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Abstract: The aim of this article is to determine the mathematical model between control deflec-
tions and structural deflections in an F/A-18 modified aircraft in the active aeroelastic wing
programme. One future application would be the design of a flutter suppression model based
on flight flutter tests. Five excited sources were provided by NASA Dryden Flight Research Center
from flight flutter tests. These excitations, given by aircraft control surfaces, are: differential and
collective ailerons, collective and differential stabilizers, and rudders. The neural network and
fuzzy logic algorithms were chosen in order to identify the multi-input multi-output system for
the F/A-18 aircraft. One main contribution of this article is the mapping of fuzzy logic algorithm
results into neural network data. Then, these methods were applied for the F/A-18 model identifi-
cation and validation for sixteen flight conditions expressed in terms of Mach numbers variations
between 0.85 and 1.30 and altitudes varying between 5000 and 25 000 ft. Accurate results were
obtained, expressed in terms of fit coefficients between estimated and measured signals greater
than 99 per cent, which allows one to conclude that these new methodologies are very efficient
for an aircraft identification and validation.
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1 INTRODUCTION

Aeroelasticity studies concern the investigation of the
aircraft structural surface deformations of aircraft.

Both neural network (NN) field and flight flutter
domain have been studied for the last two decades.
Radial basis function network were used to map air-
craft pitch dynamics. Pitch dynamics was modelled
with a non-linear system based on the F-16 A/C
non-linear model [1]. Online learning is used with
the NN theory. De Weerdt et al. [2] used the NN
model to compute input/output (I/O) mapping of F-
16 A/C aerodynamic coefficients. They have found
accurate results which were higher than 99 per cent.
The mapping methods were used on a reconfigurable
flight control for actuators failures and structural
failures. I/O mapping were also built for unstable
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system identification [3]. The authors used the model
reference indirect adaptive control and system the-
ory to prove that a unique I/O mapping exists. Direct
model reference adaptive controllers were established
to control flexible space structures, such as aeroelastic
wings [4]. A direct adaptive disturbance rejection con-
trol was also used to decrease flutter effects on aircraft
structures.

Aeroelastic wings were also studied for their beha-
viour and for flutter suppression analysis. Castravete
[5] modelled non-linear flutter with perturbation tech-
niques and Monte–Carlo simulations whereas Gujjula
[6] explored flutter suppression with robust and adap-
tive control in two degrees of freedom. Zink [7]
explained a structural design methodology in order to
use it on active aeroelastic wing (AAW). This structural
design decreased the wing box skin weight.

NN algorithms are increasingly applied to aerospace
identifications and controllers. Wu [8] discussed and
explained the application of artificial intelligence for
modelling and control. Neuro-fuzzy methods were
developed in order to get intelligent systems to con-
trol active vibration on flexible structures [9]. This
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neural-fuzzy study highlighted the advantages of both
techniques. He proposed a new strategy to simplify the
architecture of the controllers.

In this article, a non-linear system is built that relates
the control deflections due to pilot manoeuvres to
structural deflections. This system is identified and
validated from flight flutter tests for the NASA F/A-18
AAW Research Aircraft. The NN method is used first to
identify the highly non-linear open-loop model for the
F/A-18 aircraft. The open-loop identification model
gives good results between 98.03 per cent and 99.84
per cent whereas, in closed loop, it gives poor results.
Then, a fuzzy logic (FL) algorithm is used to optimize
computational time, and finally to provide accurate
NN results for 16 flight flutter test (FFT) cases charac-
terized by various Mach numbers and altitudes. The
closed-loop identification model gives more accurate
results (higher than 99 per‘cent).

2 DEFINITION OF THE SYSTEM

The first six inputs considered in the work are the
left and right aileron positions AILL and AILR, the left
and right stabilizer positions STBL and STBR, and the
left and right vertical tail positions VERTL and VERTR.
The four outputs are the left and right wing positions
WINGL and WINGR, and the left and right trailing edge
flap positions TEFL and TEFR. In order to improve the
match between the model and the FFT data, the num-
ber of inputs was increased by adding nine non-linear
inputs of second degree to the six original inputs, and
then a total of 15 inputs were obtained [10].

In order to obtain the recorded FFTs data, the flight
control computer for the F/A-18 AAW aircraft was
modified by adding a research flight control system
(RFCS) to generate the Schroeder frequency sweep
control inputs. The software used by the RFCS to con-
trol the actuators was called the on-board excitation
system (OBES). The Schroeder frequency sweep gen-
erated by the OBES is a sum of harmonics, equally
spaced in the frequency domain. An example of the
OBES control inputs time history is shown in Fig. 2.

The advantage of using Schroeder signal is that
it minimizes its peak-to-peak amplitude, which is
very useful in aircraft inputs excitation. The OBES-
generated Schroeder signal is sent to the aircraft
actuators to generate the F/A-18 control surfaces
oscillations. For each flight test record, the excited
control surfaces may be one of the following: differ-
ential aileron, collective aileron, collective stabilizer,
differential stabilizer, or rudders. The outputs of the
mathematical model are the structural deflections of
both wings and trailing edge flaps. The tests were per-
formed for a combination of Mach numbers from
0.85 to 1.20 and for altitudes from 5000 to 25 000 ft.
At each flight condition, characterized by an altitude
and a Mach number, all the five different excitation

Fig. 1 Left- and right-vertical tail positions as inputs on
the F/A-18 aircraft

Fig. 2 OBES control inputs versus time

Fig. 3 Left-wing accelerations and their single and dou-
ble integrations with time, which give the velocity
and the deflection in time

inputs mentioned above were performed to generate
different records with a time length of 30 s. In order
to capture all the system dynamics when building the
mathematical model, manoeuvres corresponding to a
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Fig. 4 MIMO model with 15 inputs and four outputs

given altitude and Mach number were concatenated
to generate a single 150 s time record.

