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Abstract

An adaptive nonlinear neural controller to reduce the nonlinear flutter in 2-D wing is proposed in the paper. The
nonlinearities in the system come from the quasi steady aerodynamic model and torsional spring in pitch direction.
Time domain simulations are used to examine the dynamic aero eastic instabilities of the system (e.g. the onset of
flutter and limit cycle oscillation, LCO). The structure of the controller consists of two models :the modified Elman
neural network (MENN) and the feed forward multi-layer Perceptron (MLP). The MENN modd istrained with off-line
and on-line stages to guarantee that the outputs of the model accurately represent the plunge and pitch motion of the
wing and this neural model acts as the identifier. The feed forward neural controller is trained off-line and adaptive
weights are implemented on-line to find the flap angles, which controls the plunge and pitch motion of the wing. The
general back propagation algorithm is used to learn the feed forward neural controller and the neural identifier. The
simulation results show the effectiveness of the proposed control algorithm; this is demonstrated by the minimized
tracking error to zero approximation with very acceptable settling time even with the existence of bounded external

disturbances.
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1. Introduction

The performance of aircraft is often limited by
adverse aero eastic interactions such as flutter.
Flutter is defined as a dynamic instability of a
flight vehicle associated with the interaction of
aerodynamic, dastic, and inertial forces. If flutter
can be controlled at cruise speeds, lighter wings
can be designed and consequently more efficient
airplanes. It is therefore, in the aircraft designer’s
best interest to design innovative ways in which
flutter can be controlled without making the
resulting structure too heavy The nonlinear flutter
models behavior is close to the systems in nature.
However, the control on the flutter resulting from
nonlinear models is not an easy task and need
more development. In reality nonlinearities may
be presented in various forms [1,2] .Recently,
many researches in this field proposed different

nonlinear flutter controllers, where the linear
controller could not effectively suppress the
flutter [3]. Palanigppan, & a. [4] developed a
feedback algorithm for the control of nonlinear
flutter. The actuators are jets in the walls through
which there is a small mass flow, either by way of
blowing or suction. Afkhami and Alighanbair [5]
presented nonlinear controller to control flutter.
Integral-input-to-state stability concept is utilized
for the construction of a feedback controller.
Haiwei and Jinglong [6] proposed the robust
flutter analysis of a nonlinear 2-D wing section
with structural and aerodynamic uncertain using
w-method. The parametric uncertainty was
adopted to describe the uncertainties in structure
and aerodynamics. The nonlinear system was
linearized at equilibrium point and u analysis is
performed for a set of values of flow velocities to
generate the lower and upper bounds of robust
flutter speed. For a typical section with a
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structural nonlinearity, Zeng and Singh [7] have
derived a nonlinear adaptive control based on the
model reference adaptive control theory. The
system design was based on an output feedback
method that eliminates the requirement for full
state reconstruction. However, the derived control
system exhibits somewhat larger flap deflections
in simulations than others.

The neural networks were introduced in aero
dastic fidd as nonlinear controller or flutter
prediction device. Mdin and Castillo[8] combined
adaptive modd-based control using neural
networks with the method for modding using
fuzzy logic, and fractal theory to obtain a new
hybrid neuro-fuzzy-fractal method for the control
of nonlinear dynamic aircraft. The adaptive
controller can be used to control chaotic and
unstable behavior in aircraft systems. Chen, et al.
[9] presented an approach using artificial neural
networks (ANN) algorithm for predicting the
flutter derivatives of rectangular section modds
without wind tunne tests. The database of flutter
derivatives was identified from a back-
propagation (BP) ANN modd that is built using
experimental dynamic responses of rectangular
section models in smooth flow as the input/output
data. These limited sets of database are employed
as input/output data to establish a prediction ANN
frame modd to further predict the flutter
derivatives for other rectangular section modes
without conducting wind tunnd tests. The results
presented indicate that this ANN prediction
scheme works reasonably well.

The contribution of the present work is the
utilization of a relatively simple approximation
neural network to identify the posture of the non
linear 2-D wing system and to design an adaptive
nonlinear neural controller.

