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Abstract 

Folding-wing Unmanned Aerial Vehicles (UAVs) have become a key platform in modern 

aerial applications, owing to their superior portability and rapid deployment capabilities. 

While the tandem-wing configuration offers a compact solution for strict folding con-

straints, the resulting high wing loading necessitates a maximized lift coefficient (CL) to 

ensure efficient low-speed loitering. This study presents an aerodynamic optimization 

framework aiming to maximize the CL of a folding tandem-wing UAV. A combined opti-

mization strategy integrating Optimal Latin Hypercube Sampling (OLHS), orthogonal 

polynomial surrogate models, and the Multi-Island Genetic Algorithm (MIGA) is estab-

lished. With aft wing parameters determined, global sensitivity analysis identifies the fore 

wing span as the dominant factor, contributing 47.40% to lift performance. Crucially, alt-

hough vertical separation contributes only 6.53% to CL and sweep angle just −1.22% to 

drag coefficient, their strong interaction effects with wing span confirm their non-negligi-

ble role. Finally, the flow field characteristics at the wing root of the optimized configura-

tion undergo significant changes, resulting in a 4.28% increase in the CL. This work vali-

dates the important role of parameter interaction effects in aerodynamic optimization and 

provides a theoretical basis for the design of geometrically constrained aerial vehicles re-

quiring high lift coefficients. 

Keywords: folding wing; tandem wing; interaction effects; parameter optimization;  

surrogate model 

 

1. Introduction 

In recent years, small-scale folding-wing Unmanned Aerial Vehicles (UAVs) have 

gained significant attention in fields such as remote sensing, environmental monitoring, 

and emergency rescue due to their portability and rapid deployment capabilities [1]. Un-

like conventional fixed-wing aircraft, these platforms are often required to loiter in a spe-

cific area for extended periods to perform continuous data acquisition tasks. To maximize 

operational flexibility and portability, these platforms are often designed with tube-

launched capabilities, necessitating compact, foldable aerodynamic configurations that 

can deploy rapidly post-launch. Integrating sufficient payloads within such geometrically 

restricted configurations imposes higher demands on their aerodynamic lift capacity to 
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ensure effective loitering. Among various configurations, the tandem-wing layout—char-

acterized by fore and aft wings—has been widely favored for its ability to provide suffi-

cient lift within a constrained span while maintaining longitudinal stability under varying 

center-of-gravity conditions. 

The theoretical foundation for tandem-wing aerodynamics traces back to the pio-

neering works of Munk [2] and Prandtl [3], who established that multi-surface configura-

tions could minimize induced drag and enhance lift capacity through optimal load distri-

bution. Specifically, for folding tandem-wing UAVs, flight operations typically occur in a 

low Reynolds number regime (Re = 104 − 105). As highlighted by Jones et al. [4] and Zhang 

et al. [5], the flow field in this domain is dominated by boundary layer characteristics and 

transition phenomena, rendering the aerodynamic performance highly sensitive to geo-

metric variations. Within this context, the aerodynamic interference between the fore and 

aft wings becomes the governing factor. Early experimental studies by Scharpf and 

Mueller [6] and Broering [7] verified that the relative positioning—specifically vertical and 

horizontal separation—drastically alters the downwash field and wake trajectory, thereby 

determining the lift-to-drag ratio. Cai et al. [8] and Delikan et al. [9] further quantified 

these interference effects through numerical simulations, demonstrating that improper 

wing separation can lead to severe performance penalties. In terms of flow interference 

mechanisms and theoretical modeling, Shah and Ahmed [10] analyzed the secondary stall 

mechanism induced by the downstream wing suppressing the vortex shedding of the up-

stream wing, while Cheng et al. [11] refined prediction models based on lifting-line theory 

to better capture these interactions. Additionally, Figat and Kwiek [12] emphasized that 

the longitudinal dynamic stability of tandem layouts under varying flight conditions is 

strongly influenced by aerodynamic coupling. Despite extensive analyses on flow physics, 

stability characteristics, and other relevant aspects in existing studies [13,14], there re-

mains a lack of systematic geometric parameter optimization schemes specifically aimed 

at performance enhancement under strict dimensional constraints. Furthermore, as noted 

by Kostić et al. [15] and Shi et al. [16], the multi-parameter design space of tandem wings 

exhibits complex coupling relationships, and it is difficult to efficiently grasp the global 

laws merely through single-parameter analysis and Computational Fluid Dynamics (CFD) 

calculations. Therefore, it is necessary to adopt targeted optimization strategies to im-

prove the efficiency and accuracy of design optimization. 

To address the challenge of prohibitive computational costs associated with high-

fidelity CFD simulations in multi-parameter design spaces, Surrogate-Based Optimization 

(SBO) has evolved into a standard methodology in aeronautical engineering. Existing 

studies have explicitly clarified the efficacy of SBO strategies in improving optimization 

efficiency by replacing expensive numerical simulations with mathematical approxima-

tions [17]. The selection of appropriate surrogate models is critical. Simpson et al. [18] and 

Forrester et al. [19] developed theoretical frameworks for model selection, highlighting 

the trade-offs between accuracy and computational expense. Regarding model types, Han 

et al. [20] validated the capability of advanced Kriging strategies in accurately modeling 

complex global aerodynamic landscapes, while Krishnamurthy [21] verified the effective-

ness of the augmented and compactly supported Radial Basis Function (RBF) in local re-

sponse surface construction. Furthermore, Giunta and Watson [22] provided comparative 

insights between polynomial response surfaces and interpolation models, offering guid-

ance for engineering applications. To ensure the prediction fidelity of these models with 

limited computational resources, efficient sampling strategies are indispensable. Latin 

Hypercube Sampling (LHS), as originally established by McKay et al. [23], serves as the 

fundamental benchmark for space-filling designs due to its efficient stratification proper-

ties. Building upon this foundational mechanism, Optimal Latin Hypercube Sampling 

(OLHS) further enhances spatial uniformity by mathematically optimizing the inter-site 
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distances to effectively prevent sample clustering. However, to effectively locate the 

global optimum within the surrogate-predicted landscape, it is necessary to introduce a 

robust evolutionary algorithm to drive the search process. 

