging, and updating land sur-
face information with high-resolution ESA WorldCover 2020
(EWC2020) land use data. The resulting dataset provides en-
hanced accuracy in simulating near-surface winds and tropo-
spheric dynamic structures, particularly in urban and moun-
tainous areas where wind variability is often high.

This study evaluates the performance of YRD1km rela-
tive to ERAS5, with a focus on both horizontal and verti-
cal wind field accuracy. It also assesses the effectiveness of
an integrated methodology that combines dynamical down-
scaling, observational nudging, and updated land use data
in improving wind field simulations over regions with com-
plex land surface characteristics and atmospheric variability.
The findings highlight the potential of YRD1km to support a
wide range of applications, such as high-resolution diagnos-
tic analyses of regional wind fields, renewable energy plan-
ning, air quality modeling, and urban environmental manage-
ment in rapidly urbanizing areas.

2 Data

2.1 ERAS5 Reanalysis Data

The ERAS5 reanalysis dataset (Hersbach et al., 2020),
developed by the European Centre for Medium-Range
Weather Forecasts (ECMWF), integrates global multi-
source observations through 4D-Var data assimilation
(https://doi.org/10.24381/cds.bd0915¢c6). It provides three-
dimensional hourly atmospheric variables (e.g., temperature,
humidity, wind fields, and pressure) with a horizontal reso-
lution of 0.25° x 0.25° (about 31 km), serving as a widely
adopted benchmark in meteorological research. In this study,
ERAS supplies initial and boundary conditions for the WRF
model dynamical downscaling. Additionally, ERAS serves
as a baseline dataset for comparative validation of YRD1km
performance enhancements.

2.2 Surface and Upper Air Weather Observations

This study assimilates two observational datasets: (1)
the NCEP ADP Global Upper Air and Surface Weather
Observations (National Centers for Environmental Pre-
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diction/National Weather Service/National Oceanic and
Atmospheric Administration/U.S. Department of Com-
merce, 2008; https://doi.org/10.5065/Z83F-N512), compris-
ing global terrestrial stations, ocean buoys, ships, radioson-
des, aircraft reports, and ASCAT satellite-derived winds
from the Global Telecommunication System (GTS), and (2)
hourly data from Automatic Weather Stations (AWS) op-
erated by the China Meteorological Administration (CMA)
(http://data.cma.cn/, last access: 6 March 2025). The spa-
tial distributions of the two observational datasets over the
YRD are illustrated in Fig. 1a. The NCEP ADP dataset pro-
vides three-dimensional conventional meteorological mea-
surements from multiple observational platforms. As a com-
plement to the NCEP ADP dataset, the CMA AWS network
delivers high-density surface observations across China, with
a total of 2169 stations — approximately six times the num-
ber of surface stations available from the NCEP ADP dataset
within the Chinese domain. This higher station density sig-
nificantly enhances the spatial representativeness of near-
surface meteorological conditions in the YRD region. Using
Observation Nudging assimilation techniques, these datasets
collectively correct systemic biases in ERA5’s near-surface
fields within the WRF framework, enhancing the model’s
capacity to resolve localized circulation patterns. The AWS
data further act as a cross-validation source to quantify
YRD1km’s accuracy improvements.

2.3 High-resolution Land Cover Geographical Data

Conventional land use datasets in WRF (USGS 1992-1993
or MODIS 2001) (Anderson et al., 1976) are limited in their
ability to reflect the rapid urban expansion and evolving land
surface characteristics of the YRD region. To address this,
we integrate the EWC2020 dataset — a global land cover
product with 10 m spatial resolution that classifies 11 surface
types (e.g., built-up areas, croplands, water bodies) (https://
esa-worldcover.org/en, last access: 6 March 2025). By updat-
ing WRF’s land surface parameters with EWC2020, we re-
fine the representation of aerodynamic roughness lengths and
urban heat island effects. For instance, reclassifying Shang-
hai’s Pudong district from Moderate Resolution Imaging
Spectroradiometer (MODIS) “mixed urban” to EWC2020
“high-intensity built-up” improves wind field simulations by
better capturing drag effects from high-rise structures, as val-
idated against AWS observations.

