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Abstract
In recent times, hydrofoil-based marine craft have drawn considerable interest due to their ability to generate

hydrodynamic lift with reduced hull-water interaction, leading to lower resistance and improved efficiency of high-
speed waterborne transportation. Small changes in thickness distribution, camber-like deformation, pressure-side
curvature, and suction-side curvature can significantly alter lift, drag, and pressure distribution, making foil section
geometry critical to craft performance. Nonetheless, the improvement of lift cannot be regarded as an unconstrained
objective in practical hydrofoil design, since excessive drag, unreasonable geometry, increased material usage,
and unfavorable pressure distribution may limit the practical applicability of the optimized section. Therefore,
efficient foil-shape optimization needs to prioritize improved lifting performance while preserving important design
constraints such as drag and sectional area. This requirement is especially crucial for early-stage engineering design
in resource-constrained environments, including developing economies such as Bangladesh, where access to large
experimental facilities and affordability of high-fidelity simulations along with computing resources may be limited.

To overcome the limitations of experimental and numerical design processes in terms of time, cost, efficiency,
and uncertainty, researchers are developing optimization frameworks utilizing surrogate models based on Artificial
Neural Networks (ANNs). Further enhancement of these frameworks is achieved by integrating adaptive sampling
methods, which improve efficiency by reducing the number of training samples needed to reach optimal solutions.
The present study develops an Artificial Neural Network (ANN)-based surrogate model optimization framework to
maximize the lift performance of a baseline NACA0012 foil section while adhering to set hydrodynamic constraints.
The foil shape is parameterized with Hicks-Henne bump functions that provide a way to deform the upper and
lower surfaces in a smooth and controlled manner, using relatively few design variables while preserving the leading
and trailing-edge positions. Eight design variables are used, corresponding to four control locations on each surface
of the foil. XFOIL is utilized as an inexpensive numerical tool to compute lift and drag coefficient data for the
baseline and deformed foil sections at a constant Reynolds number of 1 × 106 and an angle of attack of 5◦.
The ANN surrogate model is trained to approximate the nonlinear relationship between the Hicks-Henne design
variables and the hydrodynamic coefficients. Then the Sequential Least Squares Programming (SLSQP) is used to
optimize this trained surrogate model, subject to constraints that drag coefficient and sectional area remain equal to
those of the baseline foil, with an objective of maximizing lift coefficient. Under the same final sampling budget,
two sampling strategies are examined and compared: traditional One-Shot Sobol Sampling and Optimization-Based
Adaptive Sampling. In the case of One-Shot Sampling, all 173 samples are generated in a single shot to cover the
design space uniformly using a Sobol sequence. In the Adaptive Sampling approach, an initial Sobol dataset of
128 samples trains a first surrogate model, after which additional samples are iteratively placed around predicted
optimum regions to improve surrogate accuracy where it matters most, rather than distributing sampling effort
uniformly across the design space.

The results show that both sampling strategies provide an improved lift performance compared to the baseline
foil section, however using the same total number of samples incurs a significantly improved optimum with the
Optimization-Based Adaptive Sampling scheme. The One-Shot Sampling model increases the lift coefficient by
28.16% relative to the baseline, while the Adaptive Sampling model achieves a 58.68% lift increase. The drag
coefficient remains nearly constant across the baseline and optimized cases, since drag is explicitly constrained
during optimization. The result is that the improvement in foil efficiency ratio closely tracks the increase in lift
coefficient. The geometry optimized using adaptive sampling shows more effective surface deformation and the
corresponding pressure distribution indicates a larger pressure difference between the suction and pressure sides,
which explains the improved lift generation. The comparison between optima predicted by ANN and calculated
values from XFOIL further indicates that the Adaptive Sampling model gains higher accuracy at the optimum.
Despite the fact that the global error metrics over the full design space are broadly comparable for both adaptive
and one-shot models, the adaptive model becomes more accurate in the optimum region, highlighting that its
advantage lies in concentrating the sampling effort where it is most useful for optimization. This framework can
serve as an early-stage screening and optimization tool for hydrofoil craft, extendable to other lift-generating marine
devices such as rudders, stabilizer fins, and marine control surfaces, and can be integrated with higher-fidelity CFD,
cavitation analysis, structural constraints, and experimental validation to create a multi-fidelity design pipeline.

