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Abstract. During the past several years, fuzzy control has emerged as
one of the most active and fruitful areas for research in the applications
of the fuzzy set theory, especially in the realm of the industrial
processes, which do not lend themselves to control by conventional
methods because of a lack of quantitative data regarding the input-
output relations i.e., accurate mathematical models. The fuzzy logic
controller based on wavelet network provides a means of converting a
linguistic control strategy based on expert knowledge into an automatic
strategy. In the available literature, one can find scores of papers on
fuzzy logic based controllers or fuzzy adaptation of PID controllers.
However, relatively less number of papers is found on fuzzy adaptive
control, which is not surprising since fuzzy adaptive control is relatively
new tool in control engineering. In this paper, fuzzy adaptive PID
controller with wavelet network is discussed in subsequent sections with
simulations. An adaptive neural network structure was proposed. This
structure was used to replace the linearization feedback of a second
order system (plant, process). Also, in this paper, it is proposed that the
controller be tuned using Adaptive fuzzy controller where Adaptive fuzzy
controller is a stochastic global search method that emulates the
process of natural evolution. It is shown that Adaptive fuzzy controller be
capable of locating high performance areas in complex domains without
experiencing the difficulties associated with high dimensionality or false
optima as may occur with gradient decent techniques. From the output
results, it was shown that Adaptive fuzzy controller gave fast
convergence for the nonparametric function under consideration in
comparison with conventional Neural Wavelet Network (NWN).
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1. Introduction

It is known that PID controller is employed in every facet of industrial
automation. The application of PID controller span from small industry to high
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technology industry. Using Fuzzy controller to perform the tuning of the
controller will result in the optimum controller being evaluated for the system
every time. In this paper, the selected model is a second order system which
may concern the control of a robot arm position or dc motor position and so
on. Intelligent systems cover a wide range of technologies related to hard
sciences, such as modelling and control theory, and soft sciences, such as
the artificial intelligence (Al). Intelligent systems, including neural wavelet
networks (NWN), fuzzy logic, and wavelet techniques, utilize the concepts of
biological systems and human cognitive capabilities.

The above three systems have been recognized as a robust and attractive
alternative to the some of the classical modeling and control methods. The
major drawbacks of these architectures are the curse of dimensionality, such
as the requirement of too many parameters in NWNs, the use of large rule
bases in fuzzy logic, the large number of wavelets, and the long training
times, etc. These problems can be overcome with network structures,
combined two or all these systems [20].

Wavelets are mathematical functions that cut up data into different
frequency components, and then study each component with a resolution
matched to its scale. The fundamental idea behind wavelets is to analyze the
signal at different scales or resolutions, which is called multiresolution.
Wavelets are a class of functions used to localize a given signal in both space
and scaling domains. A family of wavelets can be constructed from a mother
wavelet. Compared to Windowed Fourier analysis, a mother wavelet is
stretched or compressed to change the size of the window. In this way, big
wavelets give an approximate image of the signal, while smaller and smaller
wavelets zoom in on details. Therefore, wavelets automatically adapt to both
the high-frequency and the low-frequency components of a signal by different
sizes of windows. Any small change in the wavelet representation produces a
correspondingly small change in the original signal, which means local
mistakes will not influence the entire transform. The wavelet transform is
suited for nonstationary signals (signals with interesting components at
different scales) [19]. This makes wavelets interesting and useful. The sine
and cosine functions which comprise the bases of Fourier analysis are non-
local (and stretch out to infinity). They therefore do a very poor job in
approximating sharp spikes. But with wavelet analysis, we can use
approximating functions that are contained nearly in finite domains. Wavelets
are well-suited for approximating data with sharp discontinuities [20].

Fuzzy controller with wavelet network is one of the succeed controller used
in the process control in case of model uncertainties. But it may be difficult to
fuzzy controller to articulate the accumulated knowledge to encompass all
circumstance. Hence, it is essential to provide a tuning capability [2],[3]. There
are many parameters in fuzzy controller can be adapted. The Speed control
of turbine unit construction and operation will be described. Adaptive
controller is suggested here to adapt normalized fuzzy controller, mainly
output/input scale factor. The algorithm is tested on an experimental model to
a robot arm of second order transfer function. A comparison between
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Conventional method and Adaptive Fuzzy Controller with wavelet network is
done.