In this article, the authors have used the measured
structural accelerations provided by NASA Dryden.
The measured accelerations on the structural surfaces
are very noisy. The authors remove the noise in order to
identify the F/A-18 AAW model by performing a dou-
ble integration on the surface accelerations to obtain
the surface deflections. The effect of integration on
the accelerations is shown in Fig. 3 where velocity and
position time histories are represented for the left-
wing surface over the 150 s concatenated time interval.
Only the structural surface deflection, velocity, and
acceleration for the left wing are shown to illustrate
the way in which integration operations remove the
unwanted noise.

By observing Fig. 3, the double integration has pro-
duced smoother signals which can be easily estimated.
The scheme for the multiple inputs–multiple outputs
(MIMO) model with 15 inputs and four outputs is
shown in Fig. 4.

Table 1 Flight test cases as a function of
Mach numbers and altitudes

Flight case Mach Altitude (ft)

1 0.85 5000
2 0.85 10 000
3 0.85 15 000
4 0.9 5000
5 0.9 10 000
6 0.9 15 000
7 1.1 10 000
8 1.1 15 000
9 1.1 20 000

10 1.1 25 000
11 1.2 10 000
12 1.2 15 000
13 1.2 20 000
14 1.2 25 000
15 1.3 20 000
16 1.3 25 000

Sixteen FFTs were realized at NASA Dryden Flight
Research Center, for altitudes varying from 5000 to
25 000 ft, and for Mach numbers between 0.85 and
1.30. In Table 1, the FFT cases are numbered as a
function of Mach number and altitude values.

3 ARCHITECTURE

The MIMO model is made of two main black boxes
(see Fig. 5). Both are made of neurons. The only
method which makes them different is how to calcu-
late the NN data. The first black box is computed using
the Levenberg–Marquardt back propagation (LMBP)
algorithm. The second one is calculated using the
Sugeno FL method, and the results are converted to
NN data in order to implement them in neurons.

The proposed MIMO model is further detailed by
five blocks (see Fig. 6). Its main characteristics are that
the first block, Block 1, is compiled using an NN opti-
mization algorithm (which is also Block 1 in Fig. 5),
whereas the other four blocks (Block 2, Block 3, Block
4, and Block 5) are computed using an FL algorithm
(shown by the Block 2 in Fig. 5).

Contrary to the classical FL method, the blocks com-
puted using an FL algorithm in Fig. 6 are made up of
neuron layers, in the same way in which blocks are
normally computed using the NN method. A neuron
layer is composed of a weight matrix M, a bias b, a sum
(+), and a function F [11], as shown in Fig. 7.

From Fig. 7, it can be seen that the nth neuron layer
is composed of the nth weight matrix Mn, the nth bias
bn, the sum (+), and the nth function F n [11]. There-
fore, the nth output of the neural layer is given by the

Fig. 5 MIMO identification subsystem architecture
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Fig. 6 MIMO identification system black boxes

Fig. 7 The nth neuron layer

following equations

Output n = F n(MnInput n + bn) (1a)

Output n = F n(MnOutput n−1 + bn) (1b)

If the previous data signals are model inputs
(Input n), equation (1a) is used, while if the previ-
ous data signals are provided by a previous layer
(Output n−1), equation (1b) is used.

4 THE LMBP METHOD

An N -layer network is used with A neurons on the
nth layer and B neurons on the (n + 1)th layer (see
equation (10)) to explain the LMBP algorithm. From
Fig. 7, it is seen that the kth network output of the nth
layer is given by the following equation

Outputn
i = F n(hn

k ) k = 1, . . . , A (2a)

where

hn
k =

n−1∑

i=1

(M n
k,iOutputn−1

i + bn
i ) (2b)

The performance P of the gradient descent algo-
rithm used in the LMBP method can be approximated
using the following equation

P = 1
2

Q∑

q=1

(zq − �

yq)
T(zq − �

yq) (3)

where zq is the desired output of the qth network,
�

yq is
the qth NN output, and Q is the number of outputs.

Equation (3) can also be written in the following
discrete time domain

P(t) = 1
2
[z(t) − ŷ(t)]T[z(t) − ŷ(t)] (4)

At each iteration of a gradient descent algorithm,
matrices and biases are updated. Therefore, the weight
matrix M n and the bias bn at time (t+1) are written as
a function of M n, bn, and performance P at previous
time t [12]

M n
k,i(t + 1) = M n

k,i(t) − η
∂P(t)

∂M n
k,i(t)

(5a)

bn
k (t + 1) = bn

k (t) − η
∂P(t)
∂bn

k (t)
(5b)

where η is the network learning rate.
The current errors between training results and

FFT data at time t are reduced using the learning
rate method. The global error reduction is created
by modifying the weight matrices M n

k,i(t) until net-
work accuracy, defined by the user, is reached. The
weight matrices’ values are kept frozen once global
error reduction has been accomplished. The global
error is represented by the performance function P.

