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In this paper, an intelligent algorithm for the aerodynamic parameter calibration of wind tunnel experiments of advanced layout
aircraft at a high angle of attack is proposed. The proposed algorithm is based on a homologous comparison and tuning algorithm,
and it can effectively improve the accuracy of the wind tunnel experiment model. First, based on the analysis of large oscillation
wind tunnel experimental data of an advanced layout scaled aircraft, the high angle of attack wind tunnel experimental model
composed of static derivative, dynamic derivative, and rotating balance derivative is established. Second, to improve the
accuracy of the wind tunnel experimental model effectively, the idea of combing layered calibration and intelligent algorithm
for high angle of attack homologous comparison correction is proposed. The proposed method solves the problems of complex
structure, a large amount of data, and poor accuracy in homologous comparison of high angle of attack aerodynamic models
of advanced layout aircraft. Finally, the homologous comparison interface software is designed based on MATLAB GUI, which
integrates the proposed methods and ideas and realizes effective adjustment of aerodynamic parameters of high angle of attack
simulation flight wind tunnel test of an advanced layout aircraft. This study provides a reliable engineering and technical
means for subsequent high angle of attack flight test verification of the advanced layout aircraft.

1. Introduction

With the development of computer science and information
technology, the aviation industry has stepped into the era of
data, and the intelligent technology applied to fighter aerody-
namic modeling has developed gradually. The existing aircraft
modeling has often been based on wind tunnel test data or
computational fluid dynamics (CFD). All static coefficients
can be easily obtained, but not all wind tunnels can provide
dynamic data. The effects of blocking, scaling, and low Reyn-
olds number reduce the accuracy compared with the full-
scale model [1]. These circumstances make flight simulation
results based on wind tunnel test data can have a certain devi-
ation from actual flight test data. In addition, at a high angle of
attack, this deviation is exacerbated by special gas flow phe-
nomena on the fuselage and wing surfaces. Therefore, it is nec-

essary to modify and verify the aerodynamic model based on
wind tunnel data. Tyan et al. [2] used flight data of a small
propeller-driven RC airplane to alter the original dynamics
model structure, including adjustable gains. The results
showed that the output of the adjusted model was close to
the flight test data. Liu et al. [3] determined the correction
coefficients based on the statistical relationship between the
flight test data and simulation data identification results and
established the correction coefficient interpolation table based
on the law that the correction coefficient changes with the
dynamic pressure at different state points. This method did
not change the original aerodynamic model. Liu et al. [4] real-
ized the gradual calibration of aerodynamic model data by iso-
lating aerodynamic model parameters with high correlation
and obtained the optimal combination of flight test actions
and states. Wei et al. [5] proposed the method of checking
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longitudinal first and then transverse heading and finally
dynamic and modified aerodynamic model parameters based
on the flight test data and aerodynamic model response. The
results showed that the proposed simulation aerodynamic
model could meet the standardized tolerance range. Sibilski
et al. [6] used indicial functions to identify aerodynamic deriv-
atives of micro airplanes and compared them with derivative
source data and could successfully reproduce known phenom-
ena in the dynamics of fighter jets with large head-on angles.

When establishing an aerodynamic database, an important
task is to determine a nonlinear model of an aircraft, especially
at a high angle of attack, and to ensure its accuracy. However,
in the establishment of a nonlinear aerodynamic model with
a high angle of attack based on the wind tunnel test data, air-
craft aerodynamic force shows characteristics of high nonline-
arity, hysteresis, and coupling. Aerodynamic force is no longer
a conventional aerodynamic force, and it is also a great chal-
lenge to establish an accurate aerodynamic model at high
angles of attack. Extensive research on this topic has been con-
ducted worldwide. Goman and Khrabrov [7] believed that a
complex, unsteady hysteresis effect of an aircraft at a high angle

