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Abstract

Fine-scale near-surface wind field prediction is essential for a wide range of
applications. However, most operational and Al-based weather models operate
at kilometer-scale resolution, where terrain-induced wind features such as slope
jets, flow deflection, and recirculation are systematically averaged out. Here we
introduce FuXi-CFD, a machine learning-based framework designed to generate
detailed three-dimensional (3D) near-surface wind fields at 30-meter horizontal
resolution, using only coarse-resolution atmospheric inputs and high-resolution
terrain information. The model is trained on a large-scale dataset generated via
computational fluid dynamics (CFD), encompassing a wide range of terrain types
and inflow conditions. Although relying only on horizontal wind inputs, FuXi-
CFD infers the full 3D wind fields—including latent variables such as vertical
velocity and turbulence-related features. It achieves CFD-comparable accuracy



while reducing inference time from hours to seconds. Notably, the model also gen-
eralizes well to real-world conditions, as demonstrated by consistent performance
against independent wind-tower observations. This capability enables real-time
wind field reconstruction for terrain-sensitive applications such as wind turbine
siting, power forecasting, and wildfire spread modeling.

Keywords: fine-scale atmospheric modeling, complex terrain, computational fluid
dynamics, machine learning

1 Introduction

Fine-scale wind field information is essential for a wide range of high-impact appli-
cations, including wind turbine siting, power forecasting, wildfire spread prediction,
and urban risk assessment [1-4]. These tasks require accurate, site-specific estimates
of wind speed, direction, and turbulence—often at spatial resolutions of tens of
meters [5, 6].

While coarse-resolution forecasts may suffice in relatively flat regions, such
approaches become inadequate in areas with complex topography. Surface features
such as mountains, ridges, and valleys can strongly modulate wind behavior, gener-
ating localized phenomena including slope jets (from flow channeling along inclined
surfaces), vertical wind shear (due to sudden elevation changes), and recirculation
zones (in the lee of steep terrain) [7]. These terrain-induced flow patterns are often
poorly correlated with the surrounding kilometer-scale average and may even exhibit
opposite flow directions.

Most operational weather forecasting models, including ECMWE’s IFS [§],
NOAA’s GFS [9], and China’s GRAPES [10], operate at horizontal resolutions of
several kilometers. At this scale, terrain-induced flow structures are systematically
averaged out, limiting the utility of these models for site-specific assessments. While
such models perform well for synoptic-scale weather prediction, they fall short in
resolving the fine-scale variability required for localized or site-specific applications.

Recent advances in machine learning have enabled a new class of data-driven
weather forecasting models. Notable examples include GraphCast [11], FourCast-
Net [12], Pangu-Weather [13], FuXi [14, 15], MetNet [16], and GenCast [17]. These
models are typically trained on global reanalysis datasets such as ERA5 [18], which
offer native resolutions of around 0.25° (approximately 31 km). While they have
achieved remarkable improvements in forecast accuracy and lead time, their spatial res-
olution has seen little advancement, as the outputs remain fundamentally constrained
by the resolution of the training data. This limitation restricts their ability to resolve
fine-scale wind features, particularly in regions with complex terrain.

To obtain finer-scale information from coarse atmospheric forecasts, various
downscaling techniques have been explored. Statistical approaches, based on inter-
polation or regression, provide computationally efficient corrections [19] but struggle
to generalize in regions lacking dense measurements and cannot reliably recover the
three-dimensional, turbulent structures of wind flow [20]. Dynamical downscaling



approaches using mesoscale weather models such as WREF offers improved physi-
cal realism [21] but incurs high computational costs and suffers from limitations in
turbulence parameterization and numerical stability in steep terrain [22]. These limita-
tions have restricted their application in high-resolution operational wind forecasting,
especially in mountainous regions [23].

In recent years, machine-learning—based downscaling has attracted growing inter-
est, and a wide variety of approaches—ranging from convolutional super-resolution
networks [24-26], GAN models [25, 27], operator-learning architectures [28-30] and
more recent diffusion or Transformer variants [31-33]—have demonstrated encourag-
ing progress in enhancing coarse atmospheric fields. These studies collectively show
that data-driven approaches can extract spatial patterns from low-resolution inputs
and offer a computationally efficient alternative to traditional statistical or dynamical
downscaling.