3 Methods

3.1  WRF Model Configuration for Dynamical
Downscaling

This study employs the WRF-ARW model (v4.4.2) (Ska-
marock et al., 2019) to establish a dynamic downscaling
framework, enhancing the spatial resolution of ERAS reanal-
ysis data from ~ 31 to 1 km. The model domain is configured
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with a triple-nested grid centered at (29.36°N, 115.65°E)
with horizontal resolutions of 9km (D01, with 342 x 305
grid points), 3km (D02, with 529 x 640 grid points), and
1 km (D03, with 919 x 949 grid points). The innermost do-
main, D03, covers the entire YRD region (Fig. 1a) and is
designed to capture local circulation features associated with
urban clusters, lakes, and hilly terrain at a kilometer-scale
resolution. Two-way nesting was employed for all three do-
mains to allow feedback between nested grids. All domains
were initialized simultaneously, with ERAS initial conditions
interpolated directly onto each domain, including the 1km
grid. In the vertical direction, 61 terrain-following eta lev-
els are used, with the model top set at 10hPa, which fa-
cilitates a detailed resolution of boundary layer dynamics.
Based on previous studies (Bernini et al., 2025; Sahu et
al., 2026), the following physical parameterization schemes
were selected: the Thompson microphysics scheme (Thomp-
son et al., 2008), which is well-suited for high-resolution
cloud microphysics; the Dudhia shortwave radiation (Dud-
hia, 1989) and RRTM longwave radiation schemes (Mlawer
et al., 1997) for radiative transfer; and for boundary layer and
land surface processes, the YSU non-local closure scheme
(Hong et al., 2006) coupled with the Noah land surface model
(Tewari et al., 2004), which enhances the representation of
near-surface turbulent exchanges. The Kain-Fritsch cumulus
parameterization scheme (Kain, 2004) is applied only in the
outer grid (D01) to mitigate uncertainties in the “gray zone”
below the 3 km grid resolution.

To reduce the accumulation of model errors, a cold-start
strategy is implemented, with simulations initiated four times
daily at 00:00, 06:00, 12:00, and 18:00 UTC, respectively.
Each run generates a continuous 6-hour forecast period, from
which the first hour is discarded as model spin-up. Ulti-
mately, this approach produces a continuous hourly three-
dimensional wind field dataset.

3.2 Conventional Observational Data Assimilation via
Nudging

While WRF dynamical downscaling enhances dataset reso-
lution and preserves dynamical constraints and physical con-
sistency, it struggles to capture fine-scale wind field features
over complex underlying surfaces (e.g., urban clusters, wa-
ter bodies) without dense observational constraints. To ad-
dress this, this study employs the Four-Dimensional Data As-
similation (FDDA) technique, integrating conventional ob-
servations and ERAS reanalysis fields through a Nudging ap-
proach, thereby balancing localized dynamical processes and
large-scale circulation consistency. The core formulation of
this approach is:

%:F(x)-i-G'W(I)'(xobs_x) M
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where x represents the model variable, F(x) denotes the
model dynamical equations, G is the relaxation coefficient,
and W (¢) is the temporal weighting function.

This study adopts a hybrid Nudging scheme combining
two strategies: (1) Observation Nudging (ON): Direct assim-
ilation of in situ observations from CMA AWS and NCEP
ADP to dynamically refine local wind fields. (2) Analy-
sis Nudging (AN): Application of ERAS reanalysis fields
as constraints to impose large-scale adjustments across the
entire model domain hourly (Stauffer and Seaman, 1990),
preventing deviations from large-scale circulation patterns.
Thus, the combined ON + AN assimilation scheme ensures
both large-scale consistency and enhanced regional meteoro-
logical representation.

Taking the nudging experiment conducted over a continu-
ous four-day period from 1 to 4 June 2022 as an illustrative
example, a time window selected to capture representative
synoptic and mesoscale variability, the study quantitatively
evaluates wind field accuracy over the YRD against ground-
based observations using three statistical metrics: Mean Ab-
solute Error (MAE), Root Mean Square Error (RMSE), and
the Nash-Sutcliffe Efficiency coefficient (NSE; Nash and
Sutcliffe, 1970), defined as follows:

11‘[
MAE=;Z|A,-—0,-| (2)
i=1
1 & 5
RMSE= |- (4; — 0; 3
n;( B 3)
(A — 0;)?
NSE:l—Z’:‘(—’_’)2 )
n
Zi:l(oi_o)

where A; represents simulated values from either ERAS re-
analysis or the dynamically downscaled results, O; denotes
corresponding in situ observations, n is the total number of
spatiotemporally matched observation—simulation pairs. The
NSE metric ranges from —oo to 1, with values approaching 1
indicating perfect agreement between simulations and obser-
vations. As shown in Table 1, compared to ERAS data, the
ON + AN assimilated dataset demonstrates significant im-
provements across all statistical metrics for both the 10m
zonal (U10m) and meridional (V10m) wind components. In
particular, the MAE is reduced by 22.26 % for UlOm and
27.45% for V10m, the RMSE is reduced by 18.38 % for
U10m and 23.31 % for V10m, and the NSE is enhanced by
33.27 % for U10m and 41.27 % for V10m. These results con-
firm that the ON + AN hybrid assimilation scheme substan-
tially enhances the precision of high-resolution wind field
datasets in the YRD region.

3.3 Impact of High-Resolution Land Use Data Updates

To address the impacts of rapid urbanization on wind field
simulations in the YRD, this study enhances land surface
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Table 1. Comparison of surface (10 m) wind field performance between the ON + AN experiment and ERAS reanalysis over the YRD region.

Variable ~ Sample size MAE (ms™!) | RMSE(ms™!) | NSE

ERA5 ON+AN | ERA5 ON-+AN | ERA5 ON+AN
U10m 33172 1.213 0.943 | 1.583 1.292 | 0.504 0.669
V10m 33172 1.388 1.007 | 1.793 1.375 | 0.198 0.529

characterization by updating the default MODIS 2001 land
use data in the WRF model with the EWC2020 dataset
at 10 m resolution. Comparative analysis reveals substantial
discrepancies between MODIS 2001 and EWC2020, partic-
ularly in Shanghai’s metropolitan core (Fig. 1b and c). The
EWC2020 dataset resolves critical urban morphological fea-
tures, including urban sprawl boundaries, park green spaces
within city centers, and modified water-cropland interfaces,
thereby more accurately capturing spatial heterogeneity in
surface properties.

