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ABSTRACT: Multi-wing aerial vehicle designs have existed since the early days of aviation;
however, they are not commonly employed in modern designs, as advances in materials
technology have enabled the structurally feasible high-aspect-ratio monoplane configurations.
Nevertheless, the application has the potential to serve as a solution in the field of mini
unmanned aerial vehicle (UAV) design, offering the advantage of a smaller wing span. The
most popular multi-wing application, the biplane, features two wings mounted in parallel and
is typically characterized by the geometric terms decalage, stagger, and gap, which should be
optimized during the design process. This study focuses on aerodynamic optimization of a
biplane wing to maximize the lift-to-drag ratio (C./Cp) and the C,*?/Cp by optimizing the
aforementioned geometric parameters. To this end, the aerodynamic analysis method was
initially validated by comparing it with wind-tunnel data for a monoplane wing reported in
the literature. The Response Surface Method (RSM) was used to assess the effects of the
design parameters and to generate surrogate models for C,/Cp and C;”*/Cp. The optimal
design was determined using the genetic algorithm. The results indicated that decalage and
gap distance primarily determine range improvement, whereas gap and stagger are the
primary parameters for improving endurance. The applied optimization approach resulted in
improvements of 10.93% in range and 46.63% in endurance relative to the base biplane
configuration.

ABSTRAK: Reka bentuk kenderaan udara berbilang sayap telah wujud sejak awal
perkembangan penerbangan; namun, ia jarang digunakan dalam reka bentuk moden berikutan
kemajuan teknologi bahan yang membolehkan nisbah-aspek-tinggi konfigurasi monosayap
lebih berdaya struktur. Namun, aplikasi berbilang sayap berpotensi menjadi penyelesaian reka
bentuk kenderaan udara tanpa pemandu bersaiz kecil (mini UAV), khususnya dengan
kelebihan bentangan sayap lebih kecil. Konfigurasi berbilang sayap iaitu paling lazim, sayap
berkembar (biplane), merujuk kepada dua sayap yang disusun selari dan dicirikan oleh
parameter geometri utama seperti sela, aturan, dan jurang, perlu ditentukan secara optimum
dalam proses reka bentuk. Kajian ini memfokuskan kepada pengoptimuman aerodinamik
sayap berkembar bagi memaksimumkan nisbah angkat kepada seretan (C;/Cp) dan C;**/Cp
melalui pemilihan optimum parameter geometri tersebut. Kaedah analisis aerodinamik
terlebih dahulu disahkan melalui perbandingan data terowong angin bagi monosayap yang
dilaporkan dalam literatur. Kaedah Permukaan Tindak Balas (Response Surface Method,
RSM) digunakan bagi menilai kesan parameter reka bentuk dan model pengganti bagi C;/Cp
dan C;*?/Cp, manakala reka bentuk optimum ditentukan menggunakan algoritma genetik.
Keputusan menunjukkan bahawa sela dan jurang merupakan parameter utama dalam
peningkatan jarak terbang, manakala jurang dan aturan lebih dominan dalam meningkatkan
daya tahan penerbangan. Pendekatan pengoptimuman yang dicadangkan menghasilkan
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peningkatan sebanyak 10.93% dari segi jarak dan 46.63% dari segi daya tahan berbanding
konfigurasi sayap berkembar asas.

KEYWORDS: Biplane, UAV, Response surface method, Aerodynamic optimization,
Genetic algorithm.

1. INTRODUCTION

The first attempts at multi-wing aerial vehicle designs date back to the early 20th century,
from the Wright Brothers' "Wright Flyer" in 1903. The most common multiple-wing
configurations are the biplane and triplane, which are designated by the number of nonplanar
wings. Today, the prevalence of these designs has diminished with advancements in materials
science and, correspondingly, improvements in the aerodynamic efficiency of monoplanes [1].
Modern fixed-wing UAV designs commonly feature a single, often large, wing intended to be
both lightweight and sufficiently structurally rigid to withstand aerodynamic loads, which
presents a complex engineering challenge. Instead, multi-wing configurations could be a useful
alternative, offering the advantage of distributing the required wing area across multiple shorter
wings. Such a design is advantageous for operations such as indoor inspection, navigating
dense urban canyons for delivery services, search-and-rescue operations after natural disasters
involving collapsed structures, and close-proximity environmental monitoring in forests or
industrial facilities. Furthermore, the reduced wingspan could also provide a lower moment of
inertia and improved manoeuvrability by shifting the centre of wing mass closer to the
longitudinal axis.