In terms of global search algorithms coupled with surrogates, the Genetic Algorithm 

(GA), originally proposed by Holland [24], serves as a foundational evolutionary strategy. 

Gong and Gu [25] successfully applied GA to Multidisciplinary Design Optimization 

(MDO) systems, validating their robustness in addressing nonlinear and coupled non-

convex problems. Yan et al. [26] introduced machine learning techniques into aerody-

namic shape optimizers, further pushing the boundaries of design automation. These ad-

vanced SBO frameworks have been successfully implemented in various complex aero-

dynamic designs: Zhang et al. [27] achieved efficient shape optimization for hypersonic 

lifting bodies, and Liang et al. [28] conducted robust multi-objective design for wing plan-

forms. Addressing complex flow control challenges, Du et al. [29] optimized a high-lift 

configuration with circulation control, further verifying the capability of SBO strategies in 

capturing strong aerodynamic nonlinearities. Furthermore, Gong and Ma [30] performed 

shape optimization and sensitivity analysis for morphing-wing aircraft, demonstrating 

the method’s capability in handling variable geometric configurations. Additionally, Qian 

et al. [31] emphasized the importance of building surrogates based on detailed simula-

tions to ensure engineering validity. Collectively, these established methodologies pro-

vide a solid theoretical foundation for solving complex aerodynamic optimization prob-

lems. 

However, despite these extensive applications in aviation, the application of system-

atic SBO frameworks specifically to folding tandem-wing UAVs remains relatively lim-

ited. Most existing studies focus on single-element wings or conventional layouts, often 

neglecting the complex aerodynamic coupling unique to tandem configurations under 

strict geometric constraints. Therefore, this study integrates OLHS with a Multi-Island 

Genetic Algorithm (MIGA) to construct a high-precision aerodynamic optimization 

framework. By systematically analyzing the mapping relationship between geometric pa-

rameters and aerodynamic characteristics, this approach aims to efficiently identify the 

optimal configuration that maximizes lift capability under strict tube-launch folding con-

straints. The overall technical route and research methodology adopted in this paper are 

schematically illustrated in Figure 1. The remainder of this paper is organized as follows: 

Section 2 details the geometric configuration of the folding tandem-wing UAV and the 

numerical simulation methods used for aerodynamic analysis. Section 3 elaborates on the 

surrogate-based optimization strategy, including the experimental design, parameter sen-

sitivity analysis, and the discussion of optimization results. Finally, Section 4 summarizes 

the key findings and conclusions of this study. 

 

Figure 1. Technical Route and Research Methodology. 
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2. Models and Numerical Simulation 

2.1. Configuration and Baseline Design 

The geometric model of the folding tandem-wing UAV established in this study is 

based on the design of a representative tandem-wing system reported in the open litera-

ture [32]. To meet the design requirements of individual portability and tube-launch ca-

pability, the UAV utilizes a high-aspect-ratio cylindrical fuselage integrated with a folding 

tandem-wing and twin vertical tail configuration. This design ensures efficient payload 

space utilization while achieving compact storage before launch and rapid deployment 

post-launch, balancing structural compactness with aerodynamic efficiency [33]. 

The UAV primarily operates in a low Reynolds number environment; therefore, the 

NACA 6409 airfoil, known for its favorable low-speed stall characteristics, is selected for 

both fore and aft wings [34]. Regarding the aerodynamic layout, a vertical stagger config-

uration with a “low-placed fore wing and high-placed aft wing” is adopted. This provides 

necessary clearance for the longitudinal rotation of the fuselage and nose during the tran-

sition from folding to deployment, preventing mechanical interference inside the canister. 

Aerodynamically, this vertical stagger ensures that the fore wing stalls before the aft wing, 

generating a nose-down restoring moment that guarantees longitudinal stability. The ge-

ometry and component illustrations are shown in Figure 2. 

 

Figure 2. Aerodynamic Configuration of the UAV. 

The aerodynamic performance of the tandem-wing configuration is highly sensitive 

to the relative arrangement of the wing surfaces. With reference to the design method 

proposed by Wang et al. [35], to simplify the design process and mitigate the complexity 

of parameter coupling, the design parameters of the aft wing were initially fixed. Subse-

quently, four key geometric parameters were defined to describe the configuration: fore 

wing span (b1), fore wing sweep angle (Λ0), horizontal separation (sx), and vertical separa-

tion (sz) between the fore wing and aft wing, as illustrated in Figure 2. The verification 

configuration, as the initial design scheme for verifying the rationality and reliability of 

the numerical solution method, has its parameters summarized in Table 1. It is worth not-

ing that, due to constraints imposed by structural dimensions and the folding mechanism, 

the physically feasible ranges of these geometric parameters are strictly limited. These 

constraints define the practical design boundaries for the subsequent aerodynamic opti-

mization. 
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Table 1. Geometric Parameters of the UAV. 