This paper is organized as follows: in Section two, a brief introduction to
wavelet analysis is presented and a wavelet network is constructed. Section
three illustrates Proposed Neural Wavelet Network (NWN) structure and
learning. PID is shown in section four, and its principle of operation and the
design of its parameters using Ziegler-Nichols frequency method is shown in
section five. Based on the proposed Neural Wavelet Network, the adaptive
PID control used to achieve good performance is described in Section six.
The simulation results and the conclusion are shown in section seven and
eight.

2. Review of Wavelet Network

The origin of wavelet networks can be traced back to the work by Daugman
(1988) in which Gabor wavelets were used for image classification. Wavelet
networks have become popular after the work by Pati (1991, 1992), Zhang
(1992), and Szu (1992). Wavelet networks were introduced as a special feed-
forward neural network. Zhang applied wavelet networks to the problem of
controlling a robot arm. As mother wavelet, they use the following function [8]:

x—b
)
a

w(a,b)(x) = %w(

Where a is dilation (i.e. a>0) and b is translation.

The wave-net algorithms consist of two processes: the self-construction of
networks and the minimization of error. In the first process, the network
structures applied for representation are determined by using wavelet
analysis. The network gradually recruits hidden units to effectively and
sufficiently cover the time-frequency region occupied by a given target.
Simultaneously, the network parameters are updated to preserve the network
topology and take advantage of the later process. In the second process, the
approximations of instantaneous errors are minimized using an adaptation
technique based on the LMS algorithms. The parameter of the initialized
network is updated using the steepest gradient-descent method of
minimization. Each hidden unit has a square window in the time-frequency
plane. The optimization rule is only applied to the hidden units where the
selected point falls into their windows. Therefore, the learning cost can be
reduced [9], [10], [11].
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3. Proposed neural Wavelet Network (NWN)

The term “wavelet” as it implies means a little wave. This little wave must
have at least a minimum oscillation and a fast decay to zero, in both the
positive and negative directions, of its amplitude. This property is analogous
to an admissibility condition of a function that is required for the wavelet
transform. Fig.1a is an example of a wavelet called “Morlet wavelet” named
after Jean Morlet, the inventor, in 1984 [3]. Sets of “wavelets” are employed to
approximate a signal and the goal is to find a set of daughter wavelets
constructed by a dilated (scaled or compressed) and translated (shifted)
original wavelets or mother wavelets that best represent the signal. So, by
“travelling” from the large scales toward the fine scales, one “zooms in” and
arrives at more and more exact representations of the given signal. Figs. (1a,
b, ¢ and d) display various daughter wavelets where a is a dilation and b is a
translation corresponding to the Morlet mother wavelet [3].

The mother wavelet must satisfy the following admissibility condition and
any admissible function can be a mother wavelet.

a=1, b=0 a=3, b=0
1 1
o.5| ] 0.5
-0.5 . -0.5
-1 1] 10 i i 10
[N Rxl]
, a=0.4, b=0 i a=1, b=5
0.5( ] 0.5

1<) idiy

Fig. 1. Dilated and Translated Morlet Mother Wavelets.
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Where: - H((e)) is the Fourier transform ofh (t) .
The constant Ch is the admissibility constant of the function h(t). The

wavelet transform of a function / with respect to a given admissible mother

wavelet h(t) is defined as:

W, (a,b) = j FOR ap (t)dt (1b)

Where * denotes the complex conjugate. However, most wavelets are real
valued. The daughter wavelets are generated from a single mother wavelet

h(?) by dilation and translation:

h,, ()= %h(%) (2)

Where a>0 is the dilation factor and b is the translation factor [3].

In 1958, Rosenblatt demonstrated some practical applications using the
perceptron. The perceptron is a single level connection of McCulloch-Pitts
neurons sometimes called single-layer feedforward networks. The network is
capable of linearly separating the input vectors into a pattern of classes. In
such an application, the network associates an output pattern (vector), and
information is stored in the network by virtue of modifications made to the
synaptic weights of the network [3]. Fig.2 illustrates perceptron, which is
described by:

N

J=1

y,-=f[

Where ! =1, 2... M (output nodes), J=1,2.. (Inputs).