Index Terms

Artificial Neural Network, Surrogate model, Hydrofoil, Shape Optimization, Sobol Sampling, Adaptive
Sampling, XFOIL, Hicks-Henne Function, SLSQP
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I. INTRODUCTION

Hydrofoils are lift-generating marine appendages designed to produce dynamic lift as a vessel advances
through water [1]. This lift is more than just an auxiliary hydrodynamic effect in a hydrofoil craft; it
contributes significantly to unloading the hull, reducing wetted surface area, and ultimately contributing
to reduced resistance while enhancing high-speed marine performance [2]. Recent system-based hydrofoil
optimization for AC75 racing yachts indicates that vessel performance, trim, and operating state are
strongly influenced by hydrofoil geometry since foil-generated lift allows the hull to operate out of the
water, enabling much higher speeds than conventional displacement operation [3]. Thus, hydrofoil sections
need to be designed according to the requirement of producing maximum lift with respect to vessel
displacement and in conjunction with controlling drag, pressure distribution, structural feasibility, and
operational limitations such as cavitation [4].

The hydrodynamic behavior of a hydrofoil is strongly influenced by its sectional geometry. Small
variations in camber, thickness distribution, leading-edge shape, and pressure and suction side curvatures
result in drastic changes in the lift coefficient, drag coefficient, and pressure distribution [5]. As a hydrofoil
obviously needs to offset a substantial portion of the vessel’s weight, maximizing lift under realistic
constraint is a primary design goal [2]. However, lift can only be improved if accompanied by design
constraints due to the growth of drag, geometric feasibility, and pressure distribution because excessive
drag leads to lower transport efficiency and adverse pressure peaks may additionally promote cavitation [6].
Recent Computational Fluid Dynamics (CFD)–Genetic Algorithm (GA) optimization of hydrofoil leading-
edge geometry further demonstrates that local geometric modification can improve pressure distribution
and delay incipient cavitation, although lift-to-drag variation must still be carefully checked before practical
application [7]. This explains why hydrofoil section optimization is typically posed as a constrained design
problem rather than an unconstrained search for maximum lift.

As a result, more recent hydrofoil optimization studies have used high-fidelity RANS-based numerical
frameworks to account for viscous flow, cavitation, separation effects, and three-dimensional geometric
effects. Such optimization revealed that planform, cross-sectional, and junction geometry variables can
be tuned to achieve reduced drag while cavitation is delayed and separation avoided [2]. Likewise,
cavitation-constrained optimization of America’s Cup AC75 hydrofoil sections showed that pressure-based
constraints, flap effects, and multipoint operating conditions are important to high-performance hydrofoil
design [8]. Hydrostructural optimization of composite hydrofoils further demonstrated that considerations
of hydrodynamic performance must be combined with cavitation and structural constraints when material
response and foil deformation affect the final design [9].

In hydrofoil craft, the fundamental behavior of foil-section is paramount because lift production directly
affects hull emergence, powering requirement, ride quality, and overall vessel efficiency. Recent work
on machine-learning-enabled foil design tools has demonstrated the potential for data-driven models to
enable rapid forward prediction and inverse design of foil sections with sufficiently accurate predictability
for early-stage design exploration [10]. Recent marine and ocean-engineering studies identify data-driven
surrogate models as a very promising strategy for achieving more efficient shape optimization by reducing
the number of simulations during the design process [11].

Traditional manual design methods, such as parametric analyses and cut-and-try techniques, database-
matrix approaches, and other intuitive approaches, heavily rely on data and expertise. These methods are
generally unsystematic, and often inefficient practices, which provide discrete designs in the design space,
leaving considerable uncertainty in optimality [12]. Whereas methods like Computational Fluid Dynamics
based Iterative Design and Analysis require a great deal of processing power which can be both time-
consuming and costly. To tackle these problems, researchers have developed optimization algorithms
based on surrogate models, including the kriging model [13], the support vector machine model [14],
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and the neural network model [15]. By eliminating the necessity of extensive numerical computations,
the surrogate models have gained popularity in fluid dynamic shape optimization. Hydrofoil design has
started to devise surrogate-assisted and multi-fidelity optimization strategies that can significantly reduce
the overall numerical cost, whilst still serving as a guide for improvement of hydrodynamic performance
[16]. Similar trends are also illustrated in marine foil optimization, where neural-network based prediction
and Bayesian optimization have been implemented to speed up the multi-point foil design. [17].

A practical way to reduce the expense of early-stage foil design is to utilize a computationally cheaper
surrogate model that has been trained using a small sample of numerical data points, replacing repeated
high-fidelity CFD calls with low-cost alternatives. Once a suitable training dataset is generated, Artificial
Neural Networks (ANNs) are capable of approximating nonlinear relationships between geometric design
variables and hydrodynamic coefficients. Data-driven frameworks have been integrated with geometric
parameterization methods such as Hicks-Henne bump functions to explore feasible shape variations while
keeping the number of design variables manageable in foil shape optimization [18]. Such methods are
especially appealing in the area of hydrofoil section design, since they allow the suction and pressure
surfaces to be varied without having to redefine the entire foil geometry. This means that surrogate
modeling in this work is not limited to prediction, but rather as a low-cost rapid search approach for
exploring the foil design space ahead of validation at higher fidelity.