Parameter Verification Configuration Bounds 

Fuselage Length (Lf) 2.200 m - 

Chord Length (c) 0.186 m - 

Angle of Attack (AOA) 4° - 

Aft Wing Span (b2) 2.518 m - 

Fore Wing Span (b1) 1.916 m 7.c–13.4c 

Fore Wing Sweep Angle (Λ0) 0° 0°–6° 

Horizontal Separation between Fore and Aft wings (sx) 0.940 m 2c–6c 

Vertical Separation between Fore and Aft Wings (sz) 0.093 m −0.2c–0.8c 

2.2. Governing Equations and Solution 

CFD simulations are employed to obtain design sample response data and analyze 

aerodynamic performance. The core solution objective is the steady-state incompressible 

Reynolds-averaged Navier–Stokes (RANS) equations [36], which aim to capture bound-

ary layer evolution and flow field characteristics over the wing surface. For steady incom-

pressible flow, the governing equations comprise the mass conservation equation and the 

momentum conservation equation, expressed as (1) and (2). Key flow conditions set dur-

ing the solution process, tailored to the cruise flight conditions of the UAV, are as follows: 

The free stream velocity V = 30 m/s is determined based on the design cruise speed, with 

Reynolds number Re ≈ 3.70 × 105. Velocity Inlet and Pressure Outlet boundary conditions 

are applied. Non-slip wall conditions were applied to the surfaces of the leading edge, 

trailing edge, and fuselage to accurately simulate viscous flow near the wall and boundary 

layer development. Given the symmetric nature of the flow field during cruise conditions, 

a half-model computational approach was adopted to enhance computational efficiency 

in solving the flow field. 

Mass Conservation Equation: 

0i

i

u

x


=


 (1) 

Momentum Conservation Equation: 

i i
j i j

j i j j

u p u
u u u
x x x x

  
    

 = − + − 
     

 (2) 

where 𝑢̄𝑖 and 𝑢̄𝑗 are time-averaged velocity components, 𝑝̄ is time-averaged pressure, 

𝜌 is fluid density, 𝜇 is dynamic viscosity, and −𝜌𝑢𝑖
′𝑢𝑗

′ is the Reynolds stress, represent-

ing the effect of turbulent fluctuations on the mean flow field. This term is closed by in-

troducing a turbulence model. 

To balance numerical simulation accuracy and efficiency, the Shear Stress Transport 

(SST) k-ω turbulence model is selected [37]. This model combines the near-wall precision 

of the k-ω model with the far-field stability of the k-ε model, enabling accurate capture of 

flow field variations and boundary layer separation. The convective term in the governing 

equations is discretized using a Second-Order Upwind Scheme to enhance computational 

accuracy in regions with high flow gradients. The diffusion term is discretized using a 

central differencing scheme to ensure conservation in numerical discretization. The SIM-

PLE algorithm is adopted for pressure-velocity coupling. Through the iterative solution 

of the pressure correction equation and momentum equations, this method effectively en-

sures pressure-velocity consistency in incompressible flow fields, enhancing computa-

tional convergence stability. 
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2.3. Verification and Validation 

2.3.1. Grid Independence Verification 

To minimize the influence of grid quantity on simulation results and eliminate nu-

merical errors caused by discretization, a grid independence study was conducted. The 

objective was to select a meshing scheme that balances low numerical error with high 

computational efficiency for subsequent simulations. The first layer height of the grid near 

the wall was set to 0.02 mm, to ensure Y+ ≈ 1. Three sets of unstructured grids, ranging 

from coarse to fine, were generated using the method proposed by Wang et al. [38]. The 

total cell counts for the three grids were 2.51 million, 3.56 million, and 4.88 million, respec-

tively. Under the cruise condition, the lift coefficient (CL) of the UAV was calculated using 

these three grid sets, with the results summarized in Table 2. 

Table 2. Grid Independence Verification. 

Grid Cells Lift Coefficient (CL) CL Deviation 

2.51 million 0.569 - 

3.56 million 0.577 1.41% 

4.88 million 0.582 0.87% 

At a grid size of 3.56 million, the deviation in CL relative to the refined 4.88 million 

grid is only 0.87%, which satisfies engineering accuracy requirements. Therefore, consid-

ering the trade-off between computational accuracy and cost, the 3.56 million cell grid 

scheme (flow field mesh details are shown in Figure 3) was selected for the subsequent 

automated solution process. 

 

Figure 3. Flow Field Grid of the UAV. 

2.3.2. Experimental Validation 

To ensure the reliability of the numerical method, the CFD results were validated 

against the wind tunnel experimental data of a tandem-wing configuration. The experi-

ment conducted by Shah [39] on NACA 0012 tandem wings was selected as the bench-

mark case to verify the accuracy of the adopted numerical calculation method. This ex-

periment specifically investigated the aerodynamic coupling effects by varying the fore 

wing installation angle (φ) while keeping the aft wing fixed, which is consistent with the 

research in this paper. Numerical settings strictly followed the experimental parameters 

(listed in Table 3), utilizing the SST k-ω model and ensuring Y+ ≈1 near the wall, which 

guarantees the accuracy of the near-wall flow simulation. The Reynolds number is 1.0 × 
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105, which lies within the same low-Reynolds-number regime as the target UAV (Re ≈ 3.7 

× 105), ensuring the similarity of flow characteristics between the two. The validation grid 

details are shown in Figure 4. 

Table 3. Parameters of the Validation Model. 

Parameter Value 

Chord Length (c) 58.42 mm 

Aspect Ratio (AR) 6 

Free-stream Velocity (V) 25 m/s 

Fore wing incidence angle (φ) 0°–10° 

Reynolds Number (Re) 1.00 × 105 

Density (ρ) 1.225 kg/m3 

Dynamic viscosity (μ) 1.789 × 10-5 Pa·s 

 

Figure 4. Grid Details of the Validation Model. 

Considering the complex aerodynamic coupling between the fore and aft wings of 

the tandem configuration, it is necessary to separately validate the simulation results of 

the fore and aft wings, as shown in Figure 5. The comparative analysis reveals good agree-

ment between the numerical simulation results in this study and the wind tunnel experi-

mental data from Shah, S.H.R. [39]. The deviation in the drag coefficient between the 

wings, when varying the fore wing installation angle, is within 5%, which meets the engi-

neering accuracy requirements. 

