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Abstract. We present a data-driven surrogate modeling framework based on convolutional neural networks
(CNNps) for predicting steady-state two-dimensional velocity fields in incompressible flows. The model was
trained on a dataset of 120 Reynolds-averaged Navier—Stokes (RANS) simulations of flow past a rectangular
obstacle, with systematic variation in inlet velocity, turbulence intensity, surface roughness, and obstacle orien-
tation. Time-averaged velocity fields were extracted at z = 2 m, and subsequently interpolated onto a regular
structured grid of 339 x 374 points. Only the horizontal velocity component U, was retained for training the
CNN. The surrogate model achieved a median MSE of 0.07 (m/s)? and R? of 0.75 on the test set, with most
prediction errors localized in wake regions behind the obstacle. Cross-sectional velocity profiles and full-field
error analyses confirmed high predictive accuracy across diverse flow configurations. Once trained, the CNN
produces velocity field predictions within milliseconds, providing speed-ups of several orders of magnitude
compared to RANS simulations and enabling rapid parametric exploration, design pre-screening, and real-time

decision support.

1 Introduction

The accurate prediction of fluid flow velocity fields is cen-
tral to a wide range of engineering and environmental
applications, including aerodynamics, urban ventilation,
groundwater transport, and atmospheric boundary layer
(ABL) dynamics. High-fidelity computational fluid dy-
namics (CFD) simulations such as direct numerical sim-
ulation (DNS) or large eddy simulation (LES) provide de-
tailed insights into these flows, but their high computa-
tional cost severely limits their use for design optimiza-
tion, uncertainty quantification, and real-time decision-
making [1]. Even Reynolds-averaged Navier—Stokes
(RANS) models, although significantly cheaper than LES
or DNS, remain too costly when thousands of scenarios
must be evaluated within limited timeframes [2].

Recent advances in machine learning (ML) and deep
learning (DL) offer a promising alternative by enabling the
construction of surrogate models, i.e., data-driven emula-
tors trained on CFD or experimental datasets, that can ap-
proximate flow solutions with orders-of-magnitude lower
computational cost [3, 4]. Once trained, such models are
capable of predicting velocity, pressure or concentration
fields in milliseconds, compared to the hours required by
conventional solvers, thereby facilitating rapid exploration
of design spaces, near real-time forecasting, and integra-
tion into optimization and control frameworks. The grow-
ing availability of simulation data and the success of DL
architectures in handling high-dimensional spatial infor-
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mation further accelerate the adoption of ML surrogates
in fluid dynamics [3].

Among the various approaches, convolutional neural
networks (CNN5s) have emerged as a particularly effective
tool. Their ability to extract local and global spatial fea-
tures from structured data makes them well suited for pre-
dicting flow fields, which can be represented on regular
grids analogous to images. CNN-based surrogates have
been successfully applied to canonical problems such as
flow around airfoils [5, 6] and cylinders [7], indoor air-
flow [8, 9], and environmental wind prediction [10], con-
sistently achieving high accuracy and significant speed-up
compared to CFD solvers. Variants of encoder—decoder
architectures (e.g., U-Nets) have proven capable of repro-
ducing complex flow patterns, including shock positions
and recirculation zones, even in high-Reynolds-number
regimes [2].

Beyond CNNs, other ML and DL architectures have
been investigated to address challenges such as irregu-
lar geometries, unsteady flows, and long-range depen-
dencies. Graph neural networks (GNNs) operate directly
on unstructured meshes, offering greater geometric flex-
ibility [2]. Recurrent neural networks (RNNs), partic-
ularly Long Short-Term Memory (LSTM) models, cap-
ture temporal dependencies in unsteady flow evolution,
while autoencoders provide efficient dimensionality re-
duction for reduced-order modeling [4, 11]. More re-
cently, transformer-based models and neural operators,
such as the transformer-based neural operator (TNO), have
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demonstrated strong potential in capturing global interac-
tions in turbulent and multiphase flows [12].

