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Abstract Accurate simulation of near‐surface wind speed is crucial for applications in renewable energy,
dust emission, and air quality modeling. However, the Weather Research and Forecasting (WRF) model
systematically over‐estimates 10 m wind speed due to simplified representations of surface roughness and
momentum exchange. Here we incorporate into WRF a physically based changing aerodynamic roughness
(CAR) scheme using satellite albedo, to dynamically adjust near‐surface wind friction and momentum
exchange. Simulations during 2023 over China show that CAR substantially improves near‐surface wind speed
estimates, reducing the normalized mean bias from 14.6% to 2.2%. The improvements are pronounced over
cropland, shrubland, grassland, and bare land. Limited improvements occur in closed canopies (forests and
urban areas) because CAR poorly represents skimming flow. Nevertheless, bridging satellite observations with
boundary‐layer dynamics, the CAR scheme provides a more realistic representation of surface–atmosphere
momentum exchange, offering enhanced reliability for climate, air‐quality, and wind‐resource studies.

Plain Language Summary Accurate near‐surface wind simulations are essential for weather
forecasting, air‐quality assessment, dust‐storm prediction, and wind‐energy planning. However, most climate
models show substantial bias in simulating near‐surface wind speeds because they rely on fixed and overly
simplified aerodynamic roughness that cannot represent continuous changes in land surface conditions. In this
study, we introduce a Changing Aerodynamic Roughness (CAR) scheme into the Weather Research and
Forecasting (WRF) model, using satellite observations to link wind friction to real variations in land‐surface
properties. By dynamically adjusting surface roughness in response to changes in vegetation cover, soil texture,
and land use, CAR provides a realistic representation of surface‐atmosphere interactions. Applied to simulations
over China in 2023, CAR substantially improved the agreement between modeled and observed winds. The
mean bias in 10‐m wind speed decreased from 14.6% to 2.2%, with consistent improvements across seasons,
particularly over cropland, shrubland, grassland, and bare land. This approach produces more physically
realistic wind fields to enhance applications such as air‐quality modeling, dust‐emission prediction, and wind‐
energy assessment.

1. Introduction
Accurate simulation of near‐surface wind speed is essential for applications ranging from wind energy assessment
and air pollution dispersion to dust storm prediction and climate risk management (Allen et al., 2017; Dent
et al., 2021; Menut, 2018; Paulot et al., 2022). Wind speed, typically at 10 m above ground level (U10), is a key
variable in numerical weather prediction (NWP) and regional climate simulations (Gilliam et al., 2015;
Wagenbrenner et al., 2016). It directly influences surface momentum exchange, turbulent mixing, and the
transport of heat, moisture, and aerosols. Despite advances in model physics and computing power, mesoscale
models such as the Weather Research and Forecasting (WRF) model still exhibit persistent biases in near‐surface
wind simulations across diverse terrain and land cover types (Bianco et al., 2019; Horvath et al., 2012; Nelli
et al., 2020). These biases arise from multiple interacting factors related to both model physics and surface
representation. Inaccuracies in planetary boundary layer (PBL) schemes, surface layer formulations, and land
surface models (LSMs) can misrepresent turbulence, stability, and surface–atmosphere momentum transfer,
particularly under stable boundary layers and in complex terrain (Bianco et al., 2019; Carvalho et al., 2012;
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Moraes et al., 2005; Prieto‐Herráez et al., 2021). While sensitivity experiments have identified optimal combi-
nations of physics schemes, residual biases often remain (Díaz‐Isaac et al., 2018; Prein et al., 2022), highlighting
the need for more physically based parameterizations for further improve near‐surface wind simulations.

A major contributor to wind speed errors is the reliance on static aerodynamic roughness length (z0) fields, fixed
over space derived from generalized land‐use/land cover categories and static over time (Li et al., 2023; Nelli
et al., 2020). Since z0 and friction velocity (u∗) constrain the vertical wind profile, fixed values in those parameters
neglect sub‐grid scale variability (heterogeneity within a land use/land cover class) driven by slow changes like
seasonality, vegetation phenology, agricultural practices, and more abrupt changes in land‐use, snow cover, and
fires. Static parameterizations can cause large wind biases in small roughness areas and seasonal wind speed
errors linked to vegetation state (Wang et al., 2019; Yu et al., 2022). For example, in hyper‐arid regions, observed
z0 values are often an order of magnitude smaller than WRF defaults, leading to systematic under‐estimation of
U10, with errors substantially reduced when more representative values are applied (Nelli et al., 2020). Recent
efforts to improve z0 representation include satellite‐based retrievals (Liu et al., 2023), roughness sublayer pa-
rameterizations (Lee et al., 2020), and urban canopy refinements (Wang et al., 2025), though these approaches
often remain region‐specific.