 

Figure 5. Validation of CFD Method. (a) Fore wing validation; (b) Aft wing validation. 
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It is well recognized in low-Reynolds-number aerodynamics that drag coefficient 

prediction is inherently more sensitive to numerical setup and flow conditions than lift 

coefficient. Therefore, achieving a drag coefficient deviation within 5% between CFD and 

experimental data (as shown in Figure 5) provides strong evidence that the numerical 

framework accurately captures not only the primary lift characteristics but also the more 

delicate drag-related flow physics, including boundary layer development and wake in-

terference. This level of agreement confirms the overall reliability of the aerodynamic sim-

ulations for the tandem-wing configuration. 

3. Optimization Framework and Strategy 

3.1. Optimization Problem Definition 

To enhance the aerodynamic efficiency and payload capacity of the folding UAV, the 

design task is formulated as a constrained non-linear programming problem. Based on 

the geometric characteristics and physical constraints described in Section 2.1, the four 

key parameters governing the tandem-wing configuration are selected as the design var-

iables. 

Let x ∈ R4 be the design vector defined as: 

 1 0, , ,
T

x zb s s= x  (3) 

where b1 represents the fore wing span, Λ0 is the fore wing sweep angle, sx and sz denote 

the horizontal and vertical separations between the tandem wings. The search space for 

these variables is strictly confined by geometric constraints to ensure the feasibility of the 

folding mechanism and compatibility with the launch canister. These physical limitations, 

as detailed in Table 1, are translated into mathematical side constraints (i.e., upper and 

lower bounds): 

Fore wing span,         b1: 7.4c ≤ b1 ≤13.4c 

Fore wing sweep angle,  Λ0: 0° ≤ Λ0 ≤ 6° 

Horizontal separation,   sx: 2c ≤ sx ≤ 6c 

Vertical separation,      sz: −0.2c ≤ sz ≤ 0.8c 

 

It should be emphasized that the wing reference area is not set as an independent 

design variable. Instead, it is determined by the geometric layout parameters, which are 

strictly bounded by the folding mechanism and launch canister constraints listed in Table 

1. The fore wing span is constrained by 4c ≤ b1 ≤ 12c, and the aft wing span is fixed at 2.518 

m. These constraints ensure that the total wing area varies within a very narrow range. 

The definition of the optimization objective is strictly driven by the unique flight pro-

file and geometric constraints of the folding tandem-wing UAV. Unlike conventional 

cruise UAVs where the lift-to-drag ratio (L/D) is maximized for range, this platform faces 

a specific challenge: the strict span limit imposed by the launch canister, combined with 

the requirement for a high-density payload (e.g., optical pods or long-endurance batteries), 

results in a significantly high wing loading (W/S) [1]. According to the stall speed equation 

Vstall (Equation (4)), increasing the CL is the primary aerodynamic means to lower the min-

imum flight speed without compromising payload capacity. This not only expands the 

low-speed flight envelope for extended observation missions but also provides a critical 

lift margin for agile maneuvers during complex flight phases, preventing accelerated stall 

(Equation (5)). Consequently, this study defines the maximization of the CL as the primary 

optimization objective. 

,

2
stall

L max

W
V

SC
=  (4) 
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2

,

1

2
L max

max

V SC

n
W


=  (5) 

Based on the above definitions, the mathematical model of the aerodynamic optimi-

zation problem is established as follows: 

 1 0Find          , , ,

Maximize ( ) ( )

Subject to 

T

x z

L

lb ub

b s s

f C











=

=



x

x x

x x x

 (6) 

where CL(x) is the lift coefficient predicted by the surrogate model (detailed in Section 3.3), 

and xlb and xub represent the lower and upper bounds of the design variables, respectively, 

ensuring the optimized geometry remains within the manufacturable and deployable lim-

its. 

3.2. Surrogate-Based Optimization Methodology 

3.2.1. Optimal Latin Hypercube Sampling 

The quality of the surrogate model is critically dependent on the spatial distribution 

of the training samples [40]. To accurately capture the aerodynamic nonlinearities across 

the design space, the Design of Experiments (DOE) is performed using the OLHS method. 

The fundamental principle of standard LHS [23] operates within an m-dimensional 

design space. The range of each design variable 𝑥𝑘(𝑘 ∈ [1,𝑚]), denoted as [𝑥𝑘
𝑚𝑖𝑛 , 𝑥𝑘

𝑚𝑎𝑥], 

is divided into n uniform sub-intervals, with the i-th sub-interval denoted as 

[𝑥𝑘
𝑖−1, 𝑥𝑘

𝑖 ](𝑖 ∈ [1, 𝑛]). Subsequently, n sample points are randomly selected such that each 

sub-interval of every factor contains exactly one sample. However, due to this random 

selection process, standard LHS often suffers from uneven spatial filling or diagonal clus-

tering, as illustrated in Figure 6, which can degrade the prediction accuracy in sparse re-

gions. 

In contrast, OLHS introduces an optimization adjustment stage [41] upon the LHS 

framework. While retaining the constraint that each sub-interval [𝑥𝑘
𝑖−1, 𝑥𝑘

𝑖 ] for every di-

mension must contain strictly one sample point, OLHS employs an optimization algo-

rithm to iteratively adjust the positions of these points. This process aims to satisfy specific 

optimality criteria, typically maximizing the minimum Euclidean Distance between sam-

ple points, thereby achieving optimal spatial coverage [42]. Consequently, as shown in 

Figure 6, OLHS constructs an m-dimensional sampling space that achieves both superior 

multidimensional uniformity and statistical independence, ensuring robust coverage of 

the design space. 