The presence of an additional wing in proximity significantly alters the pressure
distribution and flow patterns around the wings. The increased aerodynamic interference leads
to areduction in the effective angle of attack, a change in lift distribution, an increase in induced
drag, and an overall decrease in aerodynamic efficiency for multi-wings when compared with
a monoplane generating equal lift. To enhance the aerodynamic performance of a biplane
configuration, the wing arrangement is critical. The geometrical parameters of decalage,
stagger, and gap interact sensitively, necessitating a meticulous design process to achieve
optimal aerodynamic performance metrics such as C;/Cp or C;*?/Cp for multi-wings [2, 3].
These parameters have a key role in the range and endurance of a piston-propelled aerial
vehicle. In this context, the Response Surface Methodology (RSM) is an appropriate Design of
Experiments (DoE) approach for this task, as it can model and analyse relationships among
multiple input variables and output responses. Furthermore, the method facilitates the
generation of precise surrogate models with fewer computationally expensive simulations than
traditional approaches. The generated surrogate model could be integrated into any well-suited
optimization algorithm to obtain an optimal design.

In the scientific literature, Design of Experiments (DoE) and Response Surface
Methodology (RSM) have been widely used to develop surrogate models for aerospace
optimization. A significant number of existing studies focus on fundamental two-dimensional
component optimization. Leifsson et al. [4], Immonen [5], and Kallath et al. [10] demonstrated
the efficiency of RSM in optimizing airfoil shapes. However, the effectiveness of these
optimizations often depends critically on the parametrization technique employed. For
instance, while Immonen [5] used a comprehensive set of design candidates, Kallath et al. [10]
showed that combining mesh morphing tools with PARSEC definitions enables precise Pareto
optimality searches. Furthermore, specific operational environments require tailored DoE
approaches. For instance, Win and Thianwiboon [11] successfully applied full factorial designs
to capture the unique physics of airfoils in ground effect, highlighting the versatility of standard
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DoE methods for constrained flow regimes. On the other hand, three-dimensional wing
planforms introduce additional dimensionality, and evolutionary strategies remain popular for
global search. For instance, Aelaei et al. [7] and Yao et al. [9] utilized Multi-Objective Genetic
Algorithms (MOGA) for delta wings and UAYV tail-sitters, respectively. However, recent trends
indicate a shift toward gradient-based or hybrid methods to accelerate convergence. Yildirim
and Tuncer [12] and Dam et al. [14] demonstrated that coupling surrogate models (such as
RSM or Artificial Neural Networks) with Sequential Quadratic Programming (SQP) can
efficiently handle parameters like sweep, taper, and twist. Dam et al. [14] noted that ANNs
may offer greater flexibility than traditional polynomial-based RSM when training data are
abundant.

The literature survey also demonstrated that, in addition to external aerodynamics,
advanced surrogate modelling is of critical importance for complex, multidisciplinary
interactions. Studies by Tang et al. [6] on turbomachinery and Simmons [13] on distributed
propulsion suggest that standard RSM must be enhanced to handle highly non-linear flow
physics. Tang et al. [6] addressed this issue by developing a Gradient-Enhanced Response
Surface Method (GERSM), proving that incorporating adjoint sensitivity analysis significantly
reduces computational cost compared to traditional genetic algorithms. Similarly, applications
on Vertical Axis Wind Turbines (VAWT) by Zhang et al. [8] and C-wing configurations by
Samputh et al. [15] confirm that robust DoE techniques (such as Orthogonal or Fractional
Factorial designs) are essential for isolating the most significant design parameters in complex
flow fields.

In summary, the literature review demonstrates that, despite the extensive use of surrogate-
based optimization in aerodynamic design, there remains limited literature characterizing the
complex interference phenomena associated with biplane UAV configurations. While
monoplane planforms have been extensively documented, the impact of coupled variations in
gap, stagger, and decalage on flight performance metrics remains to be carefully investigated
using modern computational frameworks.

In this context, the present study covers the aerodynamic optimization of a piston-
propelled biplane UAV wing by implementing a global optimization strategy utilizing
Response Surface Methodology (RSM) and Genetic Algorithms (GA), aiming for achieving
maximum lift-to-drag ratio (C/Cp) and C*”*/Cp by optimal selection of decalage, stagger, and
gap distances. The numerical aerodynamic analysis method is validated against wind-tunnel
data from the literature, and a surrogate model is developed using RSM to examine the effects
of the design parameters on C/Cp and C;**/Cp. Finally, the surrogate model is used within a
genetic algorithm to obtain optimal configurations with respect to decalage, stagger, and gap.
The significance of this work lies in substantiating the feasibility of biplane architectures for
missions characterised by span constraints and in demonstrating that precise geometric
tailoring yields superior performance gains compared with baseline configurations.