To quantify land use update effects on wind field simu-
lations, we conduct two experiments under the ON + AN
assimilation framework: (1) LU-MODIS: Retains default
MODIS-based land use types; (2) LU-EWC2020: Incorpo-
rates the refined EWC2020-derived surface parameters. Us-
ing the four-day case study, validation metrics (Table 2)
demonstrate small but obvious positive impacts across all
metrics for the LU-EWC2020 experiment compared to LU-
MODIS. These results confirm the value of high-resolution
land use updates in resolving urbanization-induced land-
atmosphere interactions.

3.4 High-Resolution 3D Wind Field Dataset Generation

Building on the evaluation results in Sect. 3.2 and 3.3, this
study develops a systematic framework for generating the
YRD1km dataset over the YRD region, as shown in Fig. 2. In
the preprocessing stage, observational constraints for nudg-
ing were derived from the integration and quality control
(QC) of NCEP ADP and CMA AWS datasets. Surface pa-
rameterization was refined by replacing the default MODIS
2001 land-use data with the updated EWC 2020 dataset.
For model simulation, ERAS reanalysis provided the initial
and boundary conditions for a triple-nested WRF configura-
tion (9 km — 3 km — 1 km). The updated surface parameters
were used to optimize the static fields, while a suite of opti-
mized physical schemes and a cold-start initialization strat-
egy were applied to suppress error accumulation. A hybrid
observational nudging scheme (ON + AN) was employed to
enhance the model’s consistency with observed atmospheric
states, resulting in continuous hourly 3D wind vector outputs
at 1 km horizontal resolution and 61 vertical levels during the
summer months (June—August) from 2021 to 2023.
Comprehensive multi-dimensional validation was per-
formed using both surface station observations and ra-
diosonde profiles. The near-surface wind simulation perfor-
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mance was assessed through MAE, RMSE, and NSE met-
rics, to evaluate the overall, spatial, and temporal accuracy
of the dataset. In addition, radiosonde-derived vertical wind
profiles were used to examine the fidelity of the reconstructed
wind field structure in the lower and middle troposphere.
Furthermore, convective case analyses highlight the capabil-
ity of the YRD1km dataset to capture fine-scale dynamical
features, demonstrating clear improvements over ERAS and
underscoring the effectiveness of the integrated approach in
high-resolution wind field reconstruction.

4 Results and Discussion

4.1 Evaluation of YRD1km High-Resolution Dataset
Accuracy

4.1.1 Accuracy Evaluation of YRD1km and ERA5S

Based on AWS Observations

A comprehensive evaluation of near-surface wind field ac-
curacy was conducted using AWS observations across the
YRD region over a one-week period from 1 to 7 June 2022,
serving as a representative example. Due to the different spa-
tial resolutions of YRD1km and ERAS, a nearest-grid-point
matching method was adopted for comparison with station
observations (Liu et al., 2025). As shown in Fig. 3, scatter-
plots of the 10 m wind field U and V components for both
ERAS and YRD1km datasets were analyzed to assess their
respective simulation capabilities. Overall, YRD1km exhib-
ited superior performance in both U and V components,
as evidenced by higher NSE coefficients, lower MAE and
RMSE, and a tighter scatter distribution. Regression slopes
for YRD1km were also notably closer to the 1 : 1 reference
line, indicating a more accurate representation of the near-
surface wind field compared to ERAS. For the U component
(Fig. 3a, c), ERAS presented an NSE of 0.49, with MAE and
RMSE of 1.26 and 1.65ms™!, respectively, and a regression
slope of only 0.56, with increasing deviations under higher
wind speed conditions. In contrast, YRD1km achieved a sig-
nificant improvement with an NSE of 0.67, MAE reduced to
0.98 ms~!, RMSE reduced to 1.33ms™!, and an increased
regression slope of 0.71, significantly reducing systematic bi-
ases. Further analysis based on the sign of the U component
revealed that ERAS exhibited a consistent underestimation
of both easterly winds (U < 0) and westerly winds (U > 0),
particularly under stronger wind conditions (|U| > 2ms™!).
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Figure 1. Spatial distributions of key datasets used in this study. (a) Coverage of the innermost WRF domain (D03, 1 km resolution) over
the YRD, along with the distribution of CMA Automatic Weather Stations (AWS) and the spatial coverage of NCEP ADP multi-source
conventional observations used for nudging assimilation. The red box shows the region to highlight (b) Land use classification from the

default MODIS 2001 dataset in WRF and (¢) Updated high-resolution land use classification based on the EWC2020 product.

Table 2. Statistical evaluation of land use sensitivity experiments conducted over the YRD region.