 

Figure 6. Comparison of Sampling Characteristics. (a) Latin Hypercube Sampling; (b) Optimal Latin 

Hypercube Sampling. 
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Considering that the flow field of a tandem-wing configuration is characterized by 

complex vortex interference and strong non-linearities [14], a sufficient sample size (N) is 

required to accurately capture the response landscape. To ensure high prediction fidelity 

and prevent under-fitting in regions with steep gradients, a robust sampling strategy is 

adopted. Consequently, a total of 70 sample points are generated. This sample size is se-

lected to strike an optimal balance between computational cost and modeling accuracy, 

providing a robust and dense coverage of the four-dimensional design space. 

3.2.2. Surrogate Model Construction and Accuracy 

The core of the surrogate model lies in fitting the mapping relationship between de-

sign inputs and output responses via mathematical modeling methods. By replacing com-

putationally expensive CFD simulations, it enables efficient exploration of the design 

space during the iterative optimization process. Due to the complex nonlinear nature of 

the flow field, no single surrogate model is universally superior for all aerodynamic re-

sponses. Therefore, to identify the suitable predictor for the UAV, four representative sur-

rogate models are evaluated: Orthogonal Polynomials [43], Kriging [44], Universal 

Kriging [45], and Radial Basis Functions (RBF) [46]. 

The Orthogonal Polynomial Model approximates the response y(x) using a linear 

combination of basis functions: 

1

ˆ( ) ( )
K

j j

j

y  
=

=x x  (7) 

where 𝛽𝑗 are the regression coefficients determined by least squares, and 𝜙𝑗 are orthog-

onal basis functions suitable for capturing global quadratic trends. 

The RBF Model constructs the approximation based on the Euclidean Distance from sam-

ple points: 

( )
1

ˆ( )
N

i i

i

y w
=

= −x x x‖ ‖  (8) 

where 𝜓 is the basis function (e.g., Gaussian or Multiquadric) and wi are weight coeffi-

cients. This method is particularly effective for highly nonlinear landscapes. 

Additionally, Kriging and Universal Kriging models are based on Gaussian process 

regression (GPR) [20], treating the response as a combination of a global trend and a local 

stochastic deviation. 

The accuracy of these models is assessed using a strictly independent validation strat-

egy. Based on the OLHS method described in Section 3.2.1, a training set consisting of 70 

samples is generated to construct the surrogates. Additionally, a separate validation set 

of 8 independent samples is generated to test the generalization capability of the models. 

The Coefficient of Determination (R2) and Root Mean Square Error (RMSE) are adopted 

as the evaluation metrics. Table 4 presents the comparison of prediction accuracy among 

the four models. The results reveal distinct performance characteristics for different aero-

dynamic objectives. 

Table 4. Comparison of Surrogate Model Accuracy. 

Surrogate Model 
CL CD 

R2 RMSE R2 RMSE 

Orthogonal polynomial model 0.8884 0.0962 0.5460 0.2193 

Kriging model 0.8767 0.1140 0.7247 0.1892 

Universal Kriging model 0.7831 0.1512 0.6811 0.2036 

RBF model 0.8532 0.1241 0.7816 0.1685 
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While the RBF Model proves superior for the drag coefficient (CD) with an R2 of 0.7816 

due to its ability to interpolate complex local non-linearities, the Orthogonal Polynomial 

Model demonstrates the highest fidelity for CL, achieving an R2 of 0.8884 and an RMSE of 

0.0962. This indicates that the lift variation within the design space is dominated by sec-

ond-order global trends efficiently captured by polynomial functions. The selection of the 

OPM is based on a holistic evaluation of both predictive accuracy and global stability. 

While other models such as Kriging exhibit only a relatively small difference in prediction 

accuracy compared to the OPM, the OPM is inherently superior in capturing the global 

trends of the design space and the relationships between the geometric parameters and 

aerodynamic responses. This ensures more stable and reliable predictions across the entire 

optimization domain, which is critical for the robustness of the optimization framework, 

especially when navigating the complex design space of the folding tandem-wing UAV. 

To visually verify the prediction fidelity, the CL values predicted by the three types of 

surrogate models with better accuracy are plotted against the actual CFD validation data 

in Figure 7. As observed in the plot, the data points for the Orthogonal Polynomial Model 

are tightly clustered around the diagonal line, indicating superior agreement. Although 

the subsequent optimization focuses on lift maximization to ensure flight feasibility, the 

successful modeling of the highly non-linear drag characteristics serves as a rigorous ver-

ification of the proposed DOE framework. It confirms that the OLHS strategy provides 

sufficient coverage of the complex flow field, thereby reinforcing confidence in the relia-

bility of the primary lift model. Consequently, the Orthogonal Polynomial Model is se-

lected as the surrogate driver for the optimization. 

 

Figure 7. Comparison between Actual and Predicted Lift-Drag Characteristics. (a) Comparison be-

tween Actual and Predicted Values of Lift Coefficient; (b) Comparison between Actual and Pre-

dicted Values of Drag Coefficient. 

3.2.3. Multi-Island Genetic Algorithm 

Based on the established high-fidelity surrogate model, the global search for the op-

timal geometric parameters is conducted using the Multi-Island Genetic Algorithm 

(MIGA). The aerodynamic design space of the tandem-wing configuration typically ex-

hibits high non-linearity and multiple local optima due to complex wing interference. Tra-

ditional gradient-based methods or Standard Genetic Algorithms (SGA) are often prone 

to premature convergence in such landscapes [25]. MIGA addresses this by introducing a 

distributed population structure. Unlike SGA, MIGA divides the total population into 

several sub-populations, termed “islands”. Evolution operations are performed inde-

pendently within each island, and a migration operation periodically transfers individu-

als between them to maintain genetic diversity. The specific configuration parameters 

governing these operations are detailed in Table 5. Selected to balance exploration 
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robustness and computational cost, the algorithm is configured with 4 islands, a migration 

rate of 0.2, and a total evolution of 80 generations. 

