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This study investigates geometrically simplified automotive camera-based side-mirror designs made with surrogate-assisted
modeling. The side-mirror design is not intended to fully replicate a realistic version, but to provide a simplified design space
measurable for testing and experimenting. SU2 was used to develop a CFD system to generate 1000 simulations, in which
streamlined shapes were represented by modified geometric parameters. Pytorch was also implemented to develop a feedforward
neural network meant to predict the drag coefficient from the parameters. The model achieved a test coefficient of determination
(R2) of 0.843 and a root mean squared error (RMSE) of 0.082. The surrogate model becomes significantly less reliable in areas
with fewer samples in the design space. Targeted validation proved to display unreliable predictive accuracy on high-drag areas
and extreme cases when compared to its much more trustworthy results from low-drag areas. The results of the study prove that
surrogate-based CFD testing can be an efficient option when enacting an explorative automotive study, but numerical sensitive
studies call for higher-level CFD testing to allow for automotive design conclusions.
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Introduction

At high speeds, aerodynamic drag plays a critical role in au-
tomotive efficiency, as energy consumption depends almost
entirely on drag forces1. Interest in reducing aerodynamic im-
pact in side-mirror design has significantly risen as the auto-
motive industry slowly separates from traditional side-mirrors
to camera-based mirror systems. However, high-fidelity com-
putational fluid dynamics (CFD) simulations are computation-
ally expensive2, causing many researchers to choose more
inexpensive options for exploration-based study. Surrogate
modeling has been frequently used as an alternative when
paired with machine learning, as it enables quick prediction
of aerodynamic properties solely based on geometric parame-
ters3.

Recent aerodynamic research has demonstrated that exte-
rior mirror geometry and mounting configuration can strongly
influence local flow separation, wake development, aero-
dynamic loading, and aeroacoustic behavior. Zaareer and
Mourad discovered the large alterations of aerodynamic forces
and noise generation that can stem from minor geometric
changes while studying the influence of side-mirrors. This
specific work has been largely expanded to include actual ge-
ometric optimization of automotive side-mirrors. Rahman et
al. combined turbulent CFD with adjoint-based shape opti-
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mization of side-view mirror geometries, while Sankarapan-
dian et al. more specifically studied the optimization of out-
side rear-mirrors dealing with passenger car drag reduction.
Changes to mirror geometry have also been shown to alter
separated wake structures and aerodynamic behavior associ-
ated with them through biometric surface modification stud-
ies4–6. Fu and Li further proved the sensitivity of mirror
wakes through their experimental examination of the wake of
a generic automotive side-mirror with modification on its sup-
port geometry. The aerodynamic and aeroacoustic properties
of side-mirror geometries continue to be studied through fur-
ther advanced and detailed numerical and experimental meth-
ods. Zaareer et al. proved the idea that shifts and changes
in base orientation also significantly alter radiated noise and
aerodynamic forces using computational aerocaoustic simula-
tions to optimize the mirror base’s orientation7. Chode et al.
used a hybrid computational aeroacoustic method to demon-
strate both aerodynamic drag and noise generation’s reliance
on mirror configuration while investigating a generic square-
back vehicle’s inclined side-mirror configurations8. Uhl et al.
provided one of the most computationally efficient broadband
noise-prediction methods by assessing a vehicle side-mirror’s
noise-source modeling for computational aeroacoustic analy-
sis9. Yemenici and Vatansever Ensarioğlu used combined nu-
merical and experimental assessments to further analyze opti-
mized automotive side-mirror geometries10. All these previ-
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ous studies prove the dependence of mirror aerodynamic be-
havior on geometry arrangement. They further provide the
recommendation of including wake behavior and aerodynamic
loading when considering mirror-design review. In broad
terms, the high expenses involved with traditional CFD-based
optimization have increased the importance of computational
and data-based methods when evaluating aerodynamic design.
Neural networks, transfer learning, reduced-order models, and
multi-fidelity are commonly used by researchers for aerody-
namic coefficients and flow field predictions. Ideal aerody-
namic surrogate models have been built by multi-fidelity deep
and convolutional neural networks7,11,12. Multi-fidelity deep
neural networks and convolutional neural networks have been
used to construct efficient aerodynamic surrogate models13,14.
Another common method used by studies to predict transonic
flow fields and other related aerodynamic quantities is the use
of deep-learning architectures15–17.