Variable  Sample size MAE (m s_l) ‘ RMSE (m s_l) ‘ NSE
LU-MODIS LU-EWC2020 ‘ LU-MODIS LU-EWC2020 ‘ LU-MODIS LU-EWC2020

Ul0m 33172 0.943 0.935 1.292 1.278 0.669 0.676

V10m 33172 1.007 0.992 1.375 1.355 0.529 0.542

This finding aligns with previous reports by Hu et al. (2023).
While YRD1km also exhibited a similar underestimation
pattern, its magnitude was notably reduced, indicating an im-
proved representation of directional wind components com-
pared to ERAS. Additionally, as wind speed increased, scat-
ter dispersion became more pronounced, with fewer samples
in the high wind speed range, adding challenges to accurate
simulation.

For the V component (Fig. 3b, d), ERAS showed an even
lower NSE of 0.42, with MAE and RMSE of 1.39 and
1.81ms~!, respectively, and a regression slope of 0.63, in-
dicating a less accurate simulation. Conversely, YRD1km
significantly improved the NSE to 0.66, reduced MAE to
1.02ms~!, RMSE to 1.40ms~!, and increased the regres-
sion slope to 0.74. Similar to the U component, the V
component displayed a directional-dependent error pattern,
with an underestimation of both northerly winds (V < 0)
and southerly winds (V > 0), especially under stronger wind
conditions. The increasing scatter dispersion and simulation

Earth Syst. Sci. Data, 18, 1683-1701, 2026

uncertainty with higher wind speeds further highlight the
challenges and needs of reproducing complex wind fields.
Results in Fig. 3 are based on hourly data. Considering
that climate research emphasizes the use of daily data to
smooth short-term fluctuations and reveal long-term trends
(Kotlarski et al., 2019; Nashwan et al., 2019; Zhang et al.,
2024), this study further examined the simulation accuracy of
10 m wind filed at the daily mean scale. Based on daily mean
observations from more than 300 AWS stations across the
YRD region over a continuous seven-day period from 1 to 7
June 2022 (Table 3), the comparison results demonstrate that
YRDI1km maintains a consistent accuracy advantage over
ERAS for all evaluated metrics, including the U and V wind
components as well as 10m wind speed. Notably, the daily
mean values of the U and V components exhibited better sta-
tistical performance than their hourly counterparts, as tem-
poral averaging effectively mitigates short-term fluctuations
and random errors, enhancing simulation stability. Addition-
ally, compared to 10 m wind speed (WSPD10m), the U and
V components demonstrated greater improvements in error

https://doi.org/10.5194/essd-18-1683-2026
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Figure 2. The schematic workflow of YRD1km 3D wind field generation.
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Figure 3. Scatterplot evaluation of 10 m wind components over the YRD region: (a) ERAS U10m, (b) ERA5 V10m, (¢) YRD1km U10m,

and (d) YRD1km V10m.

metrics, with NSE values closer to 1. This is primarily be-
cause wind speed is a scalar variable, while U and V compo-
nents are vectors accounting for wind direction errors.

4.1.2 Independent Validation

To rigorously evaluate the generalization capability of the
YRDI1km dataset beyond locations directly constrained by

https://doi.org/10.5194/essd-18-1683-2026

the nudging procedure, we implemented an independent vali-
dation strategy using a subset of AWS stations withheld from
the assimilation process. Specifically, approximately 10 % of
the stations employed in the ON + AN nudging experiments
were randomly selected and reserved exclusively for inde-
pendent evaluation, while the remaining stations continued
to provide observational constraints for WRF simulations.

Earth Syst. Sci. Data, 18, 1683-1701, 2026
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Table 3. Statistical comparison of daily 10 m wind fields between ERAS5 and YRD1km datasets over the YRD region.

Variable Indicator Data Improvement
ERAS5 YRDIlkm (%)
U10m MAE (ms~!)  0.598 0.338 43.48
RMSE (ms™!) 0783 0.451 42.40
NSE 0.753 0.918 66.80
V10m MAE ms~1) 0716 0.367 48.74
RMSE (ms™!)  0.946 0.498 47.36
NSE 0.583 0.884 72.18
WSPD10m MAE (ms™!) 0.619 0.422 31.83
RMSE (ms~!)  0.820 0.547 33.29
NSE 0.470 0.765 55.66
The independent validation was conducted over a contin- 1o® 10
uous four-day period from 1 to 4 June 2022, allowing the NeE
evaluation to sample a range of synoptic and mesoscale me- T: I e I T: 5
teorological conditions. Validation against observations at E - i )
these withheld stations shows that the YRD1km dataset ex- g o E o
hibits improved performance relative to ERAS in simulat- - 7
ing near-surface wind fields. For the U component, NSE in- g -5 é -5
creases by 5.08 %, MAE decreases by 4.80 %, and RMSE Y=051X-035 , Y = 038X +0.98
decreases by 3.01 % relative to ERAS5. For the V compo- B ey e S L R S ST
nent, NSE increases by 10.11 %, while MAE and RMSE AWS U10m (ms™1) AWS V10m (ms™1)
decrease by 8.09 % and 5.14 %, respectively. In addition, 10© 0@
the fitted relationships between simulated and observed U ~ N8 ~ N = 3228
and V components shifted closer to the 1: 1 line, indicat- s | MAE=Ll> [
ing enhanced fidelity in reproducing near-surface wind vari- £ RMSE'._,“;.]'Z.;;" S
ability (Fig. 4). These results indicate that the performance & 0 o2 5 0
gains in YRD1km are not limited to assimilated locations. In- E E
stead, the improvements extend spatially, demonstrating that é -5 &5 é -5
the combination of dynamical downscaling, high-resolution > : 'Y_: 0ex-034 | / Y 0,521+ 0.61
land-surface updates, and the hybrid ON+ AN nudging B T 0 %% o

framework enhances the regional wind field representation
in a physically coherent manner.