Table 5. Configuration Parameters of MIGA. 

Parameter Value 

Population Size 10 

Number of Islands 4 

Evolution Generations 80 

Crossover Probability 0.8 

Mutation Probability 0.02 

Inter-Island Migration Rate 0.2 

Migration Interval Generations 5 

To further enhance the optimization efficiency, a population seeding strategy is 

adopted. Instead of starting with a completely random population, the initial generation 

is seeded with the top 10 elite individuals screened from the OLHS dataset (Section 3.2.1). 

During the evolutionary process, the fitness of each individual is evaluated using the con-

structed Orthogonal Polynomial Model. This combined optimization strategy circum-

vents the prohibitive computational costs of repetitive calculations, ensuring that the 

global search remains both efficient and feasible. 

3.3. Parameter Sensitivity Analysis 

To ensure the effectiveness of the global optimization, it is essential to rigorously 

evaluate the influence of the design variables before executing the MIGA. The primary 

objective of this sensitivity analysis is not merely to analyze parameter contributions and 

clarify the optimization direction, but also to validate the necessity of the selected design 

space. Specifically, it aims to determine whether parameters with low apparent contribu-

tion should be excluded to simplify the model, or retained due to potential interaction 

effects. Based on the OLHS dataset, the Pareto contribution analysis quantifies the relative 

sensitivity of the aerodynamic characteristics to variations in the design parameters, as 

illustrated in Figure 8. 

 

Figure 8. Pareto Contribution of Parameters to Aerodynamic Characteristics. 

Focusing first on the CL, the b1 exhibits the most significant relative positive influence, 

accounting for approximately 47.40% of the total variation. The lift of a traditional single-

https://doi.org/10.3390/aerospace13030224


Aerospace 2026, 13, 224 13 of 21 
 

https://doi.org/10.3390/aerospace13030224 

wing configuration is primarily influenced by the lift area, whereas a tandem-wing con-

figuration operates differently. In this study, the Λ0 contributes 9.57%, the sz accounts for 

6.53%, while the sx accounts for 36.50%. This distribution indicates that lift generation is 

governed by a complex spatial topology. The substantial contributions from the sweep 

angle and horizontal separation highlight that the aerodynamic performance is influenced 

by the streamwise distribution of the lifting surfaces, which affects the effective aspect 

ratio and the intensity of fore-aft wing interference. 

Although the subsequent optimization focuses on lift maximization, analyzing the 

CD offers a comprehensive view of the flow field complexity. Notably, the Λ0 exerts a weak 

inverse effect, contributing only −1.22% to the drag variation. Based solely on this main-

effect analysis, a simplified optimization strategy might inadvertently exclude the sweep 

angle variable to reduce dimensionality. However, such a decision would expose the lim-

itations of Pareto analysis in complex aerodynamic systems, as it overlooks the potential 

for parameter coupling. It should be noted that this is only a main-effect sensitivity refer-

ence, and the potential coupling interactions between parameters cannot be fully reflected. 

Therefore, the Pareto analysis serves as a preliminary tool rather than a decisive basis for 

variable reduction or simplification. 

Relying solely on isolated contributions is insufficient for the tandem-wing configu-

ration characterized by complex interference. Therefore, the analysis further incorporates 

interaction effects to characterize the dependency between parameters. This coupling in-

tensity is manifested by the non-parallelism or crossing features of the response curves; a 

significant deviation from parallelism implies that the sensitivity of the objective function 

to one parameter is substantially modulated by the magnitude of another parameter, ra-

ther than being an independent superposition. Applying this principle to Figure 9, a sig-

nificant crossing feature is observed in the interaction curves between the sz and the b1. 

This marked non-parallelism implies that the lift-generating efficiency of the wing span is 

strictly constrained by the sz. Physically, this indicates that sz controls the vertical location 

of the fore wing’s downwash wake. If sz is not optimized in coordination with the span, 

the aft wing may fall directly into the wake deficit region, negating the aerodynamic ben-

efits of a larger span. 

 

Figure 9. Analysis of Parameter Interaction Effects. (a) Interaction Effects between sz and Other Pa-

rameters for CL; (b) Interaction Effects between Λ0 and Other Parameters for CD. 
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Consequently, the analysis confirms that the four design parameters are dynamically 

coupled rather than independent. Despite its relatively low individual contribution, the 

vertical separation plays an essential synergistic role in influencing the aerodynamic lift. 

Therefore, all four geometric parameters are retained for the MIGA global optimization. 

This comprehensive variable selection ensures that the algorithm can fully exploit these 

parameter interaction effects, thereby facilitating the identification of the optimal config-

uration and maximizing the aerodynamic lift. 

3.4. Optimization Results and Analysis 

Prior to global optimization, the configuration yielding the maximum lift coefficient 

within the OLHS dataset was selected as the baseline design vector Xbase, defined as: 

 1 0, , , 2.438 m,5 ,0.664 m,0.091 mbase x zb s s  =  =  x  (9) 

The iterative history of the lift coefficient optimization is illustrated in Figure 10. The 

population demonstrates a rapid performance improvement in the initial stages, driven 

by the elite seeding strategy. The algorithm achieves convergence approximately at the 

53rd generation, stabilizing at a global optimum. The corresponding optimal design vec-

tor Xopt is identified as: 

 1 0, , , 2.394 m,1 ,0.852 m,0.070 mopt x zb s s  =  =  x  (10) 

 

Figure 10. Iterative Process for CL. 