Most existing works, however, operate within a resolution range constrained by the
availability of training data: “high-resolution” targets are typically at the kilometer
scale, and the learning task often involves recovering a synthetically degraded version
of the same fields. As a result, current ML models typically learn scale transformations
from 20-30 km down to 1-3 km, rather than the tens-of-meters scales needed to resolve
terrain-induced accelerations or flow deformation. This reflects a broader limitation of
today’s public datasets rather than any specific modeling choice.

In addition, ML downscaling is generally formulated as a two-dimensional super-
resolution problem focused on a single horizontal layer. While this formulation is
convenient and has yielded promising improvements, fine-scale mountain flows are
inherently three-dimensional, involving slope flows, vertical motions, and strongly
deformed streamlines that cannot be inferred from 2D inputs alone. Extending ML
approaches toward reconstructing full 3D wind structures therefore remains an open
challenge for the field.

Finally, most studies train and evaluate models within the same terrain region,
and only a few works have begun exploring generalization across distinct orographic
settings. Early results [34] suggest that performance tends to degrade when applied
to terrains not represented in the training data—a natural consequence of the limited
diversity of existing high-resolution wind datasets.

To resolve wind flows at tens-of-meter resolution in complex terrain, computa-
tional fluid dynamics (CFD) [35, 36] remains the most physically grounded modeling
approach. By explicitly tackling the Navier—Stokes equations with detailed represen-
tations of terrain geometry, surface roughness length, and boundary-layer processes,
CFD can capture flow separation, channeling, speed-up effects, and turbulence gen-
erated by topographic forcing—features that cannot be inferred from kilometer-scale
atmospheric models or purely data-driven downscaling. High-resolution CFD has thus
become the de facto standard in applications requiring fine-scale wind characterization,
including wind-energy assessment, infrastructure design, dispersion studies, and safety
evaluations, where spatial resolutions of 30-100 m are commonly employed [37-39].

Despite its accuracy, CFD remains computationally intensive and operationally
demanding. Configuring a realistic domain, preparing terrain and boundary conditions,
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Fig. 1 Terrain-aware 3D wind reconstruction with FuXi-CFD. FuXi-CFD converts
kilometer-scale horizontal winds from global or regional forecasts into 30 m-resolution three-
dimensional wind fields over complex terrain. The model learns a terrain-response operator from a
large computational fluid dynamics (CFD)-generated library, enabling prediction of full velocity vec-
tor and turbulence-related quantities from coarse inputs.

and running a high-resolution simulation over complex terrain can require substantial
expert effort and runtime, often making it impractical for real-time forecasting.

To address these challenges, this study develops a data-driven framework termed
FuXi-CFD (Fig. 1), which combines the physical fidelity of CFD with the efficiency
of modern machine learning. We construct a large CFD-informed dataset cover-
ing diverse terrain shapes and inflow conditions, explicitly resolving the fine-scale
flow responses that are absent from kilometer-scale atmospheric inputs. Building on
this dataset, we train a learning model that approximates the terrain—flow opera-
tor, enabling the reconstruction of three-dimensional wind fields—including vertical
motion and turbulence-related quantities—from coarse horizontal winds alone. The
resulting framework offers a physically grounded yet computationally efficient pathway
toward high-resolution wind prediction in complex terrain, supporting applications
such as micro-siting, power forecasting, wildfire spread modeling, and extreme-wind
assessment.



2 Results

2.1 Overall predictive accuracy

Built upon a large CFD-informed dataset and a terrain-aware operator learning
framework (see Methods), FuXi-CFD’s predictive skill was first assessed by com-
paring its outputs with the CFD references across unseen terrains. We focus on
four key variables—u, v, w, and k—that characterize near-surface and turbine-
height winds. Figure 2 summarizes the model-reference agreement at 10m, 50m,
and 100 m—three heights that span standard meteorological observations to typical
rotor-layer elevations.