Rosenblatt derived a learning rule based on weights adjusted in proportion
to the error between the output neurons and the desired output (target). The
weight adaptations are given by:

Aw, ()= p [y (n) = y,(m)]*x,(n) (4)

Where = 1, 2... M (output nodes), J - 1, 2... N (inputs), y" is the
desired output at node I oftime " and # isa learning rate.

W;X; —v,} 3)
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Wavelet transform have proven to be very efficient and effective in
analyzing a very wide class of signals because of their attractive feature.
Wavelet transform describes signals in terms of their local shifts. Thus, they
provide a time-frequency representation, the generation of wavelets and a
calculation of all wavelet expansions employing summation, not integrals, that
is well matched to be implemented by digital computers [20].

Fig. 2. Single-Layer Perceptron Feedforward

4. PID Controller

Here, an adaptive characteristic was suggested to improve a fuzzy NWN
algorithm and reduce the learning cycle time. PID controller consists of:
Proportional Action, Integral Action and Derivative Action. It is commonly refer
to Ziegler-Nichols PID tuning parameters. It is by far the most common control
algorithm [1]. In this paper, PID controller's algorithm is mostly used in
feedback loops. PID controllers can be implemented in many forms. It can be
implemented as a stand-alone controller or as part of Direct Digital Control
(DDC) package or even Distributed Control System (DCS). The latter is a
hierarchical distributed process control system which is widely used in
process plants such as pharceumatical or oil refining industries. It is
interesting to note that more than half of the industrial controllers in use today
utilize PID or modified PID control schemes. A simple diagram illustrating the
schematic of the PID controller feeding a second order system (plant,
process) with a suitable signal is shown in Fig.3a.

In proportional control, the relationship between the output of the controller
u(t) and the actuating error signal e(t) is

u(t)=KP e(t)
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Where:-
Kpr is the proportional gain of the controller. It uses proportion of the system
error to control the system. In this action an offset is introduced in the system.
t
In Integral control, u(t)=K, .[e(t)dt
0
Where:-
K, is the integral gain of the controller. It is proportional to the amount of
error in the system.
In this action, the Il-action will introduce a lag in the system. This will
eliminate the offset that was introduced earlier on by the P-action. In
K de(t)

derivative control action,u(t)= D T , Where Kp is the derivative gain of
t

the controller. The value of the controller output here is changed at a rate of

the actuating error signal e(t). Derivative control action, when added to a

proportional controller, provides a means of obtaining a controller with high

sensitivity.
|_PART

step_Input

D_PART Process
@ actuating _error B @ controller_outpuE Plant Output
- . — G(s)

Fig. 3a. Schematic of the PID Controller — Non- Interacting Form

5. Experimental Process Identification and Design of PID
Parameters

For the system under study, Ziegler-Nichols tuning rule based on critical gain,
critical period and a certain deadbeat will be used. In this method, the integral
time Ti will be set to infinity and the derivative time Td to zero. This is used to
get the initial PID setting of the system. This PID setting will then be further
optimized using the “steepest descent gradient method” (Fig.3b). The transfer
function of the PID controller is
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G(s)=K,(1+T,+T,) (5)

The objective is to achieve a unit-step response curve of the designed
system that exhibits a maximum overshoot of 25 %. In this method Z-N, only
the proportional control action will be used. The Kp will be increased to a
critical value at which the system output will exhibit sustained oscillations as it
is shown in Fig. 3c.

PID - control algorithm

I_Part UL :=1

STEP1 Kl :=0.11
P_Part Sum_PID Limiter Process_PID
iy
To:=05 KP =10 T UL =1 N:=0
AMPL =1 ML= D:=2
D_Part B[O] := 4.87

KD = 0.78 Al1] =5
UL =1
1

Fig. 3b. PID Control Algorithm

If the maximum overshoot is excessive, let's say about 50%, fine tuning
should be done to reduce it to less than 25%. The transfer function of the
process-PID can be approximated in the form of a second order transfer

4.75

1+55+6.25s°
linear model, but exactly the closed loop is nonlinear due to the limitation in
the control signal. From Ziegler-Nichols frequency method of the second
method [1], table (1) suggested tuning rule according to the formula shown.
From these we are able to estimate the parameters of Kp, Ti and Td.

function G(s): . The identified model is approximated as a

1.2 /\ STEP1.VAL
Process_PIl

0.8
0.6
0.4
0.2

-0.2
0O 25 5 7.5 10 13 15 18 21 t[s]