For quantitative verification, the projected wing areas of the baseline and optimized 

configurations are 0.7752 m2 and 0.7723 m2, respectively, with a relative difference of only 

0.37%. This negligible variation confirms that the observed improvement in the lift coeffi-

cient mainly arises from the improved aerodynamic efficiency under the interaction of the 

tandem-wing layout, rather than the change of the wing area. To ensure the consistency 

and comparability of aerodynamic coefficients, all coefficients (CL, CD, CL/CD, CL3/2/CD) in 

this study are calculated based on a fixed wing reference area Sref = 0.7752 m2 correspond-

ing to the area of the baseline fore wing. This reference area remains constant throughout 

the optimization and analysis, eliminating the influence of actual wing area variation on 

the aerodynamic coefficients. To validate the reliability of the optimization, a high-fidelity 

CFD simulation is performed using the identified optimal parameters. The quantitative 

comparison results are summarized in Table 6. 

Table 6. Aerodynamic Performance Comparison between Baseline and Optimized Configurations. 

Case Method CL Deviation CD CL/CD CL3/2/CD 
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Baseline CFD Simulation 0.5841 - 0.0488 11.9693 9.1477 

Optimized 

Surrogate Prediction 0.6036 0.90% - - - 

CFD Validation 
0.6091 

(+4.28%) 
- 

0.0465  

(−4.71%) 

13.0989 

(+9.44%) 

10.2230 

(+11.76%) 

* Note: Values in parentheses indicate the relative change compared to the baseline configuration. 

Deviation = (CL,pred − CL,CFD)/CL,CFD × 100%. All aerodynamic coefficients are calculated based on a 

fixed reference area Sref = 0.7752 m2 (baseline fore wing area) to eliminate the influence of actual 

wing area variation. 

As indicated in Table 6, the surrogate model predicted a CL of 0.6036, while the CFD 

validation yielded 0.6091. The relative deviation is merely 0.90%, demonstrating the high 

precision of the proposed optimization framework. Furthermore, compared to the base-

line CL of 0.5841, the optimized configuration achieves a net performance gain of 4.28%, 

which fully realizes the core objective of lift coefficient maximization under strict folding 

constraints. 

In addition, the optimized configuration obtains additional improvements in range 

and endurance-related aerodynamic performance while achieving the core lift enhance-

ment objective. Specifically, the lift-to-drag ratio (CL/CD) is the core parameter that deter-

mines the maximum flight range of fixed-wing UAVs according to the classical Breguet 

range equation. As shown in Table 6, CL/CD increases from 11.9693 of the baseline to 

13.0989 of the optimized configuration, corresponding to a 9.44% improvement. This 

means that the optimized UAV can achieve a longer mission range under the same battery 

or fuel capacity, which is of high engineering value for the long-distance reconnaissance 

and patrol tasks of the folding UAV. Meanwhile, the parameter CL3/2/CD directly governs 

the maximum loitering endurance of the UAV via the Breguet endurance equation. The 

optimized configuration achieves an 11.76% increase in this parameter, from 9.1477 to 

10.2230. This substantial enhancement in endurance performance directly matches the 

core operational requirement of the folding tandem-wing UAV for long-time continuous 

loitering in the target area. 

Notably, the above improvements in range and endurance performance are addi-

tional aerodynamic benefits brought by the geometric parameter adjustment for CL maxi-

mization, with no additional drag reduction optimization design carried out in this study. 

This further verifies that the optimized configuration can not only meet the core lift de-

mand under strict geometric constraints, but also obtain better comprehensive flight per-

formance, which significantly improves the engineering application value of the proposed 

optimization scheme. 

To further elaborate on the practical significance of the observed lift coefficient incre-

ment, the 4.28% increase in CL directly translates to a 4.28% improvement in the maximum 

lift force at the same flight speed. For a small folding-wing UAV in the 10 kg takeoff 

weight class, this increment enables the UAV to carry an additional payload of approxi-

mately 0.43 kg under identical flight conditions. This is of critical importance for platforms 

with strict weight and volume constraints, as the extra payload can be used to enhance 

mission capabilities (e.g., adding sensors) or extend endurance by increasing fuel capacity. 

Meanwhile, as an additional benefit of the optimized layout, CL/CD improves by 9.44% and 

CL3/2/CD by 11.76%, which contributes to extending both the cruise range and endurance 

of the UAV. 

To elucidate the physical mechanism responsible for this performance gain, the sur-

face pressure coefficient (CP) contours of the baseline and optimized configurations are 

compared in Figure 11. A global inspection reveals that the pressure distribution on the 

fuselage remains relatively stable. The significant aerodynamic alterations are spatially 

concentrated at the wing root regions of both the fore and aft wings, and these variations 
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gradually diminish along the spanwise direction towards the wingtips. Variations in the 

pressure distribution over partial regions reveal the changes in lift: On the upper surface 

(Figure 11a), particularly in Region 1 (fore wing root) and Region 2 (aft wing root), the 

optimized configuration exhibits a noticeable expansion and intensification of the low-

pressure zones. This suggests that the flow acceleration over the upper surfaces has been 

effectively enhanced. Concurrently, inspection of the lower surface (Figure 11b) indicates 

that in Region 3 (aft wing root), the high-pressure area displays a slight increase compared 

to the baseline configuration. These favorable pressure topology changes are attributed to 

the optimized spatial arrangement. The adjustments in sx and sz effectively modified the 

aerodynamic coupling between the tandem wings. This improved interference environ-

ment specifically alleviated the suppression at the aft wing root, resulting in an enlarged 

low-pressure zone and, consequently, a measurable increase in the total lift coefficient. 

 

Figure 11. Comparison of Pressure Coefficient Distributions. (a) Pressure Contour of the Upper Sur-

face; (b) Pressure Contour of the Lower Surface. 

To visually elucidate the flow mechanisms driving these pressure variations, Figure 

12 presents the streamlines and pressure coefficient contours at the 17% semi-span station. 