4.1.3 Comparison of spatial variations between
YRD1km and ERA5

Building upon the preceding quantitative accuracy assess-
ment, the study further examines the spatial variations of
near-surface wind fields represented by the YRD1km and
ERAS datasets, as illustrated in Fig. 5. Overall, while both
datasets (Fig. 5a and c) adequately capture the large-scale
spatial variations of 10m wind speeds across the YRD,
YRDI1km demonstrates a notable advantage in resolving
mesoscale and local-scale wind field characteristics. Specifi-
cally, YRD1km (Fig. 5c) offers a much finer spatial represen-
tation of wind speed variations compared to ERAS, closely
aligned with observational data, particularly over complex
terrain and urbanized areas. This includes enhanced wind
speed zones over large water bodies such as Lake Taihu, re-

Earth Syst. Sci. Data, 18, 1683-1701, 2026

AWS U10m (ms™1) AWS V10m (ms™1)

Figure 4. Independent validation scatterplots of 10 m wind compo-
nents over the YRD region: (a) ERA5 U10m, (b) ERAS V10m, (c)
YRD1km U10m, and (d) YRD1km V10m.

alistic gradients in mountainous regions like southern Anhui
and Zhejiang driven by valley flows and orographic effects,
as well as improved wind speed structures over highly urban-
ized areas such as Shanghai. Furthermore, ERAS exhibits un-
derestimation of wind speed maxima near offshore observa-
tion points (e.g., in the East China Sea). YRD1km mitigates
these biases through assimilation of AWS data via a nudging
approach, enabling better alignment with ground truth obser-
vations and significantly enhancing the fidelity of simulated
wind fields.

These spatial advantages are further highlighted through
detailed analyses of wind vector fields. As shown in Fig. 5b,

https://doi.org/10.5194/essd-18-1683-2026
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Figure 5. Spatial distribution of daily mean near-surface wind fields over the YRD region on 1 June 2022. Panels (a) and (c) show daily mean
10 m wind speed (WSPD10m) from the ERAS and YRD1km datasets, respectively, overlaid with AWS station observations (colored dots).
Panels (b), (d), (e), and (f) show locally enlarged wind vector fields: (b) ERAS over Shanghai and its surrounding urban agglomeration; (d)
YRD1km over the Shanghai metropolitan area; (e) the mountainous region near Hangzhou; and (f) Lake Taihu. Arrows are color-coded by
wind speed magnitude and overlaid on shaded terrain elevation, with darker tones indicating higher altitudes. Major water bodies are shaded

in steelblue for clearer identification.

ERAS exhibits an overly smoothed wind field with limited
flow differentiation near topographic boundaries. In contrast,
the YRD1km dataset presents highly structured and terrain-
conforming wind directions. Over the Shanghai metropolitan
area (Fig. 5d), the wind field aligns with urban morphologi-
cal structures, showing clear directional deflection near city
boundaries and dense river network regions, primarily due
to thermal forcing and surface drag associated with urban-
ization. In the mountainous region near Hangzhou (Fig. Se),
the wind field captures pronounced curvature and flow sepa-
ration that closely follow terrain contours, effectively repre-
senting multiple terrain-induced processes such as valley and

https://doi.org/10.5194/essd-18-1683-2026

slope winds. Over Lake Taihu (Fig. 5f), YRD 1km simulates a
divergent wind pattern, with significantly higher wind speeds
over the lake surface relative to surrounding land, indicative
of thermally driven lake-land breeze circulations.

Collectively, the spatial patterns observed in both scalar
(wind speed) and vector (wind direction) fields strongly
affirm the capability of YRD1km to resolve sub-regional
atmospheric dynamics. These results further highlight the
dataset’s potential for supporting a broad spectrum of re-
gional meteorological applications.

Earth Syst. Sci. Data, 18, 1683-1701, 2026
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Figure 6. Time series of model performance metrics for hourly 10 m wind components over the YRD region in June 2022. Panels (a), (b)
and (c) show the MAE, RMSE and NSE, respectively, for the U10m. Panels (d), (e) and (f) show the corresponding MAE, RMSE and NSE
metrics for the V10m. All metrics are computed for each hour by spatially averaging errors over all available surface stations across the YRD
region. The red and blue lines represent the YRD1km and ERAS datasets, respectively.