Surrogate-assisted aerodynamic shape optimization has
been made significantly more feasible with these develop-
ments. Optimization, geometric representations, and sampling
strategies have become commonly paired with learned aero-
dynamic models to increase efficiency when searching exces-
sively complex aerodynamic design spaces18–21. Data-driven
modeling has been even further advanced beyond traditional
feedforward surrogate architectures in recent research. Eixi-
meno et al. predicted changes in a Windsor body’s pres-
sure field with high-fidelity simulation data while using a
variational-autoencoder-based surrogate22. Shukla et al. de-
veloped a DeepONet surrogate capable of predicting aero-
dynamic flow fields and incorporated the model into con-
strained aerodynamic shape optimization23. More recently,
Pereira et al. combined convolutional neural-network aero-
dynamic prediction with generative modeling in an end-to-
end framework for rapid aerodynamic shape optimization24.
These studies prove the decreasing expense involved with
recurrent physics-based aerodynamic experiments that stem
from the broadening scale of machine learning architecture ap-
plicability. Ensemble-learning surrogates, learned geometric
representations, adaptive machine-learning optimization, and
multi-fidelity surrogate-assisted strategies for aerodynamic
design have all been thoroughly studied by researchers for
their promising role in future aerodynamic studies25–29. Even
though the efficiency of surrogate predictions is beneficial, the
studies warn against its reliability in regions with lower sam-
ple quantity, and suggest optimized candidates to still be con-
firmed with physics-based simulation. In this study, a general
surrogate-assisted design concept was applied to a simplified
automotive camera-based side-mirror housing, also using ge-
ometric containment constraints and independent CFD verifi-
cation of the surrogate selected candidate.

This study also implements both neural network surrogate
modeling and a CFD-based dataset to test the level of effect

teardrop-inspired geometries have on aerodynamic drag.
The goal is to find important geometric patterns and un-

derstand how reliable surrogate modeling is when it comes to
drawing conclusions about automotive design.

Our hypothesis was that balanced geometries would cause
a decrease in overall drag, while more bluff or slender geome-
tries would cause less reliable aerodynamic results. We also
hypothesized that the neural network surrogate model would
correctly predict CFD-computed drag coefficients when work-
ing with the sampled design space.

Methods

Geometry Parameterization

A low-dimensional ellipsoidal parameterization intended to
estimate streamlined teardrop-inspired aerodynamic forms
was used to generate three-dimensional geometries simplified
to create a controlled design space. Four design variables were
implemented to control the parameterized geometry,

(a,b,c,d),

where a represents the length of the airflow housing, b rep-
resents the width of the housing, c represents the starting ver-
tical thickness, and d represents a thickness-scaling parame-
ter. The generated CFD geometry’s vertical thickness that was
used when constructing it was defined as

ceff = cd.

Correspondingly, the CFD meshing procedure used a, b,
and ceff as its three spatial scale factors. The geometry is
not changed by parameter d’s dimension, but by its thickness
modifications. The surrogate model used ceff, instead of c and
d independently, using the combined derived geometric fea-
tures. Unless otherwise stated, thickness in the Results and
Discussion refers to ceff.

Figure 1 depicts the parameterized housing geometry and
the camera-containment constraints used throughout the study.

The simplified housing geometry was created as an
ellipsoid-like design space that fulfilled

x2

a2 +
y2

b2 +
z2

c2
eff

≤ 1.

This representation serves as a compact design space with
limited dimensions that allows for systematic CFD sampling,
surrogate-model training, and constrained gradient-based op-
timization. This study was not intended to recreate a realistic
automotive side-mirror. Instead, to allow efficient observation
of aerodynamic trends and optimization behavior, the simpli-
fied housing design inspired by camera-based mirror systems
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Figure. 1 Parameterized aerodynamic housing geometry and
camera-containment constraints used in the study. The parameters a
and b represent the streamwise and lateral scales, respectively, while
the effective vertical thickness is defined as ceff = cd. Because of
this, d’s effect on ceff changes the generated geometry.

used for testing. Despite its simplifications, the housing de-
sign is still properly able to capture geometric features that
have effects on drag behavior, such as length, thickness, and
frontal length. To make sure the simplified geometry produced
reliable results, a camera-fit constraint was used. The camera
assembly was modeled as a rectangular prism, using dimen-
sions

Lc ×Wc ×Hc.

Instead of implementing solely dimensional limits, all eight
corner points of the rectangular prism were evaluated against
the housing constraint equation to verify that the camera as-
sembly was fully contained.

For all camera corner points, the value of containment was
evaluated as

x2
i

a2 +
y2

i
b2 +

z2
i

c2
eff

−1.

The geometric constraint function was then used to identify
if any corners were outside of the housing barriers:

g(a,b,c,d) = max
i

(︃
x2

i
a2 +

y2
i

b2 +
z2

i

c2
eff

−1
)︃
.

A parameter set was only considered functional if

g(a,b,c,d)< 0.