In the optimized configuration—characterized by increased sx, reduced sz, and a decreased 

Λ0—the interaction between the fore wing wake and the aft wing is improved. Specifically, 

the modified wake effect from the fore wing induces an increase in the effective angle of 

attack for the aft wing. Consequently, both the high-pressure region on the lower surface 

and the low-pressure region on the upper surface of the aft wing are markedly expanded 

compared to the baseline configuration, leading to a substantial enhancement in the lift 

coefficient. Furthermore, the reduction in sz helps delay flow separation on the fore wing, 

thereby maintaining superior aerodynamic efficiency across the tandem-wing system. 

 

Figure 12. Pressure Coefficient Contours and Velocity Streamlines at the 17% Semi-span Section. 

From the perspective of local analysis, pressure coefficient distributions are extracted 

at representative spanwise sections (17%, 34%, and 51% of the semi-span). The compara-

tive analysis at the 17% spanwise location (Figure 13a) validates the variation of 
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aerodynamic characteristics at the wing root, which is substantiated by the relative varia-

tion in the enclosed areas of the CP curves. Regarding the fore wing, the optimized config-

uration exhibits a significantly expanded CP envelope near the leading edge compared to 

the baseline, whereas in the aft chord region, it presents a faster pressure recovery gradi-

ent, indicating significant changes in the flow field characteristics at this location. Concur-

rently, a more distinct lift improvement is achieved on the aft wing. The optimized con-

figuration demonstrates a comprehensive expansion of the pressure coefficient envelope 

across the majority of the chord length relative to the baseline. Consequently, the accumu-

lated sectional CL achieves a significant gain of approximately 11.4%. Conversely, the pres-

sure distributions at the outboard sections (34% and 51%) remain nearly identical. The 

analysis indicates that the total lift increment of the UAV is predominantly driven by the 

aerodynamic improvements at the wing root region. Consequently, future optimization 

efforts should prioritize geometric parameters associated with the wing root to further 

exploit the potential for aerodynamic. 

 

Figure 13. Comparison of Pressure Coefficients on Representative Sections. (a) CP Comparison for 

the Cross Section at 17% Spanwise Position; (b) CP Comparison for the Cross Section at 34% 

Spanwise Position; (c) CP Comparison for the Cross Section at 51% Spanwise Position. 

4. Conclusions 

This study proposes an aerodynamic optimization method specifically for a folding 

tandem-wing UAV. By employing an optimization strategy that integrates a high-fidelity 

surrogate model with the MIGA, the search for a configuration maximizing lift under 

strict geometric constraints was successfully realized. The primary conclusions are sum-

marized as follows: 

(1) Global sensitivity analysis identifies the fore wing span as the dominant factor, 

contributing approximately 47.40% to lift performance. The fore wing sweep angle, hori-

zontal separation, and vertical separation contribute 9.57%, 36.50%, and 6.53%, respec-

tively. Notably, Pareto analysis reveals significant interaction effects between the vertical 

separation—despite its lowest individual contribution—and other parameters This indi-

cates that for low-Reynolds-number tandem wings with constrained spans, synergisti-

cally optimizing vertical separation is critical for aerodynamic enhancement. 

(2) The optimization strategy, utilizing the Orthogonal Polynomial Model and MIGA 

with elite seeding, demonstrated high efficiency. The final configuration showed a mar-

ginal CFD prediction deviation of 0.90%, verifying the method’s reliability. Compared to 

the baseline, the optimized design achieved a net lift coefficient gain of 4.28%, significantly 

improving both payload capacity and low-speed cruising performance. 

(3) The lift increment is primarily driven by flow improvements at the wing root, 

with minimal variation near the wing tips. The optimized configuration enhances overall 

lift by modulating the chordwise and spanwise pressure distributions in the root region. 

Consequently, the wing root remains a critical area for aerodynamic potential, and future 

research should focus on its geometric refinement to achieve further performance break-

throughs. 
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It should be noted that the current optimization focuses exclusively on the aerody-

namic performance of the folding tandem-wing UAV, treating the entire airframe as a 

rigid body. Given the inherent structural characteristics of the folding mechanism and the 

complex coupling effects observed at the wing root, future research will expand into MDO. 

By comprehensively integrating structural stiffness and flight control stability, subsequent 

efforts aim to explore a broader range of conceptual design solutions with high engineer-

ing application value. Additionally, future work will also investigate the integration of 

modern high-performance airfoils, aiming to further enhance the aerodynamic efficiency 

of the tandem-wing system. 
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Nomenclature 

b1 Span of the fore wing m 

b2 Span of the aft wing m 

c Chord length m 

CD Drag coefficient - 

CL Lift coefficient - 

CL,max Maximum lift coefficient - 

CP Pressure coefficient - 

Lf Fuselage length m 

P Pressure Pa 

R2 Coefficient of determination - 

Re Reynolds number - 

S Reference wing area m2 

sx Horizontal separation between fore and aft wings m 

sz Vertical separation between fore and aft wings m 

T Temperature °C 

ui,uj Velocity components m/s 

V Free-stream velocity m/s 

Vstall Stall speed m/s 

W Weight of aircraft N 

Y+ Non-dimensional wall distance - 

α Angle of attack deg(°) 

Λ0 Fore wing sweep angle deg(°) 

φ Fore wing installation angle deg(°) 

μ Dynamic viscosity Pa·s  

ρ Air density kg/m3 

Abbreviations 

CFD Computational Fluid Dynamics 

DOE Design of Experiments 
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GA Genetic Algorithm 

GPR Gaussian Process Regression 

LHS Latin Hypercube Sampling 

MDO Multidisciplinary Design Optimization 

MIGA Multi-lsland Genetic Algorithm 

OLHS Optimal Latin Hypercube Sampling 

RANS Reynolds-Averaged Navier–Stokes 

RBF Radial Basis Function 

RMSE Root Mean Square Deviation 

SBO Surrogate-Based Optimization 

SGA Standard Genetic Algorithm 

UAV Unmanned Aerial Vehicle 
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