In this work, the numerical analysis tool used to consider lift and drag coefficient data for the section
of baseline foil and deformed foil is XFOIL. XFOIL is a widely used tool for rapid preliminary analysis
of two-dimensional foil sections based on a combination of panel-method formulation with boundary-
layer analysis [19]. Although XFOIL cannot replace high-fidelity CFD or experimental validation for
final hydrofoil-craft design, it can offer an extremely useful low-fidelity screening tool at early stages of
optimization when computational resources are constrained. Previous comparative work has also shown
that XFOIL can yield reasonable predictions for low Reynolds number foil section analysis before more
expensive CFD validation is performed [20]. Therefore, the role of XFOIL in this work is best understood
as a resource-efficient early-stage design tool rather than a full-fledged replacement for high-fidelity
hydrodynamic evaluations.

Although the use of surrogate models to design fluid-dynamic problems is expanding, their predictive
performance varies for different conditions. Zhang et al. [21] showed that Support Vector Machine
regression for small sample prediction is less accurate, while a single hidden layer RBF neural network
does better; however, this may not be sufficient when the training sets have high non-linearity and
irregularity. Among the various shallow-learning models tested, Kriging yielded the most consistent
prediction accuracy for small sampling engineering applications. Nevertheless, training these surrogate
models requires extensive experimental or numerical data generation, which defeats the purpose of shifting
towards surrogate models in the first place. Therefore, it makes sense to further reduce the number of
training samples with an aim to reach the global optimum of an optimization problem as fast as possible.

To address this issue, surrogate models are typically coupled with efficient sampling strategies to enhance
the model in an iterative method while minimizing redundant simulations. Kim and Boukouvala [22]
compared various subset selection methods for surrogate model-based optimization and found that adaptive
sampling based on optimization can yield better performance when the number of samples is limited. Other
sampling approaches have also been studied. Jiangtao et al. [23] proposed the RMSE and crowdness
enhance (RCE) adaptive sampling, a method that provides higher surrogate accuracy with fewer samples.
Li et al. [24] obtained realistic foil geometries from a small training database with the help of a method
based on deep convolutional generative adversarial network (DCGAN). More recently, Wang et al. [25]
adopted ensemble surrogate model with hybrid sampling strategy and reduced the number of CFD calls
compared to Non-dominated Sorting Genetic Algorithm-II (NSGA-II) and Particle Swarm Optimization
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(PSO). The purpose of exploring these sampling strategies is to develop a framework that can find the
global optimum using as few samples as possible, thereby reducing computational time and cost. This
study establishes an ANN-based surrogate optimization framework to maximize lift with drag and sectional
area constraints, and investigates the benefit of Optimization-Based Adaptive Sampling over One-Shot
Sampling in terms of seeking the global optimum with fewer samples.

The motivation to develop such a low-cost hydrofoil design framework has more significance in the
developing economies like Bangladesh. Bangladesh has a vast network of inland waterways and inland
water transport contributes significantly to national freight and passenger movement. Efficient waterborne
transport is directly relevant to improved national mobility and logistics in Bangladesh, as inland waterways
account for a significant share of cargo and passenger traffic [26]. The design of a low-carbon inland-
waterway strategy is also important since greener and more reliable water transport can lower emissions
by improving resilience and facilitating trade connectivity [27]. At the same time, large-scale experimental
hydrodynamics facilities, repeated high-fidelity CFD studies, and high-performance computing access may
not always be available to universities and new designers in the resource-constrained research environment
of Bangladesh. The national R & D expenditure has also remained relatively low as a percentage of GDP
[28], further substantiating the importance of computationally economical engineering design methods.

This low-cost foil optimization is not only a computational convenience; it is also an overall strategy that
Bangladesh can exploit to use its very limited technical resources as effectively as possible. A low-fidelity-
to-surrogate validated workflow allows students, researchers, and local designers to screen hundreds of
candidate hydrofoil sections before investing time and cost in expensive CFD or experimental testing.
This method may be useful for preliminary design of hydrofoil craft, systematic optimization of marine
appendages, and other lift-generating marine devices for efficient generation of lift in an acceptably short
time and at a reasonable cost. In particular, given the resource constraints posed by developing economies,
it is important to explore efficient water transport technologies without presuming access to unlimited
advanced facilities.