2. Method of Analysis
2.1. Two Dimensional Aero elastic Wing
M odel

The 2-D aero dastic wing section is shown in
Figure (1). The governing equations of motion are
provided in [5] and are given as.

mh+ mx,ba +c, h+kh=-L
la+mx,bh+c,a+k, (@)a =M (1)

where h is the plunge displacement and « is the
pitch angle. In Eg. (1), m is the mass of the wing;
b is the semichord of the wing; | is the moment of
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inertia; x, is the nondimensionalized distance of
the center of mass from the dastic axis; kj is
plunge stiffness coefficient; k, (@ )is nonlinear
pitch stiffness ¢, and c, are plunge and pitch
damping coefficients, respectively; L and M are
the aerodynamic lift and moment. In the present
work, the nonlinear quasi steady aerodynamic
moded including stall effect [10] and flap angle
effect [5] is asfollow

L=rU?0C_, @y - Ca%)+rU?pC, b,
+rU2C,,,b,

M =rU%°C,_(ay - cax)+ru’’C,,b,
+rU%pb*C,,,b,

..(2)

where p is the air density, U is the flow
velocity, and C, and Cp,, are the lift and moment
coefficients. C 4 and Cys are the lift and moment
coefficients per flap angle. g, and B, are flap
angles. ¢z isanonlinear parameter associated with

stall model. ag; is the effective angle of attack
defined by

a, =a+h/U+(05dba/U .3

where d is the non dimensional distance from
the mid chord to the dastic axis. Parameter ¢; is
defined as follow for NACA 0012 airfoil (a
symmetric wing section by National Advisory
Committee for Aeronautics),

cs = 0.00034189(180/7)3/C, (%)

This aerodynamic modd is valid
aegr | (=11, 11) degree.
The function k,(a) is considered as a polynomial
given by [10]
Ko(0t) = Keg + Koot + Koz0?, ...(5)

wherek,; ,j =1, 2, 3 areconstants.
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Fig.1. Two-Dimensional Aero elastic Model.
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2.2. Nonlinear Flutter analysis

The proposed nonlinear controller must work
in the unstable region .Time domain simulation is
used to examine the dynamic aerodastic
instabilities of the system (e.g. the onset of flutter
and limit cycle oscillation (LCO)) [11].The
simulation is performed by solving egs (1-5) and
using Runge Kutta method for different velocities
and initial conditions.It was found that LCO
appears at U=9.9m/sec and never appear at speed
less than what ever the initial conditions.
Therefore the flutter speed is 9.9nVsec and the
proposed nonlinear controller must give a good

U=9.8 m/sec
T T T
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Fig.2. Time history of Pitch Angleand
Plunging At 9.8 M/S Speed and Initial

Conditions (h(0) = 0;a (0) =0.1rad ).

29

performance at speed higher than that value
(unstable region).

Figure (2) shows the plunge h and pitch angle
a. responses at speed 9.8nV/sec while the responses
at speed 9.9nVsec are shown in the figure (3) The
time responses of the plunge h and pitch angle o
corresponding to the uncontrolled system at
U=30m/sec, and 40nVsec are shown in figure
(4).Clearly, the system responses exhibit LCO
behaviour. It is clear that the amplitudes of LCO
increase with the velocity. The function of
controller is to reduce amplitudes of LCO at short
settling time in order to diminate the risk of
damage of wing structure.
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Fig.3. Time History Of Pitch Angle and
Plunging at 9.9 M/S Speed and Initial

Conditions () h(0) = 0;a (0) = 0.1rad .
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Fig.4. Time History of Pitch Angle and Plunging at 30m/sand 40m/sec Speed With Initial Conditions
(h(0) =0;a (0) =0.1rad).

2.3. Adaptive Nonlinear Neural Control
M ethodology

The approach to control wing motion depends
on the available information about the system and
the control objectives. The 2-D wing system is
considered as modified Elman recurrent neural
networks modd. The first step in the procedure of
the control structure is the identification of
nonlinear dynamics of 2-D wing system from the
input-output data. Then a feed forward neural
controller is designed using feed forward muilti-
layer perceptron neural network to find flap
angles that control the plunge and pitching wing
moation.

The proposed structure of the adaptive
nonlinear neural controller can be given in the
form of block diagram as shown in figure (5). It
consists of:

1- Neural Network Identifier of 2-D wing system .
2- Feed forward Neural Controller.
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In the following sections, each part of the
proposed controller will be explained in details.