Fig. 3c. lllustration of Sustained Oscillation of PID with Classical Method
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Table 1. Various Suggested Tuning Values

Controller Kp Ti TD

P 0.5Kr 50ms 50ms
Pl 0.5Kr 1/1.2Per 50ms
PID 0.8Kr 0.5Per 0.12Per

PID - block diagram and control algorithm

LPart UL := 1
STEP1 Kl:=0.11
P_Part Sum_PID Limiter Process_PID
(] -
L -
T0:=0.5 KP:=0.8 uL =1 N:=0
AMPL := 1 LL:=-1 D=2
D_Part B[0] := 4.87
A[0] := 1
KD := 0.78 All]:=5
uL:=1
1 A[2] :=6.25
Deadbeat - control algorithm
1 DeadBeat Process_DB
-
N:=3 N=0
D=3 D=2
B[0] := 4.87
A0] =1
Al]:=5
A[2] = 6.25
1.z STEP1.VAL
Process_PID.V£
1
o.e
O.€
0.4
o.z
o
(5} =€ 5 7 E TC Tz TE TE 5C t [s]
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1 STEP1.VAL
Process_DB.VA
X

0.€

0.4

o 2.E 5 7.E 1C 1Z 1E 1€ 21t [s]

(b)

Fig. 4. Comparison between: (a) PID-Control Algorithm and (b) Deadbeat-Control
Algorithm

In this paper, it is shown that the inefficiency of designing PID controller
using the classical method will be improved by using deadbeat control
algorithm and neural wavelet network algorithm. Fig. (4) shows the different
dynamic behaviour of a (classical) PID algorithm and a time-discrete
deadbeat controller with the same process. Now, the PID controller shown in
Fig. (3) is replaced with fuzzy PID controller with NWN structure. Fuzzy
controllers are designed with one specific set of rules (a rule base) that
indicates what the plant input should be, given the current inputs to the
controller. The fuzzy controller inputs are fuzzified to form fuzzy sets that can
be used by the inference mechanism. The schematic circuit and block
diagram of the fuzzy controller is shown in Fig.5.

DC Motor Assembly

o : 1
E Ay E External
J at Gears

—  Intemnal | +5V
| Gears
Posit:

& brommmmmmmm s - . mn?{ 5 Output Position
oy Sensor
1
E DA v
= Converter Feedback
B= T I S Voltage
5 AD
N Converter
= J— Antialiasing
= Interface Card | Filter
& _—
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. .
Fuzzy U ¥
Controller ——» Process >

Fig. 5. Fuzzy Control System

The inference mechanism then decides what rules to apply for these inputs
by matching the fuzzified inputs to the premises of the rules in the rule base.
The inference mechanism provides a fuzzy set that indicates the certainty that
the plant input should take on various values. Then de-fuzzification is used to
convert the fuzzy set produced by the inference mechanism into a crisp
output to be used by the plant. For this purpose we simply use the wavelet
network.

6. Wavelet Network Algorithm

The wavelet architecture, shown in Fig.6 approximates any desired output
signal y(t) by generalizing a linear combination of a set of daughter

wavelets hmb (l‘) where the daughter wavelets ha,b (t) are generated by

dilation a and translation b from a mother waveleth(t). Table (2) gives
several mother wavelet filters and their derivatives [3].

h,,(t)= h(% (6)

Where a>0 ... Dilation factor, b ... Translation factor.

A wavelet network is a 3-layer feed forward neural network [14]. First the
WN parameters, dilation a's, translation b's, and weight w's should be
initialized and the desired sets of data, the input signal x(f), the desired output
(target) y(t) and the number of wavelons k are given. Assuming that the
network output function satisfies the admissibility condition and the network
sufficiently approximates the target. The approximated signal of the network

)A/(t) can be represented by equation (7):

O =x0xFwh, @) o

1
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Where x(1) is the input signal, k is a number of wavelons, w, is the weight

coefficients between hidden and output layer, i=1,2,...,k., and ha b(t) is a

set of daughter wavelets generated from a mother wavelet h(t ) as described
in equation (7).