In this context, the present study uses the NACA0012 section as a baseline foil because of its geometric
simplicity, symmetry, and extensive use as a benchmark shape in fluid-dynamic studies. This study
parameterizes the foil shape using the Hicks-Henne bump functions [29] because of its effectiveness
with a low number of design variables [30]. Moreover, Hicks-Henne functions also provide sufficiently
smooth geometries, along with adequate freedom in shape deformation without altering the positions of
the leading and trailing edges [31]. The optimization objective is focused on the hydrofoil relevance where
lift is maximized while drag and sectional area are constrained, so that the optimized section yields a
greater lift without increasing material usage. Since the sectional area is constant, for the same material,
the optimized and baseline sections have unchanged material volume per unit span, which gives about
constant sectional weight. In order to make comparisons with the baseline foil in a fair manner, the flow
condition is kept unchanged throughout the optimization so that lift and drag change due to geometric
modification rather than due to Reynolds number or angle of attack. Motivated by this, the current work
develops an ANN-based optimization framework for maximizing foil-section lift. The workflow generates
design points using Sobol sampling and optimization-based adaptive sampling, deforming the foil shape
with Hicks-Henne functions, running XFOIL for obtaining lift and drag coefficients, and optimizing the
trained surrogate model using Sequential Least Squares Programming (SLSQP). An adaptive sampling
strategy is proposed where the surrogate model is trained near the optimum, as opposed to spending
sampling effort equally across less relevant areas of the design space. This makes the framework more
appropriate for resource-limited design environments where every numerical evaluation must add useful
content to the quest for an improved hydrofoil section.

The primary contribution of this work is an optimization framework for foil shape specific to hydrofoils,
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focusing on maximizing lift while being subject to operational constraints to drag and area. This method
shows how the combination of a low-fidelity solver and an ANN-based surrogate model with adaptive
sampling can lead to a significantly improved lifting section using relatively few simulations. This study
presents a more suitable approach for hydrofoil-focused assessment and resource-aware engineering design
by framing the optimization objective around lift generation for hydrofoil craft specifically and by linking
the method to practical constraints in Bangladesh’s marine research environment.

II. METHODOLOGY

A. Shape Parameterization

This study utilizes the Hicks-Henne bump function [29] to parameterize the shape of the original foil.
This method has shown good results in parameterization of foils with a low number of design parameters
[30]. Moreover, Hicks-Henne functions also provide sufficiently smooth geometries, along with adequate
freedom in shape deformation without altering the positions of the leading and trailing edges [31]. Since
the optimization is performed for a specific flow condition, the angle of attack should be kept constant.
This means that the positions of the leading and trailing edges cannot be changed. Considering these
requirements, the Hicks-Henne bump function has been chosen as the shape parameterization method for
this study.

In this function, a linear combination of n augmented sine functions is added to the original coordinates
of the airfoil in the form of a bump. With this parameterization, the upper and lower surfaces of the airfoil
are deformed independently. The function can be written in this form:

ymod = y0 +
n∑

i=0

ai sin
wi

(
πx

ln(0.5)

ln(xMi )

)
(1)

Where, y0 = initial coordinates of the upper or lower surface of the foil, ymod = final coordinates of the
upper or lower surface of the foil, n = number of bumps for each one of the upper or lower surfaces, xM

i

= x coordinate of the bump or x coordinate of the control point, wi = bump width, ai = bump intensity or
coordinate’s values of the control point. For this foil deformation process, all other parameters (xM

i , wi, n)
except for the bump intensity (ai) are kept fixed or unchanged. Therefore, the design variable is the bump
intensity (ai). Figure 2 illustrates a few examples of deformed shapes with different combinations of bump
intensities (ai).

In the Figure 1 above, the positions of the bumps relative to the control points (red) are marked with
different color codes. By adding the bump functions to the original foil (blue), we can obtain the deformed
foil (orange).

In this case, four control points have been chosen for each of the upper and lower surfaces, resulting in
a total of eight design variables or bump intensities (ai = x1, x2, x3, . . . . . . ., x8) required for this problem.
The design variables are points on the foil surface taken at 20%, 40%, 60%, and 80% of the chord on
the suction side and pressure side. A Python code was written to create the Hicks-Henne function and
generate deformed foil shapes.