Across all heights, FuXi-CFD reproduces the horizontal wind components with
high fidelity, with predictions tightly following the 1:1 line and showing minimal scat-
ter. The vertical velocity exhibits slightly larger spread but remains well constrained,
reflecting the model’s ability to recover terrain-induced updraft and downdraft struc-
tures from coarse background wind information. In contrast, predictions of turbulent
kinetic energy show the largest dispersion. This behavior is expected: although k is
included in the training labels, it is not supplied as an explicit input, and thus acts as
a latent quantity that must be inferred indirectly from the flow state.
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Fig. 2 Agreement between FuXi-CFD predictions and computational fluid dynamics
(CFD) references. Parity plots compare predicted and simulated horizontal winds (u, v), vertical
velocity (w), and turbulent kinetic energy (k) at 10 m, 50 m, and 100 m height. Predictions of v and v
align closely with the CFD truth across all heights, indicating that the model recovers both large-scale
inflow directionality and fine-scale terrain-modulated variations. Scatter is largest for k, reflecting its
derived nature and dependence on small-scale shear. Overall, the results demonstrate strong predictive
skill for primary wind components and reasonable performance for turbulence-related quantities.



Performance improves with height, and the 100 m level shows the strongest agree-
ment across all four variables. This is consistent with the fact that the upper levels
are more strongly anchored by the coarse-scale input winds, whereas the near-surface
layers rely more heavily on learning terrain-driven adjustments. Overall, the results
demonstrate that FuXi-CFD captures both the large-scale momentum distribution
and the fine-scale terrain-modulated responses across a wide range of heights.

2.2 Spatial pattern fidelity

To complement the pointwise statistics, we next examine how FuXi-CFD performs
at the case level across different terrain conditions (Fig. 3). Panel (a) summarizes all
test cases as a function of terrain relief and their mean absolute error. Most cases
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Fig. 3 Examples of multi-height wind-field reconstructions across diverse terrain con-
ditions. (a) Distribution of test cases as a function of terrain relief, with selected examples spanning
low to extreme terrain relief. (b—e) For each case, coarse 10 m winds (9%x9 grid) are shown alongside
high-resolution predictions and computational fluid dynamics (CFD) references at 10 m, 50 m, and
100 m. The reconstructed fields capture speed-up over ridges, flow channeling in valleys, and height-
dependent smoothing as terrain influence weakens. Across diverse conditions, FuXi-CFD recovers
both broad flow patterns and local gradients with good fidelity, despite a downscaling ratio exceed-
ing 30x. Beyond horizontal winds, the model also infers vertical motion (w) and turbulent kinetic
energy (k), which are absent from the inputs yet essential for wind-related applications.



cluster at low errors over a wide range of relief, with a few challenging examples at
large terrain relief. From this distribution we select four representative cases (b—e):
three lie within the dense cloud of typical performance, covering gentle, moderate, and
strongly structured terrain, while case (e) corresponds to an extreme-relief, higher-
error example near the upper envelope of the scatter. This design allows us to assess
not only average behavior but also how the model behaves in the most demanding
settings.

For each selected case, panel (b—e) compares the coarse 100m input (9x9) with
the reconstructed high-resolution fields and the CFD references at 10 m, 50 m, and
100 m for all four variables (u, v, w, k). Across these diverse landscapes, FuXi-CFD
preserves the key terrain-forced structures: speed-up over ridges, flow channeling and
turning in valleys, and progressive smoothing of small-scale features with height as
the direct terrain influence weakens. The predicted patterns closely track the CFD
references in both broad gradients and local variations, rather than collapsing to an
over-smoothed version of the coarse input. This remains true even for the extreme case
(e), where complex orography and larger overall errors make the reconstruction most
challenging. Additional three-dimensional streamline visualizations, which provide a
direct view of terrain-induced flow structures, are provided in Supplementary Notes 5.
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Fig. 4 Height-resolved performance and comparison with conventional models. (a) Verti-
cal profiles of prediction errors for horizontal winds (u, v), vertical velocity (w), and turbulent kinetic
energy (k), evaluated using mean absolute error (MAE) and relative L? metrics. Errors remain low
across the 0-200 m layer, with slightly larger deviations near the surface. (b) Wind-speed prediction
performance across models as a function of height. Conventional architectures trained on the same
dataset exhibit larger errors and lower correlations than FuXi-CFD.