Table 2. Derivatives of the various wavelet filters with respect to its translation

Linear Jix) =k
Ste B if xzx
b _ foy=i HrE%
(commonty: B=1,5=0, % =10) T ifxex
[p if xzp
Ramp f)=4x of [d<p
p if x<-p
) : 1
Sigmoid flx)= —., a>0
l+e
. 1—g?@
Hyperbolic Tangent F(x) = tanh(wx) = — . =0
1+e™™
AT
Rational F) =12 x=
0 otherwise
Gaussian Flx)= ,_;exp _(x——uj]
2o | 2o

After constructing the initial WN and after calculating output signal of the
network, the training of WN starts. It is further trained by the gradient descent
algorithms like least mean squares (LMS) to minimize the mean-squared
error. During learning, the parameters of the network are optimized. The

wavelet network parameters W_,d ., and b. can be optimized in the LMS
1 l l

algorithm by minimizing a cost function or the energy function, £, over all
function interval. Thus by denoting

The energy function is defined by
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()/(f)—f/(l‘))2 (10)
-1

l\)lr—‘

Where T the total interval of function is, y(l‘) is the desired output
(target) and )A/(l‘) is the actual output signal of NWN.

To minimize E , the method of steepest descent is used which requires the
OE OE oE , _
——, and —— for updating the incremental changes to

awl_ 8ai l,

gradients

each particular parameter Wi’ al_, and bl" respectively. The gradients of

E are given by the following expressions:

OF r
P LOLORD )
OF oh(r)
e(?)x(t w
8b Z: (0)x(?) % (12)
0E I oh(r) _OE
—=—elt)x(t)wrt =7
oa Zexo ob, b, (13)
t—b
Where T = P L The derivatives of the various wavelet filters with
oh(7)

respect to its translation are given in Table (2). The incremental

[
changes of each coefficient are simply the negative of their gradients:

Aw=—8—E (14)

ow
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Ab:—ﬁ—E (15)
ob

Aa:—a—E (16)
oa

Thus each coefﬁcientw,b, and a of the network is updated in
accordance with the rule:

w(t+1)=w(t)+ ,uwAw (17)
b(t+1)=>b(t)+ ybAb (18)
a(t+1)=a(t)+ ,uaAa (19)

Where [l is the fixed learning rate parameter [3]. The network parameters

are modified using the gradient descent algorithm till one of the stopping
conditions is satisfied. The algorithm is stopped when one of several
conditions is satisfied: the Euclidean norm of the gradient, or of the variation
of the gradient, or of the variation of the parameters, reaches a lower bound,
or the number of iterations reaches a fixed maximum, whichever is satisfied
first. The final performance of the wavelet network model depends on
whether: (i) the assumptions made about the model are appropriate, (ii) the
training set is large enough, (iii) the family contains a function which is an
approximation of f with the desired accuracy in the domain defined by the
training set, (iv) an efficient training algorithm is used [20].

7. Morlet Mother Wavelet Basis Functions

In this section, it will be shown through experimental simulations how various
types of mother wavelet basis functions perform their learning ability. As we
know, wavelets are orthogonal basis functions, thus they can be added or
removed one at a time without having to update the parameters of the
previously placed basis functions resulting to an incrementally improvement at
low computational cost. Moreover, wavelets are local basis functions that
provide less interfering than global ones, leading to a noncomplex
dependency in the neural network (NN) parameters. The following sections
will confirm this idea by providing several observations derived from the
results of the MATLAB simulations.
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Assuming the training data are stationary and sufficiently rich, good
performance can usually be achieved with a small learning rate. Thus, all
learning rate parameters for weights, dilations, translations and feedback
coefficients are fixed at 0.01, 0.05, 0.05, 0.02, and 0.02, respectively. All initial
weights wy and dilations aj are set to 0 and 10, respectively. Note that if the
dilation parameters are set too wide, they can cause several overlapping

partitions and thus cannot be realized.

A FEMALE VOICED FHONEME /al.