Environmental applications have become a particu-
larly active domain for ML-based modeling, reflecting the
urgency of problems requiring rapid flow and environmen-
tal process prediction. Examples include urban wind com-
fort analysis [4, 13], pollutant dispersion modeling [14],
or hydro-meteorological forecasting using data-driven ap-
proaches [15]. In these contexts, ML models, including
surrogate models trained on RANS, LES, or DNS data,
have enabled real-time scenario evaluation and decision
support that would otherwise be infeasible with conven-
tional CFD alone.

This study situates itself within this growing body of
work by focusing on the prediction of 2D steady flow
velocity fields using CNN-based surrogates trained on
RANS simulations. We aim to develop and validate a
CNN surrogate model capable of predicting spatially re-
solved velocity fields around a rectangular obstacle in a 3D
atmospheric boundary layer flow, using only a limited set
of input parameters such as inlet velocity, turbulence inten-
sity, surface roughness, and obstacle orientation. The goal
is to enable rapid estimation of flow fields in urban-like
configurations while preserving spatial accuracy and cap-
turing key flow structures downstream of obstacles. Such
surrogates can significantly accelerate parametric studies,
support real-time decision-making in environmental mod-
eling, and serve as efficient alternatives to full CFD in ap-
plications such as pollutant dispersion, urban microclimate
assessment, or data-driven flow control.

2 Methodology

This study presents a data-driven surrogate modeling
approach for predicting horizontal velocity fields (U,)
around a rectangular obstacle in a three-dimensional ABL
flow. The methodology integrates CFD simulations, sys-
tematic data processing, and the training of CNN in an
encoder-like architecture. The overall workflow consists
of four stages: (1) generation of CFD data using Open-
FOAM, (2) extraction and standardization of 2D velocity
fields using Python programming language, (3) surrogate
model training using DL, and (4) model evaluation and
validation.

The overall pipeline from CFD simulation, post-
processing, and data preparation to surrogate model train-
ing and evaluation is summarized schematically in Fig-
ure 1.

2.1 CFD data generation

All CFD simulations were conducted in OpenFOAM v12,
within a three-dimensional domain that includes a cen-
trally placed rectangular obstacle. A total of 120 unique
scenarios were simulated based on a full factorial combi-
nation of input parameters:

e five uniform inlet velocities (U;,) — 0.5, 1.0, 2.0, 4.0, or
8.0 m/s,

o three surface roughness (k;) — 0.001, 0.05, or 0.1 m,

CFD simulations

5 inlet velocities 3 surface roughness

2 turbulence intensities 4 body placements

Data preparation

time averaged Uy

slicesatz=2m

grid 339 x 374

normalize input features and targets

Data split
] training set testing set 1
CNN model
model configuration
e training
testing <
Evaluation

quantitative metrics: MSE, MAE, R?2

error field: mean, std, relative error

visual diagnostic: cross-sections,
scatter plots, etc.

Figure 1. Overview of the surrogate modeling workflow. The
pipeline consists of CFD simulations (orange), data preparation
(blue), CNN model training and testing (green), and model eval-
uation (purple).
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e two turbulence intensities (TT) — 5% or 15%,
e four obstacle orientations (6, ) — 0°, 15°, 30°, or 45°.

The selected range of inlet velocities represents typical
near-surface wind speeds under moderate to strong ven-
tilation conditions. This range ensures coverage of both
low- and high-Reynolds-number regimes relevant for ur-
ban and environmental flows, while maintaining numeri-
cal stability and steady-state convergence in RANS sim-
ulations. Three surface roughness values were prescribed
to represent smooth, moderately rough, and highly rough
wall conditions, thus allowing evaluation of the surrogate
model’s sensitivity to near-wall boundary effects. The
two turbulence intensities correspond to low- and high-
turbulence inflow conditions, characteristic of open terrain
and built-up or rough-surface environments, respectively.
Finally, four obstacle orientations were included to cap-
ture the influence of body rotation on wake development
and to introduce geometric variability in the training data
without altering the overall domain configuration. These
discrete parameter levels provide sufficient diversity for
model generalization while keeping the total number of
CFD simulations computationally tractable.