For a multi-layered network, the updates ofM n and
bn at time (t+1) (see equations (5a) and (5b)) are indi-
rect functions of the previous weight matrices and
biases at time t , and therefore they are calculated
differently, using the following equations [12]

∂P(t)
∂M n

k,i(t)
= ∂P(t)

∂hn
k (t)

· ∂hn
k (t)

∂M n
k,i(t)

(6a)

∂P(t)
∂bn

k (t)
= ∂P(t)

∂hn
k (t)

· ∂hn
k (t)

∂bn
k (t)

(6b)

The derivatives of hn
k (t) given by equation (2b) are

∂hn
k (t)

∂M n
k,i(t)

= Outputn−1
i (t) (6c)

∂hn
k (t)

∂bn
k (t)

= 1 (6d)

Proc. IMechE Vol. 225 Part G: J. Aerospace Engineering

562



Identification of a non-linear F/A-18 model

Therefore, using equations (6c) and (6d), equations
(6a) and (6b) become

∂P(t)
∂M n

k,i(t)
= ∂P(t)

∂hn
k (t)

· Outputn−1
i (t) (6e)

∂P(t)
∂bn

k (t)
= ∂P(t)

∂hn
k (t)

(6f)

The performance sensitivity sn
k (t) is defined in the

next equation [12]

sn
k (t) = ∂P(t)

∂hn
k (t)

(6g)

P(t) derivatives are necessary to update the new val-
ues of M n

k,i(t + 1) and bn
k (t + 1) (see equations (8a) and

(8b)). Replacing the definition given by equation (6g)
in equations (6e) and (6f), the following expressions
for the P(t) derivatives are obtained

∂P(t)
∂M n

k,i(t)
= sn

k (t)Outputn−1
i (t) (7a)

∂P(t)
∂bn

k (t)
= sn

k (t) (7b)

Using the derivatives given by equations (7a) and
(7b), equations (5a) and (5b) can be rewritten as

M n
k,i(t + 1) = M n

k,i(t) − ηsn
k (t)Outputn−1

i (t) (8a)

bn
k (t + 1) = bn

k (t) − ηsn
k (t) (8b)

Moreover, the recurrence relationships for layer sen-
sitivities are used, and therefore equation (6g) can be
written as follows

sn
k (t) = ∂P(t)

∂hn+1
k (t)

· ∂hn+1
k (t)

∂hn
k (t)

(9)

The diagonal terms ((∂hn+1
k (t))/(∂hn

k (t))) of the Jaco-
bian matrix ((∂hn+1(t))/(∂hn(t))) used in equation (9)
is defined as follows

∂hn+1(t)
∂hn(t)

=

⎛

⎜⎜⎜⎜⎜
⎜
⎝

∂hn+1
1 (t)

∂hn
1 (t)

. . .
∂hn+1

1 (t)
∂hn

A(t)
...

. . .
...

∂hn+1
B (t)

∂hn
1 (t)

· · · ∂hn+1
B (t)

∂hn
A(t)

⎞

⎟⎟
⎟⎟⎟⎟
⎠

(10)

where A is the number of neurons on the nth layer and
B is the number of neurons on the (n+1)th layer.

Based on equation (2b), the elements of the Jacobian
matrix ((∂hn+1

i (t))/(∂hn
j (t))) are determined, where

i=1, 2,…,A and j = 1, 2, . . ., B

∂hn+1
i (t)

∂hn
j (t)

= M n+1
i,j (t)

∂Outputn
j (t)

∂hn
j (t)

(11a)

which can be written in the following form, using
equation (2a)

∂hn+1
i (t)

∂hn
j (t)

= M n+1
i,j (t)

·
F n[hn

j (t)] (11b)

Equation (11b) is generalized for all terms as follows

∂hn+1(t)
∂hn(t)

= M n+1(t)
·

F n[hn(t)] (11c)

where

·
F n[hn(t)] =

⎛

⎜⎜⎜⎜
⎝

·
F n[hn

1 (t)] 0 0

0
. . . 0

. . . . . .

0 0
·

F n[hn
A(t)]

⎞

⎟⎟⎟⎟
⎠

(12)

Equation (9) can also be written in the following
generalized form, also considering the properties of
transpose matrices

sn(t) = ∂P(t)
∂hn+1(t)

∂hn+1(t)
∂hn(t)

=
(

∂hn+1(t)
∂hn(t)

)T
∂P(t)

∂hn+1(t)

(13a)

By replacing ((∂hn+1(t))/(∂hn(t))) and sn+1(t)given
by equations (11c), (12), and (6g), respectively, in
equation (13a), the following equation is obtained

sn(t) =
·

F n[hn(t)][M n+1(t)]Tsn+1(t) (13b)

where n = 1, 2, 3, . . ., N − 1 and N is the number of lay-
ers. Then, P(t) given by equation (4) is substituted into
equation (6g) and the output layer sN (t) is obtained

sN
k (t) = ∂P(t)

∂hN
k (t)

=
∂

[
(1/2)

∑K
j=1(zj − �

yj)
2
]

∂hN
k (t)

(14a)

sN
k (t) = ∂P(t)

∂hN
k (t)

=
∂

[
(1/2)

∑K
j=1(zj − �

yj)
2
]

∂
�

yk

∂
�

yk

∂hN
k (t)

(14b)

By differential properties, it can be written that

∂
[
(1/2)

∑K
j=1(zj − �

yj)
2
]

∂
�

yk

= −(zk − �

yk) (15)

Owing to the fact that the sensitivity of the last layer
of neurons is calculated, the NN output

�

yk is equal
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Fig. 8 Performance evolutions during neural network training

to the kth network output of the N th layer. Then,
equations (14b) and (15) are written as follows

sN
k (t) = −(zk − �

yk)
∂OutputN

k (t)

∂hN
k (t)

(16)

From equation (2a), it is obtained that

∂OutputN
k (t)

∂hN
k (t)

=
·

F N [hN
k (t)] (17)

Therefore, equation (16) can be rewritten as

sN
k (t) = −(zk − �

yk)
·

F N [hN
k (t)] (18)

Using equations (8a) and (8b), the new values of
matrices and biases are calculated, while the sensitiv-
ity values for each output and each layer in real time
are found using equations (13b) and (18).