2.4. Nonlinear 2-D Wing System Neural
Network Identifier

The modified Elman recurrent neural network
modd is applied to construct the 2-D wing system
neural network identifier as shown in figure (5).
The nodes of input, context, hidden and output
layers are highlighted. The network uses two
configuration models, series-paralld and paralld
identification structures, which are trained using
dynamic back-propagation algorithm.
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Fig.5. The Proposed Structur e of the Adaptive Nonlinear Neural
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The structure shown in figure (6) is based on
the following equations:

9(k) = F{VH G(k),VCg° (k), biasVb} ...(6)
O(k) = (Wg(k), biaswh) (7

where VH,VC and W are weight matrices, Vb
and Wb are weight vectors and F is a non-linear
vector function. The multi-layered modified
Elman neural network, shown in figure (7), is
composed of many interconnected processing
units called neurons or nodes. The network
weights are denoted as follows:

VH :Weight matrix of the hidden layers.

vC : Weight matrix of the context layers.

Vb : Weight vector of the hidden layers.

w : Weight matrix of the output layer.

Wb : Weight vector of the output layer.

L : Denotes linear node.

H : Denotes nonlinear node with sigmoidal
function.

ol Laver

'y 4 .
Ny G

Fig.7. The Multi-Layer Perceptron Neural
Networks of the Feed forward Neural Controller.

In order to improve the ability of network
memory, self-connections, with fixed value| , are
introduced into the context units of the network to
give these units a certain amount of inertia [13].
The introduction of self-connections in the context
units increases the possibility of modeling high-
order systems by Elman network.

The output of the context unit in the modified
Elman network is given by:

92(k) =1g2(k-1)+rg (k-1 ...(8)

where ¢ and g_(k)are the outputs of the

context and hidden units respectively. | is the
feedback gain of the sdf-connections and r is the
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connection weight from the hidden units (™ to
the context units (c) at the context layer. The
valueof | and r are sdected randomly between
(0 and 1) [13] . To explain these calculations,
consider the general j™ neuron in the hidden layer.
The inputs to this neuron consist of an i-
dimensional vector, where i is the number of the
input nodes. Each of the inputs has VH and VC
weights associated with it.

Vb is the weight vector for the bias input set
equal to -1 to prevent the neurons quiescent. The
first calculation within the neuron consists of
calculating the weighted sum Mét; of the inputs as

[13 and 14]:

g s
net, =3 VH, G +§ VC,~ g +bias’ Vb, --(9)
i=1 c=1
Where j.is the number of the hidden nodes, c is
the number of the context nodes and G is the
input vector. The outputs of the identifier are the
modedling plunge and pitch motion and are
defined as: g =(h .,a,)"
where
h.. : plunge motion of the wing identifier.

a ,, Pitch motion of the wing identifier.

The learning algorithm will be used to adjust
the weghts of dynamical recurrent neural
network. Dynamic back propagation algorithm is
used to train the Elman network. The sum of the
square of the differences between the desired
outputs ¢ =(h,a)"and neural network identifier

outputs g = (h,,a,)" isgiven by equation (10).

E——a«h h)?+(@ - a,)%) +-(10)

=1

where np is the number of patterns.

The connection matrix between hidden layer
and output layer is W,

1E (1)

K

DW, (k+1) =-h

where h isthelearning rate.

1E _ E  fau(k+D) To, Tnet, .(12)
W Ta,(k+1) Yo, et W

DW, (k+)=h"g, & ...(13)
W, (K +1) =W, (K) + DW (k +1) ...(14)

The connection matrix between the input layer
and hidden layer is VH
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DVH , (k+1) = -h 1= --(19)
IVH ;
E _ E fok+) fo Tnei o, et (16)
VH,  fa,k+D)  fo, e, o, Tnet TVH,
DVH, (k+1) =h” f(net))¢ G 3 aW, -.(17)
k=1
VH, (K +1) =VH, (k) + DVH (k +1) ...(18)

The connection matrix between context layer
and hidden layer is VC;

1E ..(19)

DVC _(k+1) =-h
|c( ) ﬂVC

jc
€ _ T
™MC,.  Ta,(k+1)

Tou(k+2) To, fnet, T9; finet,
fo, finet, Tg; Tnet, TVC;
...(20)

..(21)

K
DVC, (k+1) =h" f(net,)¢ g°q W,

k=1

VC,(k+1) =VC, (k) +DVC; (k +1) ...(22)

2.5. Feed Forward Neural Controller

The Feed Forward Neural Controller (FFNC)
is essential to stabilize the tracking error of the
wing system when the response of the wing is
drifted from the desired condition during transient
state and kept the steady-state tracking error at
zero. The controller generates flap angles b, (k)

and b,(k) control action that minimizes the

cumulative error between the desired condition
and the output response of the wing. The FFNC is
supposed to learn the adaptive inverse modd of
the wing with off-line and on-line stages to
calculate wing's reference input flap angle and
keep the wing stable without flutter state in the
presence of any disturbances or dynamics
parameters changing.

