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Abstract: In this study, a multi-objective aerodynamic optimization is performed on the rotor airfoil
via an improved MOPSO (multi-objective particle swarm optimization) method. A database of rotor
airfoils containing both geometric and aerodynamic parameters is established, where the geometric
parameters are obtained via the CST (class shape transformation) method and the aerodynamic
parameters are obtained via CFD (computational fluid dynamics) simulations. On the basis of the
database, a DBN (deep belief network) surrogate model is proposed and trained to accurately predict
the aerodynamic parameters of the rotor airfoils. In order to improve the convergence rate and global
searching ability of the standard MOPSO algorithm, an improved MOPSO framework is established.
By embedding the DBN surrogate model into the improved MOPSO framework, multi-objective and
multi-constraint aerodynamic optimization for the rotor airfoil is performed. Finally, the aerodynamic
performance of the optimized rotor airfoil is validated through CFD simulations. The results indicate
that the aerodynamic performance of the optimized rotor airfoil is improved dramatically compared
with the baseline rotor airfoil.

Keywords: rotor airfoil; aerodynamic; improved MOPSO algorithm; deep belief network

1. Introduction

The rotor is one of the key aerodynamic parts of a helicopter, and its aerodynamic
characteristics determine the flight performance of a helicopter to a great extent. The rotor
airfoil is the elementary component of the rotor, so its aerodynamic performance is closely
related to that of the rotor and effectively influences the performance of helicopters. There-
fore, aerodynamic optimization of the rotor airfoil is of critical importance for improving
the aerodynamic performance of helicopters, and numerous studies on rotor airfoil design
have been conducted by researchers from all over the world. Since the 1970s, research
institutions such as NASA, ONERA, and Boeing have developed a series of advanced rotor
airfoils such as the OA series [1], VR series [2], and TsAGI series [3], and the performance
of helicopters has been improved significantly. Vu et al. [4] made use of the SQP (sequence
quadratic program) method and the Kriging surrogate model to optimize the rotor blade
airfoil in a hovering state. Tatossian et al. [5] conducted rotor airfoil optimization based on
the NACA23013 airfoil via control theory under forward flight state, and the results proved
to be beneficial. Yu et al. [6] conducted dynamic stall optimization on the rotor airfoil
via a differential evolution algorithm and the Kriging surrogate model and compared the
optimized results by the differential evolution algorithm with those by the adjoint method.
The comparison indicated that the lift performance of the rotor airfoil obtained by the
differential evolution algorithm was better.

Furthermore, helicopters usually work under multiple operating states such as hov-
ering, maneuvering, and forward flight, which makes the aerodynamic optimization of
the rotor airfoil a multi-objective and multi-constraint issue. Yang et al. [7] conducted a
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multi-objective optimization on the rotor airfoil by weighting the drag under hovering,
the lift under maneuvering, and the drag at the divergence Mach number into a single
objective. Wang et al. [8] combined multiple design objectives into a single objective and
conducted the multi-objective optimization of the SC1095 airfoil via GA (genetic algorithm).
However, the optimization results of the objective weighting methods highly depend on
the selection of weight factors, which may be unable to avoid the solutions in extreme
situations. Thus, multi-objective optimization algorithms appear especially important
for the aerodynamic optimization of rotor airfoils. In multi-objective optimizations, the
multi-objectives are not independent but coupled together and competing with each other,
so the solution for the multi-objective optimization problem is not one single solution but a
group of equilibrium solutions, known as the Pareto optimal solution set, which makes
the multi-objective optimization more complex and difficult. Therefore, the efficiency of
the multi-objective optimization is lower than that of the single-objective optimization
because the multi-objectives need to be balanced in multi-objective optimizations, and it
takes time to deal with the Pareto set in each iteration. Many multi-objective optimization
algorithms have been developed over the past few decades, such as MOGA (multi-objective
genetic algorithm) [9], MOPSO (multi-objective particle swarm optimization) [10], etc. Most
of these multi-objective optimization algorithms have been applied in the aerodynamic
optimization of rotor airfoils [11–14]. However, there still exist some limitations with
these multi-objective optimization algorithms. For instance, it is difficult for MOGA to
generate a complete Pareto optimal set due to the complexity of its own application and
the limited size of the calculus group [15]. The MOPSO algorithm has the defects of low
convergence rate and poor diversity of solutions, which lead to a local optimum easily
in the late iterations [16]. Thus, it is necessary to improve the efficiency of the current
multi-objective optimization algorithms.

For conventional multi-objective optimization of a rotor airfoil, the multi-objective
functions are evaluated via CFD simulations in each iteration of the optimization process,
and it could be very time consuming. In order to improve the optimization efficiency,
surrogate models are expected to replace the CFD simulations and can play an important
role. Surrogate models, such as Kriging [17], BP (backpropagation) neural network [18], etc.,
have been proposed and developed in the past few decades. However, these conventional
surrogate models are still not accurate enough [19], so surrogate models with higher
accuracy need to be investigated and developed.