This condition determines if all corners lay inside the pa-
rameterized housing. If g(a,b,c,d) > 0, the corresponding
parameter set will be declared unusable and rejected because
at least one corner lies outside the housing restriction.

As an explicit example of the containment criterion, con-
sider a candidate with a = 0.060m, b = 0.035m, and ceff =

0.018m. For the centered rectangular camera used here, all
eight corner evaluations give a violation of 0.1281, resulting
in g = 0.1281. Because g > 0, the candidate is considered in-
feasible and rejected, due to at least one corner of the camera
lying outside the ellipsoidal housing.

CFD Simulation Setup

Gmsh was utilized to generate computational meshes and the
SU2 solver was used to execute steady-state incompressible
flow simulations30. The simulations were conducted under
steady freestream conditions, with a constant inlet entering at
a velocity of 10 m/s and far-field boundary conditions applied
at the domain boundaries. A no-slip condition was used on
each of the geometry’s surfaces.

For each geometry, a projected frontal reference area depen-
dent on the geometry was used to ensure the drag coefficient
accounts for its size,

Aref = πbceff,

where b is the lateral width and ceff is the effective thick-
ness. The reference length was set to 1.0 m, the freestream
velocity was 10 m/s, and the dynamic viscosity was 1.7894×
10−5 Pa·s. Drag was taken along the streamwise x-direction
while aerodynamic forces were tracked on the pod’s surface.
This study does not reconstruct dimensional drag force, as a
specific numerical density value was not specified from the
simulation configuration.

Each simulation used the same numerical setup to gener-
ate the original 1000-case dataset and was also run for 200
solver iterations. Later, the additional CFD used to validate
surrogate-optimized candidates was run for 1000 iterations. A
simplified laminar formulation was modeled to allow batch
simulation of a large number of geometries to be enacted ef-
ficiently. This approach gives consistent relative comparisons
in the parameterized design space, despite not being able to
determine all turbulence effects.

Table 1 CFD Simulation Parameters

Parameter Value

Solver SU2 Incompressible Navier-Stokes

Flow velocity 10 m/s

Simulation type Steady-state

Dataset simulations 200 iterations

Optimized-geometry validation 1000 iterations

Mesh generator Gmsh

Number of samples 1000

The same CFD procedure was used across all 1000 sam-
ples. This procedure included using the same simulation do-
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main, boundary conditions, numerical settings, and meshing
methods. Using these same systems reduced variations in the
calculated drag values between cases. Each of the 1000 sim-
ulations encountered 10 m/s freestream velocity and was run
for 200 solver iterations. Since identical conditions were used,
the results could be directly compared.

Additional numerical checks were performed to assess the
sensitivity of the CFD framework. The corrected surrogate-
optimized geometry was evaluated using coarse, medium, and
fine meshes respectively containing approximately 1.80×104,
4.44 × 104, and 9.73 × 104 elements. Using the drag coef-
ficient at the final iteration was shown to be an insufficient
convergence measure, as even when the iteration limit was
increased from 1000 to 3000, the drag coefficient oscillates
rather than stabilizing at a value. The same geometry was also
evaluated using Reynolds-averaged Navier–Stokes equations
with the SST turbulence model to understand the scale of the
flow model’s effects on the results. The calculations from the
SST-RANS resulted in much smaller fluctuations during the
later iterations compared to the laminar CFD case. Over the fi-
nal 100 iterations, the standard deviation of the signed drag co-
efficient was approximately 0.358 for the 3000-iteration lam-
inar medium-grid calculation, compared with approximately
0.058 for the SST-RANS medium-grid calculation. The corre-
sponding SST-RANS standard deviations were approximately
0.0016 and 0.0075 from the coarse and fine grid simulations,
respectively. These verifications show the tendency of the
computed forces to be affected by numerical resolution or flow
model selection. Because of this, the drag values calculated
from the CFD were approached cautiously.

Dataset Generation

Latin Hypercube Sampling (LHS) was used for broader cover-
age of the parameter space while staying away from the con-
centration often caused by random sampling when generating
a total of 1000 geometries. The geometric parameters were
sampled within the following bounds:

0.060 ≤ a ≤ 0.080, 0.035 ≤ b ≤ 0.045, 0.95 ≤ d ≤ 1.05

The parameter ceff = cd for thickness was calculated and used
in the aerodynamic calculations for every sampled geometry.
Before allowing geometries to become optimization candi-
dates, it was verified to pass all geometric constraints. For
example, a geometry would be rejected if it did not fit in-
side the housing restrictions or fell outside the aspect limits.
Specifically, feasible geometries satisfied

0.025 ≤ ceff ≤ 0.042,

Feasible geometries additionally satisfied

1.5 ≤ a
b
≤ 2.5, 0.9 ≤ b

ceff
≤ 1.8.