4.2 Statistical Analysis of the Long-term Time Series of
Surface Wind

To assess the temporal performance of the proposed
YRD1km dataset, hourly time series analyses of the U10m
and V10m wind components were conducted over the YRD
region for June 2022. For each hour, the performance met-
rics were computed by spatially averaging errors over all
available surface stations within the region. Figure 6 presents

Earth Syst. Sci. Data, 18, 1683—-1701, 2026

the corresponding evolutions of MAE, RMSE and NSE for
both wind components, comparing the YRDI1km product
(red lines) with the ERAS reanalysis (blue lines), based on
validation against ground-based observational data.

The YRDIlkm dataset consistently outperforms ERAS
across both components and all metrics. MAE values for
YRD1km remain consistently lower than those of ERAS,
particularly during nighttime hours, in agreement with the
statistical results summarized in Table 4, which show MAE

https://doi.org/10.5194/essd-18-1683-2026
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Table 4. Evaluation of 10 m wind field simulation performance over the YRD region in June 2022.
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Variable Sample size  Indicator Data Improvement
ERA5 YRDIkm (%)
U10m (ms~ 1) 243280 MAE 1.333 1.045 21.61
RMSE 1.766 1.443 18.30
NSE 0.468 0.645 33.27
V10m (ms~1) 243280 MAE 1.474 1.090 26.04
RMSE 1.938 1.500 22.63
NSE 0.407 0.645 40.13
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Figure 7. Vertical evaluation of wind field performance from the YRD1km and ERAS5 datasets against radiosonde observations at the
Baoshan station in Shanghai during June 2022. (a) Vertical profiles of wind speed MAE (dashed lines) and RMSE (solid lines) for YRD1km
(red) and ERAS (blue), calculated from all available soundings at 00:00 and 12:00 UTC. (b) Time-height cross-section of wind vector
differences between ERAS and radiosonde observations (RAOB), with wind speed differences (m 571) indicated by color shading. (¢) As in
(b), but for YRD1km minus RAOB. Wind difference plots are shown at 24 h intervals, beginning at 00:00 UTC on 2 June 2022.

reductions of 21.61 % for UlOm and 26.04 % for V10m.
In addition, the RMSE values for U10m and V10m are re-
duced by 18.30 % and 22.63 %, respectively. These results
indicate the effectiveness of combining multi-source nudg-
ing and high-resolution land use data in consistently captur-
ing subtle wind variations over time.

Both wind components exhibit pronounced diurnal cycles
in MAE and RMSE, characterized by peak errors during day-
time, particularly around local noon, and reduced errors dur-
ing nighttime. This pattern reflects the influence of boundary
layer dynamics, where daytime convective mixing enhances
wind variability and poses greater challenges for model ac-
curacy, whereas nocturnal stability leads to more predictable
near-surface wind behavior. The persistence and regularity

https://doi.org/10.5194/essd-18-1683-2026

of this fluctuation across the month highlight the necessity of
capturing diurnal processes in high-resolution simulations.

In terms of NSE, YRD1km maintains higher and more sta-
ble values throughout the month for both U10m and V10m.
Specifically, NSE values increase by 33.27 % for U10Om and
40.13 % for V10m compared to ERAS. While ERAS5 fre-
quently exhibits degraded performance, including negative
NSE values during high-variability periods, YRD1km of-
ten sustains NSE above 0.4, with frequent peaks exceed-
ing 0.6, especially during nocturnal hours. This reflects a
markedly improved temporal agreement between modeled
and observed wind variations.

Overall, the consistent improvements observed across both
horizontal wind components confirm the robustness of the

Earth Syst. Sci. Data, 18, 1683-1701, 2026
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Figure 8. Vertical evaluation of wind field performance from the YRD1km and ERAS datasets against radiosonde observations at 11 stations
across the Yangtze River Delta in June 2022. Panels show (a) MAE, (b) RMSE and (¢) NSE, computed using all available 00:00 and

12:00 UTC soundings.

proposed downscaling framework. By effectively address-
ing both synoptic-scale and diurnal-scale variability, the
YRDI1km dataset provides a substantially enhanced repre-
sentation of near-surface wind fields in a complex and highly
urbanized region such as the YRD.

4.3 Evaluation of Vertical Wind Profile Accuracy Using
Radiosonde Observations

To comprehensively evaluate the vertical simulation per-
formance of the YRD1km dataset, radiosonde observations
from the Baoshan station in Shanghai (ID: 58362) were used
for the month of June 2022 at 00:00 and 12:00 UTC. This
station is situated at 31.39° N, 121.45° E with an elevation of
3.3m, within a densely built-up urban area. A comparative
analysis was conducted between YRD1km and ERAS reanal-
ysis data for wind speed accuracy within the 1000-100 hPa
pressure range, focusing on both Bias and RMSE metrics.
The YRD1km dataset provides outputs at 32 standard verti-
cal levels, ranging from 1000 hPa near the surface to 10 hPa
in the upper atmosphere. These levels are obtained through
vertical interpolation from the original 61 terrain-following
eta levels of the WRF model. Key pressure levels include:
1000, 975, 950, 925, 900, 875, 850, 825, 800, 775, 750, 700,
650, 600, 550, 500, 450, 400, 350, 300, 250, 225, 200, 175,
150, 125, 100, 70, 50, 30, 20, and 10 hPa.

