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Abstract

This paper presents a highly efficient aeroelastic optimization method based on a surrogate model; the model is verified 

by considering the case of a high-aspect-ratio composite wing. Optimization frameworks using the Kriging model and 

genetic algorithm (GA), the Kriging model and improved particle swarm optimization (IPSO), and the back propagation 

neural network model (BP) and IPSO are presented. The feasibility of the method is verified, as the model can improve the 

optimization efficiency while also satisfying the engineering requirements. Moreover, the effects of the number of design 

variables and number of constraints on the optimization efficiency and objective function are analysed in detail. The accuracy 

of two surrogate models in aeroelastic optimization is also compared. The Kriging model is constructed more conveniently, 

and its predictive accuracy of the aeroelastic responses also satisfies the engineering requirements. According to the case of a 

high-aspect-ratio composite wing, the GA is better at global optimization.
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1. Introduction

Requirements regarding weight reduction and the 

application of composites are increasing rapidly in modern 

aircraft design, resulting in more flexible structures and a 

notable aeroelastic effect. Aeroelastic optimization must 

be performed to reduce unfavourable impacts and take 

advantage of aeroelastic effects, thereby increasing the 

overall performance of an aircraft. In the preliminary phase of 

aircraft design, aeroelastic optimization can be used as a tool 

to reduce weight and increase aeroelastic performance. The 

design efficiency is enhanced, which is particularly notable in 

composite structures [1].

In the past several years, many aeroelastic optimization 

methods have been suggested and applied to practical 

aircraft design. Livne et al. suggested the active control of a 

composite wing that combined aerodynamic, structure and 

control in aeroelastic tailoring [2]. Guo studied the aeroelastic 

tailoring design of a composite back-swept wing using a 

genetic algorithm (GA) [3]. Wan studied the aeroelastic 

tailoring of a forward-swept composite wing and a high-

aspect-ratio composite wing using a genetic/gradient-based 

hybrid algorithm; furthermore, the relationship between the 

objective function and design variables was studied [4].

These studies indicate that in aeroelastic optimization, 

many constraints, including flutter, divergence, natural 

frequency, deformation, aileron efficiency, strength and flight 

loads, are considered simultaneously, and the aeroelastic 

responses typically have to be computed repeatedly to search 

for the optimum objective function. The structural model 

becomes more complex with the development of aircraft 

design, and the quantities of design variables and constraints 

are increasing rapidly. All of these factors will lead to an 

increased computational burden and decreased efficiency 

[5]. In aeroelastic optimization, excessive computational 

consumption affects the optimization efficiency directly. 

Therefore, aeroelastic optimization with a proper surrogate 

model is crucial to reducing the computational burden. Many 

surrogate models have been developed in recent years. The 

Kriging model and back propagation neural network model 
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(BP) are widely applied because of their high computational 

speed and high predictive accuracy.

The Kriging model and BP model are constructed based 

on the given samples, and then, the values of unknown 

individuals can be predicted rapidly based on the models. 

The Kriging model and BP model are currently being applied 

in aircraft optimization design. Shinkyu et al. developed 

a method that combined the Kriging model and GA in the 

aerodynamic optimization of a two-dimensional airfoil 

profile [6]. Mashio et al. studied multi-object optimization 

of a multistage profile crevasse using the Kriging model 

[7]. Rai et al. studied the robust optimization design of 

an aerodynamic shape using the BP model [8]. Hass et al. 

analysed helicopter rotor loads using the BP model [9].

In this study, a highly efficient optimization method based 

on a surrogate model is proposed to solve the excessive 

computational burden in aeroelastic response analysis. Many 

optimization methods are studied, and frameworks using 

the Kriging model and GA, the Kriging model and IPSO and 

the BP model and IPSO are presented. All of these methods 

are verified by considering the case of a high-aspect-ratio 

composite wing, and the optimum objective function 

and efficiency are compared. The results indicate that the 

aeroelastic optimization method based on a surrogate 

model has engineering practicability, and the optimization 

efficiency can be improved while maintaining accuracy.