All simulations were carried out with the support of
the MetaCentrum computing infrastructure, provided un-
der the CESNET project.

2.1.1 Computational domain and mesh

The domain was a three-dimensional channel of dimen-
sions Ly X L, x L; = 200X 100 X 50m. A rectangular obsta-
cle was positioned on the ground plane, centered laterally
in the y-direction and offset in the streamwise direction,
with a 5H buffer upstream and a 20H buffer downstream
to ensure full flow development and minimize boundary
effects. The obstacle had a fixed size of 10m X 20 m in the
x, and y directions, respectively, but was variably rotated
according to the specified setup (Fig. 2). The height of the
obstacle was H = 10m.

The mesh was generated using the snappyHexMesh
utility. A base hexahedral mesh was refined around the
obstacle using three levels of local refinement to capture
the steep gradients in velocity and turbulence quantities
near solid surfaces. Boundary layers were resolved using a
layered mesh with appropriate wall function compatibility.
The total mesh count varied slightly across configurations
but typically consisted of approximately one million cells.
Mesh quality was assessed using the OpenFOAM built-in
diagnostics.

2.1.2 RANS setup

Steady-state RANS simulations were performed using the
simpleFoam solver in OpenFOAM v12. The standard
two-equation k—¢ turbulence model was employed to rep-
resent turbulent transport, solving separate transport equa-
tions for the turbulent kinetic energy k and its dissipation
rate &. The model assumes isotropic turbulence and ap-
plies wall functions to resolve near-wall regions efficiently.

The inlet boundary conditions were prescribed to im-
pose the desired mean velocity magnitude and turbulence
intensity, which were internally converted to k and & fields.
A uniform velocity profile was applied at the domain in-
let, while no-slip boundary conditions were used on the
obstacle and ground surfaces, and a symmetry plane was
imposed at the domain top. Surface roughness effects were
represented through a modified wall function.

Each simulation was iterated until the normalized
residuals of all solved variables dropped below 107°
and the velocity and pressure fields exhibited negligi-
ble changes between iterations, ensuring fully converged
steady-state solutions.

2.2 Data processing

Once converged, each 3D CFD solution was post-
processed in Python to extract a 2D horizontal slice at the
height of z = 2 m. To obtain a uniform representation suit-
able for CNN input, the extracted fields were interpolated
onto a regular structured grid covering the physical do-
main. The resulting slices contained 339 x 374 grid points
spanning x € [-50,150] m and y € [-50,50] m. Only
the horizontal velocity component U, was retained for this
study, while metadata such as TI, k,, and 6,,, were embed-
ded in the filenames for parsing.

The resulting slices were saved and loaded into Python
using the NumPy library. Each scenario was represented by
a three-channel input tensor containing the three scalar in-
put parameters (Ui, T1, and k) spatially broadcasted over
the domain, yielding the input array X € R!20x339x374x3
The target output was the corresponding horizontal veloc-
ity field U,, forming y € R120x339x374,

All input and output fields were normalized to the
range [0, 1] to ensure stable and efficient CNN training.
This normalization was applied globally using min—-max
scaling, where each value x in a given field was trans-
formed into x” according to

A = M

Xmax — Xmin
where xpi, and x,. denote the minimum and maximum
values of the field across all scenarios, respectively. This
global normalization ensured that the model learned rel-
ative spatial patterns consistently across different flow
regimes and boundary conditions.

To evaluate generalization performance, the dataset of
120 scenarios was randomly split into two subsets, with
80% of the samples (i.e., 96 scenarios) used for training
and the remaining 20% (i.e., 24 scenarios) reserved for
independent testing. No overlap occurred between train-
ing and testing subsets, preventing information leakage or
overfitting.