Beyond these broad limitations, certain physical processes are represented with insufficient detail, producing
localized but significant wind speed errors. Targeted corrections for such processes can yield notable local im-
provements but are generally difficult to make universal (across regions and applications). In parallel, a variety of
statistical and machine learning methods have been developed, including sequence transfer (Wang et al., 2019),
hybrid deep learning frameworks (Han et al., 2022), surrogate optimization (Di et al., 2019), and neural network
bias correction (Adomako et al., 2024; Xu et al., 2025). While these methods can reduce mean errors, they rely
heavily on high‐quality historical observations (Han et al., 2022; Wang et al., 2019; Xu et al., 2025). Such data‐
driven correction schemes often exhibit limited physical interpretability, as they primarily focus on empirical bias
reduction without addressing the underlying physical origins of error, and consequently show poor transferability
to data‐sparse regions (Adomako et al., 2024; Di et al., 2019).

In this study, we developed a correction framework combined with an empirical formulation proposed by
Chappell andWebb (2016), in which u∗ is normalized by the wind velocity (U) at the freestream height f (Uf). The
normalization factor (u∗/Uf) was directly derived from satellite‐retrieved albedo, providing a dynamic aero-
dynamic roughness (not length scale) (Zhou et al., 2024) that represents spatio‐temporal variations in surface
conditions. By linking the wind profile at 10 m with that at a freestream height, we derived a modified model that
corrects WRF‐simulatedU10. This correction framework has been fully coupled intoWRF version 4.1.1, ensuring
that the dynamic surface information from remote sensing is embedded in WRF wind simulations. Here we show
that this novel, physically based and universal approach to improving near‐surface wind simulations, offers new
insights for wind energy assessment, dust emission modeling, and land–atmosphere interaction studies.

2. Material and Methods
2.1. Changing Aerodynamic Roughness (CAR) Derived From Remote Sensing Observations

The coupling between land surface wind friction and the freestream flow can be quantified by the friction velocity
normalized by the freestream wind speed (u*/Uf). Building on the relation between shadow and shelter established
by Raupach (1992), Chappell and Webb (2016) developed an albedo‐based relation linking the proportion of
surface shadow, including mutual shadowing effects, to the aerodynamic properties of the land surface. The
normalized and rescaled surface shadow (ωns) provides a quantitative indicator of surface roughness derived from
satellite observations (Chappell et al., 2018; Chappell & Webb, 2016). The normalized shadow is defined as:

ωn =
1 − ωdir(0°)

fiso
(1)

where ωdir(0
∘) is the directional albedo at a solar zenith angle of 0°, and fiso is the isotropic bidirectional

reflectance distribution function (BRDF) parameter from the MODIS BRDF‐albedo model (MCD43A1.061).
This term corrects spectral variations associated with soil composition, organic carbon, and moisture. The
normalized shadow is then rescaled from the numerical simulations to the MODIS values and calculated as:
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ωns = (a − b)
(ωn − ωn,max)

(ωn,min − ωn,max)
+ b (2)

where a = 0.0001, b = 0.1, ωn,min = 0, and ωn,max = 35. Building on this concept, the u*/Uf can be expressed
empirically as a function of ωns (Chappell & Webb, 2016):

CAR =
u∗

Uf
= 0.0497(1 − exp(−

ω1.326ns
0.0027

)) + 0.038 (3)

This formulation removes the direct influence of wind magnitude and isolates the effect of surface roughness,
represented by the satellite‐derived shadow proportion, on surface momentum exchange. For convenience, we
define the ratio u*/Uf as the changing aerodynamic roughness (CAR). Atmospheric stability effects are explicitly
handled by the WRF surface‐layer scheme, and CAR is therefore formulated to modulate roughness‐related
momentum extraction without introducing an additional stability dependence.