2. Methodology

2.1 Equation for Aeroelastic response Analysis

The basic equation for the aeroelastic response analysis is [10]:
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where ( )jR v  is the fitness of the j th constraint. If ( )jg v  satisfies the specific constraint, the 

value of ( )jR v  is 1.0, otherwise it belongs to (0.0,1.0) , and the farther form the bounds, the closer 

to 0.0. The penalty function combines the responses with the constraint bounds, which develops an 

effective method for the constraint estimation. Fig.1 shows the fitness curve of a normal constraint 

function with the bounds of ( 1.0,1.0) .  

A variety of algorithms have been studied for aeroelastic optimization; this paper uses GA [4] and 

IPSO [14, 15]. 

 

2.4 Surrogate Model 

Surrogate models are constructed by samples (including design variables and responses) that have 

already been computed using the finite element method (FEM), and then, they are utilized in the 

aeroelastic analysis instead of the FEM. Because the Kriging model and BP model are effective 

approximate methods, the complex responses, such as non-linear aeroelastic functions, can be reduced, 

and the efficiency will be improved. 

2.4.1 Kriging Model  

The Kriging model has preferable flexibility and predictive performance, thus overcoming the 

limitations of the parameterised model for high-dimensional data. The Kriging model is a method of 

improved linear regression that combines the linear regression part and nonparametric part (typically 

via the random method) [16]: 

( ) ( ) ( )K v f v + z v   (5) 

(4)

where Rj(v) is the fitness of the j th constraint. If gi(v) satisfies 

the specific constraint, the value of Rj(v) is 1.0, otherwise it 

belongs to (0.0, 1.0), and the farther form the bounds, the 

closer to 0.0. The penalty function combines the responses 

with the constraint bounds, which develops an effective 

method for the constraint estimation. Fig.1 shows the fitness 

curve of a normal constraint function with the bounds of 

(-1.0, 1.0). 
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A variety of algorithms have been studied for aeroelastic 

optimization; this paper uses GA [4] and IPSO [14, 15].
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where i  is the correlation parameter. In order to improve the accuracy of Kriging model, i  is 

adjusted to minimized the predictive error by an optimization method.  
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the operation of a human neuron, which typically has multiple inputs. The weighted sum of the input 
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be expressed as [18]: 
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Where yk is the predictive value of the k th response, wki 

is the weight coefficient, and φ(v) is the activation function.

The error function that is generated in the back 
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(2) Surrogate model construction

The Kriging model or BP model is constructed with 

design variables, structural mass, aeroelastic responses and 

constraint fitness. If the model accuracy is not acceptable, 

then the samples will be updated to construct a new model.

(3) Aeroelastic optimization

GA: the optimization strategy and parameters are defined 

first; the parameters include the population size, coding 

mode, convergence criterion, and probabilities of crossover 

and mutation. Next, the initial population is generated, 

and the objective function and fitness are calculated by the 

surrogate model. The next population will be generated from 

the current population by individual fitness, fitness scaling, 

niche technology, reproduction, crossover, and mutation if 

the termination criteria are not met.

IPSO: the optimization strategy and parameters are 

defined first; the parameters include the population size, 

convergence criterion, acceleration coefficient, learning 

factor, and mutation probability. Next, the initial population 

is generated, and the objective function and fitness are 

calculated by the surrogate model. If the termination criteria 

are not met, then the next population will be generated from 

the current population by the individual fitness, acceleration 

coefficient, and learning factor, and the concentration is 

mutated appropriately.

3. Optimization based on the FEM

3.1 Baseline Model

The structural finite element model considered as 

the optimization object is a typical composite wing-box 

structure consisting of double spars, multi ribs and stiffened 

skins, which is constructed by the commercial software MSC. 