B. Sampling Strategies

After defining the design variables and surrogate model type, it is crucial to determine how to vary
the parameters within the design space. The sampling method significantly affects the effectiveness of
the surrogate model, influencing both the outcome and the number of samples required. Sampling for
surrogate models can be categorized into two types. Standard Surrogate Model Optimization (SSMO)
typically uses a one-shot sampling approach, such as Latin hypercube sampling (LHS), Sobol sampling,
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Fig. 1: Representation of foil shape deformation using Hicks-Henne bump function

or random sampling, where the number of computer simulations is fixed at the start of the process. In
contrast, Iterative Surrogate Model Optimization (ISMO) employs sequential sampling techniques to build
a sufficiently accurate surrogate using as few samples as possible.

In design optimization problems, such as shape optimization, it is essential to develop a surrogate model
that accurately predicts the region of interest—such as minima or maxima—with high precision, using
a small number of samples. Since data collection is computationally expensive and time-consuming,
an incremental approach to placing samples efficiently is preferred. As the goal of surrogate-based
optimization (SBO) is to find the global optimum, points near the optima are more critical than others.
Thus, building a surrogate that uniformly fits the entire design space would be inefficient given the sample
constraints. Therefore, newly added data points should be chosen selectively to ensure the surrogate
accurately fits the region near the optimum. This strategy effectively focuses on areas with a higher
likelihood of containing the global optimum. It should be emphasized that this study aims to generate a
sufficiently accurate surrogate for predicting the region of the optimum, rather than one that fits the entire
design space. Consequently, the final model may have lower accuracy in regions of lesser interest but will
be highly accurate around the optimum.

This study explores two different sampling techniques. One is the quasi-random, low-discrepancy
sequence known as Sobol sampling, which fills the design space uniformly. The other method is an
optimization-based adaptive sampling strategy, where an initial set of samples is generated using Sobol,
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Fig. 2: Example of Deformed foils

followed by the iterative addition of a selectively chosen sample set.
1) Sobol Sampling: Sobol sequences [32] represent a type of quasi-random, low-discrepancy, and low-

dispersion sequence. These sequences, which fall under Quasi-Monte Carlo methods, exhibit a faster
convergence rate compared to standard Monte Carlo algorithms [33]. In this study, Sobol sequencing
was chosen as one of the sampling methods due to its ability to evenly distribute points in space by
minimizing empty regions. As previously mentioned, eight design variables were selected, representing
the bump intensities of the Hicks-Henne function for the upper and lower surfaces of the foil. Using
Python’s Quasi-Monte Carlo submodule (scipy.stats.qmc), samples of design variables were generated
(Figure 3).

2) Optimization-Based Adaptive Sampling: Optimization-based adaptive sampling is an iterative
technique that begins by generating an initial set of samples using a space-filling method, such as Sobol
sampling. A surrogate model is then built based on these samples. Due to the limited number of initial
samples, the first surrogate model usually has low accuracy. To refine the initial surrogate model, it is
optimized, even in its inaccurate state, to identify potential optima. To locate both global and local optima,
multiple optimizations are performed using different initial points. Once the optima are found, new sample
points are generated around these regions, forming clusters near the optima. These clusters are created
using Sobol sampling within smaller, defined boundaries. The surrogate model is then updated with the
newly acquired samples, and the process is repeated iteratively. The procedure continues until one of the
following criteria is met: (1) the solution does not improve over a consecutive set of iterations, (2) the

8



Bangladesh University of Engineering and Technology

Fig. 3: Example of Sobol sampling of design variables

solution shows minimal variation with different initial points, or (3) a feasible solution is reached with
sufficiently low loss. Figure 4 illustrates the overall process of optimization-based adaptive sampling for
an unknown function.

C. Numerical Simulation

The numerical simulation of the base foil NACA0012 and the deformed foils was performed using
an interactive program designed for the analysis and design of subsonic isolated airfoils, called XFOIL
[19]. XFOIL can be used for both viscous and inviscid analyses, as well as for airfoil design and inverse
design. The inviscid formulation utilizes a linear-vorticity panel method, while to account for viscous
effects, XFOIL combines the potential flow solution with boundary layer analysis [34].

In this study, the shape of the NACA0012 airfoil was optimized under fixed flow conditions. The lift
and drag coefficients of the base and deformed foils were extracted from XFOIL simulations using an
automated Python script. The flow conditions were: Re = 1× 106, α = 5◦. The viscous solution iteration
limit (ITER) in XFOIL was increased to allow up to 20 Newton iterations to ensure convergence. This
adjustment was made to avoid missing results and non-converging calculations with more intricate foil
designs. The number of panel nodes was kept at 160.
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Fig. 4: Optimization-based adaptive sampling [22]

D. ANN Model Training

In this research, the surrogate model was developed by implementing an ANN model structured as a
Feed Forward Neural Network, where each neuron is connected to every neuron in the next layer. The
input neurons represent the design variable values, and the output neurons represent the lift and drag
coefficient values. The model training was implemented in Python, utilizing the TensorFlow framework
[35], with Keras [36] for the machine learning-specific components.