The constraints were heavily utilized while validating can-
didate designs and during the corrected optimization, and they
did not include unrealistic or poorly constrained geometries.
For the geometries that were accepted, a CFD simulation was
used to get the drag coefficient and store it with its correspond-
ing geometric parameters, creating the main dataset used for
model training and validation.

Neural Network Model

A feedforward neural network was implemented in PyTorch31

to approximate the relationship between geometric parameters
and drag coefficient. The model takes as input the primary
geometric parameters (a,b,d,ceff), as well as additional in-
puts from the parameters, such as aspect ratios and interaction
terms.

The structure of the network involves two hidden layers,
both incorporating 64 neurons that utilized the rectified linear
unit (ReLU) as their activation functions32 The model used
the Adam optimizer as training method33. The network archi-
tecture, loss, and loss functions were chosen because of the
relatively simple requirements of the data, which didn’t de-
mand testing numerous neural network configurations to find
the best solution. Training and testing were beforehand to
avoid network designs that were bigger than necessary or per-
formed worse on the validation data. Two hidden layers with
64 neurons per layer provided sufficient model capacity while
remaining computationally inexpensive, and the learning rate
of 0.001 allowed Adam to train the network without risk of
instability. The training would stop early if validation perfor-
mance decreased in improvement to avoid poor generalization.
Because of this, the selected architecture should not be used
as a globally optimized network with the absolute best com-
binations of settings, but as a network setup mainly useful for
predicting the results of CFD. The dataset was split randomly,
80% to be used for training and 20% for testing. The net-
work ran the training dataset multiple times while monitoring
the performance on the validation data. It stopped when the
improvement ended. The model’s performance was measured
using coefficient of determination (R2) and root mean squared
error (RMSE). Table 2 presents the architecture and training
methods.

Constrained Surrogate Optimization

After training the neural network surrogate model, the surro-
gate was used as a rapid approximation of the CFD drag re-
sponse. The surrogate model predicts drag-coefficient magni-
tude from the feature vector

x =
[︃

a,b,ceff,
a
b
,

b
ceff

,aceff

]︃
,
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Table 2 Neural Network Training Parameters

Parameter Value

Input features a, b, ceff, derived ratios

Output |Cd |
Hidden layers 2

Neurons per layer 64

Activation ReLU

Optimizer Adam

Loss function Mean squared error

Train-test split 80/20

Test R2 0.843

Test RMSE 0.082

where

ceff = cd.

The parameters c and d are combined to affect the surrogate
model with their resulting thickness instead of being shown as
separate network inputs. The Sequential Least Squares Pro-
gramming (SLSQP) algorithm available in SciPy was used to
search for housing geometries that produced low drag while
ensuring the designs stayed within the specified constraints.
While the earlier gradient-descent method required the con-
straints to be handled manually, SLSQP accounted for the con-
straints by keeping the parameters within their allowed ranges
and verified geometric requirements. The optimization objec-
tive was to minimize the surrogate-predicted drag coefficient
subject to the geometric containment constraints and parame-
ter bounds:

min
a,b,ceff,d

Ĉd(a,b,ceff,d)

Eight corner points of the rectangular camera representa-
tion were used to define the geometric requirements. For each
corner point (xi,yi,zi), the optimizer enforced

1−
(︃

x2
i

a2 +
y2

i
b2 +

z2
i

c2
eff

)︃
≥ 0.

This constraint ensures that all eight corners of the cam-
era assembly stay entirely within the ellipsoid-like hous-
ing throughout while SLSQP searches for different designs
through optimization.

100 random-generated possible starting points distributed
throughout the parameter space were used to initialize opti-
mization and decrease the local minima’s sensitivity. The final
candidate geometry was chosen as the best acceptable solution
across every optimization run. Multi-start runs were used in

order to examine the level of sensitivity of optimization. Suc-
cessful SLSQP solutions were produced by 95 out of the 100
acceptable starting points. Of the optimization runs that suc-
cessfully converged, 21 predicted drag magnitudes within 1%
of the best solution, 38 were within 5%, and 50 were within
10%. The best predicted |Cd | was 0.45999, compared with
a median of 0.50403 from all successful runs. The 25th and
75th percentiles were 0.47032 and 0.59651, respectively. The
optimizer was able to identify low-drag designs regardless of
the starting point, confirming that different starting geometries
were shown to have some effect on the optimizer’s end so-
lutions as it didn’t always result in the same predicted drag
value.