Patran. The model consists of 1286 nodes and 3371 elements 

(207 point elements, 1768 bar elements and 1396 triangle/

quadrangle elements). Triangle/quadrangle elements are 

utilized for the construction of upper/lower skins, ribs 

and front/rear spar webs. Bar elements are utilized for the 

construction of upper/lower stringers, stiffened frames 

and front/rear spar flanges. The engine is reduced to bar 

elements, and the concentrated mass at a point element 

is used to simulate the mass characteristics of engine and 

payloads. The subsonic doublet-lattice method is utilized 

for aerodynamic computations, and the wing aerodynamic 

surface is divided into 8 groups with 266 elements in total. 

The structural and aerodynamic models are shown in Fig. 3.

3.2 Optimization Constraints and Strategies

Ten constraints are considered in aeroelastic optimization, 

including structural deformation, ply failure of composite 

laminate, aileron efficiency and flutter. The specific 

constraints are divided into three groups according to the 

flight parameters:

(1) for the flight parameters at a 11,200 m height, 

0.78 Mach and 2.5 g pull-up maneuver, the maximum 

displacement at the wing tip is less than 12% of the half 
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Fig. 2. Flowchart of the Aeroelastic Optimization Algorithm based on a Surrogate Model 
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Fig. 3. Structural Model (upper) and Aerodynamic Model (lower) 

  
Fig. 3.  Structural Model (upper) and Aerodynamic Model (lower)
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span, and the maximum torsion is less than 4.5°, and each 

ply of the composite laminates of skins and webs satisfies the 

“Tsai-Wu” composite failure theory with the response values 

belonging to (-1.0, 1.0);

(2) for the flight parameters at a 11,200 m height, 0.78 

Mach, 0° angle of attack and 10° deflection of the aileron, the 

aileron efficiency is greater than 60%; and

(3) the flutter speed at sea level is greater than 320 m/s;

The characteristics of the high-aspect-ratio composite 

wing and the composite failure theory are considered in 

the aeroelastic optimization strategies, which specifically 

require the following:

(1) the structural laminate is symmetrical, where the 0° 

fibre direction refers to the direction of the rear spar flange. 

The ply thickness of 0°, ±45° and 90° fibre directions accounts 

for 50%, 40% and 10% of the composite laminate of the skins, 

respectively, and the ply thickness of ±45° fibre directions 

of front/rear spar webs is equal. The front/rear spar flanges 

and stringers are constructed with equivalent isotropic rods 

which are converted from the composite laminate.

(2) the upper/lower skins, front/rear spar webs and front/

rear spar flanges are divided into twelve regions, and the 

laminate thickness and the sectional area of flanges increase 

from the wing tip to the wing kink, whereas it decreases 

from the wing kink to the wing root. Therefore, the structural 

model can be described by 72 design variables.

(3) the genetic parameters are composed of:

population size              500

crossover probability           0.7

mutation probability            0.4

termination criterion         maximum generation (15)

and the parameters of IPSO are composed of:

population size               500

learning factor                  1.1

upper/lower limit of acceleration coefficient                  0.9/0.3

concentration mutation probability                       0.8

termination criterion            maximum generation (70)

3.3 Optimization Results

The baseline model is optimized using the GA according 

to the optimization strategies, and the individual that has 

the best fitness is regarded as the optimum individual. Fig. 

4 shows the deformation of the optimized model. Fig. 5 and 

Fig. 6 show the g-V curves and F-V curves of the optimized 

model, respectively, and Table 1 shows the natural frequency 

and mode of the optimized model. The typical bend/twist 

coupling flutter is taken into consideration (ignoring Mode 

6 of the winglet). Table 2 compares the baseline model and 

optimized model.

The results indicate that the weight of the composite wing 

can be reduced with the satisfaction of all constraints. A more 

appropriate stiffness distribution and reduced structural 

mass can be attained through the aeroelastic structural 

optimization.