Given the above, aerodynamic optimization of the rotor airfoil is of great significance,
and it is a multi-objective and multi-constraint problem. In this study, the airfoil in the
middle of the rotor blade for a medium transport helicopter is optimized under different
operating states, namely hovering, maneuvering, and forward flight, and the different
operating states correspond to different Mach numbers for the rotor airfoil. In order to
improve the efficiency of the multi-objective optimization for the rotor airfoil, a multi-
objective optimization framework based on the deep learning surrogate model and the
improved MOPSO algorithm is developed. Firstly, a database of rotor airfoils is established
with geometric parameters obtained via the CST method and aerodynamic parameters
obtained via CFD simulations. Based on the database, a DBN (deep belief network)
surrogate model is proposed and trained for the purpose of accurately predicting the
aerodynamic parameters of the rotor airfoils. In order to improve the convergence rate
and global searching ability of the standard MOPSO algorithm, an improved MOPSO
algorithm is proposed. Then, an improved MOPSO framework is established by coupling
the improved MOPSO algorithm and the DBN surrogate model. Finally, a multi-objective
aerodynamic optimization for the rotor airfoil under constraints is performed via the
improved MOPSO framework, and the aerodynamic parameters of the optimized rotor
airfoil are validated via CFD simulations.

The remainder of this paper is organized as follows. In Section 2, the numerical
methods and validations are performed. In Section 3, the optimization framework for
the rotor airfoil is established and introduced. In Section 4, the optimization results are
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presented and analyzed. Finally, in Section 5, some conclusions are drawn according to the
previous results and analyses.

2. Numerical Methods and Validations

In this study, the aerodynamic parameters of the rotor airfoils are obtained through
solving the RANS (Reynolds-Averaged Navier-Stokes) equations. An in-house CFD code
named FDNS Solver is used for CFD simulations. The Roe-FDS method [20] is employed
in space discretization while an implicit LU-SGS method [20] is adopted in time dis-
cretization. The one-equation S-A (Spalart-Allmaras) turbulence model [21] is adopted for
turbulence simulation.

In order to verify the reliability of the CFD method, numerical simulations are con-
ducted on the NACA 0012 airfoil, then the computational results are compared with the
experimental ones. The grid number of the entire computational domain is about 2.5 × 105.
The computational conditions are set as: Ma = 0.3, Re = 6 × 106.

Figure 1 shows the comparison of the pressure coefficients between the computational
results and the experimental ones [22] at the AoA (angle of attack) of 9.86◦. As can be seen,
the computational results of pressure coefficients agree well with the experimental ones.
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Figure 1. Comparison of the pressure coefficients for NACA 0012 airfoil (AoA = 9.86◦).

Figure 2 shows the computational lift and drag curves compared with the experi-
mental ones [23]. As can be seen, the computational curves are basically in accordance
with the experimental ones for both lift and drag coefficients. Thus, from the above com-
parison results, it can be concluded that the CFD method is reliable for evaluating the
aerodynamic coefficients.
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Figure 2. Comparison of lift and drag curves for NACA 0012 airfoil. (a) Lift curve. (b) Drag curve.
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3. Optimization Framework for Rotor Airfoil Optimization

This study focuses on optimizing an airfoil in the middle of the rotor blade for a
medium transport helicopter under different operating states, namely hovering, maneu-
vering, and forward flight, which makes it a multi-objective optimization issue. The DBN
surrogate model is proposed to accurately predict the aerodynamic parameters of the rotor
airfoils, and the improved MOPSO framework is developed to improve the convergence
rate and global searching ability of the standard MOPSO algorithm. Through the study of
2D airfoil optimization, the feasibility of this surrogate-model-based optimization method
is verified, which lays the foundation for the subsequent study of 3D rotor-blade optimiza-
tion. In this study, the algorithms such as surrogate models and optimization algorithms
are implemented via Matlab 2023a.

3.1. Parameterization Method

The parameterization method determines the number of the design variables. For
airfoil optimization, the parameterization method should describe the geometry of the
airfoil with as few characteristic parameters as possible in order to reduce the number of
design variables.