The optimizer implemented the same ranges and design
limits to create the CFD dataset and avoid surrogate extrap-
olation from affecting the results. The optimization utilized
camera-fit requirements, thickness limits, and proportion lim-
its as well. The corrected optimization did not include the
previously used lower threshold on drag coefficient, instead
relying on parameter limits to declare a design as valid.

Evaluation

Both quantitative metrics and targeted validation were used to
measure model performance. The coefficient of determina-
tion (R2) and root mean squared error (RMSE) were used as
the main methods to measure how closely the surrogate pre-
dictions matched the CFD results and assess the overall per-
formance of the model. Along with overall test results, a set
of ten manually selected geometries was also examined to as-
sess model behavior on designs near the center and edges of
the design space. The validation geometries varied the length,
width, and effective thickness parameters while fixing the ta-
per parameter at d = 1.0. Several cases were selected within
or near the sampled training region, while others intentionally
extended toward more extreme geometries to examine how
prediction error changed near or beyond the boundaries of the
training distribution.

Since the targeted set was deliberately chosen, it should not
be treated as a representation of the model’s accuracy across
the entire design space. Instead, the 10 selected cases were
used to examine the surrogate model’s behavior by comparing
the drag coefficients calculated by the CFD with the drag co-
efficient predicted by the surrogate model. The overall work-
flow was made up of five steps performed in order: generating
the parameterized CFD dataset, training the surrogate model,
executing targeted validation of surrogate predictions, running
SLSQP from multiple initial designs, and executing an addi-
tional CFD simulation of the selected candidate. This order
provides a process that can be repeated for going from gener-
ating sampled geometries to utilizing the surrogate for faster
design testing, all while using CFD-based evaluation to verify
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the optimized designs.

Results

The neural network surrogate model achieved a test R2 of
0.843 and a root mean squared error (RMSE) of 0.082, indi-
cating that a major portion of the sampled dataset’s variation is
captured by the surrogate. However, uniform accuracy should
not be assumed throughout the design space because of the
global metrics. There were significantly smaller errors shown
by the targeted validation for lower-drag geometries than for
high-drag extreme cases, indicating that the reliability of sur-
rogate models is highest within regions in the sampled space
with stronger representation in the dataset. Isolated valida-
tion was additionally performed on 10 geometries that were
not used for model fitting. Across all 10 cases, the mean ab-
solute error (MAE) was 0.191 and the root-mean-square error
(RMSE) was 0.323, with absolute errors ranging from 0.0078
to 0.8840. Because the validation cases span a wider range
of drag magnitudes, the errors were also examined separately
for lower- and higher-drag cases using the deviation variation
value (|Cd | = 1.4601) as its point of division. For the five
lower-drag validation cases (0.4871≤ |Cd | ≤ 1.4563), the sur-
rogate achieved an MAE of 0.0224 and an RMSE of 0.0298,
with a maximum absolute error of 0.0609. For the five higher-
drag cases (1.4638 ≤ |Cd | ≤ 3.6186), the MAE increased to
0.3588 and the RMSE to 0.4564, with a maximum absolute er-
ror of 0.8840. These results indicate that predictive accuracy
is substantially better in the lower-drag portion of the tested
design space and deteriorates for high-drag, extreme regions
where representation from the training samples is less reliable.
The surrogate should not be assumed to predict equally well
in every region of the parameter space. After training, the con-
strained SLSQP optimization procedure was used to incorpo-
rate the desired surrogate model to evaluate candidate geome-
tries. 100 randomly-generated feasible points from around the
restricted parameter space were used to initialize the SLSQP
optimization, with the intent of examining the influence of lo-
cal minima.

The corrected multi-start SLSQP optimization, using the
same parameter bounds, effective-thickness definition, aspect-
ratio constraints, and camera-containment conditions as the
CFD training dataset, produced the parameter set

a = 0.062535m, b = 0.041690m, c = 0.02800m, d = 0.950000

ceff = cd = 0.026600.

The surrogate model predicted a drag-coefficient magnitude
of

|Cd | ≈ 0.45999.

To independently examine this candidate, the optimized ge-
ometry was regenerated, successfully using Gmsh, and eval-
uated using the SU2 CFD workflow. At iteration 1000, the

steady laminar calculation produced a signed coefficient of
Cd = −0.39789. This steadily increased without becoming
an absolute value near the surrogate prediction, as later exam-
ination of the force values across iterations showed continued
fluctuation. Due to this, the CFD run should be interpreted
as a physics-based consistency check instead of an absolute
validation of its predicted drag magnitude.