The CAR serves as a dimensionless indicator of surface–atmosphere coupling strength and is not intended to
represent a retrieval or redefinition of the classical aerodynamic roughness length z0. Instead, it represents an
effective measure of aerodynamic roughness based on momentum extraction efficiency (u*/Uf), describing the
integrated influence of surface roughness elements on near‐surface flow. The CAR is grounded in aerodynamic
turbulence theory and calibrated against friction velocity u* using experimentally derived relationships between
surface structure and momentum extraction, with its physical validity supported by independent field‐based
studies (Chappell & Webb, 2016; Raupach, 1992; Zhou et al., 2024). Larger CAR values correspond to
rougher or more vegetated surfaces with stronger wind friction and energy dissipation, whereas smaller values
indicate smoother or bare surfaces with weaker coupling. By varying dynamically with satellite‐observed surface
conditions, CAR captures spatio‐temporal variability in aerodynamic effects that are not represented by the static
roughness formulation in the default WRF model.

2.2. Derivation of the Corrected 10 m Wind Speed

In the WRF model, near‐surface wind speed is diagnosed with the logarithmic wind profile based on Monin‐
Obukhov similarity theory (Jiménez et al., 2012). Under neutral atmospheric conditions, the mean wind speed
at height z is expressed as:

Uz =
u∗

k
ln(

z
z0
) (4)

where u* is the friction velocity, k = 0.4 is the von Kármán constant, and z0 is the aerodynamic roughness length.
Based on the logarithmic wind profile, Uf and U10 can be expressed as:

Uf =
u∗

k
ln(

f
z0
) (5)

U10 =
u∗

k
ln(
10
z0
) (6)

Eliminating u*, Uf can be calculated from U10:

Uf = U10
ln( fz0)

ln(10z0)
(7)

Subtracting Uf from U10 yields:
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U10 = Uf +
u∗

k
ln(
10
f
) (8)

This expression explicitly linksU10 to u* andUf. Based on the relationship between CAR and u*/Uf in Equation 3,
the CAR‐corrected U10 can be redefined as:

Uc
10 = Uf [1 +

CAR
k
ln(
10
f
)] (9)

Replacing Uf with U10 in Equation 7:

Uc
10 = U10

ln( fz0)

ln(10z0)
[1 +

CAR
k
ln(
10
f
)] (10)

Therefore, the corrected 10 m wind speed output by the WRF model can be rewritten as:

WUc
10 = WU10

ln( f
Wz0

)

ln( 10Wz0)
[1 +

CAR
k
ln(
10
f
)] (11)

where WUc
10 denotes the corrected 10 m wind speed for WRF, WU10 is the 10 m wind speed simulated by the

original WRF model, andWz0 represents the fixed aerodynamic roughness length prescribed in WRF. Here, CAR
is applied in a post‐processing framework to isolate the effect of aerodynamic roughness variability on near‐
surface wind speed. We adopt a fixed freestream height of f = 100 m, which provides a consistent reference
level for evaluating the surface‐flow coupling in the surface layer.

2.3. Integration of the CAR Parameterization Into WRF

The CAR parameterization was integrated intoWRF (version 4.1.1) to enable real‐time adjustment of near‐surface
wind speed based on satellite remote‐sensing observations of surface conditions. This integration allowed the
simulated 10mwind to respond dynamically to spatio‐temporal variations in land‐surface aerodynamic properties
while maintaining the internal physical consistency of the model. Daily CAR data, derived from MODIS albedo
products, were re‐gridded and re‐projected to match theWRF computational domain and temporal resolution. The
resulting CAR fieldwas stored in NetCDF format thatWRF could read as an external variable. During runtime, the
surface layer driver was modified to import the dynamic CAR field at each time step.

The integration was designed as an online diagnostic correction which modifies only the diagnosed 10 m wind
without affecting the model's prognostic momentum fluxes, turbulence, or boundary‐layer tendencies. Conse-
quently, the new parameterization remains compatible with WRF's PBL schemes while improving the realism of
near‐surface wind representation. Through this integration, WRF gains the capability to represent the dynamic
influence of surface roughness on near‐surface wind speeds, bridging satellite‐derived surface observations with
boundary‐layer dynamics.