2.3 Height-resolved performance

FuXi-CFD predicts full three-dimensional wind fields, enabling evaluation of perfor-
mance across height rather than at a single level. Across the 0-200 m layer (Fig. 4(a)),
prediction errors remain consistently low for horizontal winds, with only modest
increases near the surface where terrain-induced gradients are strongest. Vertical veloc-
ity also shows stable accuracy despite not being provided as input, whereas turbulent
kinetic energy exhibits larger deviations consistent with its stronger sensitivity to local
shear. Importantly, accuracy does not deteriorate away from the constrained 100 m
level, indicating robust vertical generalization.

We further compare FuXi-CFD with several widely used deep-learning archi-
tectures trained on the same dataset (Fig. 4(b)). Across all evaluated heights,
conventional models exhibit substantially larger errors and lower correlations. Addi-
tional comparisons across variables, heights, and representative cases are provided in
Supplementary Notes 3.3.

The results show that, even when trained on the same data, conventional models
fail to reproduce the height-dependent flow variability resolved by FuXi-CFD. This
suggests that reconstructing high-resolution three-dimensional wind fields from coarse
inputs is not a trivial mapping but requires models capable of learning terrain-aware
three-dimensional flow operators.

2.4 Validation

To assess the applicability and generalization capability of FuXi-CFD under real-world
complex terrain conditions, we conduct independent validation using tall-tower obser-
vations [40]. As a representative example, the OPE meteorological tower in Europe
is considered. Figures 5(al)-(a3) show a photograph of the tower site, the digital ele-
vation model (DEM) and surface roughness length (z9) over a surrounding area of
9km x 9km. The terrain exhibits moderate elevation variations (on the order of sev-
eral tens of meters), introducing noticeable but relatively gentle terrain-induced flow
variations, making it a practical site for terrain-driven wind-flow validation.

The OPE tower provides wind speed and wind direction measurements at heights
of 10m, 50 m, and 120 m with a temporal resolution of 3h. We collect three years of
observations from 2018 to 2020 and compare them against FuXi-CFD reconstructions.
Figure 5(b) presents the mean absolute error (MAE) at 10m, 50 m, and 120m as a
function of wind speed interval. Two ERA5-based site-level vertical reconstruction
baselines are considered. ERA5-SC denotes a single-constraint power-law approach
that extrapolates a vertical wind profile using only the ERA5 10 m wind speed, while
ERA5-DC employs both the ERA5 10m and 100m winds to construct a two-level-
constrained profile. The latter reflects the maximum information recoverable from
coarse-grid reanalysis at a point location, without explicitly resolving terrain effects
or introducing additional expensive dynamical simulations. Detailed formulations and
parameter settings of these baselines are provided in the Supplementary Information.

The results indicate that ERA5-DC substantially reduces errors relative to ERA5-
SC, confirming its suitability as a strong baseline. Under moderate to strong wind
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Fig. 5 Validation of FuXi-CFD against tall-tower observations over complex terrain.
(al-a3) Photograph of the European OPE meteorological tower, together with the digital elevation
model (DEM) and roughness length distribution over an approximately 9km X 9km area centered on
the tower. The photograph in (al) is reproduced from ICOS RI (https://meta.icos-cp.eu/resources/
stations/AS_OPE), licensed under CC BY 4.0. (b) Mean absolute error at 120 m, 50 m, and 10m as
a function of wind-speed interval. Baseline comparisons include ERA5-SC (single-constraint extrap-
olation) and ERA5-DC (dual-constraint extrapolation). ERA5-DC clearly outperforms ERA5-SC,
while FuXi-CFD further reduces errors under moderate to strong wind conditions, with the advan-
tage increasing at higher wind speeds. Error bars represent +1 standard deviation. (c) Directional
distribution of the error difference between FuXi-CFD and ERA5-DC. FuXi-CFD exhibits the largest
improvement for southwesterly winds, indicating that the model achieves greater performance gains
in scenarios where terrain effects are pronounced, with particularly strong advantages in high-wind,
high-value conditions. (d1-d2) Statistical validation across three independent European tall-tower
sites (OPE, Torfhaus, and Ispra). Consistent performance improvements are observed across sites,
height regimes, and wind-speed ranges. The model is trained on complex terrain data from China
and validated at European sites, demonstrating stable cross-regional generalization.

conditions, FuXi-CFD further improves reconstruction accuracy relative to ERA5-
DC, with the performance advantage increasing systematically with wind speed. This
behavior is particularly relevant for applications such as wind power assessment and
strong-wind hazard mitigation, where higher wind-speed regimes correspond to rapidly
increasing power output or structural loading, and even small improvements in wind-
speed accuracy can lead to disproportionately larger impacts on engineering estimates.