Results expressed in terms of performance evolu-
tions (three curves) are obtained using this algorithm,
and are presented in Fig. 8. All input and output data
are divided into three parts as described in the follow-
ing paragraph. For the learning phase, all the input
and output data are concatenated and split into three
parts, which do not correspond to the third of the
signals. The first part of the performance evolutions
achieved with the first half (1/2) of the original signal
is used to train the network (blue curve). The second
part is the third fourth (1/4) of the original signal,
which is used to validate the optimization of the train-
ing (green curve). The last part, which corresponds to
the last fourth (1/4) of the signal, is used to test the
efficiency of learning with unknown system data (red

curve). Figure 8 represents the decreasing of the NN
outputs error versus time. The train curve always has
the best result. It can be explained because the first half
of all input data are used to produce the network. The
validation curve and the test curve have worse results
than the train curve. The last two curves (test and train)
are used to validate the model that explains the high
differences between their errors.

With supervised learning, the artificial NN must be
trained before it becomes useful. Training consists of
giving input and output data to the network; these data
are often referred to as the training set. For each input
set provided to the system, the corresponding desired
output set is also provided. This training is consid-
ered complete when the NN reaches a user-defined
performance level, which signifies that the network
has achieved the desired statistical accuracy as it pro-
duced the required outputs for a given sequence of
inputs. The most important performance level con-
cerns the test set. Notwithstanding high performance
levels in the training and validation sets, the perfor-
mance levels achieved by the network correspond to
the test set performance levels. Only this parameter
indicates whether the NN method can adapt online
to changing input conditions. The validation set per-
formance is always a little bit better than the test set
performance. Thus, its analysis is less important.

5 NN ALGORITHM: BLOCK 1

Any system can by approximated by a two-layer NN
with one non-linear function and one linear function
[11]. The authors’ goal is to approximate the FFT
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Fig. 9 Block 1 architecture (closed loop)

model in an open loop. Block 1 consists of two lay-
ers expressed by the non-linear function f1 and the
linear function f2. Each layer is composed in the same
manner as shown in Fig. 7.

The first layer is composed of the real non-linear
function f1

f1 : R → R, x → 1 − e−2x

1 + e−2x
(19a)

and of the real linear function f2

f2 : R → R, x → x (19b)

As each layer has a matrix M and a bias b, the output
equations given by Block 1 are

Sak = f1(M1Sk−1 + M0Rk + b1) (20a)

and

Sk = f2(M2Sak + b2) (20b)

By introducing Sk−1 from equation (20a) into Sak

given by equations (20b), the output equation of the
closed-loop Block 1 becomes

Sk = f2[M2f1[M1Sk−1 + M0Rk + b1] + b2] (20c)

All matrix values (M0, M1, and M2), and bias val-
ues (b1 and b2) are calculated by the LMBP algorithm
described in section 4 [11]. The open-loop Block 1 is
trained to match the FFT data; however, this block
is used to introduce a closed loop in the identifica-
tion model. The closed-loop Block 1 is expressed by
equation (20c). The output Sk is a function of the pre-
vious output Sk−1 and the input Rk . The delay of the
back propagation in the closed loop is given by the
term Sk−1, as shown in Fig. 9.

The first layer should contain three, four, or five neu-
rons according to the orthogonal least squares method

Fig. 10 Open-loop Block 1 architecture

[13]. Block 1 identifies the FFT system in an open loop,
while the second layer, which is the last, must contain
a certain number of neurons as outputs. Therefore, the
second layer has four neurons because there are four
outputs, as shown in Fig. 10.

Thus, NN Block 1 is trained using the LMBP
algorithm for 500 and 5000 iterations, and for three,
four, and five neurons on its first layer.

The criterion used to evaluate the model’s preci-
sion is the fit coefficient, which is expressed with
equation (21)

Fit coefficient = 100

(

1 −
√ ∑n

1 [z − ŷ]2

∑n
1 [z − mean(z)]2

)

(21)

where z is the measured output, ŷ is the estimated
output, and n represents the number of points of the
signal y.

The NN systems composed of three, four, or five neu-
rons on the first layer for 500 and 5000 iterations are
trained, and the fit coefficients are calculated. Results
are expressed in terms of fit coefficients calculated
for the left and right wing and left and right trail-
ing edge versus the number of neurons (3, 4, and 5),
##are shown in Table 2 for 500 and 5000 iterations,
respectively.

From Table 2, it is clear that the fit coefficients
obtained using the NN method by the use of only
three neurons on its first layer are smaller than the
fit coefficients obtained using four or five neurons.

Table 2 Values of fit coefficients (per cent) for 500 and 5000 iterations (iteration)

Three neurons Four neurons Five neurons

500
iteration

5000
iteration

500
iteration

5000
iteration

500
iteration

5000
iteration

Left wing 28.16 28.17 99.26 99.99 99.34 99.98
Right wing 89.50 89.60 99.60 99.98 99.20 99.21
Left trailing edge flap 71.77 71.87 99.36 99.98 99.30 99.31
Right trailing edge flap 88.57 88.10 99.31 99.99 97.67 99.96
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Table 3 Training time (hours) versus the number of itera-
tions for four and five neurons (hours)

Four neurons Five neurons

500 iterations 0.21 0.32
5000 iterations 2.14 3.14
15 000 iterations 7.56 11.78

Table 4 Fit coefficients for the number of 15 000 itera-
tions versus the number of neuronss for WINGL,
WINGR, TEFL, and TEFR

Three
neurons

Four
neurons

Five
neurons

Left wing 28.17 99.99 99.98
Right wing 89.60 99.98 99.21
Left trailing edge flap 71.87 99.98 99.31
Right trailing edge flap 88.10 99.99 99.96

Next, it is needed to decide between the use of
four and five neurons on the first layer, based on the
training time. In Table 3, the training time (hours) ver-
sus the number of neurons (4 and 5) is highlighted for
500, 5000, and 15 000 iterations. The results show that
the training time with four neurons is always less time-
consuming than with five neurons and, for this reason,
four neurons are used on the first layer.