2.4. Model Setup and Experimental Design

To evaluate the performance of the dynamic CAR parameterization, the WRF model was configured over a
domain containing China, covering a wide range of surface conditions. The model domain employed a Lambert
conformal projection centered at 36.5°N, 102.2°E, with a horizontal resolution of 25 km and 28 vertical levels
extending from the surface to 100 hPa. The initial and lateral boundary conditions were obtained from the Na-
tional Centers for Environmental Prediction (NCEP) Final Analysis (FNL) data at 1° × 1° spatial and 6‐hourly
temporal resolution (DOC/NOAA/NWS/NCEP). The physical parameterizations employed in this study
included the Yonsei University (YSU) scheme for the PBL, the Unified Noah land surface model, the Goddard
shortwave and longwave radiation schemes, the Purdue Lin microphysics scheme, and the Betts‐Miller‐Janjic
(BMJ) ensemble cumulus parameterization.
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Two sets of experiments were conducted to isolate the effects of the dynamic CAR correction. The control
simulation (Exp‐CTL) followed the standard WRF configuration, in which 10 m wind speeds were diagnosed
based on static z0 values derived from the land cover lookup table. In contrast, the dynamic experiment (Exp‐
CAR) activated the newly integrated CAR module, where the spatially and temporally varying CAR field pro-
vided observation‐informed corrections to the diagnosed 10 m wind speeds. Both experiments were driven by
identical meteorological boundary conditions and land cover data to ensure consistent forcing and allow direct
comparison of near‐surface wind performance. The simulations covered the full year of 2023, with an additional
7‐day spin‐up period at the beginning of the simulation to minimize the influence of initial conditions. The
comparison between simulations with and without CAR is designed to isolate the role of aerodynamic roughness
representation, rather than to eliminate all sources of uncertainty inherent in regional climate modeling.

Satelite albedo data were obtained from the MODIS (MCD43A1 V6.1 BRDF) product, which provides isotropic
parameters at 500 m spatial resolution and daily temporal resolution (Schaaf & Wang, 2021). Model evaluation
was performed using wind speed observations sampled at hourly temporal resolution from 404 surface meteo-
rological stations distributed across China, obtained from the Integrated Surface Database (ISD‐Lite) provided by
the U.S. National Centers for Environmental Information (NCEI). Model performance was evaluated using the
Mean Bias (MB), Normalized Mean Bias (NMB), Normalized Mean Error (NME), Root Mean Square Error
(RMSE), and Correlation Coefficient (R), with all metrics calculated following the definitions in Song
et al. (2017). This evaluation framework provides a robust basis for quantifying improvements in near‐surface
wind simulations achieved through the incorporation of the dynamic CAR parameterization and for examining
its regional dependence across different land surface conditions.

3. Results
3.1. Spatial Distribution of Simulated Wind Speed Experiments

Figure 1 shows the spatial distributions of annual mean U10 over China in 2023 simulated by the Exp‐CTL and
Exp‐CAR. Both simulations capture the large‐scale climatological gradient of U10 across China, featuring a
gradual increase from the humid southeast toward the arid northwest. Large wind speeds occur mainly over arid
and sparsely vegetated regions with open terrain, while smaller values dominate the southeastern and south-
western areas, where complex topography and dense vegetation increase surface wind friction and weaken near‐
surface flow. Although the overall spatial structures are broadly consistent between the two simulations,
noticeable differences emerge after the incorporation of the CAR scheme. Compared with Exp‐CTL (Figure 1a),
the Exp‐CAR (Figure 1b) simulation generally produces smaller U10 across most regions, particularly over areas
with pronounced land surface heterogeneity.

The inclusion of CARallows effective aerodynamic roughness to vary daily in response to local surface conditions,
resulting in systematic adjustments of near‐surface wind speed across most regions. Reductions in U10 are
most pronounced in areas where Exp‐CTL exhibits relatively large wind speeds, leading to an expansion of small

Figure 1. Spatial distributions of annual mean 10 m wind speed (m s− 1) over China in 2023 simulated by the original WRF
configuration Exp‐CTL (a) and the modified WRF model incorporating the changing aerodynamic roughness (CAR)
parameterization Exp‐CAR (b).
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wind‐speed areas and a substantial suppression of large near‐surface winds. Overall, Exp‐CAR produces more
extensive regions of small wind speeds and markedly reduces the unrealistically large wind speeds evident in
Exp‐CTL.