To achieve FFNC, a multi-layer Perceptron
mode is used as shown in figure (7). The network
notations are as follows:

vifc © Weight matrix of the hidden layers.
Vbffc : Weight vector of the hidden layers.

Wifc : Weight matrix of the output layer.

Wb ffc : Weight vector of the output layer.

To explain these calculations, consider the
general a" neuron in the hidden layer shown in
figure (7.) The inputs to this neuron consist of an
n-dimensional vector, where n is the number of
the input nodes. Each input has an associated
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weight of vifc. The first calculation within the

neuron is to calculate the weighted sum of the
inputs, netc, as[15, 16 and 17]:

nhc
netq, = § Vffg,” Z, +hias’ Vbffg

a=l

(23

where nhc is the number of the hidden nodes.
Next, the output of the neuron p_is calculated as

the continuous sigmoid function of the netc, as:

o, =H(netg) ..(24)

2
H = -1 ...(25
(netc,) P (25

Once the outputs of the hidden layer have
been calculated, they are passed to the output
layer.

In the output layer, two linear neurons are
used to calculate the weighted sum netco of its
inputs, which are the output of the hidden layer as:

nhc
netcg, = g Wc,,~ o, +bias’ Wffg,

a=1

...(26)

where wtc,, are the weights between the hidden
neuron gc, and the output neurons. Then the sum
(netca,) will be passed through a linear activation

function of slope 1; another slope can be used to
scale the output, as:

Oc, = L(netc,) ...(27)

The outputs of the feedforward neural
network controller represent flap angles, b, (k)
and b, (k).

The training of the feedforward neural
controller is performed off-line as shown in figure
(8). And adaptive weights are adapted on-line. It
depends on the posture neural network identifier
to find the wing Jacobian through the neural
identifier model. This approach is currently
considered as one of the better approaches that
can be followed to overcome the lack of initial
knowledge.
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Fig.8. The Structur e of the Feed forward Neural Controller
for Wing Model.

The dynamic back propagation algorithm is
employed to realize the training the weights of the
feedforward neural controller. The sum of the
square of the differences between the desired
posture g =(h,a,)"and neural network posture

Ay, = (hy.a,)" s

Ec= 28 (- ) +@, -a,)) ++(28)

where npc is the number of patterns.

To achieve eguation (28) a modified Elman
neural network will be used as posture identifier.
This task is carried out using an identification
technique based on series-paralld and paralld
configuration with two stages to learn the posture
identifier. The first stage is an off-line
identification, while the second stage is an on-line
modification of the weights of the obtained wing
neural identifier. The on-line modifications are
necessary to keep tracking any possible variation
in the dynamic parameters of the 2-D wing
system. Back Propagation Algorithm (BPA) is
used to adjust the weights of the posture neural
identifier to learn dynamic of the 2-D wing
system by applying a simple gradient decent rule.

The connection matrix between the hidden
layer and the output layer is weont,,,

fEc ...(29)
cha

DWfc,, (k +1) = -h

fEc _  fEC  fGn(k+D) fb,(k) foc, fTneig,
Wfc,, Man(k+D) Tby(k) Toc, fTnetc, TWfc,,
...(30)
E E k+1) Tb, (k .. (31
fEc __ fEc  1au(+D 10K gy -(3D)

Wc,, Ta,(k+1) fTb,(k) Toc,

128 (- )" +@, - a,))

fEc  _ ...(32)
g, (k+2) Mo (k+1)
g, (k +1) ...(33)
Jacobian = b, (K)
ftha(k+2) _ fd,(k+D) To, (k) Tnet, fig; e, ...(34)

o, (k) floc(k) Tnet Tg; finet; fib, (k)
For linear activation function in the outputs layer:

Tan(k +1) _ Tnet, Tg; Tinet, ...(35)
b, (k) fig; Tnet; fib,(k)

For nonlinear activation function in the hidden
layer:

Dy e (30
Tb,(K) = b, (k)