In this study, the CST method [24], which uses class function and shape function to
represent geometric characteristics, is employed to parameterize the geometry of the rotor
airfoil. As for the CST method, the upper and lower surfaces are defined as the product
of a class function, a shape function, and a linear term of tail thickness, where the class
function represents the geometric type to be described, and the shape function modifies the
geometric properties on the basis of the class function. The CST parameterization method
can be described as follows:

yu = CN1
N2
(x)Su(x) + xyteu

yl = CN1
N2
(x)Sl(x) + xytel

CN1
N2
(x) = xN1(1− x)N2

Su(x) =
nu
∑

i=0
Au(i) nu!

i!(nu−i)! xi(1− x)nu−i

Sl(x) =
nl
∑

i=0
Al(i) nl!

i!(nl−i)! xi(1− x)nl−i

(1)

where x, yu, and yl represent the x coordinate, the y coordinate on the upper surface, and
the y coordinate on the lower surface, respectively. yteu and ytel are the y coordinate of the
trailing edge on the upper surface and the y coordinate of the trailing edge on the lower
surface, respectively. CN1

N2
(x) is the class function, where N1 and N2 are set to be 0.5 and

1.0, respectively, in this study. Su(x) and Sl(x) are shape functions, while nu and nl are
the orders of the polynomials for the upper surface and the lower surface, respectively.
Au(i) (i = 0, 1, . . ., nu) and Al(i) (i = 0, 1, . . ., nl) are the coefficient vectors corresponding to
the shape functions. For airfoil optimization, Au(i) (i = 0, 1, . . ., nu) and Al(i) (i = 0, 1, . . ., nl)
are the design variables, and the orders of the polynomials for both the upper and lower
surfaces are set to be 6 (nu = nl = 6) in this study, thus the number of the design variables
for the rotor airfoil optimization is 14.

In order to test the accuracy of the CST method, parameterization is conducted for
the baseline rotor airfoil that was obtained in our previous design. Figure 3 shows the
parameterized shape of the baseline airfoil by the CST method compared with the original
shape. Figure 4 shows the fitting residual of the CST parameterized airfoil at each x
coordinate, where the range of x/c from−1 to 0 represents the upper surface, and that from
0 to 1 represents the lower surface. As can be seen, the parameterized shape by the CST
method is basically in accordance with the original one, and the residuals are all less than
2 × 10−3, which indicates that the CST method adopted in this study is highly reliable in
describing the geometry of the airfoil.
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3.2. Deep Learning-Based Surrogate Model

Deep learning usually refers to the method of a multi-layer artificial neural network.
In recent years, deep learning methods have been studied more and more by scientists
from all over the world and have been applied in widespread fields [25]. Due to employing
particular mathematical operations and activation functions, deep learning methods have
demonstrated tremendous potential in extracting information and fitting nonlinear func-
tions. Given this, in order to improve the efficiency of the optimization and the accuracy of
predicting the aerodynamic performance, DBN [26] is introduced as the surrogate model
during the optimization process of the rotor airfoil in this study.

As a typical deep learning method, DBN is a probability generative model, and its
basic component is the RBM (restricted Boltzmann machine). Figure 5 shows the typical
network structure of the RBM.

Aerospace 2023, 10, x FOR PEER REVIEW  6  of  23 
 

 

Figure 4. Fitting residuals of the CST parameterized airfoil. 

3.2. Deep Learning‐Based Surrogate Model 

Deep learning usually refers to the method of a multi-layer artificial neural network. 

In recent years, deep  learning methods have been studied more and more by scientists 

from all over the world and have been applied in widespread fields [25]. Due to employ-

ing particular mathematical operations and activation functions, deep learning methods 

have demonstrated tremendous potential in extracting information and fitting nonlinear 

functions. Given this, in order to improve the efficiency of the optimization and the accu-

racy of predicting the aerodynamic performance, DBN [26] is introduced as the surrogate 

model during the optimization process of the rotor airfoil in this study. 

As a typical deep learning method, DBN is a probability generative model, and its 

basic component is the RBM (restricted Boltzmann machine). Figure 5 shows the typical 

network structure of the RBM. 

 

Figure 5. Structure of the RBM. 

An RBM is composed of a visible layer and a hidden layer. The visible layer is com-

posed of visible units for data input, while the hidden layer is composed of hidden units 

for feature detection. The two layers of neurons in an RBM are symmetrically connected, 

and the neurons in the same layer are independent of each other. The connection between 

the visible layers and the hidden layers can be represented by a weight matrix. Assuming 

that the visible layer has M neurons and the hidden layer has N neurons, the weight matrix 

then can be expressed as follows: 























NMNN

M

M

www

www

www

W

,,2,1

2,2,22,1

1,1,21,1

...

............

...

...

  (2)

where wi,j represents the weight from the i-th visible neuron to the j-th hidden neuron. 

Figure 6 shows the structure of the DBN. The DBN is constructed by connecting mul-

tiple RBMs in series; the hidden layer of the previous RBM is taken as the visible layer of 

the next RBM. The RBMs are trained layer by layer forward via unsupervised learning to 

preliminarily construct the DBN, and this procedure is also called the pre-training of the 

DBN. After the pre-training, the initial weight values are obtained. Then a BP neural net-

work [18] is set between the last two layers of the DBN, the weights of the entire network 

are tuned backward in a supervised manner, and this procedure is also called the fine-

tuning of the DBN. 

Figure 5. Structure of the RBM.