Earth Syst. Sci. Data, 18, 1683-1701, 2026

As illustrated in Fig. 7a, the vertical profiles of MAE
(dashed lines) and RMSE (solid lines) reveal that the
YRD1km dataset outperforms ERAS across all pressure lev-
els. The improvements are pronounced in the lower tropo-
sphere, benefiting from the dynamic constraints of multi-
source observational nudging on near-surface winds and
the refined land surface flux representation driven by high-
resolution land use data. The maximum reduction in RMSE
reaches up to 1.1 ms~! at 975hPa, representing a 42.18 %
improvement and highlighting the substantial enhancement
in near-surface wind speed accuracy provided by YRD1km.

Time-height cross-section of wind vector differences plot
(Fig. 7b and c) further highlights the clear performance of
YRDI1km. In Fig. 7b, ERAS exhibits frequent and large
wind speed differences, often exceeding +5ms~!, along
with abrupt directional shifts, particularly within the near-
surface layer. Notably, at 00:00 UTC on 24 June, radiosonde
data indicate a sharp wind speed increase above the 950 hPa
level, exceeding 19.5ms~!, which ERAS significantly un-
derestimates. This result is consistent with previous studies
that have identified ERAS’s limitations in capturing extreme
wind events due to its coarser resolution and less-constrained
boundary layer parameterizations (Alkhalidi et al., 2025). In
contrast, the YRD1km dataset exhibits a more stable vertical
wind structure, with smaller deviations from observed val-
ues. Although slight underestimations remain during high
wind episodes, the magnitude of extreme discrepancies is

https://doi.org/10.5194/essd-18-1683-2026
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Figure 9. Hourly evolution of precipitation associated with a convective storm over northern Yancheng, Jiangsu Province, on 16 June 2022.

considerably reduced compared to ERAS. This improvement
underscores the effectiveness of the multi-source observa-
tional nudging system in locally constraining vertical wind
profiles and enhancing model fidelity.

To further assess the representativeness of the vertical
performance, we conducted similar validations from all
valid sounding samples at 11 radiosonde stations across the
Yangtze River Delta are now presented in Fig. 8. These statis-
tics show robust and systematic improvements of YRD1km
relative to ERAS, including average reductions of approxi-
mately 29.64 % in MAE, 27.78 % in RMSE, and increases
of about 47.75 % in NSE, confirming that the enhanced 3D
wind performance of YRD1km is robust and regionally rep-
resentative throughout the troposphere.

In summary, the YRD1km dataset, developed through the
synergistic integration of high-resolution land surface infor-
mation and multi-source data assimilation techniques, signif-
icantly improves not only near-surface wind simulations but
also the representation of vertical wind structures. This pro-
vides a reliable, high-quality data foundation for a wide range
of 3D wind field—dependent applications, such as low-level
wind shear, wind turbine load estimation, pollutant cross-
layer transport modeling, and urban atmospheric environ-
ment studies.

https://doi.org/10.5194/essd-18-1683-2026

4.4 Case Studies of Severe Convection Events

While previous statistical validations have demonstrated the
superior performance of the YRD1km dataset spatially and
temporally, its advantages are further illustrated in short-
term, high-impact convective events. In such situations, the
high spatial and temporal resolution of YRD1km enables a
more detailed diagnosis of mesoscale and vertical dynami-
cal structures associated with convective initiation and evo-
lution.

As illustrated in Fig. 9, based on the China Multi-Source
Merged Precipitation Analysis (CMPAS) dataset, a con-
vective storm outbreak occurred over northern Yancheng,
Jiangsu Province, on the afternoon of 16 June 2022. The
event was characterized by highly localized and intense pre-
cipitation, with peak hourly rainfall rates reaching up to
20mmh~!.

To investigate the applicability of the YRD1km dataset in
high-impact weather scenarios, this study conducts a com-
parative analysis of wind field structures between ERAS and
YRD1km during the convective event, focusing on three key
pressure levels: 500, 700, and 850 hPa (Fig. 10). These lev-
els are critical for identifying shear lines, low-level jets, and
convective initiation mechanisms.

Earth Syst. Sci. Data, 18, 1683-1701, 2026
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Figure 10. Comparative analysis of wind field structures between the YRD1km and ERAS datasets during the short-duration severe con-
vective event over Yancheng, Jiangsu Province. Displayed are horizontal wind vectors (arrows) and wind speed (color shading) at the (a, b)
500 hPa, (¢, d) 700 hPa, and (e, f) 850 hPa levels from ERAS (left column) and YRD1km (right column) at 08:00 UTC on 16 June 2022. For

visual clarity, YRD1km wind vectors have been thinned by a factor of six.

sistently captures regions of enhanced wind speed, wind

Overall, the wind field structure in ERAS appears rela-
tively homogeneous, limiting its ability to capture mesoscale

and sub-mesoscale disturbances.