To further examine the role of terrain effects, Fig. 5(c) shows the directional depen-
dence of the error difference between FuXi-CFD and ERA5-DC. Based on the DEM,
southwesterly inflow corresponds to flow ascending from relatively lower terrain toward
the tower location, where terrain-induced effects are expected to be most pronounced.
The marked performance advantage of FuXi-CFD in this wind sector indicates its
ability to capture direction-dependent terrain modulation of wind-profile structure.
Statistics conditioned on Beaufort scale >4 and >5 further show that this advantage
strengthens under increasingly strong mechanically driven flow regimes.

In addition to OPE, two other European tall-tower sites, Torfhaus and Ispra, are
included in the validation. As the available measurement heights differ among sites,
observations are grouped into three height regimes: near-surface (~10m), mid-level



(20-90m), and upper-level (90-130m). Figure 5(d2) summarizes the performance
differences between FuXi-CFD and ERA5-DC across wind-speed ranges and height
regimes. Consistent performance characteristics are observed across sites and con-
ditions, confirming the robustness of the conclusions drawn from the OPE case.
Despite being trained solely on simulations over complex terrain in southeastern
China, FuXi-CFD exhibits consistent performance at European sites, indicating robust
cross-regional generalization.

3 Discussion

This study presents a three-dimensional wind-field reconstruction framework, FuXi-
CFD, which integrates large-scale CFD data with deep learning to learn a terrain-
response operator and achieve high-resolution (30 m) wind-field reconstruction from
kilometer-scale background winds over complex terrain. Results show that FuXi-CFD
maintains stable predictive performance on unseen terrains: it not only achieves low
overall errors but also accurately reproduces terrain-forced structures such as speed-
up over ridges, channeling in valleys, and upwind-downwind slope features, while
exhibiting consistent vertical error patterns across the 0-200 m layer. In addition
to the high-resolution horizontal winds, the model also infers vertical motion and
certain turbulence-related features that are not explicitly provided in the inputs,
demonstrating coherent three-dimensional structural consistency.

From the perspective of boundary-layer physics, although the dataset used in
this study is constructed under the neutral atmospheric boundary layer assump-
tion, FuXi-CFD remains applicable in real moderate-to-strong wind conditions. Such
dynamically dominated regimes are typically characterized by low Richardson numbers
(Ri)—indicating that buoyancy contributes far less than shear-generated turbu-
lence—so the flow structure is primarily governed by terrain forcing and shear, with
buoyancy acting only as a secondary adjustment. Under these conditions, even without
explicitly incorporating thermal stratification, the model maintains robust perfor-
mance in year-round wind-tower statistics. Under weak-wind conditions, however, the
prediction errors are higher, partly because the dataset emphasizes strong-wind cases
and contains relatively few weak-wind samples, and partly because thermal effects
exert stronger influence on near-surface flow under weak-wind regimes, which are not
represented in the current CFD database.

Future work could extend the existing dataset by incorporating CFD cases that
include thermal effects, adding background stratification, surface heat flux, and other
relevant thermal inputs to improve performance under weak-wind and strongly stable
conditions. However, such an extension requires higher-dimensional inputs, broader
parameter-space coverage, and significantly increased computational cost per case,
and its benefits mainly target the finer characterization of low-wind scenarios. For
applications dominated by moderate-to-strong winds—such as wind-energy assess-
ment, hazard forecasting, and low-altitude safety—FuXi-CFD already demonstrates
reasonable physical consistency, stable generalization, and clear engineering relevance.

Overall, FuXi-CFD provides an efficient, deployable, and physically grounded path-
way for high-resolution three-dimensional wind-field downscaling in complex terrain,



bringing data-driven wind downscaling into the 30-meter regime in a practically
meaningful way.

4 Methods

4.1 CFD-informed Dataset

The FuXi-CFD dataset consists of more than 12,000 high-resolution CFD simulations
of real mountainous terrain in southeastern China. Each sample covers a 9 km x 9km
region at 30 m horizontal resolution and provides three-dimensional fields of wind
velocity components (u, v, w) and turbulent kinetic energy (k). The dataset spans a
wide range of terrain geometries, elevation gradients, and roughness patterns, form-
ing a large and physically consistent foundation for learning terrain-induced wind
variability.