2.3 CNN surrogate model

To approximate the spatial distribution of the velocity
component U, from a small set of input parameters, CNN
was implemented as a surrogate model in Keras using the
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Figure 2. Schematic representation of the computational domain used in the RANS simulations, shown here as a horizontal 2D slice
at z = 2 m for clarity, with a rectangular obstacle. Subfigure (a) shows a vertical side view of the obstacle. Subfigure (b) illustrates the
four tested obstacle orientations relative to the incoming flow: 0°, 15°, 30°, and 45°. Buffer zones upstream (SH), downstream (20H),

and laterally (5SH) were used to minimize boundary effects.

TensorFlow backend. The adopted architecture follows
an encoder-like structure, where convolutional and pool-
ing layers progressively extract spatial features from the
input representation.

Each input sample to the network is a three-channel 2D
tensor of shape (Himg, Wimg, Cimg), Where Hiye and Wi,
denote the height and width of the structured slice, and
Cimg the number of input channels. In this study, Hing =
339, Wimg = 374, and Ciy,y = 3.

The CNN consisted of three convolutional layers with
ReLU activations, defined as

b O’
ReLU(x) = g iZO ?)

Each convolutional layer used same padding and was fol-
lowed by a 2 X 2 max-pooling operation to progressively
reduce the spatial resolution while increasing the receptive
field. A fully connected layer with 512 neurons and ReLU
activation followed the convolutional stack, together with
a dropout layer (rate = 0.3) to mitigate overfitting.

The final dense output layer contained Himg X Wing neu-
rons and employed a linear activation

Linear(x) = x, 3)

to regress the velocity field. The model was trained using
the mean squared error (MSE, Eq. 4) as the loss function,
with the mean absolute error (MAE, Eq. 5) used as an aux-
iliary metric.

The CNN was compiled using the Adam optimizer
with a learning rate of 107 and trained for 100 epochs
with a batch size of 4. During training, the output targets
originally shaped as (Hiyg, Wimg) were flattened into vec-
tors for training.

The final model was saved in the .keras format, and
the training loss history was recorded and visualized. The
full pipeline is fully reproducible and designed for exten-
sibility toward automated hyperparameter optimization or
architecture search. In this study, hyperparameters such
as learning rate, number of filters, and dropout rate were
selected empirically based on preliminary experiments.

Although the adopted CNN architecture is deliber-
ately simpler than more advanced architectures such as
U-Nets or neural operators, this choice was made to prior-
itize computational efficiency and fast convergence. The
encoder-like structure provided sufficient representational
capacity for the studied parameter space while maintain-
ing low computational cost. More complex architectures
could potentially improve performance but at the expense
of significantly higher training time and implementation
complexity.

The corresponding Keras implementation of the
model is shown below:

model = Sequential([

InputLayer(input_shape=(height, width,
channels)),

Conv2D(16, (3, 3), activation='relu’,
padding=’same’),

MaxPooling2D((2, 2)),

Conv2D(32, (3, 3), activation=’relu’,
padding=’same’),

MaxPooling2D((2, 2)),

Conv2D(64, (3, 3), activation='relu’,
padding="same’),

MaxPooling2D((2, 2)),

Flatten(),

Dense(512, activation=’relu’),

Dropout(0.3),
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Dense(output_size, activation=’linear’)

D

model.compile(
optimizer=Adam(learning_rate=1e-4),
loss="mse’,
metrics=['mae’]

)

history = model.fit(
X_train, y_train_flat,
validation_data=(X_test, y_test_flat),
epochs=100,
batch_size=4,
verbose=1

)

Here, height, width, and channels are dynamically
inferred from the data. The output_size corresponds
to the total number of spatial points (i.e., 339 x 374 =
126,786) in the flattened output field.

The trained model serves as a differentiable surrogate
of the CFD simulation, capable of predicting the spatial
velocity field U, for unseen combinations of input param-
eters within the training domain. Performance evaluation
and visualization of the surrogate predictions are presented
in Section 3.