Results, expressed in terms of fit coefficients as func-
tions of the number of neurons, are shown for the
left wing, right wing, left trailing edge flap, and right
trailing edge flap in Table 4.

From the results shown in Table 4, it is concluded
that is better to use 5000 rather than 500 iterations
in order to obtain more accurate fit coefficient val-
ues. It is not worth using 15 000 iterations, because the
same results are obtained with only 5000 iterations;
in addition, the execution time for 15 000 iterations is

Table 5 Fit coefficients for 16 flight cases of the open-loop Block 1 (model results versus FFT data)

Flight case Mach number Altitude WINGL WINGR TEFL TEFR

1 0.85 5000 99.07 99.51 99.57 99.56
2 0.85 10 000 98.99 99.39 99.22 99.57
3 0.85 15 000 98.93 99.77 99.67 99.67
4 0.9 5000 99.65 99.71 99.72 99.72
5 0.9 10 000 98.50 99.76 99.74 99.69
6 0.9 15 000 99.47 99.84 99.47 99.76
7 1.1 10 000 99.60 99.40 99.74 99.37
8 1.1 15 000 99.32 99.69 99.59 99.66
9 1.1 20 000 99.68 99.52 99.55 99.60

10 1.1 25 000 99.74 99.22 98.94 98.52
11 1.2 10 000 98.86 98.03 98.94 99.09
12 1.2 15 000 99.30 99.67 99.56 99.68
13 1.2 20 000 99.41 99.70 99.65 99.77
14 1.2 25 000 99.77 99.17 99.44 99.76
15 1.3 20 000 99.36 99.74 99.36 99.74
16 1.3 25 000 98.90 98.99 99.58 99.80

Fig. 11 Time variation of the left wing WINGL angle
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3.5 times longer than for 5000 iterations, as shown in
Table 3.

The fit coefficient values for 16 flight flutter cases
are shown in Table 5, where it can be seen that the
smallest fit coefficient is obtained for flight flutter case
11 (which is, for this reason, considered to be the worst
case). In Figs 11 to 14, results are expressed in terms
of time variations of aircraft surfaces angles (left and
right wing, left and right trailing edge flap); the FFT
data are shown in blue, while the model results are
represented by green stars.

6 THE LINK BLOCK BETWEEN NN AND FL
NETWORKS

The first block of the MIMO architecture (see Fig. 6),
Block 1, is computed using the NN method, while the
rest of the system identification is computed by the FL
method. Thus, a method is found to connect the NN
to the FL algorithm.

The FL network is composed of Block 2, Block 3,
Block 4, and Block 5. Two cases are chosen using dif-
ferent types of inputs for the FL network. For the first

Fig. 12 Time variation of the right wing WINGR angle

Fig. 13 Time variation of the left trailing edge flap TEFL angle
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Fig. 14 Time variation of the right trailing edge flap TEFR angle

Fig. 15 4in link block architecture

Fig. 16 14in link block architecture

Fig. 17 Link block architecture

case, denoted by 4in, the Block 1 outputs are chosen
as Block 2 and Block 3 inputs. For the second case,
denoted by 14in, then Block 1 outputs and ten Block
1 output products are chosen as Block 2 and Block 3
inputs (see Figs 15 to 17).

Table 6 Fit coefficients obtained for WINGL and WINGR

for both input cases

WINGL WINGR

Flight
case

4in
method

14in
method

4in
method

14in
method

1 96.71 99.24 97.78 99.55
2 95.78 99.75 97.75 99.85
3 96.88 99.65 97.35 99.60
4 97.23 99.71 98.26 99.81
5 97.75 99.76 98.36 99.78
6 96.47 99.57 98.72 99.78
7 97.60 99.79 97.60 99.71
8 96.87 99.71 97.86 99.72
9 96.70 99.64 96.47 99.67

10 95.90 99.63 97.99 99.83
11 97.04 99.81 95.55 99.56
12 95.10 99.50 97.25 99.72
13 96.96 99.77 98.51 99.90
14 98.04 99.78 97.97 99.81
15 93.79 99.38 95.46 99.61
16 91.47 99.72 95.54 99.70

Then the FL and the NN algorithms are computed
to determine which case gives the best system identi-
fication. The fit coefficients for WINGL and WINGR are
shown in Table 6, and the fit coefficients for TEFL and
TEFR are shown in Table 7 for both cases, 4in and 14in.

From Tables 6 and 7, it was found that the 14in fit
coefficients were higher and thus, better than the 4in
fit coefficients, which means that adding non-linear
products to Block 1 outputs improves the fit coefficient
values, for wings and trailing edge flaps.

Thus, fit coefficients are increased up to 99 per cent,
from 1per cent to 8 per cent for any flight case and any
output. For system identification, the 14in method was
chosen as the link to connect Block 1 to Blocks 2 and 3.
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Table 7 Fit coefficients for the simulation results for TEFL

and TEFR for both input cases

TEFL TEFR

Flight
case

4in
method

14in
method

4in
method

14in
method

1 96.57 99.67 97.92 99.59
2 92.38 99.62 93.62 99.69
3 97.97 99.68 97.68 99.74
4 98.09 99.82 97.55 99.75
5 96.73 99.68 97.33 99.67
6 96.82 99.61 97.32 99.60
7 97.98 99.61 97.01 99.55
8 96.76 99.74 97.78 99.79
9 94.91 99.50 95.53 99.69

10 96.05 99.60 98.54 99.77
11 98.15 99.85 97.53 99.73
12 95.05 99.48 94.07 99.42
13 97.79 99.81 97.39 99.76
14 97.14 99.56 98.62 99.71
15 94.84 99.76 94.80 99.54
16 95.03 99.61 98.47 99.88

Consequently, the NNs are connected to the FL
algorithms, using a neuron layer.