2. MATERIAL AND METHOD

2.1. Wing Geometry and Design Parameters

The biplane wing geometry with a 0.4115 m wing span, 0.1524 m chord length, and
Wortmann FX 63-137 airfoil is illustrated in Fig. 1a, where the vertical distance between the
upper and lower wing chord lines is denoted as gap (G), a well-known design parameter for
multi-wing configurations. The term stagger (S) is the longitudinal distance between the upper
and lower wings, and decalage angle () is the relative angle of incidence between the upper
and lower wings, as shown in Fig. 1b. The stagger is positive when the upper wing is further
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forward than the lower wing, and negative if opposite. The decalage angle can be obtained
using Eq. (1).
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Figure 1. a) Three-dimensional view and dimensions of the biplane wing,
b) Side view of the biplane wing with stagger, gap, and decalage definitions

2.2. Vortex Lattice Method

The aerodynamic performance of the biplane wing was evaluated using the Vortex Lattice
Method (VLM), implemented in the publicly licensed XFLRS5 software [16]. The VLM is a
standard tool, particularly in the aircraft conceptual design phase, for estimating lift and lift
distribution, drag and its components, and moment coefficients. In the VLM, the flow is
assumed to be inviscid, incompressible, and irrotational; however, viscous effects can be
accounted for using two-dimensional viscous airfoil polars. The wing is divided into a finite
number of panels so that the Biot-Savart law can be applied; consequently, the induced velocity
and flow tangency are provided at each control point.

To ensure the accuracy of the aerodynamic analysis, the base monoplane wing used in
wind-tunnel experiments reported in the literature [17] was analysed over the range -2 to 18
degrees of angle of attack at a Reynolds number of 200,000 and sea-level conditions. The
experimental and VLM results were comparatively presented in Fig. 2a and 2b for lift and drag
coefficients, respectively. It is clear that, especially at lower angles of attack from -2 to 6
degrees, the results were satisfactory within an aircraft conceptual design framework.
Moreover, the slopes of the curves are also remarkably promising in both figures, compared
with the experimental data. The discrepancy observed between the VLM and the experimental
results in the higher-angle-of-attack regime (10 to 15 degrees) is attributed to the well-known
limitations of the Vortex Lattice Method. Since the VLM assumes the flow is mainly inviscid,
incompressible, and irrotational, viscous effects can be added using two-dimensional viscous
airfoil polars. As a result, it accurately predicts aerodynamic coefficients in the linear region
(low to moderate angles of attack). However, when the angle of attack exceeds 10 degrees, the
flow exhibits significant nonlinear viscous phenomena, including boundary-layer thickening
and flow separation (pre-stall conditions). Because the standard VLM formulation does not
account for flow separation or complex viscous boundary-layer interactions, it diverges from
experimental data in this nonlinear pre-stall regime. As the optimization study primarily targets
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the cruise condition (linear region), VLM can be considered sufficiently accurate for
conceptual design.
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Figure 2. a) The variation in lift coefficient with angle of attack, b) The variation in drag coefficient
with angle of attack

The number of panel elements plays a crucial role in panel methods such as VLM. In this
context, it varied from 200 to 11,250 to ensure that the results are independent of the number
of panels, while the spanwise and chordwise distribution was conserved. The results of analyses
at a Reynolds number of 200,000 and sea-level conditions, with a 0-degree angle of attack, as
shown in Fig. 3, indicate that approximately 4050 elements were sufficient to yield desirable
results for both lift and drag coefficients.
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Figure 3. The variation in lift and drag coefficients with the number of VLM panels

2.3. Surrogate Model Generation using Response Surface Method

The Design of Experiment (DoE) method is a statistical approach used to generate and
analyse controlled experiments to identify significant factors and optimize a process or system
with minimal experimental effort. There are various types of DoE, such as Full Factorial
Design, Plackett—Burman Design, Response Surface Method, Taguchi Design, and Latin
Square Design [18].