Two physical inputs define each terrain characteristics: elevation and surface rough-
ness. Elevation is obtained from the 30 m Shuttle Radar Topography Mission (SRTM)
dataset [41], while surface roughness is derived from ESA WorldCover land cover
maps [42] using established empirical mappings to aerodynamic roughness length [43].
These globally available datasets define the underlying terrain—atmosphere interaction
environment.

Region 3D Wind Field

Fig. 6 Computational fluid dynamics (CFD)-informed dataset generation. Each row
illustrates a representative terrain block from the dataset, starting from satellite imagery and its
corresponding digital elevation model (DEM) and surface roughness length (zg) fields. For each
terrain block and inflow direction, CFD produces a 3D wind field, shown as horizontal slices and
two orthogonal vertical sections. These simulations form a comprehensive library of terrain—flow
interactions, which FuXi-CFD learns to approximate.



Figure 6 summarizes the dataset-generation workflow. For each selected region,
terrain elevation and roughness length are extracted as physical inputs. These inputs,
together with a specified inflow condition, drive a high-resolution CFD simulation that
produces a three-dimensional wind field over complex terrain.

To ensure physically realistic flow development, each CFD simulation uses a
12km x 12km domain, where the central 9km x 9km region serves as the out-
put region and the surrounding 1.5 km buffer allows the flow to adjust to terrain
forcing before entering the core domain. Simulations are performed using a steady-
state Reynolds-Averaged Navier-Stokes (RANS) solver (details in Supplementary
Information).

The inflow is initialized with a logarithmic atmospheric boundary layer (ABL)
profile. The reference wind speed at 100 m is sampled from a skewed distribution
between 3 and 20 m/s, with higher probability around 10 m/s to emphasize typi-
cal turbine operating conditions. Wind direction is sampled uniformly from the full
360° range. These choices produce a wide variety of realistic inflow scenarios, help-
ing the machine-learning model learn terrain-induced flow responses across a broad
operational envelope.

Each simulation yields full 3D fields of the wind velocity components (u, v, w)
and turbulent kinetic energy (k) on a 300 x 300 x 47 grid extending up to 3 km in
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Fig. 7 Terrain-induced variability in computational fluid dynamics (CFD)-generated
wind fields. (a—b) Topography and roughness length for an example region. (c) Horizontal winds
(u, v), vertical velocity (w), and turbulent kinetic energy (k) at several heights show strong spatial
variation driven by terrain forcing. Lower levels (5-10 m) exhibit sharp gradients associated with
slope-parallel accelerations and localized separation zones, while flow patterns become smoother with
altitude as terrain influence weakens. Turbulence intensity remains elevated over steep slopes and
leeward regions, reflecting shear-induced production captured by the CFD solver. These examples
highlight the diversity of flow responses that the model must learn to reproduce from coarse inputs.
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Fig. 8 Architecture of the terrain-informed deep learning model for 3D wind down-
scaling. The model takes high-resolution terrain (300x300 grid) and coarse 100 m winds (9x9 grid)
as inputs. A downsampling layer and twelve transformer encoder blocks extract cross-scale spatial
dependencies, which are then decoded into full 3D fields of horizontal winds (u, v), vertical velocity
(w), and turbulent kinetic energy (k) at 30 m horizontal resolution and 27 vertical levels. Training is
supervised with a combination of Charbonnier and frequency-domain losses to encourage both local
accuracy and structural coherence.

altitude. In total, the dataset contains more than 12,000 simulations and represents
over 300,000 CPU hours of computation.

The resulting library captures a diverse set of terrain—flow interactions. As illus-
trated in Figure 7, lower-altitude winds exhibit strong acceleration, separation, and
channeling associated with local topographic forcing, while flow patterns become grad-
ually smoother with height. Turbulence intensity remains elevated over steep slopes
and leeward regions due to shear-induced production resolved by the RANS model.