This layer is defined by the following equation

Vk,1→2,3 = f3(Sk) (22)

where the function f3 is defined as follows

f3 : R
4 → R

14,

(x1, x2, x3, x4) → (x1, x2, x3, x4, x2
1 , x2

2 , x2
3 , x2

4 , x1.x2,

x1.x3, x1.x4, x2.x3, x2.x4, x3.x4)

(23)

7 FL ALGORITHM

The FL method is used to identify non-linear rela-
tionships between input and output data. The FL
algorithm used in the identification system is the
Sugeno algorithm. This method calculates the mem-
berships and the constant coefficients [14]. Their
definitions are given next.

A membership is determined by a mathematical
statistic law. The Gaussian distribution is chosen as
the statistical law. In this method, linear combina-
tions of statistical parameters are used to calculate
non-linear system outputs. Thus, each membership
is represented by a mean and a standard deviation.

This algorithm has three distinct parts. The standard
deviations are computed in the first part, then the
means are calculated, and, in the last part, the con-
stant coefficients, which depend on previous values,
are computed.

To prevent an excess of Gaussian distribution com-
putation on signal data, three different parameters are
stated. The first parameter, cluster proximity (CP), is
used to keep two statistical laws from becoming too

close to each other. The other two parameters, accept
ratio (AR) and reject ratio (RR), are used to accept
or reject data as Gaussian distribution means. Before
computing statistical laws, all data must be gathered as
shown in equations (24) and (25), and then normalized
between 0 and 1 using equation (26)

Xin = [
inputs data

]
Xout = [

outputs data
]

(24)

where Xin is the concatenation of input data and, Xout
is the concatenation of output data

X = [Xin Xout][numPoints×numParams] (25)

where X is the concatenated matrix of input and
output data, numPoints is the data length, and
numParams is the number of input and output signals

Xnormalized = X − min(X)

max(X) − min(X)
(26)

To calculate these laws, a potential value, potVals, is
allocated to each signal’s data as follows [15]

potVals(i) =
numPoints∑

i=1

e−4
∑numParams

j=1 (dxi,j )
2

(27)

where dxi,j is the term of the ith row and the jth column
of the matrix

dx =

⎡

⎢⎢⎢⎢⎢⎢
⎣

X (i, 1) − X
(1, 1)

. . .
X (i, numParams) − X

(1, numParams)
. . . . . . . . .

X (i, 1) − X
(numPoints, 1)

. . .

X (i, numParams)
−X (numPoints,

numParams)

⎤

⎥⎥⎥⎥⎥⎥
⎦

The first high-potential value maxPotVal, called
refPotVal, is used as a reference. For any iteration,
the highest potential value maxPotVal is selected to
calculate maxPotRatio as follows

maxPotRatio = maxPotVal
refPotVal

(28)

This ratio is used to determine whether the selected
data are the mean of a Gaussian distribution. To know
whether the selected data can be accepted, it is com-
pared with two thresholds, AR, and RR. If the value of
maxPotRatio is higher than AR, the data are accepted
as a mean. If the maxPotRatio value is lower than RR,
the data are rejected and the next data are chosen
by the iterative process. However, if the maxPotRatio
value is between AR and RR, a new value minDist must
be computed

minDist =
√

[(X(maxPotRatio) − mean)

×accumMultp]2 (29)

where accumMultp is an FL ratio which is a function
of CP ratio.
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This value highlights two criteria used to evaluate
the validity of these data for identifying the system.
On the one hand, this distance is used to determine
whether the data have a high enough potential value.
On the other hand, this value will avoid the selection of
a new Gaussian distribution mean that is too close to
the previous ones. If the value maxPotRatio + minDist
is less than 1, the data are not a cluster and the poten-
tial value is set to zero. Otherwise, the data are added
to the list of the cluster centres.

Then, all potential values are modified subsequently
to these obtained results. Using an iterative method,
the higher values are selected as the means, and the
potential values are updated according to the mem-
bership values.The new potential values potValsnew are
functions of the previous potential values potValsold, as
shown in the following equations

potValsnew = potValsold − maxPotValold

× e−4
∑numParams

i=1 (ddxi)
2

(30)

where ddxi is the ith term of the column vector
ddx = (X(maxPotRatio) − X) × new_sqshMultp and,
new_sqshMultp is an FL ratio which is a function of
CP ratio.

If, after the updates of the potential values, a new
value remains negative, it is immediately set to zero.
The iterative loop for computing cluster centres stops
when all potential values are equal to zero.

At the end of the algorithm, a defined number of
Gaussian distributions are obtained and each law is
composed of its mean and its standard deviation. Only
the standard deviations of the previously calculated
Gaussian distribution law are yet to be determined. All
the standard deviations are computed as a function
of the minimum and maximum of each signal’s data
before its normalization, as follows

σ[numParams×1] = CP[max(X ) − min(X )]
2
√

2
(31)

When this step is completed, the laws required
to identify the non-linearities of the studied system
are calculated. To finalize the identification with the
Sugeno FL method, there is the need to calculate the
constant coefficients relating linearly the input data
with the output data.