of attack was caused by vortex bursting. Parameters such as the
specific position of vortex bursting were taken as an input of
unsteady aerodynamic modeling, and the physical structure
of this method was clear. Wang and Cai [8] proposed a differ-
ential equation model, which divides the forces and torques of
the three axes into static aerodynamic forces, quasi-steady
aerodynamic increments, and unsteady aerodynamic incre-
ments. In addition, unsteady aerodynamicmodels such as large
oscillation wind tunnel test and model’s free oscillation, which
can describe unsteady aerodynamic characteristics well, were
established. Steck and Rokhsaz [9] applied a neural network
to unsteady aerodynamic modeling for the first time and
designed a neural network aerodynamic model for delta wings
at a high angle of attack of 70°. Gong and Shen [10] used the
modeling method of an adaptive neural network model to
model unsteady aerodynamics. The results showed that the
modeling accuracy of the adaptive neural network model was
high, and it could approach unsteady aerodynamics well. Due
to the powerful mapping ability, neural networks provide a
new method for nonlinear aerodynamic modeling, but they
cannot determine an optimal structural model. In contrast,
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Figure 1: Scale model of the advanced fighter.

Figure 2: The FL-8 wind tunnel test system photograph.
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the existingmethods can only determine a comparatively excel-
lent structural model. Chen [11] applied the bifurcation analy-
sis to the behavior analysis of a fixed-wing aircraft with a
strake-wing, providing the basic structure of the dynamical sys-
tem. Nowakowski et al. [12] applied a support vector machine
to the unsteady aerodynamic modeling at a high angle of
attack. For a small number of samples, the prediction accuracy
of this model was much higher compared to the other intelli-
gent learning methods. However, for numerous samples, the
calculation was complex, and the cost was high, which could
not meet the actual flight requirements.

In this study, a six-degree-of-freedom high angle of
attack model with clear physical significance is established
based on three components (static, dynamic, and rotating).

Aiming at overcoming the disadvantages of manual gain
adjustment, heavy workload, and slow calculation speed when
using flight data to calibrate the aerodynamic model, an intelli-
gent optimization algorithm is proposed to correct aerody-
namic data with homologous correlation at a high angle of
attack. The existing algorithms can be roughly divided into
the following groups of population-based algorithms: evolu-
tionary algorithms and swarm intelligence-based algorithms.
The genetic algorithm (GA) has been one of the most common
evolutionary algorithms. The GA [13] attempts to simulate the
genetic and evolutionary process of organisms in nature and
belongs to the class of adaptive and globally optimized search
algorithms. The differential evolution algorithm [14], like other
evolutionary algorithms, operates on the population, but its
breeding scheme is different. The immune algorithm [15] is
an adaptive algorithm designed by referring to the human
immune system that can identify pathogens and is capable of
learning, memory, and recognition. The ant colony optimiza-
tion algorithm [16] is a heuristic random search algorithm that
simulates the collective search behavior of ants in nature. The
particle swarm optimization algorithm [17] is based on the idea
that birds exchange individual information and share flight
experiences in the process of predation. This algorithm likens
the search space of the optimization problem to the flight space
of birds. The solving process of the simulated annealing algo-
rithm [18] is similar to the physical annealing process, and
the self-independent variables of the optimization problem
are equivalent to the internal energy space of metal and other
optimization algorithms.

The main contributions of this study can be summarized
as follows:

(1) By locating the causes of errors between the existing
wind tunnel test data models and the actual test
flight data, the aerodynamic derivatives causing
errors are identified by the stratification and progres-
sive method of aerodynamic model parameters

(2) The aerodynamic derivatives are optimized by the
intelligent optimization algorithm and transformed
into an optimization problem to solve. In this study,
the intelligent optimization algorithm is used to
modify the aerodynamic database

(3) A set of GUI programs are designed in MATLAB,
which can provide necessary guidance and rapid
error correction for the aerodynamic database at a
high angle of attack

The remainder of this paper is organized as follows. In
Section 2, the aircraft model used in this study and the source
of wind tunnel data are described. In Section 3, the main pro-
cess of homologous comparison and the overview of intelli-
gent optimization algorithms are explained. In Section 4, the
correction results of aerodynamic data are presented. The
main conclusions are given in Section 5.