Aerospace 2023, 10, 820 6 of 21

An RBM is composed of a visible layer and a hidden layer. The visible layer is
composed of visible units for data input, while the hidden layer is composed of hidden units
for feature detection. The two layers of neurons in an RBM are symmetrically connected,
and the neurons in the same layer are independent of each other. The connection between
the visible layers and the hidden layers can be represented by a weight matrix. Assuming
that the visible layer has M neurons and the hidden layer has N neurons, the weight matrix
then can be expressed as follows:

W =


w1,1 w2,1 . . . wM,1
w1,2 w2,2 . . . wM,2
. . . . . . . . . . . .

w1,N w2,N . . . wM,N

 (2)

where wi,j represents the weight from the i-th visible neuron to the j-th hidden neuron.
Figure 6 shows the structure of the DBN. The DBN is constructed by connecting

multiple RBMs in series; the hidden layer of the previous RBM is taken as the visible layer
of the next RBM. The RBMs are trained layer by layer forward via unsupervised learning
to preliminarily construct the DBN, and this procedure is also called the pre-training of
the DBN. After the pre-training, the initial weight values are obtained. Then a BP neural
network [18] is set between the last two layers of the DBN, the weights of the entire
network are tuned backward in a supervised manner, and this procedure is also called the
fine-tuning of the DBN.
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In this study, the input layer of the DBN represents the design variables by the CST
method, while the output layer of the DBN represents the aerodynamic parameters. By
employing RBMs, DBN overcomes the shortcomings of the BP network that it traps into
local optimums easily.

3.3. The Improved MOPSO Algorithm

In this study, an improved MOPSO algorithm is employed for the multi-objective opti-
mization of the rotor airfoil. The initial PSO (particle swarm optimization) algorithm [27] is
a single-objective optimization algorithm that derives from the research of birds searching
for food. Each bird is taken as a particle. The position of the particle is taken as a candidate
solution of the problem, and the objective function value corresponding to the candidate
solution is called fitness. During the optimization process, the position of the particle with
the best fitness is the optimal position of the swarm. For each particle, the position with the
best fitness in the search history is called the historical optimal position of the particle.

The velocity of each particle can be adjusted based on the historical optimal position of
the particle and the optimal position of the swarm, and this process is also called evolution.
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Then, the optimal solution can be updated after the evolution. The evolution equation for
the velocity and position of each particle is expressed as follows:

Vi(k + 1) = wVi(k) + c1r1(Pbest[i]− Ai) + c2r2(Pbest[g]− Ai)
Ai(k + 1) = Ai(k) + KVi(k + 1)

(3)

where w is the inertia weight, c1 and c2 are the acceleration factors, r1 and r2 are random
numbers between 0 and 1. K is the compression factor, which is used to constrain the flight
speeds of the particles. Pbest[i] is the historical optimal position of a single particle, while
Pbest[g] is the best position of the swarm.

The MOPSO algorithm was first proposed by Coello [28] for multi-objective optimiza-
tion problems. Based on it, Raqual [29] put forward the CDMOPSO (crowding distance
multi-objective particle swarm optimization) algorithm, which introduced the repository
of non-dominated solutions and crowding distances of particles to improve the diversity of
the swarm. Crowding distance is a parameter that estimates the density of other solutions
around one solution. For each objective function, the solutions in the external elite solution
set are categorized according to the value of the objective function, and then the average
side length of the cube formed by two particles adjacent to each solution is calculated
as shown in Figure 7. The final result is the crowding distance of this solution, and the
crowding distances of the particles can reflect the diversity of the solutions.
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In this study, in order to enhance the convergence rate and global searching ability, the
α-stable family of functions [30] is introduced to improve the standard MOPSO algorithm.
In the α-stable family of functions, the stability coefficient α is an important parameter
describing the size of the distribution wake, which determines the distribution range of
the generated random numbers. Figure 8 shows the α-stable distribution under different α
values. By introducing the α-stable distribution, random numbers are generated during
the iterative process of MOPSO, so that the particles are mutated to avoid falling into local
optimums too early.
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Figure 9 shows the flowchart of the ASMOPSO (α-stable MOPSO) algorithm. The
improved MOPSO algorithm is implemented as follows:

(1) Set the parameters of the particle swarm, including the swarm scale N, repository
capacity Nrep, inertia coefficient ω, acceleration factors c1 and c2, mutation probability
Pmut, and the maximum number of iteration steps.

(2) Initialize the positions and velocities of the particles, calculate the fitness, and obtain
the optimal position.

(3) Set t = 0. The particles in the group are compared by Pareto to get all non-dominated
solutions, which are stored in the repository.

(4) Calculate the crowding distances of the non-dominated solutions in the repository
and put them in descending order by the crowding distance.

(5) Select one of the non-dominated solutions from the repository at the top of a cer-
tain proportion as the group optimal position Pbest[g], then update the particle ve-
locities and positions, and make the constraint judgment and mutation with the
α-stable distribution.