3.2. Performance of the WRF Model With the CAR Scheme

The statistical evaluation of simulations (SIM) against observed 10 m wind speed (OBS) reveals that the
incorporation of the CAR scheme substantially improves the near‐surface wind simulation (Figure 2a). The mean
OBS across all meteorological stations was 2.7 m s− 1, whereas the SIM mean from Exp‐CTL was 3.1 m s− 1,
showing a clear positive bias. In Exp‐CAR, the SIM mean wind speed decreases to 2.8 m s− 1, closer to the
observations. Similarly, the mean bias (MB = SIM − OBS) of 0.4 m s− 1 in Exp‐CTL, decreased to 0.1 m s− 1 in
Exp‐CAR. Both NMB and NME decreased substantially, from 14.6% and 15.2% in Ext‐CTL to 2.2% and 7.9% in
Exp‐CAR, respectively. The RMSE reduced from 0.5 to 0.3 m s− 1, comparing the two simulations. The corre-
lation coefficient R between SIM and OBS winds remained nearly unchanged at a consistently large value of 0.9,
indicating stable temporal agreement. These results clearly demonstrate that Exp‐CAR effectively mitigated the
systematic over‐estimation of 10 m wind speed and enhanced the overall performance of the model.

The annual mean difference in U10 (Exp‐CAR minus Exp‐CTL) exhibited a coherent pattern across China
(Figure 2b). The U10 differences between the two scenarios are predominantly negative across most regions of
China, indicating that the integration of the CAR scheme generally reduced near‐surface wind speeds compared
with the original WRF simulation. The magnitude of this reduction typically ranges from − 1 to 0 m s− 1, with
larger decreases exceeding − 1 m s− 1 in localized areas, particularly in northwestern China. In contrast, small
positive differences (>0.5 m s− 1) occur in some high‐altitude or densely vegetated regions, suggesting a limited
local enhancement of near‐surface wind speed associated with the CAR scheme. By changing aerodynamic
roughness in response to local land surface conditions and particularly vegetation structure, the CAR scheme
enhanced surface drag and momentum dissipation, thereby reduced the systematic over‐estimation of wind speed
and improved the spatial realism of wind fields.

3.3. Monthly Variations of Model Performance

The monthly variations of NMB relative to observed 10 m wind speed showed that the incorporation of the CAR
scheme systematically improves the U10 simulation throughout the year (Figure 3). In Exp‐CTL, NMB remained
positive during all months, ranging from 4.87% in August to 21.09% in January, indicating a consistent over‐
estimation of near‐surface winds. In contrast, Exp‐CAR substantially reduced this bias, with NMB values
varying between − 6.6% in August and 13.62% in January. The largest reductions occur during spring (March–
May), when the monthly NMB decreased by approximately 15%–18% compared with Exp‐CTL. The inclusion of
CAR markedly reduced the month‐to‐month variability of NMB, moderating excessive seasonal oscillations, and
yielding a more consistent simulation of near‐surface winds. These results demonstrate that dynamically

Figure 2. (a) Comparison of statistical metrics for 10 m wind speed between the Exp‐CTL and Exp‐CAR experiments,
including station‐averaged observed mean (m s− 1), simulated mean (m s− 1), MB (m s− 1), NMB(%), NME (%), RMSE
(m s− 1) and R. (b) Spatial distribution of the annual mean difference in 10 m wind speed (Exp‐CAR minus Exp‐CTL) over
China in 2023, with black dots indicating meteorological observation stations.
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representing surface roughness not only corrects the systematic large bias but also improves the seasonal stability
of near‐surface wind simulations.

Seasonal variations showed that the most pronounced improvements occurred in spring (March–May), followed
by autumn (September–November), when the differences between Exp‐CTL and Exp‐CAR are the largest.
During summer (June–August), simulated wind speeds in Exp‐CAR become slightly under‐estimated relative to
observations but overall remain much closer to the measured values than those from Exp‐CTL. In winter
(December–February), although the improvement was smaller compared with other seasons, Exp‐CAR still
exhibited a substantial reduction in NMB, indicating that the systematic large bias is effectively mitigated
throughout the year. Overall, the CAR scheme reduces wind‐speed over‐estimation in all months, with the most
pronounced differences appearing during transitional seasons between the two simulations.

3.4. Model Performance Across Different Land‐Cover Types

Table 1 summarizes the model performance for simulated U10 over six representative land cover types. In the
Exp‐CTL experiment, the WRF model generally over‐estimates near‐surface wind speeds across all surface
categories, with positive NMB values ranging from 4.59% (forests) to 22.11% (croplands). The MB varied

Figure 3. Monthly variations of the normalized mean bias (NMB) of simulated 10 m wind speed over China in 2023 for the
Exp‐CTL and Exp‐CAR experiments. Error bars indicate the standard deviations of NMB across all meteorological stations.