2. Problem Description

2.1. Wind Tunnel Test. The research object of this study is a
scale aircraft model with a typical layout of a fifth-generation
aircraft. The three-dimensional effect of the aircraft model is
displayed in Figure 1. This model adopts blended wing-body
configuration technology to optimize the surface shape. This
aircraft has good characteristics under a high angle of attack.

Figure 3: Two-dimensional decomposition of the total angular
velocity vector by the first decomposition method.

Figure 4: Schematic diagram of the total angular velocity vector
decomposition by the second decomposition method.

Table 1: Aerodynamic reference dimensions and mass properties.

Aerodynamic reference Quantity Unit

Model scaling ratio 1 : 16

Weight 8 Kg

Length 1.1825 m

Wingspan 0.8475 m

Wing area 0.3618 m2

Ixx 0.4368 Kg m2

Iyy 0.6595 Kg m2

Izz 1.0520 Kg m2

Ixz 0.0584 Kg m2
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The wind tunnel test data are obtained by an FL-8 wind
tunnel test device provided by the AVIC Aerodynamics
Research Institute [19]. The scale model of a fighter jet is
tested in an FL-8 wind tunnel with two degrees of freedom
and a large amplitude oscillation test system. As shown in
Figure 2, wind tunnel tests are conducted on the aircraft
scaling model. The wind tunnel test device consists of a
top and bottom turntable and an aircraft model supporting
mechanism. The aerodynamic reference dimensions and
mass properties are shown in Table 1.

2.2. AerodynamicModeling. Based on the wind tunnel test data,
a six-degree-of-freedom nonlinear simulation model of an air-
craft is established. The aerodynamics in the body-axis coordi-
nate system are decomposed into static aerodynamics, dynamic
oscillating aerodynamics, and circular motion aerodynamics,
corresponding to static six-component balance data, forced
oscillating balance data, and rotating balance data in wind tun-
nel test, respectively. However, in the specific process of use,
there is an overlap between the forced oscillating balance test
and the rotary balance test [20]. Therefore, to build an accurate
aerodynamic model, data of the two parts should be properly
decomposed to avoid repeated calculation. In general, there
are two methods [21] to decompose tail spin motion.

The first decomposition method is to decompose the
total angular velocity ω in the process of aircraft movement
into λ parallel to the velocity axis and to subtract the oscilla-
tion angular velocity Pos,Qos, Ros corresponding to the rota-
tion component ωss. Component ωss is used for the rotary
balance test data, and Pos,Qos, Ros are used for the forced
oscillation test data. The total angular velocity is obtained
as follows:

Ωj j =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
P2 +Q2 + R2

p
: ð1Þ

The specific decomposition formula is as follows:

ωss = P cos α + R sin αð Þ cos β +Q sin β, ð2Þ

Pos = P − ωss cos α cos β, ð3Þ
Qos =Q − ωss sin β, ð4Þ

Ros = R − ωss sin α cos β, ð5Þ
where ωss is the angular velocity component along the veloc-
ity axis, and Pos,Qos, Ros refer to the angular velocity along
the body axis.

However, the above method introduces inverse prob-
lems. As shown in Figure 3, the total angular velocity is
decomposed into three vectors ωss, Pos, Ros, but the direc-
tions of and are opposite, which affects the accuracy of aero-
dynamic data.

The second decomposition method is to decompose Ω
into ω and Pmod along the direction of the velocity vector,
as shown in Figure 4, which can solve the inverse problem.

The calculation procedure is to compute ω by Equation
(6) setting Pmod to zero first. Next, the value of ω is used to
obtain Q and R by Equations (7) and (8), respectively. If
Qmod and Rmod are less than Q and R but have the same sign,
then the three components of Ω are Qmod, Rmod, and s; oth-
erwise, the same steps are applied to Equations (7) and (8).