Across the 1000 CFD training cases, |Cd | ranged from
0.44092 to 1.48509, with a mean of 1.05161, a median of
1.11556, and interquartile values of 0.91469 and 1.21437. In
standardizing surrogate-predicted range, the nearest training
point to the corrected optimum had a Euclidean distance of
0.605 and a CFD drag magnitude of |Cd | = 0.46334. The
second-nearest point had a distance of 0.943 and corresponded
to the minimum training value, |Cd | = 0.44092. This verifies
that the corrected optimum is near a region with training data
coverage rather than an area where the surrogate has to extrap-
olate. Figure 2 compares the CFD-computed drag-coefficient
magnitudes with the corresponding surrogate predictions for
the targeted validation cases.

Figure. 2 Comparison of CFD-calculated drag-coefficient magni-
tudes and neural-network predictions from the targeted validation
cases. Lower-drag cases show significantly closer agreement, while
several high-drag extreme geometries resulted in larger prediction er-
rors. Because many of the validation points were closer to the lower-
drag cases, it can be concluded that the surrogate model predictions
were similar to the CFD results for many of the tested geometries. A
small number of geometries near the limits of the sampled parameter
space resulted in the largest prediction errors, indicating that the sur-
rogate is much more dependable when predicting geometries similar
to those represented in the training data, losing reliability as it pre-
dicts geometries outside that range.

Figure 3 displays the relationship between effective geom-
etry thickness and drag coefficient.
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Figure. 3 Association between effective geometry thickness and
drag coefficient. Since the scatter shows distinct variation, thickness
by itself is likely not a sufficient account for the differences in drag
as other geometries also have an effect on aerodynamic performance.

Effective thickness also showed a strong numerical asso-
ciation with drag within the sampled design space. Divid-
ing the 1000 CFD cases into five equally populated bands
of ceff showed that the mean |Cd | increased from 0.827 for
0.0268 ≤ ceff ≤ 0.0304 to 1.185 for 0.0372 ≤ ceff ≤ 0.0416.
The corresponding median values increased from 0.865 to
1.216. The intermediate thickness bands exhibited mean |Cd |
values of 1.021, 1.103, and 1.121, respectively. Thus, for the
geometries tested, designs with less effective thickness were
associated with lower drag magnitudes. The present data does
not provide evidence that drag decreased for each ideal middle
thickness and increased again for the thinnest design; there-
fore, there is no proof of a general thickness “moderate” or
“extreme” threshold. Regardless, thickness should not be in-
terpreted by itself, as other geometric parameters also had an
effect on drag. The dataset was also divided into five equal-
count bands based on length a and width b, in order to ver-
ify if any similar trends occurred for other primary dimen-
sions. Length’s association with drag was shown to be non-
monotonic. Mean |Cd | decreased from 1.089 for a = 0.0600−
0.0650m to a minimum of 0.959 for a = 0.0688− 0.0727m,
before increasing to 1.102 for a = 0.0768− 0.0800m. Width
showed a different pattern: mean |Cd | remained approximately
1.05–1.12 across the four narrower bands but decreased to
0.856 in the widest band, b = 0.0423−0.0449m.

These individual parameter trends show that interactions in-
volving length, width, and effective thickness also affect the
observed drag trends, and thickness alone cannot be used to
explain drag behavior. These observed bivariate trends and

relationships should be considered associations instead of in-
dividual drag effects, as the geometric variables were different
at the same time frames in the sampled dataset.

These findings support the fact that geometric proportions
have a more significant effect on aerodynamic performance
than any single design parameter does. For most of the se-
lected validation cases, the surrogate model predictions gen-
erally agreed with the patterns found in the CFD results.
However, prediction errors increased for geometries approach-
ing or extending beyond the boundaries of the sampled de-
sign space, emphasizing that the surrogate model should be
used primarily for interpolation within the training distribu-
tion rather than extrapolation beyond it.

Table 3 contrasts the geometry that was produced by the
corrected surrogate optimization and its CFD evaluation that
was run separately.

Table 3 Corrected Surrogate Optimization and Independent CFD
Check

Parameter Value

a 0.062535 m

b 0.041690 m

c 0.028000 m

d 0.950000

ceff 0.026600 m

Surrogate-predicted |Cd | 0.45999

CFD Cd at iteration 1000 -0.39789

CFD convergence status Oscillatory

Minimum |Cd | in original dataset 0.44092

Camera constraints satisfied Yes

Because different housing geometries have different frontal
areas, another optimization that minimized drag area, CDA,
which is the result of multiplying CD and A, as the main
optimization target instead of minimizing the drag coeffi-
cient. The rules of the corrected optimization were once
again used on the second optimization. The same parame-
ter bounds, effective-thickness definition, aspect-ratio restric-
tions, and camera-containment constraints were all re-used for
the second optimization. The resulting candidate was

a= 0.061675, b= 0.041117, c= 0.028000, d = 0.950000

with
ceff = 0.026600.

