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)General Introduction(عامة1-1

) Computing Machine( حسابية 

)Intelligent Tasks (

)Pattern Recognition ([1]

)Intelligent Systems()

(

 .

[ 2]

ت

)Hybrid System (

)Fusion  Technology([3].

)Artificial Neural Networks(ANNs

)Artificial Intelligence (AIفي ت

[4]
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)Mathematical Models (  لمعالجـة

.

)Rosenblatt (1958

)Perceptron ([5][3]

)Minsky and Papert (1969)Perceptrons (

[6][1]

1986

)Rumelhart et al. ()Error Back Propagation (EBP

[7].

)Classification .(

)(

)Least Mean Square Error (LMSE

[8][1].

)Momentum Term (

[9][7][8]

)Wavelet Transform (WT مع

.
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)Rigorous Mathematical Approach (

)Multiresolution([10].

)Wavelet Functions (  )Universal

Approximations (

)Function Approximation()(2 RL

)Wavelets (

)Dilation ()Translation ()Single Function (

)Mother Wavelet([11].

)Orthonormal Wavelet Bases (

)Rates of Convergence (  نيـة

[13][12].

[14][10]:-

* :

)Preprocessing (لا

.

* :

.
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نب1-2

1993)Pati and Krishnaprasad([15]  تمثيل لشـبكة

.

)Wavelet Decomposition of Mapping(

. ) Translation-Dilation Structure(-نقل

)Analog Integrated Circuitry(

)Single Input and Single Output(

)Onedimentional Domain (

)Higher Dimensional Domain (.

)Bandlimited Function (

)102sin()52sin()( xxxf  

)Single Dilation (

 .
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)Kunikazu and Tuyoshi (1994[16]

)Self Construction ()Minimization of Errors(للشبكة

.

)Kohonen’s Rule(



)Localized Backpropagation(LBP

))5.0(5cos()3sin()(  xxxf[-1,1]

 )Sampled rate (8Hz)
2

exp()( 2
2

oo x
x

x
xx 

:

70%BP.

)Kugarajah (1995

)Multidimensional([17])Daubechies Theories (

)Frames (

)Adaptive Control Situations(

RBFNon-line لىoff-line .
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)Direct Nonlinear Adaptive Control (

.

)Echauz and Vachtsevanos([18]

-

.

)Locally Receptive Units (

-)Multiresolution Analysis (

)Universal Approximation (

.)Radial Basis Function(RBF

)Radially Symmetric Multidimensional

Wavelets(RBF

)Radial Wavelet Neural Network (

)K-mean Clustering (

) RBFMLP)Sine Functionمع 

)Two-Spiral Data) (4[18] (

.RBFMLPبـ
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)CHENG and CHEN and CHIAU (1998[19]  فـي

)Orthogonal Basis ( .

 :

)Single Input and Single Output(SISO :

)Multi Input and Multi Output(MIMO.

)David Roverso (2000[14]

)Recurrent Neural Networks (

)Transient Classification Problems(

)Tigger Signal (.

)Time-Series Data(

-Onصفا

line

/ .
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900MW

))Real Time.((

1-3)Neural Networks(

)Von Neumman (

[20][3]

-:هي[3][6]

1-)The Generalization Capacity(

2-)Parallelism(

3-)Distributed Memory(

4-)Intelligent Behavior(

5-)Learning not Programming(

) Neurons ()Nods(تسمى خلايا عصبية) PEs(معالجة

)Connections .(

)Activation ()Activation Function (   مناسـبة علـى

[22][21][5].
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)McCulloch&Pitts (1943

[10])Threshold (

.Binary ([5](ثنائي

[26][23][9][5].

)Donald Hebb (1949قان

)Learning and Memory (

-:على[6][9][23][6]

"AB

)Metabolic Change (

AB."

[6][1].

)Signal

Processing()Patterns Recognition ()Optimization

Problems (

)Generalization Capability([9].
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1-3-1)Types of Neural Networks(

)Layers(ت

.