shear, and convergence. Notably, near 34°N, 119°E at

500 hPa, YRD1km identifies a localized wind speed maxi-

, YRD1km re-

In contrast

mum exceeding 17.5 ms~! and a well-defined shear zone. At

700 hPa, a clear convergence band and wind speed enhance-
ment area are observed, which is conducive to the mainte-

veals more detailed local structures and dynamic features,

demonstrating a stronger capacity to resolve mesoscale

systems. Across all three pressure levels, YRDlkm con-
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Figure 11. Comparative analysis of horizontal wind field structures between ERAS5 and YRD1km during a mesoscale convective precipita-
tion event over the study region on 10 June 2022. Shown are horizontal wind vectors (arrows) and wind speed (color shading) at the (a, b)
500 hPa, (c, d) 700 hPa, and (e, f) 850 hPa levels from ERAS (left column) and YRD1km (right column) at 04:00 UTC, corresponding to the
mature stage of the convective system. For visual clarity, wind vectors in YRD1km are thinned by a factor of six.

nance and development of the convective system. Although
wind speeds weaken at 850 hPa, perturbation signatures re-
main evident. These structural features spatially align with
the center of heavy precipitation during the event, indicating
that YRD1km has enhanced diagnostic capability in captur-
ing the dynamical background for the initiation and mainte-
nance of deep convective systems.

https://doi.org/10.5194/essd-18-1683-2026

Similar three-dimensional wind structures and dynamical
consistency are also observed in an independent mesoscale
convective precipitation event on 10 June 2022 (Fig. 11).
During the mature stage of this event, YRD1km consistently
resolves enhanced wind speed gradients, low-level conver-
gence, and vertically coherent shear structures across the
500, 700, and 850 hPa levels, whereas ERAS depicts com-

Earth Syst. Sci. Data, 18, 1683-1701, 2026
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paratively smooth and spatially homogeneous flow patterns.
In particular, YRD1km captures a well-defined low-level jet
and its associated convergence zone at 850 hPa, together with
mesoscale wind speed enhancements at mid-levels. The spa-
tial configuration of these features closely corresponds to the
observed organization of convective precipitation, highlight-
ing the ability of YRDI1km to represent dynamically rele-
vant structures that are critical for convective system devel-
opment.

Collectively, these case analyses demonstrate that the high
spatial resolution of YRD1km enables a physically consis-
tent depiction of three-dimensional wind field structures dur-
ing severe convective events. Such capability supports its use
in diagnostic studies of mesoscale and convective-scale dy-
namics, and provides a valuable background wind field for
applications including high-resolution air-quality dispersion
modeling, event-based wind hazard assessment, and the de-
velopment of training datasets for data-driven downscaling
approaches.

5 Data availability

The YRDIlkm 3D wind field dataset is available at
https://doi.org/10.57760/sciencedb.23752 (Zhang and Liu,
2025).

6 Conclusions

This study developed and rigorously validated YRD1km, a
high-resolution (1 km, hourly) 3D wind field dataset over the
YRD region. The dataset was generated through dynamical
downscaling of ERAS5 reanalysis data using a customized
WRF model configuration. It was further refined by integrat-
ing multi-source observational nudging and updated land use
representations to improve surface parameterization.

Comprehensive validations using surface station and ra-
diosonde observations confirmed that YRD1km significantly
outperforms ERAS in both near-surface and vertical wind
simulations. For 10m wind fields, YRD1km consistently
achieved smaller errors and higher skill scores across MAE,
RMSE, and NSE, at both hourly and daily scales. The
dataset also better characterizes spatial variability in wind
speed, particularly over complex terrain and densely urban-
ized areas. Its wind vector fields align well with under-
lying geographic features, and monthly statistics show re-
ductions in MAE and RMSE of approximately 20 %, with
NSE improved by more than 33 %. In the vertical dimen-
sion, YRD1km exhibited reduced RMSE across nearly all
pressure levels and produced observation-consistent vertical
profiles. Analyses of severe convective events demonstrated
YRDI1km’s ability to resolve fine-scale dynamic signatures,
including wind shear, low-level convergence, and enhanced
wind zones, supporting improved diagnosis of convective de-
velopment mechanisms.
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These findings highlight the value of high-resolution
wind datasets that integrate physically consistent dynamical
downscaling with observational constraints in representing
mesoscale and diurnal wind variability over complex urban-
ized environments. The YRD1km dataset provides a robust,
physically coherent foundation for applications that require
detailed three-dimensional wind information, including wind
energy resource assessment, urban boundary-layer diagnos-
tics, and high-resolution air quality and pollutant dispersion
modeling. In particular, the resolved fine-scale vertical wind
structures offer important potential for diagnosing low-level
wind shear and related dynamical features, which are criti-
cal for understanding urban atmospheric processes and for
supporting safety-oriented analyses relevant to low-altitude
airspace operations in rapidly developing metropolitan re-
gions.

Looking ahead, the proposed framework can be further ex-
tended to generate longer-term, seasonally continuous high-
resolution wind datasets and applied to other regions with
complex terrain and heterogeneous land use. Future devel-
opments may also incorporate additional observational con-
straints, such as satellite-based wind products and higher-
frequency ground-based remote sensing measurements. In
addition, the YRD1km dataset can serve as a physically con-
sistent reference or training dataset for emerging data-driven
downscaling approaches, including machine learning mod-
els and sub-kilometer-scale simulations, thereby supporting
next-generation high-resolution atmospheric modeling and
applied research.
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