(6) Compare all particles by Pareto, compare the new non-dominated particles with the
particles in the repository, and delete the dominated particle in the repository. If the
number of non-dominated particles in the repository is equal to the repository capacity
Nrep, the particles in the repository are arranged in descending order by the crowding
distance, then one of the most crowded areas (e.g., 10% of the minimum crowding dis-
tance values) is randomly selected and replaced by the new non-dominated solutions.

(7) If the current iterative step number is greater than the maximum number of itera-
tive steps, or the precision requirement is reached, then the iteration is terminated,
otherwise, return to step 4.
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In order to compare the performance of CDMOPSO and ASMOPSO, the objective
function ZDT3 is used for the test. The IGD (inverted generation distance) is used to
comprehensively evaluate the performance of the algorithms. IGD can not only evalu-
ate the convergence of the multi-objective solution set but also evaluate the distribution
characteristics of the solution set.

AIGD =
∑v∈P∗ d(v, P)

P∗
(4)

where, d(v, P) is the minimum Euclidean distance between the individual in the approxi-
mate solution set P and the individual v in the exact solution set P*. The optimal solution
set obtained by this algorithm is denoted by P. The lower the value of IGD is, the better the
optimization result and the algorithm performance will be.

The function ZDT3 can be described as:
min f1(x) = x1

min f2(x) = g
(

1−
√

f1
g −

(
f1
g

)
sin(10π f1)

)
g(x) = 1 + 9∑n

i=2
xi

n−1

(5)

where x is a 30-dimensional variable, of which the range is [0, 1], and n = 30.
The ZDT3 is independently evaluated 30 times by the CDMOPSO algorithm and the

ASMOPSO algorithm. The statistics of the IGD values are shown in Table 1.

Table 1. Comparison of the IGD values between the CDMOPSO algorithm and the ASMOPSO algorithm.

Mean Variance

CDMOPSO 5.661 × 10−2 2.946 × 10−3

ASMOPSO 3.300 × 10−2 1.623 × 10−3

As can be seen, the IGD values of the ASMOPSO algorithm are lower than those
of the CDMOPSO algorithm. Therefore, it can be concluded that the performance of the
ASMOPSO algorithm is better than that of the CDMOPSO algorithm for this problem.

3.4. EI Infilling Criterion

During the optimization process, the EI (expected improvement) infilling criterion [31–33]
is adopted to update the surrogate model in each iteration before the optimization is
converged. The expected improvement is taken as the fitness function of the surrogate
optimization, and the point with the maximum EI is added to the samples to update the
surrogate model in each iteration.

The multi-objective EI is defined as:

EI(x) =
∫

y∈Rm
I(x)

m

∏
i=1

1
si

ϕ

(
yi −

∧
yi

si

)
dyi (6)

where
∧
yi and si are the prediction and the square root of variance value of a concerned pint

x, φ is the Gaussian probability density function, and Rm is the objective space.
The sub-optimization problem can be described as:

max EI(x)

s.t.


Cdmanuevering ≤ Cdmanuevering−original

Cdhovering ≤ Cdhovering−original
Cdforwardflight ≤ Cdforwardflight−original

9% ≤ thickness ≤ 14%

(7)

In each iteration, the point with the maximum EI is selected for CFD simulations to
obtain aerodynamic parameters and added to the samples to update the surrogate models.
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The termination criterion for the whole optimization is that the maximum differences
of the function values of the latest 10 generations are all less than 0.01%. In each itera-
tion, if the termination criterion is satisfied, then the optimization ends, otherwise the
iteration continues.

4. Results and Analyses
4.1. Training Results of the DBN Surrogate Model

Based on the CST parameters of the baseline rotor airfoil, 300 groups of the CST pa-
rameters are generated via the LHS (Latin hypercube sampling) method [34] by perturbing
the CST parameters in the range of [0.8, 1.2] multiples of the original parameters of the
baseline airfoil. Then a database containing the geometric parameters and aerodynamic
parameters of the 300 airfoils are obtained. The geometric parameters are the CST param-
eters of each airfoil denoted as [Au0, Au1, Au2, Au3, Au4, Au5, Au6, Al0, Al1, Al2, Al3
Al4, Al5, and Al6], while the aerodynamic parameters are the lift and drag coefficients of
each airfoil obtained by CFD simulations under the maneuvering, hovering and forward
flight states, denoted as [Clmaneuvering, Cdmaneuvering, Clhovering, Cdhovering, Clforward flight,
and Cdforward flight]. As the airfoil is located in the middle of the rotor blade for a medium
transport helicopter, according to the design requirements, the computational conditions
for the three operating states are shown in Table 2.

Table 2. Computational conditions for the three different operating states.