T, (k+D) _ & £ ...(37)
b, (K) % f (neti YOWH ib?:lwki

Substituting equations (32 and 37) into equation
(31), Dw#fc,, (k +1) becomes:

DG, (k+1) =hee,” é’{ f (net;)&H, ((eh, (k + W)
+(ea, (K + W) B

...(38)
Wfc,, (k +1) =W, (k) + DWfc,, (k +1) ...(39)

The connection matrix between the input layer
and the hidden layer is vifc,,

flEc ...(40)

Dvffc_ (k+1)=-h
nlk#=-h 2
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fEc _ fEc . Tb,(k). Toc, .

fvffc,, Tb,(k) foc, finetc,

finetc, . Tgc, . Tnetc, ...(41)
floc, finetc, fvifc,,

fEc _  TEc  Yg,(k+1) Tb,(Kk).

Viic,,  Ta.(k+1) Tb,(k) foc,

floc, . finetc, . e, . Tnetc, ...(42)
fnetc, fioc, Tnetc, fvifc,,

fEc _ fEc To,(k+D), & ...(43)

= WG, " f(netg)t Z,
Mic, Tauk+] (g S e (€

Substituting equations (32 and 37) into equation
(43), Dwtfc,, (k +1) becomes:

Dvffc, (k+1) =hZ, f (netca)é WG,

% f (netj)ﬂé VH ;i (e, (k +DW;) + (ea (K +1W)))
..(44)

The B and | are equal to two because there are
two outputs in the feedforward neural controller.

Vifet,, (k +1) = Vifc,, (k) + DVifc,, (k+1) ...(45)

Once the feedforward neural controller has
learned, it generates the flap control action to keep
the output of the wing at reference value and to
overcome any external disturbances during
motion.

3. Resultsand Discussion

The proposed controller is verified with
computer simulation using C++ program. The
dynamics modd of 2-D wing system described in
section 2 is used. The simulation is carried out by
tracking a desired plunging and pitch angle during
flutter or limit cycle oscillation condition. The
parameter values of a two Degree Of Freedom (2-
DOF) airfoil system (typical section modd) are
taken from [5] see table (1).

The fist stage of operation is to set the
position (plunging mation) and orientation about
the dastic axis (pitch angle) neural network
identifier. This task is performed using series-
paralld and parald identification technique
configuration with modified Elman recurrent
neural networks mode. The identification scheme
of the nonlineer MIMO (2-DOF) airfoil system
are needed to input-output training data pattern to
provide enough information about dynamics (2-
DOF) wing modd to be moddled. This can be
achieved by injecting a sufficiently rich input
signal to excite all process modes of interest while
also ensuring that the training patterns adequately
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covers the specified operating region. A hybrid
excitation signal has been used for the 2-D wing
mode. Figure (9) show the input signalsb, (k) and

b,(K) -

Table 1,

System Parameter s[5]

b 0.135m

d -0.45

m 12.387 kg
Xa 0.25

| 0.065 kg.n’
kh 2844.4 N/m
Ke(w)  12.77+53.470+10030” N/rad [11]
Ch 27.43

Co 0.036

r 1.225 kg/m®
CLo 6.28

Cma -0.635

Cpr 3.358

Cipz  3.458

Cmpr  -0.635
Cmpz  -0.735

flap angle(rad)

1 1 1 I 1
100 1200 140 1600 180 200

1 1 1 1
20 40 60 2 1]
Sampling Time 0.01 Sec

Fig.9. The PRBS Input Flap Angles Signals Used
to Excite the Wing M odel.

The training set is generated by feeding a
Pseudo Random Binary Sequence (PRBS) signals,
to the modd and measuring its corresponding
outputs, position (plunging motion) and
orientation (pitch angle), with a sampling time of
0.01 second. This value was found adequate for
the stability and convergence of solution. Back
propagation learning algorithm is used with the
modified Elman recurrent neural network of the
structure 5-7-7-2. The number of nodes in the
input, hidden, context and output layersare 5, 7, 7
and 2 respectively as shown in figure (6).
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A training set of 200 patterns has been used
with a learning rate of 0.1 and variable speed
inputs U=[25, 30, 35, 40 and 45] m/sec. After
5439 epochs, the identifier outputs of the neural
network, position (plunge motion) and orientation
about (pitch angle), are approximated to the actual
outputs as shown in figure (10). The objective
cost function MSE s less than 16° 10° as shown
infigure (11).