Chiu [16] compares the fuzzy C-means (FCM) with
the Gaussian definitions of the membership functions.
The Gaussian membership function produces more
accurate optimized models than the FCM. Hence,
the FL rules are defined, using Gaussian membership
functions, as follows

muVals[numPoints×1] = e−((X in−means)/√
2·Std)2

(32)

The values muVals are used to define the normal-
ized matrix muMatrix that highlights the linear rules
between the inputs and the outputs, weighting each
term according to its importance in the linear rules

muMatrix(i, (j − 1)(numInp + 1) + 1 : (numInp + 1)j)

=
[

X in(i, :) × muVals(i, (numInp + 1)j)
∑numRule

k=1 muVals(i, (numInp + 1)k)

muVals(i, (numInp + 1)j)
∑numRule

k=1 muVals(i, (numInp +1)k)

]

[numPoints
×(numRule

·(numInp+1))]
(33)

It is possible to find the coefficients of the linear
algebraic equation connecting the input to the out-
put data, using this matrix. These coefficients outEqns
are obtained by equation (34), since muMatrix is not
square

outEqns = (muMatrixTmuMatrix)−1muMatrixT

· Xout (34)

8 FROM FL RESULTS TO NN DATA

The rest of the identification system was compiled, not
with an NN optimization algorithm, but with the FL
algorithm.The new method involves mixing both algo-
rithms and converting FL results into NN data; the FL
compilation time is shorter than the NN compilation
time.

Different numbers of memberships depend on the
chosen flight case. The notation R is chosen for the
number of memberships, depending on the flight
cases. All descriptions of matrices and biases are gen-
eralized. The authors choose the number of inputs
I = 14 (due to the function f3) and the number of
outputs � = 4.

8.1 Statistical coefficients: Block 2

First of all, in the FL algorithm, the authors calculate
the statistic coefficients from Gaussian distributions
(i.e. a mean (β i) and a standard deviation (αk)). A Gaus-
sian distribution 	 given by a mean β i and a standard
deviation αk is defined as follows

	(βi, αk) = e−((x−βi)/αk )2
(35)

For each pair of membership and input, a mean and
a standard deviation are computed. The f2 function is
used to deduct the mean values, whereas the f4 func-
tion layer is used to divide by the standard deviation.
These Gaussian distribution results are provided by the
f4 outputs, Ybk,1.

Proc. IMechE Vol. 225 Part G: J. Aerospace Engineering

570



Identification of a non-linear F/A-18 model

Fig. 18 Block 2 architecture

The f5 function gives the products of the inputs.
Those results are used in Block 4 to calculate a global
coefficient (see section 8.3) for all outputs.

In Fig. 18, Block 2 is summarized.
Yak,1 and Ybk,1 are defined, and further the two out-

puts Yk,2 and Yk,3 are given by Block 2. These outputs
are defined in Fig. 18, as follows

Yak,1 = f2(M3Vk,1→2,3 + b3) (36a)

Ybk,1 = f4(M4Yak,1) (36b)

Yk,2 = f5(M5Ybk,1) (36c)

Yk,3 = f2(M6Yk,2) (36d)

where the f4 function is defined as a negative exponen-
tial function

f4 : R → R, x → e−x2
(37)

and the f5 function is defined as a product function

f5 : R
R.I → R

R, X → Y

telque Y (i) =
i.I∏

k=(i−1)·I+1

X(k)

(38)

Fig. 19 Block 3 architecture

Fig. 20 Block 4 architecture

8.2 Linear combinations: Block 3

The linear coefficients with mean and standard devi-
ation values are computed here. Using the results
obtained in the 14in link block, the coefficients of lin-
ear combinations (χik) are calculated for each input,
and also constant coefficients γi independent of the
number of inputs. Actually, the outputs of the sec-
ond f2 function layer are combinations of linear inputs.
Unfortunately, system identification is far from linear,
and therefore not only Block 2 is required for system
identification, but the other blocks also are.

From the Block 3 architecture seen in Figs 19 to 21,
the first layer is defined as follows

Xak,2 = f2(M7 · Vk,1→2,3 + b4) (39a)

The second layer, which has the same transfer
function f2 (see section 5), is defined as

Xk,2 = f2(M8 · Xak,2) (39b)

8.3 Global ratio coefficients: Block 4

The Block 4 contains only one function f2. Its purpose
is to compute a global coefficient, Zk,1, to match the
model’s outputs with the FFT data. This global coeffi-
cient is calculated by linear computation of the input
data. Each output has the same ratio between its real
value and calculated value. Thus, the global coefficient
has a unique value.

Block 4 is defined as a one-neuron layer block,
written in the following form

Zk,1 = f2(M9Yk,2) (40)

8.4 Final calculus: Block 5

The final calculus realized in the identification system
method can be split into three steps. The first step con-
sists of multiplying the Block 2 and Block 3 outputs.

Fig. 21 Block 5 architecture
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Both outputs’ vectors have the same size ([[R� × 1]]).
Each of the outputs’ vector values are multiplied, term
by term, in order to construct signals that are close to
linear combinations of an FFT data signal.

The Block 5 architecture can be split into three parts.
The first part gives the following equations from Block
2 and Block 3 outputs

XYk = Xk,2@Yk,3 (41a)

where the operator @ is defined as a term-by-term
product as follows

A@B = C ↔ aijbij = cij with

dim(A) = dim(B) = dim(C)

The second layer can be written as a neuron layer
under the following form

Zk,23 = f2(W10 · XYk) (41b)

The third layer uses the global coefficient, Zk,1, to
compensate the ratio between the linear combination
estimation of inputs and the FFT system in real time

Outputsk = Zk,23 × Zk,1 (41c)

9 RESULTS

NN and FL algorithms were used for the 16 flight test
cases. The size of each neuron layer depended on
the computed flight test case. The fit coefficients (see
section 5 – equation (21)) were calculated for the four

Table 8 Fit coefficients values for WINGL, WINGR, TEFL,
and TEFR, for 16 flight test cases

Flight
case WINGL WINGR TEFL TEFR

1 99.24 99.55 99.67 99.59
2 99.75 99.85 99.62 99.69
3 99.65 99.60 99.68 99.74
4 99.71 99.81 99.82 99.75
5 99.76 99.79 99.68 99.67
6 99.57 99.79 99.61 99.60
7 99.79 99.71 99.61 99.55
8 99.71 99.72 99.74 99.79
9 99.64 99.67 99.50 99.69

10 99.63 99.83 99.60 99.77
11 99.81 99.56 99.85 99.73
12 99.50 99.72 99.48 99.42
13 99.78 99.90 99.81 99.76
14 99.78 99.81 99.56 99.71
15 99.38 99.61 99.76 99.54
16 99.72 99.70 99.61 99.88

The worst-fit coefficient was obtained for the FFC (Mach number =
0.85 and altitude = 5000 ft) for the left-wing position (WINGL).
The best-fit coefficient was obtained for the 13 flight case (Mach
number = 1.2 and altitude = 20 000 ft) for the right-wing position
(WINGR).

outputs (WINGL, WINGR, TEFL, and TEFR) for all flight
test cases. Table 8 was obtained.