Although inflow wind speed and direction determine each CFD solution, they are
deliberately excluded from the dataset inputs used for machine-learning training. This
design reflects the target application: in practical wind-energy assessment, upstream
flow conditions are often uncertain, unavailable, or only coarsely resolved. By train-
ing on diverse CFD outcomes without providing inflow metadata, the model learns
to infer terrain-sensitive 3D flow patterns from limited inflow information, enabling
applications where forward CFD would otherwise be inapplicable. A detailed corre-
lation analysis is provided in Supplementary Notes 1.3, illustrating the non-trivial
relationships between dataset inputs and outputs across heights.

Overall, the FuXi-CFD dataset provides a large, physically consistent basis for
learning terrain-response operators that reconstruct fine-scale, three-dimensional wind
fields.



4.2 Machine learning-based downscaling model

To reconstruct fine-scale three-dimensional wind fields from coarse atmospheric fore-
casts, we design a deep learning model that maps kilometer-scale wind inputs to
high-resolution 3D wind structures. Specifically, the model takes as input 100 m wind
components (u, v) sampled on a 9 x 9 grid at 1km resolution, covering a 9 km x 9 km
area. In parallel, terrain elevation and roughness length maps are provided at 30m
resolution over the same region. These inputs represent the typical outputs of modern
machine learning-based forecasting systems combined with satellite-derived surface
data. The model is trained to infer four key physical variables—u, v, w and k—across
27 vertical levels up to 214 m, forming a four-channel volumetric output used for wind
energy assessment.

Figure 8 provides an overview of the model architecture. We adopt a shared-
encoder architecture with four task-specific decoder branches. The encoder is built
upon a Vision Transformer [44] backbone, which efficiently captures terrain-induced
spatial correlations and long-range dependencies that are challenging for conventional
convolutional models. The four input fields are concatenated into a tensor of shape
(batch size, 4, 300, 300), corresponding to a 9km x 9km area at 30 m resolution. The
shared encoder extracts latent features from this input, which are then processed by
separate decoder branches to reconstruct each target variable.

To enhance spatial fidelity and suppress noise in the predicted fields, we employ a
hybrid loss function combining a robust spatial-domain loss with a frequency-domain
regularization term. The former promotes local consistency, while the latter encourages
the preservation of large-scale structural patterns. The model is trained using the
AdamW optimizer with a stepwise learning rate schedule over approximately 128 hours
on two A100 GPUs. This joint loss design leads to improved accuracy and more stable
convergence across all target variables, particularly for the latent fields w and k that
are not directly observable in the input. Additional model details are provided in the
Supplementary Notes 3.1.

Once trained, the model generates high-resolution 3D wind and turbulence fields
within a fraction of a second per query, representing a speedup of over three orders of
magnitude compared to traditional CFD simulations (Supplementary Notes 3.2).

Data availability. The FuXi-CFD dataset generated in this study is publicly avail-
able at Zenodo (https://doi.org/10.5281/zenodo.18770845). All data necessary to
reproduce the results reported in this paper are publicly available.

Code Availability. The inference code and pre-trained model weights used in this
study are publicly available at Zenodo (https://doi.org/10.5281/zenodo.18770845).
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Figure Legends/Captions

Fig. 1. Terrain-aware 3D wind reconstruction with FuXi-CFD. FuXi-CFD
converts kilometer-scale horizontal winds from global or regional forecasts into 30
m-resolution three-dimensional wind fields over complex terrain. The model learns a
terrain-response operator from a large computational fluid dynamics (CFD)-generated
library, enabling prediction of full velocity vector and turbulence-related quantities
from coarse inputs.

Fig. 2. Agreement between FuXi-CFD predictions and computational
fluid dynamics (CFD) references. Parity plots compare predicted and simulated
horizontal winds (u, v), vertical velocity (w), and turbulent kinetic energy (k) at 10
m, 50 m, and 100 m height. Predictions of u and v align closely with the CFD truth
across all heights, indicating that the model recovers both large-scale inflow direction-
ality and fine-scale terrain-modulated variations. Scatter is largest for k, reflecting its
derived nature and dependence on small-scale shear. Overall, the results demonstrate
strong predictive skill for primary wind components and reasonable performance for
turbulence-related quantities.