Pmod = P − ω cos α cos β, ð6Þ

Qmod =Q − ω sin β, ð7Þ
Rmod = R − ω sin α cos β: ð8Þ

According to the above calculation procedure, the aero-
dynamic force and moment coefficients are, respectively,
given by:

Cx = Cx α, βð Þ + Cδe
x αð Þδe + ΔCx α, β, ωsð Þ,

Cy = Cy α, βð Þ + Cδr
y αð Þδr + Cδa

y αð Þδa + ΔCy α, β, ωsð Þ,
Cz = Cz α, βð Þ + Cδe

z αð Þδe + ΔCz α, β, ωsð Þ,
Cl = Cl α, βð Þ + Cδα

l αð Þδα + Cδr
l αð Þδr +

c
2V Cp

l αð Þp + Cr
l αð ÞrÀ Á

+ ΔCl α, β, ωsð Þ,

Cm = Cm α, βð Þ + Cδe
m αð Þδe +

b
2V Cq

m αð Þq + Cα
m αð Þαð Þ + ΔCm α, β, ωsð Þ,

Cn = Cn α, βð Þ + Cδa
n αð Þδa + Cδr

n αð Þδr +
c
2V Cp

n αð Þp + Cr
n αð Þr + Cβ

n αð Þβ
� �

+ ΔCl α, β, ωsð Þ,

ð9Þ
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Figure 5: Flowchart of the homologous comparative analysis.

Figure 6: The angles of attack and sideslip measured in the flight test; comparison of the flight data and the wind tunnel modeling data (e.g.,
CX , CZ , and Cm).
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where V is the space velocity; α and β are the angle of attack
and angle of sideslip, respectively; δe, δa and δr are the angle
of the elevator, angle of aileron, and angle of rudder,
respectively.

3. Homologous Contrastive Process

3.1. Homologous Comparative Analysis Flowchart. The rela-
tionship between the flight test data and simulation data and
the parameter adjustment ideas and levels in the proposed
model are shown in Figure 5. The lever command in the flight
test data is input to the control system and engine model
through solution, and the control system outputs the solution
command to the steering gear model. Next, the steering gear
model obtains the rudder deviation and sends it to the aerody-
namic solution module. In the aerodynamic solution module,

parameter adjustment is the key parameter. The thrust, atmo-
spheric density obtained by the engine model and atmospheric
model and the aerodynamic force obtained by the aerodynamic
solution module are input into the six-degree-of-freedom non-
linear mathematical model of an aircraft. The simulation data
are obtained and analyzed using the flight test data. The simu-
lation analysis error is compared with the evaluation criterion
of homologous comparison, which can guide the parameter
adjustment.

3.2. Calibration Method. After the unsteady aerodynamic
model of an aircraft is designed using the above-presented
procedure, the accuracy of the model has to be verified and
modified if needed. In view of correction, the homologous
contrast correction method is used. Homologous contrast
calibration of an aerodynamic model refers to the usage of

The loss function was calculated layer by layer. Then, the module with the smallest loss function was determined, and the next layer
was calculated through the module. Aerodynamic parameters were updated according to local and global optimal solutions.
Step 1:
1. Initialize flight state xið0Þ and actuator δj
2. For a = 1, 2,⋯, n
3. ka = 1 ±△k
4. Erra =∑i∑t ½xiðtÞ − xai ðtÞ�2
5. End for
6. a =min ðErraðaÞÞ
7. For b = 1, 2,⋯, nb
8. kab = 1 ±△k

9. Errb =∑i∑t ½xiðtÞ − xbi ðtÞ�
2

10. End for
10. b =min ðErrbðbÞÞ
11. For a = 1, 2,⋯, n
12. kabc = 1 ±△k
13. Errc =∑i∑t ½xiðtÞ − xci ðtÞ�2
14. End for
15. For d = 1, 2,⋯, nc
16. kabcd = 1 ±△k