Figure 5 shows the dataset generation process for ANN-based surrogate model training. Before the
training process, the data was cleaned to remove any missing values and duplicates. To improve learning
performance, all inputs were normalized to fall within the range [−1, 1] before the start of the training
phase. The total dataset was divided into 5 folds for cross-validation. This cross-validation set was used
to estimate the generalization error of the surrogate model. During the training process, the loss function
was set to Mean Absolute Error (MAE), and the metrics evaluated were Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE). The Adam optimizer was
used with a learning rate of 0.01, and the tanh activation function was applied to the hidden layers. L2
regularization was implemented to prevent overfitting. The loss function values and metrics were evaluated
by varying the number of neurons in the hidden layer using K-fold cross-validation. The architecture that
produced the lowest loss was selected as the final surrogate model, as detailed in Table I. Although
the feasibility of using a deep model was also investigated, the shallow model demonstrated superior
performance. Consequently, the finalized ANN model consists of 8 input nodes representing the design
variables, a single hidden layer with 14 nodes, and two output nodes representing the lift and drag
coefficients. Figure 6 illustrates this ANN model architecture, and Figure 7 shows the validation curve
of the model across 200 epochs, demonstrating that the loss steadily diminishes as the epoch number
increases.
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Fig. 5: Training dataset generation process

Fig. 6: ANN model for training
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TABLE I: Training Parameters for ANN Model

Input Layer Hidden
Layer

Output
Layer Regularizer Optimizer Learning

Rate
8 14× 1 2 L2 : 0.01 Adam 0.01

Loss
Function Metrics Activation

Function
Validation

Set
MAE MSE RMSE MAPE Tanh 20%

Fig. 7: Validation curve of MAE for 128 samples

E. Surrogate Model Optimization

Using the Python module scipy.optimize.minimize, the SLSQP optimizer was employed to implement
the optimization of the surrogate model. Sequential Least Squares Programming (SLSQP) minimizes a
function of several variables, allowing for any combination of bounds, equality, and inequality constraints.
The objective of this optimization problem is to maximize the lift coefficient (CL) while keeping the
drag coefficient (CD) constant and maintaining a constant area with respect to the design variables. As
previously mentioned, the base foil is NACA0012, and the number of design variables is 8. To eliminate
unrealistic airfoil shapes, the design variables are constrained to ±10% of the airfoil’s thickness. We
restrict the boundaries of each variable to [−0.012, 0.012]. The design space lies between the regions of
the green and orange curves shown in Figure 8.
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Objective: min (−CL)
Constraint 1: CD = CDoriginal

Constraint 2: A = Aoriginal

Flow condition: Re = 1× 106, α = 5◦.

Fig. 8: Design space for optimization

1) Surrogate Model Optimization with Adaptive Sampling: In the case of the adaptive sampling method,
the initial samples were generated using a low-discrepancy Sobol sequence. Using the Hicks-Henne
function, the deformed foil geometry was generated based on the sample set of design variables. XFOIL
simulations of the deformed foils were performed to extract the lift and drag coefficients (CL, CD).
A training dataset of CL and CD, corresponding to the design variables, was created. An ANN-based
surrogate model was then trained. Optimization of the surrogate model was performed to find both the
local and global optima. In this case, three different optimizations were carried out using three initial
points, which yielded different solutions. If the convergence criteria were not met, four more points
around each optimum were added using Sobol, resulting in an additional 15 points for each iteration. The
new points were added to the previous sample set, and the entire process was repeated until convergence.
In this paper, 128 initial points were generated using Sobol sampling, and samples were added over three
iterations, leading to a total of 173 samples by the final iteration. The process flowchart of this method
is illustrated in Fig. 9.

2) Surrogate Model Optimization with One-shot Sampling: In the one-shot sampling case (Figure 10),
the entire optimization is completed in a single sequential process. The total number of samples is generated
at the initial stage using a space-filling sampling method, such as the Sobol sequence. Subsequently, shape
parameterization, numerical simulation, dataset generation, model training, and optimization are performed
sequentially. To compare with the adaptive sampling method, two optimizations were performed separately
using 128 and 173 samples generated via Sobol sampling.