Response Surface Method offers several key advantages for optimizing and evaluating
nonlinear complex relationships. Compared with a full factorial design, RSM can fit the same
model with fewer experiments and identify the optimal combination of input factors to achieve
the desired outputs. Furthermore, RSM includes quadratic (curved) terms, allowing it to model
curved or complex surfaces and capture not only main effects but also interactions among the
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variables under investigation. There are various options in RSM, with the Central Composite
Design (CCD) and the Box-Behnken Design (BBD) being the most common. While CCD is
more flexible with an adjustable number of centre and axial points, BBD is more efficient for
a small number of factors; however, it becomes more expensive at higher numbers. Detailed
information about the methodology could be found in [19, 20].

In this manuscript, RSM analysis is to be performed in the commercially available Minitab
software [21] to generate a surrogate model, a mathematical equation using variables G, S, and
5, capable of estimating C/Cp and C;*?/Cp values. For this purpose, CCD is applied to
evaluate more extensive scenarios, including those beyond the constraints presented in Table
1. The gap distance was limited from 0.25c¢ to 1.25¢, while the stagger was from -c to ¢, where
c is the chord length. The limits are defined to fully cover potential critical aerodynamic
interactions, such as inter-wing interactions and monoplane-like behaviour, based on similar
studies in the literature [22, 23]. The designed experiments are presented in Table 2, in which
all variables exceed the constraints, enabling estimation of a broader range of configurations.

Table 1. Design constraints in RSM analysis

Gap [m] Stagger [m] Decalage [degrees]
Minimum value 0.0381 -0.1524 -6
Maximum value 0.1905 0.1524 6

Table 2. Designed experiments for RSM-analysis

Number of Experiments  Gap [m] Stagger [m]  Decalage [degrees]

1 0.248487 0 0
2 0.195 -0.1524 -6
3 0.11655 0 0
4 -0.015387 0 0
5 0.11655 0 0
6 0.195 0.1524 -6
7 0.0381 0.1524 6
8 0.11655 0 10.0908
9 0.11655 0 0
10 0.11655 0.256305 0
11 0.0381 0.1524 -6
12 0.0381 -0.1524 6
13 0.11655 0 0
14 0.11655 -0.256305 0
15 0.11655 0 0
16 0.11655 0 0
17 0.0381 -0.1524 -6
18 0.11655 0 -10.0908
19 0.195 0.1524 6
20 0.195 -0.1524 6

2.4. Genetic Algorithm for Optimization

Genetic Algorithm (GA) is a population-based, stochastic search method inspired by the
principles of natural selection and genetics. It is particularly effective for solving nonlinear,
multimodal, and complex optimization problems for which gradient-based methods are less
effective or inapplicable. In this study, a Genetic Algorithm (GA) was employed to optimize
the objective functions with respect to performance parameters related to the lift and drag
coefficients. Further information on the algorithm's theoretical background is provided in [24].
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In our case, the variables gap, stagger, and decalage were to be optimally selected, with
the objective function defined as the maximization of C/Cp and C;**/Cp separately, using the
surrogate model generated via RSM. These aerodynamic parameters are directly proportional
and crucially determine the range (R) and endurance (E) of piston-propelled aerial vehicles.
The equations were given in Eq. (2) and Eq. (3), where # is the propulsive efficiency, SFC is
the specific fuel consumption, p is the air density, S is the wing area, and W is the weight [24].

— M CL,y_ Winitial
R=5re Cp In( Wﬁnal) 2)
2 c.3 _
= SFCt - mln(Wanal 12 Winitial 1/2) (3)

The constraints were defined to conserve or enhance the lift coefficient relative to the base
model, thereby providing adequate lift while improving performance, as given in Equations
(4), (5), and (6).

CLbase S CLoptimal (4)
(&), = (&) )
Cp/pase  \CD optimal
(&2) <2 ©)
¢p /pase \ Cp optimal

The optimization process begins by generating an initial population of potential solutions
(individuals), with each individual represented by a chromosome encoding a candidate solution
to the problem. The algorithm was iterated in MATLAB until a termination criterion was met,
either a fixed number of generations or a convergence threshold based on changes in fitness.

3. RESULTS AND DISCUSSION

3.1. RSM Analysis Results and Surrogate Models

The Pareto diagrams are illustrated in Fig. 4a and 4b, which present the relative importance
of factors and interactions in affecting the responses C./Cp and C;**/Cp, respectively. From a
lift-to-drag ratio perspective, the stagger has a minimal, nonlinear effect, whereas decalage has
both linear and nonlinear strong effects on the response. In the case of C;*?/Cp, stagger has
only a dependent effect, interacting with decalage, while gap distance and decalage have a
dramatic impact on the response.