Operating Conditions Ma AoA Re

Maneuvering 0.4 9◦ 2.084 × 106

Hovering 0.6 3.23◦ 3.126 × 106

Forward flight 0.7 3◦ 3.647 × 106

For the purpose of training the DBN surrogate model and validating the accuracy
of the DBN surrogate model, 270 airfoils in the database are selected randomly as the
training samples, and the remaining 30 airfoils are taken as the test samples. The DBN is
constructed with 4 layers of RBMs and trained with the geometric parameters as the input
and the aerodynamic parameters as the output. After the pre-training, the weight values
are initialized and the output of the last RBM is taken as the input of the BP neural network
at the last two layers. Figure 10 shows the training results of the DBN surrogate model,
where Y is the expected output and T is the DBN output. As can be seen, the correlation
coefficient R is 0.99785, which is extremely close to 1.
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Furthermore, in order to compare the performance of the DBN surrogate model and
the conventional surrogate models, a BP surrogate model and a Kriging surrogate model
are trained and tested using the same training and test samples. Figure 11 shows the
predicted lift coefficients by the Kriging model, BP model, and DBN model compared with
those by the CFD simulations for the 30 test samples. Figure 12 shows the predicted drag
coefficients by the Kriging model, BP model, and DBN model compared with those by the
CFD simulations for the 30 test samples. As can be seen, the predicted results by the Kriging
model and the BP model are generally in accordance with those by the CFD simulations but
differ obviously from the CFD results for some certain test samples. Whereas, the predicted
results by the DBN model are close to those by the CFD simulations.
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Figure 11. Predicted lift coefficients by the Kriging model, BP model, and DBN model compared
with CFD results for the test samples. (a) maneuvering. (b) hovering. (c) forward flight.

Table 3 shows the average errors of the aerodynamic parameters predicted by the
three surrogate models with respect to the results obtained by CFD simulations for the test
samples. The average error of the lift coefficients predicted by the DBN model is 0.3416%
for the test samples, while the average errors of the lift coefficients are 0.7597% and 0.9482%
for the BP model and Kriging model, respectively. The average error of the drag coefficients
predicted by the DBN model is 1.2875% for the test samples, while the average errors of the
drag coefficients are 2.5570% and 2.6005% for the BP model and Kriging model, respectively.
The errors of the DBN model are significantly smaller than those of the BP model and
Kriging model.
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Figure 12. Predicted drag coefficients by the Kriging model, BP model, and DBN model compared
with CFD results for the test samples. (a) maneuvering. (b) hovering. (c) forward flight.

Table 3. Average errors of the aerodynamic parameters predicted by the three surrogate models with
respect to the results obtained by CFD simulations for the test samples.

Error [%] Clmaneuvering Cdmaneuvering Clhovering Cdhovering Clforward flight Cdforward flight Cloverall Cdoverall

DBN 0.4109 2.5743 0.2815 0.5410 0.3324 0.7473 0.3416 1.2875
BP 0.8220 4.4571 0.7012 1.0738 0.7559 2.1401 0.7597 2.5570

Kriging 0.6819 3.1083 0.9510 1.3678 1.2118 3.3256 0.9482 2.6005

Therefore, from the above results, the DBN surrogate model established in this study
is highly reliable in predicting aerodynamic parameters for airfoil optimization, and more
accurate than the conventional BP surrogate model and Kriging surrogate model.

4.2. Optimization Results and Analyses

In this study, the multi-objective optimization for the rotor airfoil can be described
as follows: 

max Clmanuevering, Clhovering, Clforwardflight

s.t.


Cdmanuevering ≤ Cdmanuevering−original

Cdhovering ≤ Cdhovering−original
Cdforwardflight ≤ Cdforwardflight−original

9% ≤ thickness ≤ 14%

(8)

where the thickness is constrained within the range of [9%, 14%] according to the
design requirements.

For the purpose of verifying the performance of the ASMOPSO algorithm, optimiza-
tions employing the CDMOPSO algorithm and the ASMOPSO algorithm are performed,
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respectively. For each optimization, the number of particles is set to 100, the number of
Pareto solutions is set to 10, and the mutation rate is set to 0.8.

Figure 13 shows the comparison of the performance between the ASMOPSO algorithm
and the CDMOPSO algorithm. As can be seen, the optimization based on the CDMOPSO
algorithm converges at the 56th step, while the optimization based on the ASMOPSO
algorithm converges at the 44th step. 

 
 

 

 
Aerospace 2023, 10, x. https://doi.org/10.3390/xxxxx www.mdpi.com/journal/aerospace 

  
(a) (b) 

 
(c) 

Figure 13. Comparison of the performance between the ASMOPSO algorithm and the CDMOPSO 

algorithm. (a) maneuvering. (b) hovering. (c) forward flight. 

 

Figure 13. Comparison of the performance between the ASMOPSO algorithm and the CDMOPSO
algorithm. (a) maneuvering. (b) hovering. (c) forward flight.