2000

10 marlets, M = 2. M =2

-2oo0 L ' 1 ! L

0 Z0 30 a0 =0

- MORMALIZED ERROR, Enfk) — 1 (k= 1]
T
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A FEMALE WOICED PHONEME fa/, 10 moriets, M = 2, M =
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1000,

a

-1ooo]
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15 =z Z.E E ]
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A FEMALE WOICED PHONEME /af, 10 moriets, M = 2, N = 2

ia 20 30 20 50

MORMALIZED ERRCR. EN(K) = 14679 (8 = &)
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% 3 L3 L i
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A FEMALE WOICED PHOMEME /a/. 10 MOrnets, M = 2, N = 2

1o 1] T 20 S0
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t 1o 15 36
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Fig. 6a. Wavenet Simulations with 30 Morlet Wavelets: Voiced model output (green),

NN APPRX. OUTPT (red)
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Setting a, too narrow may result in longer convergence. Initial translation
parameters b, are spaced equally apart throughout the training data to
provide non-overlapping partitions throughout the neighbouring intervals.
Finally, the initial coefficients ¢ and d should be set so that the system has
poles inside the unit circle, thus both are set to 0.1. The number of
coefficients for each feedforward and feedback m and n are both set to 2 as
well. The learning epoch will terminate when the desired normalized error of
0.03 is reached. Figure 6 will describe the results of the wavenet network
performance employing Morlet.

FEEDFORWARD IIR COEFFICIENTS ot} FEEDSACK IR COEFFICENTS ajf)
0.55 025

/" 0.2
o

0.5 WEIGHTS wity 10,1 DILATICNS alty B0 TRANSLATIONS biY}

/4

0.5

0.1

0.05

Fig. 6b. Wavenet Parameter Updates with 10 Morlet Wavelets

WEIGHTS wit) _DILATIONS aft ETRAN SLATIONS bi) FEEPTORNAND IR CORTICENTS off | FEEDBAC IR COSFFICIENTS )
1 0 2

o n P |

Fig. 6¢. Wavenet Parameter Updates with 30 Morlet Wavelets

Figs.6b and 6c¢ capture the learning performance of the wavenet network
using 10 and 30 Morlet wavelets, respectively. We can conclude that the
wavenet network composed of more wavelets can reach initial convergence
with reference to the number of iterations very rapidly. However, to reach the
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desired error goal 0.03, networks with a large number of wavelets cannot
converge easily and the error performance starts to oscillate. This behavior
may be caused by the rate of learning stepsize not being small enough,
causing the iteration process to bounce between the two opposite sides of a
valley rather than following the natural gradient contour (as shown in Fig. 6¢).
Fig. 6d and Table 3 provide information on the Morlet wavenet characteristic.
As we can see, when the number of wavelets K is small, for example, for K =
3, it takes 28 iterations to reach error of 0.8 while it takes 3 iterations for K =
35, but when the error of 0.03 is the target, K = 8 takes 23 iterations while K =
30 takes 432 iterations. Large K is also undesirable to the expense of more
coefficients to be updated. Small K can also take a large amount of time to
compute as for K = 3 take more than 2000 iterations to reach error of 0.04. In
conclusion, the number of Morlet wavelets between K = 8 to K = 16 is
sufficient to approximate the unknown voice model.

MORLET WAVELETS WITH IIR COEFFICIENTS M=2,N=2

350

300 ;\ /],
250 1. —+—Errorof 0.8

1

=

E : / m—Error of 0.5

R 200 \ Error of 0.3

? \\ / Error of 0.1

. —¥—Error of 0.05

0 \ / —&—Error of 0.04
100

N i K

s X

50 |
s
\"‘-‘1—‘__;___.._'!—#——*“. ] ) w

NUMBER OF WAVELETS, K

Fig. 6d. Iterations vs. Number of Morlet Wavelets per Normalized Errors
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Table 3. Number of Iterations vs. Number of Morlet Wavelets Employed

Number
Wav(;flets, Number of
K
35 30 25 20 1012 16 8 6 35 Iterations
3 3 4 4 554 6 8 28 17 Error of 0.8
5 5 6 6 887 9 13 72 47 Error of 0.5
6 7 7 8 10109 11 17 231 111 Error of 0.3
28 26 12 13 161514 17 36 278 157 Error of 0.1
54 36 22 27 191918 20 67 853 310 Error of 0.05
348 56 23 28 212120 21 78 2000+ 348 | Error of 0.04
432 78 27 29 232423 23 94 671 Error of 0.03

8. Simulation OF Configuration and Results

The fuzzy NWN structure and its learning algorithm are used for development
controller to control of dynamic plant. The structure of control system is given
in figure 7. Neural control system synthesis is performed in the closed control
system. For learning of fuzzy NWN the error between target characteristic of
control system and output of control objectA(y,t) =K, (g(t) - y(t)) is used.
This error is used for correction network parameters for adjusting of controller.
Using learning algorithm the optimal values of weight coefficients of fuzzy
NWN controller are found.