4. Optimization based on Surrogate Models

Surrogate model construction and its accuracy validation 

are based on the FEM analysis. The efficient aeroelastic 

optimization methods are analysed using the Kriging model 
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Fig. 4. Deformation of the Optimized Model 

  
Fig. 4.  Deformation of the Optimized Model

Table 1. Natural Mode Information of the Optimum Model

20 

Tables 
 Table 1. Natural Mode Information of the Optimum Model 

Order Mode Description F(Hz) 

1 1st vertical bend 2.92 

2 Engine swing 3.25 

3 Engine pitching 4.06 

4 1st horizontal bend 6.96 

5 2nd vertical bend 8.53 

6 1st winglet bend 12.83 

7 3rd vertical bend 18.25 

8 1st twist 21.56 

9 4th vertical bend 24.31 

10 Aileron twist 28.79 
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Fig. 5. g-V curves 

  

Fig. 5.  g-V curves
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and GA, the Kriging model and IPSO, and the BP model 

and IPSO. The efficiencies of the different methods are also 

studied.

4.1 Model Construction and Accuracy Analysis

The fitted responses of the surrogate model mainly contain 

an objective function and constraints, and the appropriate 

response types are fitted for different constraints. The 

objective function (structural mass) and constraints, such 

as the deformation of the wing tip and aileron efficiency, 

can be fitted directly, whereas the other constraints, such 

as the composite laminate failure, and flutter, are fitted with 

the constraint fitness. In order to improve the accuracy of 

surrogate models, only the objective function is fitted directly, 

and the other responses are fitted with the constraint fitness.

Five hundred samples, whose variables are selected 

using the Latin-hypercube method to ensure the uniform 

distribution, are utilized for the construction of surrogate 

models. The structural mass, composite failure of the skin 

plies with 90°, 0°, +45° and -45° fibre directions, composite 

failure of the web plies with +45° and -45° fibre directions, 

aileron efficiency and flutter, 11 responses in total, are 

computed as the database according to the selected samples.

The BP model cannot satisfy all of the samples in the 

model construction, and the predictive accuracy validated 

by these five hundred samples is shown in Fig. 7. The 

Kriging model can satisfy all of the samples in the model 

construction; therefore, the model is constructed with four 

hundred samples and verified by the others. The predictive 

accuracy is shown in Fig. 8. 

The relative error is the difference between the actual 

responses of FEM and the predictive responses of Kriging, 

and it is defined as: 

11 
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accuracy of these two surrogate models is practicable, except 

for some particular individuals, and they are applicable for 

aeroelastic optimization. The relative errors of the composite 

failure constraint of the skin with +45° fibre direction ply and 

the flutter constraint are slightly larger, but they still satisfy 

the engineering requirement. The mean predictive errors of 

the objective function and the constraint fitness values for 

these two surrogate models are shown in Table 3. 

The mean predictive errors of these two surrogate models 

are approximately 1%. If the response satisfies the constraint 

completely, then the predictive values of constraint fitness 

will be one. Therefore, the errors of some responses (such as 

displacement and torsion angle) may be zero. The BP model 

has higher predictive accuracy compared with the Kriging 

model. The computational burden is analysed, and the 

comparison is shown in Table 4.

Table 2.  Comparison between the Baseline Model and Optimum 
Model
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Table 2. Comparison between the Baseline Model and Optimum Model 

Response Constraint Baseline Optimum 

Weight —— M 0.904M 

Displacement <12% 7.82% 8.55% 

Torsion (degree) <4.5 2.33 2.39 

Aileron efficiency >60% 64.5% 61.7% 

Flutter speed (m/s) >320 364 356 
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Fig. 6. F-V curves 

  

Fig. 6.  F-V curves

Table 3.  Mean Relative Errors of Kriging and BP

22 

Table 3. Mean Relative Errors of Kriging and BP 

Response Kriging BP 

Weight 0.535% 0.466%

Displacement 0.000% 0.000%

Torsion angle 0.000% 0.000%

Aileron Efficiency 0.068% 0.034%

Failure Constraints 0.108% 0.097%

Flutter 1.546% 0.964%
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Fig. 7. Relative Errors of the BP Model 

  
Fig. 7.  Relative Errors of the BP Model
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The BP model is more efficient in model construction 

and individual prediction. The Kriging model is a method 

with multiple inputs and a single output, that is, one Kriging 

model can only predict one response value, whereas the 

BP model is a method with multiple inputs and multiple 

outputs, and thus, one model can predict several response 

values. However, the BP model is a static function with simple 

matrix operations, whereas the Kriging model is a dynamic 

interpolation method that requires the construction of a 

new function by calculating the spatial position relationship 

between the predictive individual and other samples to 

obtain the response value. Therefore, the BP model has a 

lower computational burden.