Table 1
Comparison of the Performance of Simulated 10 m Wind Speed for Different Land‐Cover Types Between the Exp‐CTL and
Exp‐CAR Experiments

Land‐cover type Experiment Observation (m s− 1) Simulation (m s− 1) MB (m s− 1) NMB (%)

Forests Exp‐CTL 2.29 2.39 0.10 4.59

Exp‐CAR 2.18 − 0.11 − 4.84

Shrublands Exp‐CTL 3.01 3.68 0.67 22.09

Exp‐CAR 3.11 0.09 3.11

Grasslands Exp‐CTL 2.72 3.09 0.37 13.74

Exp‐CAR 2.73 0.01 0.03

Croplands Exp‐CTL 2.49 3.05 0.55 22.11

Exp‐CAR 2.53 0.04 1.41

Urban areas Exp‐CTL 2.96 3.24 0.28 9.31

Exp‐CAR 3.17 0.20 6.86

Bare lands Exp‐CTL 3.01 3.53 0.52 17.08

Exp‐CAR 3.08 0.06 2.11
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between 0.10 and 0.67 m s− 1, indicating a large bias independent of surface types. After implementing the CAR
scheme, these over‐estimations were substantially reduced. The NMB values for most surfaces approach zero or
become slightly negative, ranging between − 4.84% and 6.86%. The improvement is most notable over grasslands,
croplands, shrublands, and bare lands regions, where simulated wind speeds were reduced by around
0.4–0.6 m s− 1 compared with Exp‐CTL. Although Exp‐CAR still over‐estimates U10 in urban areas, the CAR
scheme reduces the magnitude of positive bias, though with limited improvement. Specifically, the MB decreases
from 0.28 to 0.20 m s− 1, and the NMB declines from 9.31% to 6.86%. In contrast, over forested regions char-
acterized by high surface roughness and pronounced subgrid‐scale heterogeneity, the application of CAR leads to
an overcorrection, with the bias changing sign from positive to negative. The Exp‐CTL simulation exhibits a
slight over‐estimation (MB = 0.10 m s− 1; NMB = 4.59%), whereas Exp‐CAR produces a mild under‐estimation
(MB = − 0.11 m s− 1; NMB = − 4.84%).

The contrasting behavior among land‐cover types represented the physical mechanism of the CAR parameteri-
zation. By linking changing aerodynamic roughness to land surface heterogeneity and vegetation structure, the
scheme enhances surface wind friction where land surface features or canopy elements intensify momentum
dissipation. Over croplands and shrublands, seasonal changes in vegetation height and density strongly affect
aerodynamic roughness. The CAR represents these variations as they change over time, preventing the over‐
estimation of wind speeds that occurs when z0 values are fixed over large classes and static over time. Over
bare or sparsely vegetated lands, the scheme moderates the unrealistic acceleration of near‐surface flow by
representing roughness induced by soil roughness and micro‐topography. In contrast, over dense forest and urban
surfaces, where the effective roughness is already large, the CAR‐induced corrections are smaller but still
beneficial in reducing residual large‐bias events. Overall, the land cover‐specific analysis confirms that the CAR
scheme effectively adapts to diverse surface environments and provides a more physically realistic depiction of
land–atmosphere momentum exchange across heterogeneous landscapes.

4. Discussion and Conclusion
The incorporation of a physically based CAR scheme into the WRF model substantially improves the simulation
of near‐surface wind speed. The WRF model with the CAR scheme effectively reduces the systematic large bias
that is common in the standard model, decreases RMSE and NMB by nearly half, and yields a stronger temporal
correlation with observations. The most pronounced improvements occur in spring and autumn, when surface
conditions vary rapidly, and across grasslands, croplands, shrublands, and bare‐lands surfaces where static
roughness parameterizations perform poorly. Overall, the CAR implementation provides a more balanced and
physically consistent representation of near‐surface winds, offering a reliable foundation for applications such as
air‐quality modeling, dust‐emission estimation, and wind‐energy assessment.