17. Errd =∑i∑t½xiðtÞ − xdi ðtÞ�2
18. End for
19. d =min ðErrdðdÞÞ
Step 2:
1: While not stop
2: For i = 1, 2,⋯,N
3: Update the optimization algorithm parameters
4: Cabcdðα, β, δ,⋯Þ = opt
5: If f itðCabcdÞ < f itðpBestÞ
6: pBesti = Cabcd ;
7: If f itðpBestiÞ < f itðgBestÞ
8: gBest = pBesti
9: End for
10: End while
Step 3:
1: For i = 1, 2,⋯,M
2: If ErrðgBestÞ < ErrðCbmÞ ∗ F
3: Cabcd = gBest
4: Else go to step 2
5: End if
6: End for

Algorithm 1: The main process the homology comparison.
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flight test data of an actual aircraft to modify the aircraft
aerodynamic model based on the wind tunnel test data so
that the deviation between the modified aircraft aerody-
namic model’s output data and the actual flight test data
under the same state can meet the tolerance guidelines [22]
specified by the FAA/JAR (joint aviation requirements).
Flight measurements with these tolerances define a range
within which the model response must meet specified accu-
racy requirements.

The experimental data used in this study were real flight
data of a scaled-down model of a fighter jet. The data were
collected when the aircraft performed dynamic maneuvers
at a high angle of attack in the air, and the time course was
recorded for 80 s with a sampling time of 20ms. We chose
the representative 8 s flight data, that is, the process of increas-
ing the angle of attack, to carry out the identification and ver-
ification work in this paper. The flight data were checked for
consistency, and the flight path was reconstructed. The aero-
dynamic response historical data were obtained from the flight
state data. The angles of attack and sideslip measured in the
flight test are shown in Figure 6.

As shown in Figure 6, there were large deviations in the
angle of attack, angle of sideslip, force coefficients of the x-
and z-axis, and pitching moment coefficients between the data
obtained by the data-based aerodynamic wind tunnel model
and the test flight data under the same conditions. This was
because the wind tunnel tests did not fully match the flight
conditions, especially when the aircraft had a high angle of
attack. It should be noted that if a deviation of any of the three
parameters is too large, it is necessary to modify the aerody-
namic model parameters established using the wind tunnel
data. Tomodify the aerodynamicmodel according to the devi-
ations, the aerodynamic derivative causing the deviation
should be determined first. A method for locating the aerody-
namic derivative is proposed in this study. According to the
structure and mathematical relationship of the aerodynamic
model, aerodynamic data can be divided into four levels: force
and moment coefficients, static dynamic derivative rotating
balance, basic small quantities of coefficients, and interpola-
tion table of specific aerodynamic derivatives. The aerody-
namic model’s correction coefficient is defined so that the
actual output of the aerodynamic module is equal to the

Flight test data

Flight
status Lever

instruction

Control system
Actuator model

Control surface
angle

force and moment coefficients

M
ore specific

Static, dynamic derivative, rotating
balance

basic small quantities of coefficients

interpolation table of specific
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Six-degree-of freedom
mathematical
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Simulation
results

correction

Comparison and
analysis

Aerodynamic
force

Figure 7: Flowchart and data direction of the homology
comparison method and modeling; green boxes indicate the
aerodynamic data hierarchy.
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Figure 8: The flowchart of the CS algorithm.
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original output multiplied by the correction coefficient. The
change in the state response caused by changing the correction
coefficient at each level is analyzed, and the module with the
most significant response change is taken as an aerodynamic
module causing the deviation. The specific aerodynamic deriv-
ative interpolation table is obtained layer by layer.

The main steps of the homology comparison process are
as follows. In Step 1, according to the above-mentioned
types of stratification of aerodynamic data, the loss function
is calculated in each layer one by one, and then the module
with the smallest loss function is determined, and the next
layer is calculated, repeating up to the fourth layer: the spe-
cific aerodynamic data interpolation table. In Step 2, the
parameters of the intelligent optimization algorithm are
gradually updated to calculate the current fitness function
and to determine the globally optimal solution. In Step 3,
the algorithm stops if the required accuracy is satisfied and
returns to Step 2; otherwise, it adjusts the optimization-
seeking parameter settings. The main process the homology
comparison algorithms are shown in Algorithm 1.