III. RESULTS AND DISCUSSION

The Optimization-Based Adaptive Sampling strategy was compared with the conventional One-Shot
Sobol Sampling approach to find the optimum solution while reducing training samples. Fig. 11 presents
the lift coefficient (CL), drag coefficient (CD), and lift-to-drag ratio (CL/CD) for the baseline NACA0012
section, the ANN model trained with One-Shot Sampling, and the ANN model trained with Adaptive
Sampling at the same final sample size of 173. The ANN model with Adaptive Sampling resulted in a
58.68% increased lift-to-drag ratio compared to the baseline foil section, while the One-Shot Sampling
model achieved a 28.16% increase. Since both models used the same number of samples, this result shows
that the adaptive method directed the optimizer toward a better optimum in the design space compared
with the one-shot approach that only reached a local optimum. Because drag was explicitly constrained
during optimization, the drag coefficient is nearly constant across the three cases. The slight reduction in

13



Bangladesh University of Engineering and Technology

Fig. 9: Optimization Flowchart for Adaptive Sampling Method

the one-shot sampling model indicates its proclivity to underestimate the drag. Consequently, the increase
in the lift-to-drag ratio chiefly follows the increase in lift coefficient, because the drag coefficient was
nearly kept constant.

The optimized foil geometries are shown in Fig. 12. Both optimized shapes present significant
deformation at the suction and pressure surfaces with respect to those of the baseline NACA0012 section,
while maintaining overall section constraints. The resultant geometry acquired from Adaptive Sampling
portrays a stronger shape modification in comparison with the One-Shot Sampling outcome, which is
consistent with its higher lift coefficient. The improvement in lift is achieved without an increase in the
material volume per unit span because the sectional area was constrained during optimization. This is
useful for hydrofoil section design because a higher lifting capability is acquired while keeping the section
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Fig. 10: Optimization Flowchart for One-shot Sampling Method

size and approximate material usage unchanged.
Fig. 13 compares the pressure coefficient distributions of the baseline and optimized sections. The

pressure distribution explains the physical reason behind the lift improvement observed in Fig. 11. For
adaptively sampled optimized section, the suction side pressure is reduced and the pressure on the lower
surface is increased compared to the baseline section. This larger pressure difference between the two
surfaces enhances the circulation around the foil section which in turn, results in a higher lift coefficient.
The pressure redistribution is also consistent with the increased asymmetry observed in the optimized
geometry. Since the Reynolds number and angle of attack were kept fixed throughout the optimization,
this improvement in lift can be attributed to the geometric modification rather than to flow condition
changes.

Surrogate model prediction at the optimum point has to be accurate. Fig. 14 shows the percentage
error between the ANN-predicted optimum and the corresponding XFOIL calculated value. In the case
of Adaptive Sampling, the error in drag coefficient reduces steadily as new samples are added around the
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Fig. 11: Comparison of the hydrodynamic coefficients of the optimum for different
sampling techniques

Fig. 12: Geometries of the baseline and the optimal foil

predicted optimum. It starts at about 22.5% for 128 samples, decreases to around 18% at 143 samples,
then to about 7% at 158 samples, and finally becomes nearly negligible at 173 samples. The lift coefficient
error follows a less monotonic trend, increasing from 5.33% to 9.75% in the first adaptive iteration, then
dropping to 8.47%, before reducing to less than 2% at the final sample size. This final reduction indicates
that the additional adaptively selected samples contribute to higher accuracy of the surrogate model near
the optimum region.

On the other hand, even though the One-Shot sampling model is trained with the same total number of
173 samples, it does not reach the same level of optimum-point accuracy. The drag coefficient error falls
down to 5.61%, but the lift coefficient error improves comparatively less for this case. This comparison
illustrates that adaptive sampling usually does not just find a better optimum, but also improves accuracy of
the surrogate model around the optimum. This is expected because Adaptive Sampling places new samples
around promising optimum regions instead of uniformly distributing all samples across the design space.

The overall prediction performance of the ANN surrogate models using MAE, MSE, RMSE, and MAPE
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Fig. 13: Comparison of pressure coefficients between baseline and optimal foil

Fig. 14: Percentage of error of the predicted optimum compared to XFOIL

is reported in Table II. For the Adaptive Sampling model, the table reports the performance at four sample
sizes: 128, 143, 158, and 173. The One-Shot Sampling model is reported at the final sample size of 173
for direct comparison. At 173 samples, the Adaptive Sampling model gives MAE = 1.26 × 10−2, MSE
= 3.89 × 10−4, RMSE = 1.97 × 10−2, and MAPE = 4.74%, and the One-Shot Sampling model gives
MAE = 1.35 × 10−2, MSE = 5.78 × 10−4, RMSE = 2.40 × 10−2, and MAPE = 5.42%. These values
indicate that the overall prediction performance of both models over the full design space is similar, with
the adaptive sampling model achieving higher accuracy in the optimal region.