The R-square (R?), R-squared adjusted (R’-adj), and R-squared predicted (R’-pred) values
in Table 3 indicate the model’s predictive capability. Moreover, the p-values in Table 4 indicate
the separate and combined effects of factors on the objective functions, with small p-values
(typically < 0.05) providing strong evidence against the null hypothesis. The results showed
that the stagger and the interaction terms GS and Go had no significant effect on either objective
function. The terms &° and S° have a slight effect on the lift-to-drag ratio and C.*”?/Cp,
respectively, while S? has no considerable effect on C.*/Cp.

220



ITUM Engineering Journal, Vol. 27, No. 1, 2026

https://doi.org/10.31436/itume;j.v27i1.3980

Eraslan

Term

ccC

AA
BC
BB
AB

AC

0 2 4 6 8
Standardized Effect

(a)

Term

G
B S
C 5

0 5 10 15 20
Standardized Effect

(b)

Figure 4. a) Pareto diagram for C;/Cp, b) Pareto diagram for C,**/Cp

Table 3. The model summary

Objective Functions R? R’-adj R’-pred
C./Cp 97.35% 94.97% 79.93%
C**/Cp 98.14% 96.46% 83.79%

Table 4. The probability characteristics of variables

P-values for Responses

Parameters C./Cp C.*%/Cp
G 0.000 0.000
S 0.799 0.125
o 0.006 0.000
G? 0.007 0.009
S? 0.052 0.949
o? 0.000 0.051
GS 0.515 0.527
Go 0.985 0.208
So 0.012 0.000

Decalage

(a) (b) (©)

Figure 5. a) The response surface plot for gap and stagger for C;/Cp, b) The response surface plot for
gap and decalage for C;/Cp, c) The response surface plot for stagger and decalage for C;/Cp

The response surface plots for C./Cp and C;*?/Cp are shown in Fig. 5 and visually depict
the relationships between the two independent variables and the response variables. In Fig. 5a,
the maximum lift-to-drag ratio was clearly enhanced by increasing gap distance, while stagger
had nearly no effect, parallel with its p-value. Similarly, in Fig. 5b, the larger gap distance
contributed to the lift-to-drag ratio, whereas decalage required a moderate value to achieve this
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improvement. Fig. 5S¢ represented the slight effect of stagger on enhancing the lift-to-drag ratio,
where decalage should be conserved moderately.

As shown in Fig. 6a, the graph was significantly dependent on the gap value, as indicated
by the reported p-values. Similarly, in Fig. 6b, the increased gap distance was attributed to
C*?/Cp, while a minimal effect was observed for the decalage. Fig. 6¢ showed that, for a
smaller stagger, a higher decalage was required to enhance C;*?/Cp.
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Figure. 6. a) The response surface plot for gap and stagger for C;*?/Cp, b) The response surface plot
for gap and decalage for C;”*/Cp, c¢) The response surface plot for stagger and decalage for C;*?/Cp

The surrogate models generated via RSM regression are shown in Eqs. (7) and (8) for each
aerodynamic performance parameter, as functions of the variables G, S, and . Terms with p-values <
0.05 were removed from the models to simplify them.

E—L =7.061 + 13.39G — 0.02855 — 26.21G% — 4.555% — 0.0191962 — 0.214855 (7)

D

CL3/2

= 6.077 + 18.66G — 0.07865 — 25.47G* — 0.002955% — 0.4959S5  (8)

D

The predictions from the surrogate model were validated, and the results were compared
with the designed experiments shown in Fig. 7, yielding satisfactory R2 values. The average
difference between the regression predictions and analysis results were 0.0015% and 0.0441%,
while the maximum differences were 3.52% and -5.76% for C1/Cp and C;**/Cp, respectively.

10 10 .
g |RE-09722 . o R?=0.9613 o
o -t o ° o
£ 8 % g 3
b3 ; «® s ; '
& * & %
24 6 o® it 6 .-..‘“'
5 5 L |
5 6 7 3 9 10 5 6 7 8 9 10
Prediction Prediction
(a) (b)

Figure 7. a) Designed experiment results and surrogate model predictions for C;/Cp, b) Designed
experiment results and surrogate model predictions for C;*?/Cp

3.2. Optimization Results

The base biplane model is determined to have no decalage or stagger, while having a gap
distance of 0.5c. The upper and lower limits of the optimization algorithm were determined as
values given in Table 5, where a maximum gap of one chord length was imposed due to
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structural considerations, and the decalage angle was limited to positive and negative six
degrees to avoid stall onset.