10 CONCLUSION

By using NN and FL algorithms, regardless of the flight
test case, the fit coefficient error for FFT data were
always small – less than 0.8 per cent (see Table 8).
The computation time was optimized by convert-
ing FL results into NN data. It is concluded that
the identification method is more accurate than the
subspace identification method [10], because of the
higher values of the fit coefficients calculated using
the identification method.
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APPENDIX 1

Notation

accumMultp FL algorithm ratio which is a
function of CP ratio

AILL left aileron position
AILR right aileron position
AR AR for clusters centres
bn bias of the nth layer
bn

i bias coefficient for the ith input
of the nth layer

bp_ bias, p = 0, 1, 2, 3, 4
CP ratio for determining the

proximity of two clusters centres
fp transfer function, p = 1, 2, 3, 4, 5
F n transfer function of the nth layer
Ḟ n derivative function of the

transfer function of the nth
layer

hn data of the nth layer before
activation

hn
k kth data of the nth layer before

activation
Inputn input of the nth layer
max(X) maximum value of the

variable X

maxPotRatio ratio between the maximum
value of the potential value and
the reference potential value

maxPotVal maximum value of the potential
value

mean(X ) mean value of the variable X
min(X ) minimum value of the

variable X
minDist criterion taking in account all

clusters means
muVals exponential functions of

Gaussian means and standard
deviations

Mn weight matrix of the nth layer
M n

k,i weighting coefficient between
the ith input and the kth output
of the the nth layer

new_sqshMultp FL algorithm ratio which is a
function of CP ratio

numInp size of the inputs’ vector
numParams size of the input and output

data
numPoints length of signals data in time
numRules number of clusters
outEqns matrix of the constant

coefficients computed using the
Sugeno FL algorithm

Outputn output of the nth layer
Outputn

k kth output of the nth layer
potVals potential value of a signal’s

data
P performance coefficient
refPotVal reference potential value of a

signal’s data
RR Reject ratio for clusters centres
sn

k performance sensitivity of the
kth output of the the nth layer

STBL left stabilizer position
STBR right stabilizer position
Std standard deviation of a

Gaussian distribution
TEFL left trailing edge flap position
TEFR right trailing edge flap position
VERTL left rudder position
VERTR right rudder position
Wp weight matrix,

p = 0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10
WINGL left wing position
WINGR right wing position
Xin input data matrix
Xout output data matrix
ŷ estimated output signal
z desired output vector

αk standard deviation of a
Gaussian distribution

βi mean of a Gaussian distribution
η learning rate
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APPENDIX 2

M3 = (m3ij ) b3 = (b3i )

dim(M3) = [RI × I ] dim(b3) = [RI × 1]
∀i ∈ [[1; RI]], ∀j ∈ [[1; I ]] ∀i ∈ [[1; RI]]
if(Rj − i) ∈ [[0; R − 1]] b3i = −βi

⇒ w3ij = 1
else m3ij = 0

M4 = (m4ij )

dim(M4) = [RI × RI ]
∀i ∈ [[1; RI ]], ∀j ∈ [[1; RI ]], ∀k ∈ [[0; I − 1]]
i ∈ [[kR + 1; (k + 1)R]] ⇒ m4ij = αkδij

M5 = (m5ij )

dim(M5) = [RI × RI ]
∀i ∈ [[1; RI ]], ∀j ∈ [[1; RI ]]
m5ij = δ(i−RI )(RI−j) + δ(i−1)(1−j)

∀i ∈ [[1; RI − 1]], ∀j ∈ [[1; RI − 1]]
m5ij = 1 ⇒ m5(i+I )(j+1)

= 1 and m5(i+1)(j+R)
= 1

M6 = (m6ij )

dim(M6) = [R� × R]
∀i ∈ [[1; R�]], ∀j ∈ [[1; R]]
if(�j − i) ∈ [[0; � − 1]] ⇒ m6ij = 1
else m6ij = 0

M7 = (m7ik
) b4 = (b4i )

dim(M7) = [R� × I ] ∀i ∈ [[1 × R�]]
∀i ∈ [[1 × R�]], ∀k ∈ [[1 × I ]] b4i = γi

m7ik
= χik

M8 = (m8ij )

dim(M8) = [R� × R�]
∀i ∈ [[1; R�]], ∀j ∈ [[1; R�]]
m8ij = δ(i−1)(1−j)

∀i ∈ [[1; R� − 1]], ∀j ∈ [[1; R� − 1]]
m8ij = 1 ⇒ m8(i+�)(j+1)

= 1 and m8(i+1)(j+R)
= 1

M9 = (m9j )

dim(M9) = [1 × R]
∀j ∈ [[1 × R]]
m9j = 1

M10 = (m10ij )

dim(M10) = [� × R�]
∀i ∈ [[1 × �]], ∀j ∈ [[1 × R�]], ∀k ∈ [[1 × (R − 1)]]
m10ij = δ�k+i,j
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