)Weighted Connections (.

)Net Architecture([5].

:-

1-)Feed Forward Networks([20][8]

)Nonlinear Processing Elements (.

.

)Supervised Learning(

.

2-)Feedback Networks([20][9][8]

.

)Equilibrium State (

)Minimum Energy ()

.()Hopfiled Network.(
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3-)Competitive Networks([9][5]

)Clustering Nets(

)Clustering (

)Cluster(

)Distance (

)Representative Vector (.

)Unsupervised ()Self-Organization

Networks (

)Self-Organization Features Map (1988

)Cluster Discovery Network (1988

)Adaptive Resonance Theory (ART.

1-3-2)Learning in Neural Networks(

)([20][17]

)Examples([9][6] [21].

)Delta Rule (

)Hebbian Rule ()The Competitive Learning

Rule([21][9].
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)Global ()Local([17]:-

*

)Compact Network (

)Better Generalization()Poor Accuracy(

)The Multilayer Sigmoidal Networks (

)Global Learning Networks.(

*

.

-:هما[21] [9] [24]

1-)Supervised:(

)Actual Output ()Desired Output (

.) تصحيح(

2-)Unsupervised:(

سـتعمل فـي عمليـة تصـحيح     

)Autonomously ()Equilibrium State(

.
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)Reinforcement Learning (

[21]

[24]

) يكـافئ (

)(سيئة

[25].

1-3-3)Activation Functions(

)Linear Processing (

)Nonlinear Functions([9] [8] [5].

)Particular Class of Network([48]

)Target Values ([5]للمشكلة.

1-3-3-1)Global Activation Functions(

)Infinite Regions (

:-



14

1-)Sign Function(

[23][9][5]:-

-)Unipolar Binary function(

-:) 1() 0(ت

0netif

0netif

1

0
f(net)












( 1 – 1 )

)Heaviside Function([23].

)1-1.(

-)Bipolar Binary Function(

)-1 ()+1 (:-

 01
01)( 
 netif

netifnetf     ( 1 – 2 )

net

1

0

f(net)

net

) 1- 1(شكل
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)Signum Function([24])1-2 (

.

)Hard Limiting Activation Function([10].

2-)Sigmoidal Function(

[2]

S[7][5]

[23][9][5]:-

-)Unipolar Sigmoidal Function(

[0,1]:-

nete
netf 


1

1)( ( 1 – 3 )

net) (

0net ة

net

+1

-1

f(net)

net

) 2- 1(شكل
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)Step Function([9])1 – 2 (

)Logistic Function([23][5].)1-3 (.

-)Bipolar Sigmoid Function(

[-1,1]:-

1
1

2)( 


  nete
netf  ( 1 – 4 )

)Hyperbolic Tangent Function([26] [9] [1]

)1-4.(

0.0

1.0

net

f(net)

) 3- 1(شكل 

) 4- 1(شكل 

-1

1

net

f(net)
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1-3-3-2)Local Activation Function(

)Local Field (

[27][26] [5] [1]:-

1-)Pulse Function (

)Binary Signal Function (01

:لعامة لها هي

 bnetaif1
otherwise0f(net)    ( 1 – 5 )

ab)net(

لـى  

[8])1-5 (.

2-)Gaussian Function(

:-

) 5- 1(شكل 

net

f(net)

ba
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2

2

2
)(

)( 
cnet

enetf


 ( 1 - 6 )

net::)Spread (c:)Center

Point.()1-6 (.

1-3-4

)The General Structure of Connections                       (

[23]

-:هما

1-)Layered Networks(

)Layers(

:-

-)Input Layer(

.

-) ()Hidden Layer(s)(

) 6- 1(شكل 

net

f(net)
1
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.

-)Output Layer(

.

)Perceptron ()Error Backpropagation

Network ()Radial Basis Function Network.(

2-)Fully Connected Network(

.

)Recursive(

[9][6][5].