The Kriging model has an advantage over the BP model 

in practical engineering applications. The BP model is 

constructed by repeatedly adjusting the network structure 

and activation function until the optimum model is attained. 

These parameters, which depend largely on experience, 

have an important impact on the predictive accuracy; thus, 

the BP model construction is highly uncertain. In contrast, 

the Kriging model can be utilized without adjustment, and 

its accuracy is practicable. Therefore, the Kriging model is 

applied widely and is more advantageous than the BP model 

in the aeroelastic optimization of the high-aspect-ratio 

composite wing.

4.2  Aeroelastic Optimization based on the Surro-
gate Model

The optimum results based on the FEM and GA are used 

as the reference to verify the optimization of the surrogate 

models. The Kriging model is mainly optimized with the GA; 

the fitness convergence curves are compared in Fig. 9.

The Kriging method can converge rapidly, whereas the 

optimum objective function of the FEM is superior to that of 

the Kriging method. The consumption comparison is shown 

in Fig. 10.

The FEM has the highest consumption in the initial 

generation, and the responses of repetitive individuals can 

be adopted directly without analysis; thus, the computational 

burden declines in subsequent generations. The Kriging 

method has the highest consumption in the initial generation 

because it consists of the sample calculation and model 

construction. The individual is analysed by the Kriging 

Table 4.  Comparison of Computational Burdens

23 

Table 4. Comparison of Computational Burdens 
Type FEM Kriging BP 

Response 
Computation 

1050 s 
/ 500 individuals

5.23 s 
/ 500 individuals 

0.013 s 
/ 500 individuals 

Model 
Construction  20 s 

(Existing samples)
18 s 

(Existing samples) 
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Fig. 8. Relative Errors of the Kriging Model 

  
Fig. 8.  Relative Errors of the Kriging Model
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Fig. 9. Convergence Curves of GA: FEM (blue) and Kriging (red) 

  

Fig. 9.  Convergence Curves of GA: FEM (blue) and Kriging (red)
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Fig. 10. Comparison of the Computational Burdens: FEM (blue) and Kriging (red) 

  

Fig. 10.  Comparison of the Computational Burdens: FEM (blue) and 
Kriging (red)

Table 5.  Comparison of the Optimum Results

24 

Table 5. Comparison of the Optimum Results 

Response Constraint FEM Kriging Validation 

Weight ─ M 1.020 M 1.023 M 

Displacement <12% 8.55% 8.74% 8.66% 

Torsion (degree) <4.5 2.39 2.54 2.52 

Aileron efficiency >60% 61.7% 61.6% 61.4% 

Flutter speed (m/s) >320 356 358 358 
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model in the following generations; thus, the computational 

burden can be substantially reduced. The model optimized 

by the Kriging model and GA is validated by the FEM to 

attain the actual responses. The optimum results of these two 

methods are shown in Table 5.

The responses of these two methods satisfy all of the 

constraints, although the objective value of the Kriging 

method results in a slightly heavier wing. The Kriging model 

and BP model are optimized with IPSO, and the fitness 

convergence curves are shown in Fig. 11.

The Kriging method can converge more rapidly, but the 

optimum objective function of the BP model is better. The 

weight and computational burden of these methods are 

shown in Table 6.