The combined interpretation of Fig. 14 and Table II is important. Table II shows that the two surrogate
models perform similarly over the design space, and Fig. 14 shows that the Adaptive Sampling model
is significantly more accurate in the vicinity of the optimum point. Therefore, the benefit of Adaptive
Sampling is concentrated in the most important region of the design space rather than being uniformly
distributed everywhere. This agrees with the purpose of optimization-based adaptive sampling, where new
samples are added near regions that are more likely to contain the optimum instead of being spread equally
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TABLE II: Performance Metrics of ANN Model

Iteration ANN with Adaptive Sampling Sample count MAE MSE RMSE MAPE
0 Sobol (one-shot) 128 1.21E-02 3.30E-04 1.82E-02 1.27E+01
1 Sobol + selective (Adaptive) 143 1.27E-02 4.94E-04 2.22E-02 4.57E+00
2 Sobol + selective (Adaptive) 158 1.24E-02 3.52E-04 1.87E-02 6.79E+00
3 Sobol + selective (Adaptive) 173 1.26E-02 3.89E-04 1.97E-02 4.74E+00

Case ANN with One-Shot Sampling Sample count MAE MSE RMSE MAPE
1 Sobol (one-shot) 173 1.35E-02 5.78E-04 2.40E-02 5.42E+00

across less useful regions. This is consistent with the goal of optimization-based adaptive sampling; instead
of being uniformly distributed across less useful regions, new samples are added predominantly in areas
that are more likely to contain the optimum.

Overall, these results suggest that Optimization-Based Adaptive Sampling is a much superior surrogate-
assisted foil optimization framework to One-Shot Sobol Sampling for the same limited sampling budget.
The adaptive model finds a better optimum, improves lift by 58.68% with respect to the baseline section,
maintains the drag and sectional area constraints, and predicts the optimum with higher accuracy. This is
important for early-stage hydrofoil section design since each additional numerical evaluation requires time
and computational effort. Therefore, the proposed ANN-based surrogate model with Adaptive Sampling
provides a feasible and resource-efficient means of improving hydrofoil lift performance under fixed design
constraints.

IV. CONCLUSIONS

This study explores machine learning techniques to tackle design optimization problems, which, in
practical cases, can be used to significantly reduce the computational cost and time of hydrofoil craft
design, specifically, in developing economies like Bangladesh where computational resources are scarce.
In this paper, an ANN-based surrogate model optimization framework has been developed to enhance foil
efficiency by maximizing lift while constraining drag and sectional area to remain constant. Moreover, two
sampling strategies were investigated: One-Shot Sampling and Optimization-Based Adaptive Sampling.
Both sampling strategies resulted in a significant increase in lift and hydrodynamic efficiency. However,
for the same number of samples, the Optimization-Based Adaptive Sampling was able to find the global
maximum, whereas the One-Shot Sampling model remained adhered to a local maximum. The ANN
model with Adaptive Sampling led to an optimized foil shape that exhibits 58.68% more lift relative to
the base case. This selective sampling method considerably increased the accuracy of the surrogate model
at the optimum point. In contrast, the One-Shot Sampling did not achieve the same level of accuracy at
the optimum point. However, both models showed similar performance across the entire design space.

Although the proposed sampling technique performed better than the conventional sampling method,
this study has several limitations that need to be addressed. While the study aimed to reach the global
maximum, it has not been verified whether the true global maximum was achieved. The computational
speed of the surrogate model relative to traditional methods has also not been quantified. The optimization
was carried out for a single base hydrofoil under a single fixed flow condition, without exploring
broader design spaces, multiple base foil geometries, or a range of operating conditions. Furthermore,
the framework constrains drag and sectional area only, omitting practically relevant constraints such as
cavitation and structural feasibility. Finally, the results rely on XFOIL, a low-fidelity solver, and have not
been validated against high-fidelity CFD simulations or experimental data.

Future studies will verify that the true global optimum is obtained by comparing results against an
exhaustive search of the design space. The computational speed of the surrogate model will also be
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measured directly and compared to traditional optimization methods. Future studies will validate the
optimized foil shapes through experimental testing and CFD simulations. This framework can also be
extended to a wider design space, including more base foil shapes and different operating conditions,
such as varying Reynolds numbers and angles of attack. Finally, additional constraints, such as cavitation
and structural limits, can be incorporated to make this framework more applicable in real-world scenarios.
Ultimately, this framework will provide naval architects and ship designers with a cost-effective screening
tool for evaluating candidate hydrofoil sections prior to committing to expensive CFD analyses or
experimental testing.
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