The flowchart of the homologous comparison method is
presented in Figure 7. As shown in Figure 7, first, the flight sta-
tus parameters and stick instructions in the test flight data [23]
are separated. The stick instructions are input into the control
system and rudder actuator model in the simulation model.
The corresponding rudder deflection is fed to the aerodynamic
model, and simulation results are obtained by the six-degree-of-
freedom mathematical model. Then, the results are compared
with the actual flight test data to obtain the deviation and influ-
ence. Accordingly, the aerodynamic parameters are modified.

Finally, the modified aerodynamic parameters are verified,
and the modified effects are analyzed.

When the aerodynamic model is modified, the specific
strategy is to take the specific aerodynamic derivative or the
aerodynamic model correction coefficient as an optimization
variable of the intelligent optimization algorithm. The devia-
tion between the aerodynamic model’s state response and
actual flight test data is regarded as an objective or fitness func-
tion, and an optimization algorithm is used to modify the
aerodynamic model parameters. If the aerodynamic derivative
is used as an optimization variable, the aerodynamic model
parameters will be changed. In contrast, if the correction coef-
ficient is taken as an optimization variable, the cause of the
deviation will be determined more accurately, and the aerody-
namic model will not change.

When calculating the deviation between the aerody-
namic model response and actual flight test data, different
aerodynamic derivatives require using different calculation
methods. When the pitching moment coefficient is corrected
longitudinally, the considered parameters include the angle
of attack, rate of pitch, and pitch angle. When the rolling
torque coefficient is corrected laterally, the roll angle and
rate of the roll are concerned. The longitudinal loss function
is defined as follows:

Er = kα ⋅ 〠
n

i

α0 ið Þ − α ið Þð Þ2 + kθ ⋅ 〠
n

i

θ0 ið Þ − θ ið Þð Þ2 + kq

⋅ 〠
n

i

q0 ið Þ − q ið Þð Þ2,
ð10Þ

Area of Objective Function
and Error criterion

Layer selection (only one)
Layer 2 parameter selection

area

Timestamp selection of
Flight data

Search algorithm selection, parameter
setting and result error display

Layer 3 parameter selection
area

Layer 4 parameter selection
area

Figure 9: The illustration of the interface of the developed homology comparison intelligent optimization software.
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where kα, kθ, and kq denote the coefficient factors, which can
be adjusted according to the size, relationship, and weight of
the three variables.

3.3. Homologous Contrastive Mathematical Methods. In the
modification of specific aerodynamic derivatives, the popular
multiobjective optimization methods can be used to find the
best equilibrium solution for the calculation parameters of a
model within the range of given aerodynamic derivatives. It
should be noted that multiobjective optimization problems do
not have an optimal solution, and all possible solutions are
called noninferior solutions, i.e., Pareto solutions. Multiobjec-
tive optimization algorithms can be roughly divided into tradi-
tional optimization algorithms and intelligent optimization

algorithms. The traditional methods include linear program-
ming [24] and nonlinear programming, while intelligent opti-
mization algorithms [25] mainly include the GA, particle
swarm optimization algorithm, simulated annealing algorithm,
and ant colony optimization algorithm. Among the intelligent
optimization algorithms, themost popular is the NSGA-II algo-
rithm, which has become one of the benchmark algorithms in
the intelligent optimization field because of its advantages of
being simple and effective and obvious comparative advantages.

The NSGA algorithm is a multiobjective GA based on the
Pareto optimal solution, which introduces a nondominated
classification algorithm and simplifies amultiobjective function
to a single fitness function. The main advantage of this algo-
rithm is that noninferior optimal solutions are evenly

(a) (b)

(c)

Figure 10: Results of the NSGA-II generation by generation: (a) CX , (b) Cm, and (c) CZ .
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distributed, allowing the existence of multiple different equiva-
lent solutions [26]. Its disadvantages are high computational
complexity and lack of elite strategy [27]. In view of these
shortcomings, Deb et al. [28] proposed the NSGA-II algorithm,
which reduces the computational complexity by introducing
the fast nondominated sorting algorithm and elite strategy,
and adopting the crowding and crowding comparison opera-
tor. In this way, the computational complexity of the algorithm
can be reduced without the need to specify the sharing param-
eter δshare. The individuals in the Pareto optimal solution fron-
tier can be evenly extended to the whole Pareto domain, and
the diversity of the population can be guaranteed.