In order to pick out a final solution among the non-dominated solutions at each
iteration and pick out the optimal solution, a function fop is defined in Equation (9) with
reference to the literature [35–37]. Hereω1,ω2, andω3 are weight coefficients, which are
set to be [1/3, 1/3, and 1/3]. In the Pareto solution set, there are multiple optimal solutions.
The solution with the highest value of fop is taken as the satisfactory solution.

fop = ω1
(Clm − Clmin

m )

(Clmax
m − Clmin

m )
+ ω2

(Clh − Clmin
h )

(Clmax
h − Clmin

h )
+ ω3

(Cl f − Clmin
f )

(Clmax
f − Clmin

f )
(9)

Table 4 shows the comparison of the optimization results between the CDMOPSO
algorithm and the ASMOPSO algorithm. As can be seen, the lift coefficients obtained by
the ASMOPSO algorithm are all higher than those obtained by the CDMOPSO algorithm
under the three states. Thus, it can be concluded that the ASMOPSO algorithm has a faster
convergence rate and obtains better optimization results than the CDMOPSO algorithm for
the multi-objective optimization of the rotor airfoil.
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Table 4. Comparison of the optimization results between the CDMOPSO algorithm and the AS-
MOPSO algorithm.

Clmaneuvering Cdmaneuvering Clhovering Cdhovering Clforward flight Cdforward flight

Baseline 1.0668 0.0322 0.5621 0.0121 0.6137 0.0241
CDMOPSO 1.1298 0.0257 0.5998 0.0119 0.6582 0.0241
ASMOPSO 1.1311 0.0259 0.6038 0.0119 0.6628 0.0241

In order to verify the advantages of the DBN surrogate model over the BP surro-
gate model and the Kriging surrogate model in the multi-objective optimization of the
rotor airfoil, three multi-objective optimizations based on the DBN surrogate model, the
BP surrogate model and the Kriging surrogate model are performed via the ASMOPSO
algorithm. During the optimization process, the EI (expected improvement) infilling cri-
terion is adopted to update the surrogate model in each iteration before the optimization
is converged.

Figure 14 shows the optimal values of each objective function by the optimizations
employing the DBN surrogate model, the BP surrogate model, and the Kriging surrogate
model during the optimization processes. As can be seen, the DBN-based optimization not
only converges faster than the BP-based and Kriging-based optimizations but also obtains
better results than them.
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Figure 15 shows the finally obtained non-dominated solutions by the optimizations
employing the DBN surrogate model, the BP surrogate model, and the Kriging surro-
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gate model. The function values presented here are obtained by the predictions of the
surrogate models.
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Figure 15. Fitness function values of non-dominated particles.

Table 5 shows the computation time and the number of CFD simulation cases during
the optimization process for each surrogate model-based optimization. As can be seen,
the optimization employing the DBN surrogate model consumes the least computational
resources. The aerodynamic parameters of the optimal solutions obtained by the opti-
mizations based on the DBN model, the BP model, and the Kriging model are discussed
in Section 4.3.

Table 5. Computation time and number of CFD simulation cases during the optimization process.

Training Time Number of CFD Simulation Cases

DBN 120 s 344
BP 10 s 356

Kriging 10 s 354
No surrogate model 5000

4.3. CFD Validations for the Optimized Rotor Airfoil

Table 6 shows the predicted aerodynamic parameters of the optimal solutions via the
DBN model, the BP model, and the Kriging model compared with the computational results.

As can be seen from Table 6, the aerodynamic parameters obtained by the DBN
surrogate model are very close to those by the CFD simulations, which demonstrates the
accuracy of the DBN surrogate model. In addition, both the predicted and computational
lift coefficients of the optimal solution obtained by the optimization employing the DBN
surrogate model are higher than those by the other two optimizations.

Therefore, the non-dominated solution with the maximum fop obtained by the DBN sur-
rogate model-based optimization is selected as the final optimized solution. Figure 16 shows
the shape of the optimized rotor airfoil compared with that of the baseline rotor airfoil.

From Table 6, the lift coefficients of the optimized rotor airfoil are obviously improved
compared with the baseline rotor airfoil, while the drag coefficients of the optimized rotor
airfoil are not increased.
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Table 6. Predicted aerodynamic parameters of the optimal solutions via the DBN-based, the BP-based,
and the Kriging-based optimizations compared with the computational results.

Clmaneuvering Cdmaneuvering Clhovering Cdhovering Clforward flight Cdforward flight

Computational results of the
baseline rotor airfoil 1.0668 0.0322 0.5621 0.0121 0.6137 0.0241

Predicted values of
DBN-based optimization 1.1311 0.0259 0.6038 0.0119 0.6628 0.0241

Computational values of
DBN-based optimization 1.1310 0.0264 0.6040 0.0118 0.6635 0.0240

Errors between computational
values and DBN-predicted

values [%]
0.01 1.89 0.03 0.85 0.11 0.42

Increment of computational
results to the baseline rotor

airfoil [%]
6.02 −18.01 7.45 −2.48 8.12 −0.42

Predicted values of BP-based
optimization 1.1222 0.0264 0.6014 0.0120 0.6540 0.0241