The computational burden can be reduced considerably 

using the highly efficient aeroelastic optimization method 

based on a surrogate model, and the design efficiency can 

also be increased considerably. Because the surrogate 

models are random due to the randomness of the sample 

selection and model parameters, the responses may be 

different in each optimization. The method based on the 

BP model and IPSO has the best optimum result, and the 

global optimization efficiency of the GA is better than that 

of IPSO according to the convergence curve. The results for 

the optimization algorithm efficiency and applicability of 

surrogate models illustrate that the aeroelastic optimization 

method based on the Kriging model and GA has the highest 

efficiency.

4.3 Analysis of the Optimization Results

To study the applicability of the surrogate model in 

optimization, the effects of the number of design variables 

and constraints on the optimization efficiency and the 

objective function of the surrogate models are analysed in 

detail, and the optimization method based on GA and FEM 

is performed as the reference. Considering the efficiency, 

the optimization method based on GA and Kriging model is 

used.

The baseline model is optimized with different design 

variables. The skin thickness described by 24 variables, the 

web and skin thickness describe by 48 variables, and the 

entire model described by the same 72 variables mentioned 

above are optimized by these two methods with the same 

constraints, respectively, and the comparison is shown in 

Table 7.

The computational burden of FEM is not sensitive to the 

increment of variables, while the consumption of the Kriging 

method increases obviously because of the expansion of the 

sample space. The optimum objective function of the Kriging 

model yields a slightly heavier result, and it is not sensitive to 

changes in the number of variables.

The two optimizations containing the same 72 design 

variables are also performed considering different 

constraints. Except for the basic case with the same 10 

constraints mentioned above, the case ignoring 2 constraints 

of the composite failure of the webs (8 in total) and the case 

Table 6. Comparison of the Weight and Computational Burden
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Table 6. Comparison of the Weight and Computational Burden 

Method Weight Amount Time

GA+FEM M 500 individuals
15 generations 9.3 h

GA+Kriging 1.023 M 500 individuals
15 generations 1.3 h

IPSO+Kriging 0.977 M 500 individuals
70 generations 1.7 h

IPSO+BP 0.936 M 500 individuals
70 generations 1.5 h
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Table 7. Comparison of the Optimum Results with Different Numbers of Design Variables 

Constraint number 12 12 12 

Design variable number 24 48 72 

Method FEM Kriging FEM Kriging FEM Kriging 

Weight 1 1.0291 1 1.031 1 1.0231 

Computation time (h) 9.0 0.98 9.0 1.11 9.3 1.3 
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Fig. 11. Convergence Curves of IPSO: Kriging (blue) and BP (red) 

 

Fig. 11. Convergence Curves of IPSO: Kriging (blue) and BP (red)
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supplementing another 2 constraints of the axial stress of the 

flanges (12 in total) are computed, and the comparison is 

shown in Table 8.

The computational burden of the Kriging method is not 

sensitive to the increment of the constraints, whereas the 

consumption of the FEM increases notably because of the 

increase in the computational sub-cases. The optimum 

objective function of the Kriging model yields a slightly 

heavier result, and the deviation increases with an increasing 

number of constraints.

5. Conclusion

A method based on surrogate models is proposed 

for aeroelastic response analysis; the method can solve 

the excessively high consumption and low efficiency in 

aeroelastic optimization.

1) Optimization frameworks using the Kriging model and 

GA, the Kriging model and IPSO, and the BP model and IPSO 

are presented. The applicability and feasibility are verified 

using the case of a high-aspect-ratio composite wing.

2) The accuracy of the Kriging model and BP model is 

practicable in aeroelastic response prediction. The accuracy 

and consumption of the BP model are better than those 

of the Kriging model, although the Kriging model is more 

widely used because of its convenient model construction. 

The GA has a higher efficiency in global optimization than 

IPSO; therefore, the method based on the Kriging model and 

GA is more efficient and applicable.

3) The effects of the number of design variables and the 

number of constraints on the optimum objective function 

and computational burden of the Kriging model are studied. 

There is a positive correlation between the consumption of 

the model construction and the design variables, whereas 

the objective function value is not sensitive to increases in 

the number of design variables. The consumption of the 

model construction is not sensitive to the increment of the 

constraints, whereas the objective function value increases 

considerably. 
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