The specific steps of applying the NSGA-II algorithm to
the aerodynamic model established by wind tunnel test data
are as follows:

(1) Establish the mapping between the individual popula-
tion and aerodynamic model in the NSGA-II algo-
rithm. After determining the aerodynamic derivative
causing the deviation, each individual dimension in
the population corresponds to a value in the interpola-
tion table of the specific aerodynamic derivative in the
positional aerodynamic derivative term

(2) The calculation error between the aerodynamic model
data and the flight test data is used as a fitness function
of the NSGA-II algorithm to minimize the error,
namely, to perform multiobjective optimization

In addition, the cuckoo search (CS) algorithm [29] is
another emerging swarm intelligence optimization algo-
rithm. This algorithm simulates the cuckoo’s nesting breed-
ing behavior and Lévy flight mechanism and can obtain an
optimal solution quickly and effectively. In essence, the Lévy
flight [30] is a random walk process, which includes small
high-frequency step and long low-frequency step. The long
step is conducive to global search, while the small step is
conducive to the local search, thus improving the search
accuracy.

The flowchart of the CS algorithm is shown in Figure 8.

4. Simulation Results

In this study, based on the GUI toolbox of MATLAB, the
homology comparison correction and analysis software of
high angle of attack is designed. The main functions include
the import and modification of test flight data, the selection

(a) (b)

(c)

Figure 11: Mean square error of NSGA-II generation by generation: (a) CX , (b) Cm, and (c) CZ .
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of objective function of intelligent optimization algorithm, the
selection of error evaluation criteria, the start and end times of
simulation (compared with the test flight data), the selection of
intelligent optimization algorithm, the configuration of opti-
mization algorithm, and the selection and adjustment of
parameters of four layers of the aerodynamic model. The sim-
ulation interface is shown in Figure 9.

The evaluation criteria are as follows:

(1) Error sum:

z =〠 ω1 x1 − x̂1ð Þ + ω2 x2 − x̂2ð Þ+⋯+ωn xn − x̂nð Þ½ �: ð11Þ

(2) Sum of squares of errors:

z =〠 ω1 x1 − x̂1ð Þ2 + ω2 x2 − x̂2ð Þ2+⋯+ωn xn − x̂nð Þ2Â Ã
:

ð12Þ

(3) Sum of mean square error:

z =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
〠 ω1 x1 − x̂1ð Þ2 + ω2 x2 − x̂2ð Þ2+⋯+ωn xn − x̂nð Þ2Â Ãq

: ð13Þ

(a) (b)

(c)

Figure 12: The CS results: (a) CX , (b) Cm, and (c) CZ .
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(4) Correlation coefficient:

z =〠 ω1r1 + ω2r2+⋯+ωnrn½ �, ri
= ∑xix̂i−∑xi∑x̂i/Nffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑x2i − ∑xið Þ2/NÀ Á
∑x̂2i − ∑x̂ið Þ2/NÀ Áq , ð14Þ

where the key state parameters in the flight test data are x1
, x2,⋯, xn, the corresponding key state parameters obtained
by digital simulation are x̂1, x̂2,⋯, x̂n, and the weighted
values of the evaluation standard of different flight state
information are ω1, ω2,⋯, ωn, respectively.

After loading the simulated flight test data, the objective
function, error criterion, start-stop time, optimization algo-
rithm, and several aerodynamic parameters of a certain layer
were selected to start the simulation. According to the simu-
lation result curve and data error, the aerodynamic parame-
ters were manually modified to obtain a more general
optimal solution.