Computational values of
BP-based optimization 1.1203 0.0263 0.5935 0.0118 0.6482 0.0241

Errors between computational
values and BP-predicted

values [%]
0.17 0.38 1.33 1.70 0.90 0.00

Increment of computational
results to the baseline rotor

airfoil [%]
5.02 −18.32 5.59 −2.48 5.62 0.00

Predicted values of
Kriging-based optimization 1.0983 0.0282 0.5679 0.0119 0.6169 0.0235

Computational values of
Kriging-based optimization 1.0952 0.0276 0.5643 0.0116 0.6150 0.0234

Errors between computational
values and BP-predicted

values [%]
0.28 2.17 0.64 2.59 0.31 0.43

Increment of computational
results to the baseline rotor

airfoil [%]
2.66 −14.29 0.39 −4.13 0.21 −2.91
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In order to verify the improvements of the optimized rotor airfoil on aerodynamic
performance, numerical simulations are performed on the optimized airfoil and the base-
line airfoil, then the lift curves, drag curves, and lift-drag ratio curves are obtained and
compared as shown in Figures 17–19. From the comparisons, the lift coefficients and
lift-drag ratios of the optimized rotor airfoil are significantly improved compared with
the baseline rotor airfoil, while the drag coefficients of the optimized rotor airfoil are
significantly decreased.
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Therefore, from the above CFD results of validations, it can be concluded that the
DBN surrogate model behaves very well in predicting the aerodynamic parameters during
the multi-objective optimization, and the lift performance of the optimized rotor airfoil is
improved significantly compared to the baseline rotor airfoil, with the drag coefficients
not increased.
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Figure 18. Comparison of the drag curves between the optimized rotor airfoil and the baseline rotor
airfoil. (a) Ma = 0.4. (b) Ma = 0.6. (c) Ma = 0.7.
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Figure 19. Comparison of the lift-drag ratio curves between the optimized rotor airfoil and the
baseline rotor airfoil. (a) Ma = 0.4. (b) Ma = 0.6. (c) Ma = 0.7.t

5. Conclusions

In this study, a deep-learning-based multi-objective optimization framework is pro-
posed for the aerodynamic optimization of the rotor airfoil.

A database of rotor airfoils is established with geometric parameters obtained via the
CST method and aerodynamic parameters obtained via CFD simulations. Based on the
database, a DBN surrogate model is proposed and trained in order to accurately predict
the aerodynamic parameters of the rotor airfoils. In order to compare the performance
of the DBN surrogate model and the conventional surrogate models, the BP and Kriging
surrogate models are trained and tested using the same training and test samples. The
average errors of the lift coefficients predicted by the DBN model, BP model, and Kriging
model are 0.3416%, 0.7597%, and 0.9482%, respectively, while the average errors of the
drag coefficients predicted by the DBN model, BP model, and Kriging model are 1.2875%,
2.5570%, and 2.6005%, respectively. The results indicate that the DBN surrogate model
established in this study is highly reliable in predicting aerodynamic parameters for rotor
airfoil optimization and is more accurate than the conventional BP surrogate model and
Kriging surrogate model.

An improved MOPSO (ASMOPSO) framework is established by employing the DBN
surrogate model and introducing α-stable distribution to improve the convergence rate and
global searching ability. For the purpose of verifying the performance of the ASMOPSO
algorithm, optimizations employing the CDMOPSO algorithm and the ASMOPSO algo-
rithm are performed, respectively. The optimization based on the CDMOPSO algorithm
converges at the 56th step, while the optimization based on the ASMOPSO algorithm
converges at the 44th step. The lift coefficients obtained by the ASMOPSO algorithm are
all higher than those obtained by the CDMOPSO algorithm under multiple flight states.
The comparison results indicate that the ASMOPSO algorithm has a faster convergence
rate and obtains better optimization results than the CDMOPSO algorithm does for the
multi-objective optimization of the rotor airfoil.

In order to verify the advantages of the DBN surrogate model over the BP surrogate
model and the Kriging surrogate model in the multi-objective optimization of the rotor,
three multi-objective optimizations based on the DBN surrogate model, the BP surrogate
model, and the Kriging surrogate model are performed. The results indicate that both
the predicted and computational lift coefficients of the optimal solution obtained by the
DBN-based optimization are higher than those obtained by the other two optimizations.

Finally, CFD simulations are performed to validate the aerodynamic performance of
the optimized rotor airfoil obtained by the DBN-based optimization. The results indicate
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that the lift coefficients are improved by 6.02%, 7.45%, and 8.12% under the maneuvering,
hovering, and forward flight states, respectively, with the drag coefficients not increased.
Furthermore, the lift curves, drag curves, and lift-drag ratio curves of the optimized
airfoil and the baseline airfoil obtained by CFD simulations indicate that the aerodynamic
performance of the optimized rotor airfoil is observably improved compared with the
baseline rotor airfoil.
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