Fig. 3. Examples of multi-height wind-field reconstructions across
diverse terrain conditions. (a) Distribution of test cases as a function of ter-
rain relief, with selected examples spanning low to extreme terrain relief. (b—e) For
each case, coarse 10 m winds (9x9 grid) are shown alongside high-resolution predic-
tions and computational fluid dynamics (CFD) references at 10 m, 50 m, and 100 m.
The reconstructed fields capture speed-up over ridges, flow channeling in valleys, and
height-dependent smoothing as terrain influence weakens. Across diverse conditions,
FuXi-CFD recovers both broad flow patterns and local gradients with good fidelity,
despite a downscaling ratio exceeding 30x. Beyond horizontal winds, the model also
infers vertical motion (w) and turbulent kinetic energy (k), which are absent from the
inputs yet essential for wind-related applications.

Fig. 4. Height-resolved performance and comparison with conventional
models. (a) Vertical profiles of prediction errors for horizontal winds (u, v), vertical
velocity (w), and turbulent kinetic energy (k), evaluated using mean absolute error
(MAE) and relative L? metrics. Errors remain low across the 0-200 m layer, with
slightly larger deviations near the surface. (b) Wind-speed prediction performance
across models as a function of height. Conventional architectures trained on the same
dataset exhibit larger errors and lower correlations than FuXi-CFD.

Fig. 5. Validation of FuXi-CFD against tall-tower observations over
complex terrain. (al-a3) Photograph of the European OPE meteorological tower,
together with the digital elevation model (DEM) and roughness length distribution
over an approximately 9 km x 9 km area centered on the tower. The photograph in (al)
is reproduced from ICOS RI (https://meta.icos-cp.eu/resources/stations/AS_OPE),
licensed under CC BY 4.0. (b) Mean absolute error at 120 m, 50 m, and 10 m as a func-
tion of wind-speed interval. Baseline comparisons include ERA5-SC (single-constraint
extrapolation) and ERA5-DC (dual-constraint extrapolation). ERA5-DC clearly out-
performs ERA5-SC, while FuXi-CFD further reduces errors under moderate to strong



wind conditions, with the advantage increasing at higher wind speeds. Error bars
represent +1 standard deviation. (¢) Directional distribution of the error difference
between FuXi-CFD and ERA5-DC. FuXi-CFD exhibits the largest improvement for
southwesterly winds, indicating that the model achieves greater performance gains in
scenarios where terrain effects are pronounced, with particularly strong advantages in
high-wind, high-value conditions. (d1-d2) Statistical validation across three indepen-
dent European tall-tower sites (OPE, Torfhaus, and Ispra). Consistent performance
improvements are observed across sites, height regimes, and wind-speed ranges. The
model is trained on complex terrain data from China and validated at European sites,
demonstrating stable cross-regional generalization.

Fig. 6. Computational fluid dynamics (CFD)-informed dataset gener-
ation. Each row illustrates a representative terrain block from the dataset, starting
from satellite imagery and its corresponding digital elevation model (DEM) and surface
roughness length (zg) fields. For each terrain block and inflow direction, CFD pro-
duces a 3D wind field, shown as horizontal slices and two orthogonal vertical sections.
These simulations form a comprehensive library of terrain—flow interactions, which
FuXi-CFD learns to approximate.

Fig. 7. Terrain-induced variability in computational fluid dynamics
(CFD)-generated wind fields. (a-b) Topography and roughness length for an
example region. (¢) Horizontal winds (u, v), vertical velocity (w), and turbulent kinetic
energy (k) at several heights show strong spatial variation driven by terrain forcing.
Lower levels (5-10 m) exhibit sharp gradients associated with slope-parallel accel-
erations and localized separation zones, while flow patterns become smoother with
altitude as terrain influence weakens. Turbulence intensity remains elevated over steep
slopes and leeward regions, reflecting shear-induced production captured by the CFD
solver. These examples highlight the diversity of flow responses that the model must
learn to reproduce from coarse inputs.

Fig. 8. Architecture of the terrain-informed deep learning model for
3D wind downscaling. The model takes high-resolution terrain (300x300 grid) and
coarse 100 m winds (9x9 grid) as inputs. A downsampling layer and twelve transformer
encoder blocks extract cross-scale spatial dependencies, which are then decoded into
full 3D fields of horizontal winds (u, v), vertical velocity (w), and turbulent kinetic
energy (k) at 30 m horizontal resolution and 27 vertical levels. Training is supervised
with a combination of Charbonnier and frequency-domain losses to encourage both
local accuracy and structural coherence.
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