The results of the genetic algorithm optimization are presented in Table 6, along with those
of the base model. To maximize the lift-to-drag ratio, the algorithm increased the gap distance,
as shown in the Pareto diagram, while applying moderate stagger and a slight negative
decalage. In the case of C.”?/Cp, the gap distance and stagger are maximized, while decalage
is minimized within the limits.

Table 5. The constraints defined in the genetic algorithm

G [m] S [m] 0 |degrees]
Minimum value 0 -0.3 -6
Maximum value 0.152 0.3 6

Table 6. The base and optimal configurations

Model Variable
G [m] S [m] 0 [degrees) CL/Cp C*%/Cp
Base 0.075 0 0 7.872 7.299
Max. CL/Cp 0.2554 0.02 -0.8557 8.7833 9.254
Max. Ci**/Cp 0.3664 0.3 -6 8.402 10.7527

The results indicated that a greater gap distance contributes to both range and endurance
by reducing wing-to-wing interaction. Similarly, higher stagger values are associated with
greater endurance. Correspondingly, optimization results favor higher gap and stagger values
to minimize the adverse aerodynamic interference between the wings. Ideally, eliminating this
interference would reveal the monoplane's efficiency. However, the justification for the biplane
configuration in this study is driven by geometric and structural constraints, specifically the
restriction on wing span for mini-UAV applications. To achieve the required wing loading and
lift capacity within a confined span, a monoplane would require a significantly larger chord,
resulting in a low Aspect Ratio and high induced drag. The biplane configuration addresses
this problem, providing twice the lifting-surface area within the same span constraint while
maintaining a higher effective aspect ratio than a comparable monoplane.

Best: -10.7527 Mean: -10.7527
Best: -8.78334 Mean: -8.78334

9r +  Bestfilness
*  Bestfitness +  Mean fitness
N Mean fitness

-9.5r.

855+
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-87r

875} " . -105¢
........ % g I
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Figure. 8. The variation in fitness value with number of generations for C;/Cp, b) The variation
in fitness value with number of generations for C;*%/Cp
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The base C./Cp and C.*?/Cp values were improved by 10.93% and 46.63%, respectively,
according to surrogate-model-based optimization results, which are validated in the following
section. The iterative optimization process is shown in Fig. 8, where fitness values are plotted
against the number of generations.

3.3. Validation of the Optimal Configuration

The validity of the surrogate-model-based optimization results was assessed by
aerodynamic analyses of each optimal configuration. The results are presented in Table 7,
where the differences between surrogate model predictions and VLM analyses for Cz/Cp and
C*?/Cp were 2.17% and -8.36%, respectively, for optimal configurations. The maximum-
range and maximum-endurance models have lift coefficients of 1.048 and 1.375, respectively,
which are higher than the base model’s 0.86, as intended.

Table 7. The base and optimal configurations

Model Surrogate Model Prediction VLM
CL/Cp C*%/Cp CL/Cp C*%/Cp
Base 7.917 7.333 7.872 7.299
Max. CL/Cp 8.783 9.254 8.974 8.894
Max. CI**/Cp 7.905 10.752 8.402 9.854

4. CONCLUSIONS

The present study focused on surrogate-model-based aerodynamic optimization of a
piston-propelled mini biplane UAV wing to maximize the vehicle's range and endurance.
Initially, the aerodynamic analysis method was validated on an existing monoplane wing
design and compared with wind-tunnel results in the literature. Subsequently, a base biplane
model was constructed, and the effects of multi-wing geometric parameters, namely decalage
and stagger, were investigated. The gap distance was investigated using a central composite
design in RSM, and surrogate models for estimating C./Cp and C.*?/Cp were developed. The
surrogate model equations were simplified using Pareto analysis and incorporated into a
genetic algorithm to obtain optimal sets of decalage, stagger, and gap distances that maximize
range and endurance. Finally, the results from the surrogate model were compared with those
from VLM analyses, yielding differences of 2.17% and -8.36% for C/Cp and C;*/Cp,
respectively. The total improvement in C/Cp and C.*?/Cp values was 10.93% and 46.63%,
respectively. Although the study has presented the aerodynamic effects of the design variables
and provided optimal designs within the constraints, the structural limitations should be
evaluated, particularly when significant gaps and stagger values are considered alongside
aerodynamic considerations, to achieve more efficient optimization in a subsequent study.
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