The predicted value from the surrogate model was |Cd | =
0.46130. Using the geometry-dependent projected reference
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area,
Aref = πbceff,

the candidate had Aref = 0.003436m2 and a predicted drag-
area magnitude of

|Cd |Aref = 0.001585m2.

For comparison, the minimum drag-area magnitude among
the original 1000 CFD cases was 0.001671m2. As a result,
optimization using CDA instead of the drag coefficient alone
identified a geometry that had a lower surrogate-predicted
drag-area penalty than any of the values in the original dataset.

Table 4 Surrogate Optimization Using Drag Area

Parameter Value

a 0.061675 m

b 0.041117 m

c 0.028000 m

d 0.950000

ceff 0.026600 m

Predicted |Cd | 0.46130

Projected area Aref 0.003436 m2

Predicted |Cd |Aref 0.001585 m2

Minimum dataset |Cd |Aref 0.001671 m2

Discussion

Surrogate modeling was shown to be very useful for identi-
fying meaningful relationships between geometries and aero-
dynamic performance, with a much lower demand for com-
putation expense than what would be required for running
each CFD for every new geometry. Analyzing the 1000 CFD
cases in the sampled range indicated that lower drag magni-
tude mostly resulted from smaller effective thickness. How-
ever, since the points on the thickness vs drag plot are not lin-
ear, thickness itself cannot explain aerodynamic performance,
and length, width, and the resulting geometric proportions
must all be evaluated with it. The behavior of the model at
the boundary of the parameter space is generally poor. Data-
driven models are best at interpolating within regions of the
data space that have been well represented within the training
data. As one moves away from this well represented region
the accuracy of the model can decrease significantly. How-
ever, within better-represented regions of the design space,
the model can capture useful aerodynamic trends to aid in ex-
ploratory design iterations. The accuracy of individual pre-
dictions must, however, be interpreted in light of the observed

validation errors for that region. A major limitation of uncon-
strained surrogate-based design for aerodynamic shape opti-
mization has been presented in this work was observed dur-
ing preliminary optimization attempts. The optimizer entered
poorly sampled regions of the design space and produced non-
physical predictions, including negative drag-coefficient val-
ues. Since these exploratory runs were not deliberately saved,
conclusions on how often negative predictions happened can-
not be confirmed. More importantly, the original constrained
implementation subsequently produced an apparent optimum
at |Cd | ≈ 0.050, exactly at the imposed lower rejection thresh-
old, despite the minimum drag magnitude in the 1000-case
CFD training dataset being |Cd | = 0.44092. Since the differ-
ence in values was noticeably large, the optimizer was likely
exaggerating the more unreliable surrogate predictions near
the lower threshold instead of searching for more reliable de-
signs. After evaluating the problem, the optimization proce-
dure was limited to only search within the range that was cov-
ered by the CFD training data. The revised search would only
consider a geometry if it satisfied all the requirements of the
CFD design space. The requirements included bounds on the
main four parameters, an effective thickness variable, restric-
tions on dimensions, an additional camera containment fit of
the camera inside the housing.

The corrected optimum had a surrogate-predicted |Cd | =
0.45999 and was subsequently evaluated with CFD, which
produced calculated Cd =−0.39789 (|Cd |= 0.39789). Based
on these results, geometries should be verified with design
constraints and separate CFD evaluation before being applied
to draw confident conclusions. The simulations in this study
do not represent a real vehicle’s full conditions but neverthe-
less serve as an efficient way to identify general aerodynamic
trends. This is because of the use of a simplified housing
model instead of a full automotive mirror design. The study
also used simplified laminar CFD modeling as a controlled nu-
merical method to create the original 1000-case CFD dataset.
Using these simplified systems made the process of comput-
ing the large sample size more practical. Regardless of its
efficiency, limitations of this method were found during nu-
merical checks. Varied values would result from the simu-
lations even when the geometry’s CFD run was run for ex-
tra iterations. This fluctuation shows that the final iteration’s
given drag coefficient is not enough by itself to confirm the
CFD solution’s convergence. The fluctuation was expected to
decrease as the simulation reached its end, which was discov-
ered when using SST-RANS to compare. Regardless of the
decrease in variation, mesh resolution was still shown to be
affecting the results. Based on these results, the CFD and sur-
rogate predictions should not be used to provide completely
exact values of aerodynamics when applied to a full vehicle
design. In order to draw conclusions that can be applied to au-
tomotive design, future tests should utilize more advanced sys-
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tems such as refined near-wall mesh and y+ control, verifica-
tion of result being unaffected by domain size, time-dependent
CFD simulations, and comparison with physical testing. Ev-
ery CFD case used a one freestream speed of 10 m/s, so the re-
sulting dataset only covers one operating condition rather than
the range of Reynolds numbers experienced during real oper-
ating conditions. Using the standard characteristic housing di-
mensions in the present design space, and using near standard
atmospheric conditions, and the specified dynamic viscosity
of 1.7894× 10−5 Pas, the Reynolds Numbers corresponding
with these are estimated to be 104–105. These flow condi-
tions allow for flow separation to occur, and results can also
change depending on transition and turbulence. Given these
limitations, the simulation approach should not be interpreted
as a full representation of a real automotive mirror’s surround-
ing airflow, but as a practical method of comparing 1000 ge-
ometries. Since every training case used 10 m/s, the neural
network is never given data about the change in aerodynamic
behavior, meaning assumptions of the surrogate’s predictions
being accurate at many different operating speed should not be
made. Future CFD datasets should determine whether the ob-
served relationships between geometry and aerodynamic per-
formance exist with different conditions by using multiple dif-
ferent air speeds other than 10 m/s and also utilizing more de-
tailed treatment of turbulence. The reliability of the surrogate
model’s predictions is also highest for geometries similar to
its training data. The fact that the greater differences between
CFD and surrogate predictions came from the geometries near
extreme parts of the sampled range also supports the need for
caution when using the model’s predictions on designs with
less represented training data.