The overall improvements of near‐surface wind simulations arise primarily from the enhanced representation of
surface wind friction and momentum dissipation. The original WRF configuration always over‐estimates wind
speeds because values of z0 are fixed over large spatial classes and are static over time which under‐estimates the
true surface resistance, particularly in heterogeneous or vegetated landscapes (Jiménez & Dudhia, 2012; Nelli
et al., 2020; Shen et al., 2022; Wang et al., 2025). By introducing a relation between aerodynamic roughness and
local land surface conditions, the CAR scheme strengthens frictional coupling in the surface layer and prevents
the excessive downward transport of momentum. Consequently, near‐surface winds are weakened where the
default model previously produced unrealistically strong flows, leading to a more physically realistic wind field
that better aligns with the observed climatological gradient. This overall pattern of the difference between Exp‐
CTL and Exp‐CAR (Figure 2b) is consistent with previous evaluations of WRF wind simulations, which have
reported widespread over‐estimation of 10 m wind speed due to over‐simplified roughness parameterizations
(Falasca et al., 2021; Gholami et al., 2021; Jiménez & Dudhia, 2012; Yu et al., 2022).

The inclusion of CAR improves the temporal consistency of simulated winds and obviously suppresses the
month‐to‐month variability of model bias. The largest corrections occur in spring and autumn, when rapid
transitions in vegetation and soil conditions strongly modify surface roughness and boundary‐layer turbulence.
Although the default WRF assigns two fixed z0 values for summer and winter to represent seasonal contrasts, this
static treatment cannot represent the continuous sub‐seasonal variability in surface properties (Shen et al., 2022;
Vautard et al., 2010). The dynamically adjusted CAR scheme responds to evolving surface states, yielding
significant improvements in all seasons. In summer, enhanced canopy wind friction and vigorous turbulent
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mixing constrain roughness variation (Maurer et al., 2013) but still lead to clear bias reduction. While in winter,
reduced vegetation limits the magnitude of surface change, yet small‐scale roughness effects are better resolved.
Overall, CAR complements the seasonal z0 approach by continuously adapting to land‐surface dynamics, pro-
ducing more consistent and physically realistic near‐surface winds throughout the year.

The contrasting responses among land‐cover types reveal the underlying physical mechanisms of the CAR
parameterization. By linking changing aerodynamic roughness to local land surface heterogeneity and vegetation
structure, the scheme enhances surface wind friction where terrain features or canopy elements intensify mo-
mentum dissipation. Over croplands and shrublands, seasonal changes in vegetation height and density strongly
affect aerodynamic roughness. The CAR scheme represents these changes over time, preventing the over‐
estimation of wind speeds that occur when static z0 values are applied. Over bare or sparsely vegetated areas,
it moderates the unrealistic acceleration of near‐surface flow by accounting for roughness induced by soil texture
and micro‐topography.

Over highly heterogeneous and rough surfaces, several factors may contribute to wind speed over‐correction in
forests and more limited improvement in urban areas. First, uncertainties in CAR derived from MODIS albedo
products may be amplified by mixed pixels and anisotropic reflectance effects over heterogeneous land covers,
affecting the robustness of the correction. Second, the assumption that the 10 m level lies within the inertial
sublayer may be violated in environments characterized by canopy‐ or building‐induced drag and elevated
roughness sublayers, reducing the sensitivity of near‐surface wind to changes in effective aerodynamic roughness.
Third, over high‐roughness surfaces, the effective freestream height may exceed the fixed value of 100 m adopted
in this study, implying a land‐cover dependence that can influence the magnitude of wind speed adjustment.

These methodological and representational limitations are consistent with well‐established aerodynamic theory
over dense canopies, which provides a physical basis for the observed behavior. The limited improvement over
forests and urban areas is most likely explained by the parameterization of Raupach's (1992) drag partition
framework. This framework showed that as roughness density increases, the ratio of friction velocity to canopy‐
top wind first rises with increasing form drag, then declines once canopies become closed. In this drag saturated
regime, momentum exchange is dominated by canopy or building form drag, and additional roughness no longer
enhances total stress. The flow above dense canopies transitions to skimming flow, in which near‐surface wind
becomes insensitive to further increases in surface wind friction. However, the CAR formulation follows the
original parameterization and does not explicitly account for this curvilinear reduction of coupling at large
roughness densities (Chappell & Webb, 2016). Consequently, its fractional correction may overcompensate
surface resistance in closed canopies such as forests and cities, leading to the slight under‐estimation of wind
speed observed in these regions.
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