Namely, to modify aerodynamic model parameters, the
model output data were compared with the test flight data.
For instance, for the longitudinal movement of an aircraft, CX
, CZ, and Cm were taken as optimization objects, and the simu-
lation optimization program was run once. The simulation
results obtained by the NSGA-II optimization algorithms are
shown in Figure 10. In this case, all aerodynamic parameters

(a) (b)

(c)

Figure 13: The GA results: (a) CX , (b) Cm, and (c) CZ .
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of CX and Cm were processed sequentially by the optimization
algorithm under the same settings, which is called one genera-
tion of optimization seeking. The results after each generation
were gradually approximating the flight data based on the wind
tunnel model. Figure 11 shows the mean square error results of
the aerodynamic forces and moments after each iteration.

The corrections of the force coefficients on the x-axis
were taken as a cause to demonstrate the correction process

of a homologous comparison. On the basis of more accurate
static coefficients, the results of three different optimization
algorithms are presented in Figures 12–14. Figures 12 and
13 show the optimization results of the CS and GA under
the same simulation conditions. Figure 14 illustrates varia-
tions in the mean square error with the number of simula-
tion generations for the three different methods. During
the iterative process, the convergence rate of the three algo-
rithms differed, but eventually, they all converged to a better
range than wind tunnel modeling data. Since the angle of
attack in the simulation was between 50° and 90°, the corre-
sponding modified aerodynamic derivative interpolation
table was within the same range. The interpolation table data
and optimization results that were beyond this range were
considered not accurate enough.

The comparison of the root mean square error of the
prediction results of the above three methods is shown in

(a) (b)

(c)

Figure 14: The MSE change with the number of generations: (a) CX , (b) Cm, and (c) CZ .

Table 2: The MSE results of different methods.

Correction
algorithm

Wind tunnel data Model correction data
CX Cm CZ CX Cm CZ

GA 0.1167 0.0062 0.0073 0.0252 0.000245 0.00262

CS 0.1167 0.0062 0.0073 0.0246 0.000160 0.00265

NSGA-II 0.1167 0.0062 0.0073 0.0236 0.000158 0.00255
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Table 2. The results of the correction of the flight data of the
scaled-down model of the real fighter aircraft under a high
angle of attack showed that the homologous comparison
correction method could achieve good correction of the air-
craft aerodynamic data. The data correction model based on
the intelligent search algorithm could effectively reduce the
difference between digital simulation data with the wind
tunnel data model and the real aircraft flight data; the aver-
age error was reduced to 74% of the mean square error. In
addition, the reconfiguration and modeling of the flight test
data achieved good noise immunity and robustness in prac-
tical engineering applications.

5. Conclusions

In this paper, an intelligent optimization algorithm is applied to
the calibration and correction of the aircraft aerodynamic
model, and a homologous comparison method of the flight test
data is proposed. After the in-depth layer-by-layer analysis, the
aerodynamic derivative terms causing the model state response
deviation are determined. The state-of-the-art intelligent opti-
mization algorithms are used tomodify the aerodynamic deriv-
ative interpolation table and to verify the performances of the
proposed method. The results show that the accuracy of the
modified aerodynamic model is significantly improved, and
its model response is closer to the flight test data compared to
the other algorithms. Therefore, the proposed homologous
comparison method based on an intelligent optimization algo-
rithm can correct the aerodynamic model parameters accu-
rately and comprehensively, which plays an important role in
the aircraft model calibration.

However, when the intelligent optimization algorithm is
applied to the aircraft aerodynamic model, due to a large
amount of data, the optimization process is slow. In addition,
in the proposed complex mathematical model, the convergence
and stability of the intelligent optimization algorithm have not
been proven by mathematical theory. In the future, a combina-
tion of the aircraft aerodynamicmodel and intelligent optimiza-
tion algorithm could be used to improve the calculation speed
of the proposed method while meeting the requirements for
correction accuracy. Also, the model convergence and stability
could be verified and analyzed while improving the algorithm.

Data Availability

This paper involves the data of model aircraft, and the spe-
cific data can be seen in the aircraft description section of
the paper.
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