The results of this study provide evidence that machine
learning surrogate models can identify aerodynamic drag
trends of teardrop-inspired geometries in the sampled design
space without being required to run a new CFD simulation
for every geometry. While thickness alone couldn’t account
for all the drag variation without length, width, and propor-
tions being considered, lower thickness did tend to associate
with lower drag magnitude. These results should be con-
sidered with the simplified CFD setup and sampled design
space used in this study. These results provide understand-
ing of the aerodynamic systems of smaller components, par-
ticularly referring to the recently emerging camera-based side
mirror systems in automotive designs. With the upcoming
trend of traditional side-mirror designs being replaced by more
compact teardrop-shaped camera housings, the aerodynamic
shapes of the side-mirrors has become increasingly important,
as it plays a major role in affecting drag. Besides using surro-
gate modeling to predict aerodynamic performance, this study
also used the SLSQP algorithm to search for improved geome-
tries while ensuring design constraints were being met. The
study also combines neural network prediction, design vari-

able constraints, SLSQP multi-start optimization, and camera-
fit requirements, thus creating a complete early-stage design
process for aerodynamic geometry optimization.

Since projected frontal areas varied across each geometry,
comparing drag coefficient by itself could not fully account
for the combined effect of the drag coefficient and frontal area.
Because of this, the projected reference area was calculated for
every geometry as Aref = πbce f f , and drag area was evaluated
as CdA. Across the original 1000-case dataset, the magnitude
of |Cd |Aref ranged from 0.001671 to 0.008055m2. A separate
surrogate optimization using CdA as the objective produced a
predicted minimum of 0.001585m2, which was slightly lower
than the lowest value from the original 1000 CFD geometries.
This comparison indicates that both front-casing area of mirror
and drag coefficient can affect the aerodynamic performance
and provides an objective that includes more of the physical
size difference between geometries than Cd alone.

Future work using these methods should be done with im-
proved designs and testing parameters on complete vehicle
models.
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22 Eiximeno, B., Miró, A., Rodrı́guez, I. Lehmkuhl, O. Toward the usage of
deep learning surrogate models in ground vehicle aerodynamics. Mathe-
matics. Vol. 12, pg. 998, 2024, https://doi.org/10.3390/math
12070998.

23 Shukla, K., Oommen, V., Peyvan, A., Penwarden, M., Plewacki, N.,
Bravo, L., Ghoshal, A., Kirby, R. M. Karniadakis, G. E. Deep neu-
ral operators as accurate surrogates for shape optimization. Engineer-
ing Applications of Artificial Intelligence. Vol. 129, pg. 107615, 2024,
https://doi.org/10.1016/j.engappai.2023.107615.

24 Pereira, D., Afonso, F. Lau, F. End-to-end deep-learning-based surrogate
modeling for supersonic airfoil shape optimization. Aerospace. Vol. 12,
pg. 389, 2025, https://doi.org/10.3390/aerospace12050
389.

25 Wang, S., Xu, Q. Wei, N. Airfoil aerodynamic optimization design using
ensemble learning surrogate model. Journal of Aerospace Engineering.
Vol. 37, 2024, https://doi.org/10.1061/JAEEEZ.ASENG-5
410.
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