The NWN algorithm, with one hidden layer of twenty [20 Morlet, 20 Slog1]
wavelons in the hidden neurons (k = 20) and fixed learning rate of 1 is
implemented to identify this hard nonlinear function:

f(x)=2-0025 (1-x)+e>" sin@x(x—0.6)%)

+&79 sin@r (x—0.9)%)

(20)

Initial w's and dilations a's are set to 0 and 9 respectively. b's are spaced
equally apart throughout the training data. The block diagram of Fuzzy
controller with a second order system is shown in Fig. 8. The simulation
results shown in Fig. (9a, b, ¢). Figure (9a) shows the MSE against the
number of iterations for off-line training of the network. Fig. 10 illustrates the
performance results of the network identifying the function given above.
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9. Conclusion

In this paper, an advanced wavelet network, called Neural Wavelet Network is
presented as an interesting alternative to wavelet networks. This technique
absorbs the advantage of high resolution of wavelets and the advantages of
learning and feed-forward of neural networks. The algorithm of function
identification is designed and implemented using Matlab 7 and Simplorer 6
tool. The Neural Wavelet Network (NWN) structure is implemented and an
example of a second order system is carried out to verify this implementation.

It can be concluded that this structure achieves an approximation assuming
reasonable choice of the number of wavelets and mother wavelet basis
functions. The Neural Wavelet Network is proved to be a controller analogous
to PID controller. After the off-line training of the NWN controller, it shows the
ability to get the specified position response exactly at the specified time
when it's embedded in the control system. No significant difference between
the position responses for both PID and the proposed NWN controllers,
indicating further the validity of the idea of this research.

10. References

1. Panrong, X.: Image Compression by Wavelet Transform. A Thesis presented to
the faculty of Computer and Information Sciences East Tennessee State
University, August 2001.

2. Sgarbiy, M., Colla, V., and Reyneri, L.M.: A Comparison Between Weighted Radial
Basis Functions and Wavelet Networks. Department of Electronic, University of
Torino, C.so Duca degli Abruzzi 24, 10129 TORINO, ITALY, 1997.

3. Anthony J., and Rolf T.: Nonlinear Adaptive Flight Control using Neural Networks",
Georgia Institute of Technology School of Aerospace Engineering Atlanta, GA,
30332, 1996.

4. Xin, Y., Senior member, IEEE: Evolving Artificial Neural Networks", Proceedings of
the IEEE, Vol. 87, No. 9, September, 1999.

5. Dongbing, G. and Huosheng H..: Neural Predictive Control for a Car-like Mobile
Robot. Department of Computer Science, University of Essex Wivenhoe Park,
Colchester CO4 3SQ, UK, International Journal of Robotics and Autonomous
Systems, Vol. 39, No. 2-3, May, 2002.

6. Oussar, Y., Rivals, I., Personnaz, L., and Dreyfus, G.: Training Wavelet Networks
for Nonlinear Dynamic Input-Output Modeling. Laboratory of Electronic Superior
School of Physical and Chemistry Industrial 10, rue Vauquelin F - 75231 PARIS
Cedex 05, FRANCE, 1996.

7. Yacine, O., Gerard D.: Initialization by Selection for Wavelet Network Training.
Laboratory of Electronic Superior School of Physical and Chemistry Industrial 10,
rue Vauquelin F - 75231 PARIS Cedex 05, FRANCE, 1996.

8. Zhang, Q. and Benveniste A. :Wavelet Networks. IEEE Transactions on Neural
Networks, Vol. 3, No. 6, November 1992.

ComSIS Vol. 6, No. 2, December 2009 161



Ibrahiem M. M. El Emary ,Walid Emar, and Musbah J. Aqgel

9. Zhang, Q.: Using Wavelet Network in Nonparametric Estimation. IRISA, Institut de
Recherche en Informatique et System Aleatoires, Campus de Beaulieu-35042
Rennes Cedex-France, 1994

10. Parvez S.: Advanced Control Techniques for Motion Control Problem. Paper pp.
401-408, at ISA 2003.

11. Kobayashi K. and Torioka T.. A Wavelet Neural Network for Function
Approximation and Network Optimization. Proceeding of ANNIE'94 (Vol.4).