2.4 Model Evaluation

The predicted velocity fields were quantitatively compared
against the ground truth RANS solutions using three com-
monly adopted regression metrics: MSE, MAE, and the
coefficient of determination (R?). These metrics were
computed for each test case to assess the accuracy and ro-
bustness of the CNN surrogate model as:

N
1
MSE = ~ =07 4
N;w bi) @)
1 N
MAEZ— ,'—A,', 5
N;w i )
N YA Y
R2=1—2i;1(yl y_z) ’ )
Yo (i — )?

where y; and #j; denote the true and predicted velocity val-
ues at point i, respectively, 7 is the mean of the true values,
and N is the total number of points.

In addition to global metrics, spatial patterns of predic-
tion errors were analyzed using error field visualizations.
Specifically, the mean error (ME) and standard deviation
of the error (STD) across all test cases were computed as:

§I
Ma

ME(x) = (50 - yj) , ™)
Jj=1
1 < 2
STD(X) = [~ D (%) ;0 ~ ME®) . (8)

M

—— Training
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Figure 3. Training and validation loss (MSE) over epochs.

where x denotes the spatial location and M is the num-
ber of test cases. These fields highlight regions with sys-
tematic under- or over-prediction and spatial variability in
model performance.

The point-wise prediction error (PE) used in the eval-
uation was defined as

PE; = §i —ui, 9

where PE,; represents the local difference between pre-
dicted and true velocity values at point i. Positive values
indicate overestimation, while negative values correspond
to underestimation by the CNN.

To further assess the quality of the model, horizontal
and vertical cross-sections were extracted from represen-
tative test cases and compared against the corresponding
CFD results. A Gaussian filter was applied to the predicted
fields to remove high-frequency noise where appropriate.
A scatter plot of all predicted vs. true pixel values was
used to assess regression accuracy and bias.

All evaluation and visualization procedures were
implemented in Python wusing the matplotlib,
scikit-learn, and SciPy libraries.

3 Results

The training process of the CNN was monitored using
the MSE loss for both the training and validation datasets
(Fig. 3). A rapid decrease in MSE is observed during
the first 10 epochs, followed by a gradual convergence
for both curves. The smooth and parallel evolution of
the training and validation losses indicates stable training
without signs of overfitting.

A qualitative comparison between the CNN-predicted
velocity field and the RANS solution for a representative
test case (i.e., U;, = 4.0 m/s, kg = 0.05 m, TI = 15%,
and 6, = 30°) is presented in Fig. 4. The predicted veloc-
ity field (middle panel) closely captures key flow features
from the RANS ground truth (left panel), including the
wake region and recirculation zones behind the obstacle.
The prediction error (right panel) remains predominantly
within the range of +1 m/s, and is localized primarily in
regions characterized by complex flow structures, such as
vortex shedding or sharp velocity gradients.
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Figure 4. Comparison of RANS ground truth velocity field U,[m/s] (left), CNN predicted velocity field U,[m/s] (middle), and PE

metric (right) for a representative test case.
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Figure 5. Horizontal velocity profile, U,, at y = 0 m for a repre-
sentative test case. The shaded region denotes the position of the
obstacle.
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Figure 6. Vertical velocity profile, U,, at x = 5.23 m for a repre-
sentative test case. The shaded region denotes the position of the
obstacle.

To further assess the spatial fidelity of the predic-
tions, horizontal and vertical velocity profiles were ex-
tracted along the symmetry axes passing through the ob-
stacle center (Figs. 5 and 6). Both sections demonstrate
strong agreement between the CNN and RANS velocity
profiles, including in the wake region behind the obstacle.
Small deviations are observed near steep velocity gradi-
ents at the obstacle edges, which are expected due to local
sharp transitions.

The global spatial distribution of model performance
was analyzed using statistical error fields aggregated over
all test cases (Fig. 7). The ME field remains close to zero
across the majority of the domain, suggesting the absence
of consistent bias. The STD and MSE fields show local-
ized peaks in the wake region downstream of the obstacle,
where flow features are most complex and less represented
in the training data. Nonetheless, these elevated errors are
confined to small regions, indicating that the model gener-
alizes well across the domain.