Paralld configuration is used to guarantee the
similarity between the outputs of the neura
network identifier and the actual outputs of the
plunging motion and pitch angle of the wing. At
3859 epochs the same training set patterns has

been achieved with an M SE less than 1.9x10°,

The testing set is generated by difference
feeding a PRBS signals as shown in figure (12),

and it is applied to the system.

plunging (m)
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Fig.10. The Response of the Neural Network

Identifier with the Actual 2-D Wing M odel Output

for the Learning Set.
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Figure (13) compare the time response of the
paralld mode output with the actual plant output,
and there is excdlent identification.
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The final stage of the proposed controller is
feedforward neural controller. It uses multi-layer
perceptron neural network 6-13-2 as shown in
figure (7). The desired conditions has been
learned by the feedforward neural controller with
off-line and on-line adaptation stages using back
propagation algorithm as shown in figure (8) to
find the suitable control action.

The controller performance is simulated at
three values of the flight speed (30, 35, 45 m/sec)
in unstable region and at different initial
conditions of plunging motion and pitch angle.
Figure (14) shows the closed loop responses for
the controlled 2-D wing system. The controller
reach the requirements and the closed-loop
simulation obtained is stable .The over shoot and
settling time increase slightly with the increasing
of the vdocity. Also the oscillation during the
transient period appears with the increasing of the
velocities, but its amplitude is small and converge
of desired condition is quick with settling time
0.4sec at high velocity U=40nvsec.

T
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,,,,,,,,, U=40m/sec
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,,,,,,,,, U=40m/sec

alfa (rad)

Sty L L I L L
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time (sec)

Fig.14. System Responses with Controller at
Different Speed and Initial Conditions

(h(0) = 0;a (0) =0.1rad)-
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In figure (15) the responses of the controller
effort (flap angles) at U=30m/sec and 40nvVsec are
shown. It is clear that the control action p; has
large values in comparing with another control
action f3, .Also the control actions never exceed
+ 0.3 rad. The values of flap angles are limited
from -0.3 to 0.3 rad. to make the controller works
inlogical limits.
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The values of the initial conditions are
varying to make the nonlinear stable or unstable,
so the present controller performance is tested at
different initial conditions as shown in figure (16).
When the initial values of plunging and pitch
angle increase the over shoot and the oscillation
increase during the transient period. The plunging
initial value has large effect on the responses than
pitch angle initial value. But the present controller
can give acceptable performance and reaches to
desired condition at very short settling time about
0.2sec. This result compares very wel with
reference [5].
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Finally, to investigate the present controller
peformance at difficult conditions, the
disturbance action is introduced on the wing
moded at high veocity U=40nvsec. In figure (17)
the responses of controller with sinusoid
disturbance has been shown. The amplitude of
disturbance is taken as 300% the maximum values
of control actions and frequency 10 Hz. In spite of
the existence of bounded disturbances the
adaptive learning and robustness of neural
controller show small effect of these disturbances.
The controller achieves the desired condition with
very small fluctuation. For plunging and pitch
motions the fluctuation was 0.00055 m and
0.0068 rad. respectively. These values are less
than the maximum fluctuation for the same wing
section [18] (about 0.048b for plunging and 0.024
rad. for pitch motion).

4. Conclusions
In the current work, it has been shown that the
proposed controller has the capability to generate
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Fig.17. System Responses with Sinusoid
Distur banceat initial Conditions
(h(0) =0;a(0) = 0.Irad )-

smooth and suitable flap commands, b, andb,

without sharp spikes. Moreover, it has the
capability of effectively eradicating the tracking
erors for the 2-D wing modd. The principal
conclusions may be summarized as follows:

- Excdlent identification is achieved when
comparing the time response of the paralld mode
output with the actual plant output.

- The controller reach the requirements and the
closed-loop simulation obtained is stable. The
over-shoot and settling time increase slightly with
the velocity. The amplitude of oscillation during
the transient period is small and converge to
desired condition.

- The controller worked in logical limits, the
control action never exceeds + 0.3 rad.

- The plunging initial value has large effect on the
response than pitch angle initial value.

- Simulation results show that the proposed
controller is robust and effective in comparison
with the controller in [5] in terms of fast response
with minimum settling times and minimum
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tracking error despite the presence of bounded
external disturbances.
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