12. Oussar Y., Rivals I., Personnaz L., Dreyfus G.: Training Wavelet Networks for
Nonlinear Dynamic Input-Output Modeling. Neurocomputing, in press, F - 75231
PARIS Cedex 05, FRANCE. Phone: 33 1 40 79 45 41 Fax: 33 1 40 79 44 25, E-
mail: Yacine.Oussar@espci.fr.

13. Carranza M.: Verifying a Knowledge-Based Fuzzy Controller. Computational Logic
Inc., 1717 W. 6th St. Suite 290 Austin, Texas 78703, Technical Report 82,
September 1992.

14. Kelkar N.D.: A Fuzzy Controller for Three Dimensional Line Following of an
Unmanned Autonomous Mobile Robot. University of Cincinnati, Department of
Electromechanical, Industrial, and Nuclear Engineering, A master thesis 1997.

15. Marc T.. A REVIEW OF WAVELET NETWORKS, WAVENETS, FUZzZY
WAVENETS AND THEIR APPLICATIONS. email:_ Marc.thuiUard @ cerberus.ch

16. Brain E. Miller, J. Edward C.: Using A Wavelet Network to Characterize Real
Environments for Haptic Display. e-mail : blemillerfgnwu.edu .

17. Lekutai G.: Adaptive Self-Tuning Neuro Wavelet Network Controllers. Virginia
Polytechnic Institute PHD thesis, Blacksburg, Virginia, 1997.

18. Mosavi, M. R.: A wavelet based neural network for DGPS corrections prediction.
WSEAS Transaction on Systems, 3(10), pp. 3070-3075, 2004.

19. Mosavi, M. R.: Comparing DGPS corrections prediction using neural network,
fuzzy neural network, and Kalman filter. International Journal of GPS Solutions,
10(2), pp. 97- 107, 2006a.

20. Parker, T. E., and Matsakis, D.: Time and frequency dissemination advances in
GPS transfer techniques. GPS World Magazine, pp. 32-38, 2004.

Ibrahim M. El Emary received the Dr. Eng. Degree in 1998 from the
Electronic and Communication Department, Faculty of Engineering, Ain
shams University, Egypt. From 1998 to 2002, he was an Assistant Professor
of Computer science in different faculties and institutes in Egypt. Currently, he
is a Visiting Associate Professor at Al Ahliyya Amman University. His
research interests include: analytic simulation techniques, performance
evaluation of communication networks, application of intelligent techniques in
managing computer communication network, bioinformatics and business
intelligence as well as performing a comparative studies between various
policies and strategies of routing, congestion, sub netting of computer
communication networks. He published more than 100 articles in international
refereed journals and conferences.

Musbah J. Agel obtained his M.Sc. in Computer Engineering from Aligarh
Muslim University — India and his PhD from I.T, Banaras Hindu University-
India in Computer Engineering. He is currently associated professor of
computer engineer, and chairman of Electrical and Computer Engineering

162 ComSIS Vol. 6, No. 2, December 2009



The Adaptive Fuzzy Designed PID Controller using Wavelet Network

Dept, Applied science university-dordan. He joined Electronic Imaging and
media communication department at the University of Bradford as a post
doctoral. He is an editor in International journal of soft computing and
applications. His research interest includes knowledge-base system design,
image processing, computer networks, and simulation techniques.

Walid Emar was born in Palestine, in 1970. He received the Dipl.-Ing. (M.Sc.)
degree in industrial electronics and the Dr.-Ing. (Ph.D.) degree in power
electronics and control from the University of West Bohemia, Pilsen, Czech
Republic. In 2001, he joined Skoda Transportation, Skoda Company , Pilsen,
Czech Republic. In 2002, he joined Birzeit University, Electrical and Computer
Department. Currently, He is now teaching at Al-Isra Private University as a
full-time assistant professor. He is engaged in research and development of
high power multilevel converters for industrial and traction applications, as
well as dc/dc converters and regulators.

Received: October 31, 2007; Accepted: October 05, 2009.

ComSIS Vol. 6, No. 2, December 2009 163