Table 1 summarizes the statistical performance of the
model across both training and test datasets. On the train-
ing data, the model achieves a mean MSE of 0.22, a mean
MAE of 0.26, and a mean R? of 0.74. The correspond-
ing medians (MSE = 0.06, MAE = 0.22, R*> = 0.80) in-
dicate that the majority of training cases were predicted
with higher accuracy, while the larger standard deviations
suggest the presence of a few outliers.

On the test set, the model maintains strong perfor-
mance with a mean MSE of 0.34, mean MAE of 0.31,
and mean R? of 0.67. Again, the median values re-
flect improved performance (MSE = 0.07, MAE = 0.23,
R? = 0.75), further indicating that the model generalizes
well across unseen configurations. The slight decrease in
test accuracy is expected due to the increased variability
and unseen placements of obstacles, but the results remain
competitive for surrogate modeling applications.

To evaluate overall accuracy, a scatter plot of all pre-
dicted vs. true pixel values across the test set is shown in
Fig. 8. The predictions align closely with the ideal y = x
reference line, yielding a high R? value of 0.95, which
demonstrates the surrogate model’s ability to reliably cap-
ture the range and magnitude of the RANS-computed ve-
locities.

Additionally, the histogram of prediction errors
(Fig. 9) reveals a tight, symmetric distribution centered
near zero, with most errors within =1 m/s. This further
confirms that the model does not systematically over- or
under-predict the velocity field, and that large errors are
rare.
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Table 1. Summary of CNN model performance on the training and testing datasets. Reported values include the mean, median, and
standard deviation (stdev) across all cases for MSE, MAE, and R2.

. Train Test
Statistic
MSE MAE R? MSE MAE R?
Mean 0.2160 0.2582 0.7402 0.3428 0.3076 0.6728
Median  0.0625 0.2169 0.7995 0.0675 0.2301 0.7483
Stdev 0.3315 0.2038 0.2066 0.6564 0.2715 0.2424
——- ldeal 1:1 16 _196
104 —=- Fit: y=1.00x -0.04 :
1.4
s 12
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Figure 8. Scatter plot comparing RANS ground truth and CNN
predicted values of U, across all test pixels. The red line indi-
cates the ideal 1:1 match.

4 Conclusions

This study demonstrated the feasibility and effectiveness
of using a convolutional neural network (CNN) as a sur-
rogate model for predicting two-dimensional steady-state
velocity fields around a rectangular obstacle. The CNN
was trained on a dataset of RANS simulations covering
arange of inflow velocities, roughness classes, turbulence
intensities, and obstacle orientations. By learning the map-
ping from flow parameters to the corresponding velocity

fields, the surrogate model achieved high prediction accu-
racy while significantly reducing computational cost com-
pared to traditional CFD simulations.

The performance of the surrogate model was validated
using both statistical metrics and spatial error analysis.
Across all test cases, the CNN achieved median R? val-
ues above 0.74, with error distributions tightly centered
around zero. Visual comparisons of predicted velocity
fields with RANS solutions confirmed that the model reli-
ably captured key flow features, including separation and
wake regions. Cross-sectional velocity profiles and aggre-
gated error maps further highlighted the model’s capacity
to generalize across varied geometries, with most discrep-
ancies localized to complex near-wake regions.

The present surrogate model is limited to predict-
ing two-dimensional steady-state velocity fields at a fixed
height above the surface. While this allows for rapid
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proof-of-concept development, future work will focus on
extending the approach to three-dimensional domains,
transient flow conditions, and more complex geometries
such as non-rectangular buildings or building clusters.
Such extensions would broaden the model’s applicability
to more realistic environmental and engineering scenar-
ios, while also providing opportunities to explore hybrid
or physics-informed architectures.
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