1-3-5

)Multilayer Feed Forward Networks(

)Modifiable Intermediate

Connections([23]

[9]
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)Perceptron (

.

1-3-5-1)Perceptron Network(

)Rosenblatt (1958

-

[26] [23]

.

)0 ()1([23])-1 ()+1([28].

)Sign Function.(

لال 

[23][9][5][1]:-

i

n

i
ijijijij xoldwxdcoldwneww )).)(.sgn(()()(

1



 ( 1 – 7  )

ijw:ij،c:ix:

i،jd:j.

[26]

)Nonlinear Problems (XOR[29][7]

)Nils Nilsson ([28][1]

)Marvin Minsky and Seymour Papert (

لكـل خليـة   
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) (

) (

[9][7][5][1]

)1-7 (

.

1-3-5-2)Error Backpropagation

Network(

1986)Rumelhart et.al (

 

11w

mw1

1nw

nmw

1o

mo

)7- 1(شكل
nm[9]

nx

1x
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)Threshold Function (

.[5][6] [7] [9] [23]لفة

1-3-5-2-1)Network Architecture (

-:هي[6] [7] [10] [23]

1-)Input Layer(

.

2-)Hidden Layer(

) (    ،

.

)Universal Approximation

Theorem([30][26][17][7][6].

3-)Output Layer(

)Stimulus Pattern Code (

.
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تحت

)Bias/Threshold Units ()1 ()-1 (

)1-8 (.

Si:i ،hk :k.

:ojj ،V:.

W:.

ns:nh:no:.

1-3-5-2-2)Learning Algorithm(

)Supervised Learning Algorithms (

[31][24][7][1]

)Sigmoid Function ()

)8- 1(شكل
[9]

 

1o

ono

s1

sns

s0=1 h0=1

V W



h1

hnh
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)1-3-3-1((

)Least Mean Sequare Error(LMSE

.)1 – 8 ([9][7][1]:

  
 


p o

n

p

n

k
pkpk odE

1 12
1

( 1 – 8 )

E:.

on:.

pn:.

pkd:kp.

pko:kp.

[9][6] [1].

-:هما[7][23]

1-)Feed Forward Phase(

)Activity (

) (قة

[9]:

).()(
0




zn

i
ikikk vzfnetfh ( 1 – 9 )

).()(
0




hn

k
kjkjj whfnetfo ( 1 – 10 )
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: izi10 s

: khk10 h

: ikvik

: kjwkj

: )( jnetfj،)( knetf:k

: zn.
hn :.

)Actual Output (

.ية

2-)Error Backpropagation Phase(

)1-9 (

[9].
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1-3-5-2-3

[23][1]:

1-)Design Problem(

ل مشـكلة  

)Trial and Error (

.

2-)Convergence (

)Features (

)Many Local Minima([31][7])Learning Rate (

))1-3-5-2-4((

) ()Universal

Approximators (.

3-)Generalization(

) (

.



28

4-)Premature Saturation(

يمها عالية ممـا يجعـل   

)10

f(net)) في

)Saturation.(

[12].

1-3-5-2-4)Learning Factor(

يمثل م

[1,0][9][6][1].

)Overshooting(

[23][9]

[32] [8] [7]:-

)
Tmax

t(1.0ηη  ( 1 – 11 )
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:0:t:)Epoch (

Tmax:.

1-4)Wavelet Transform(WT

-

)Time-Frequency Signal Analysis()Function Approximation( ،

)Approximation in Solving Partial

Differential Equation([33][19].

)Fourier Transform(

1807)Joseph Fourier (

[35][34][33].

)Gabor (1946

)Window Pass()Gabor Transform(

)Short Time Fourier Transform(STFT

[36][33].
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)Morlet (STFT

)Wavelets (

)Grossman and Morlet ([37][33] ،

1985)Mallat (

[35]

)Daubechies ()Wavelet Frames (

.1986

)Multiresolution Analysis(MRA)Discrete Wavelet

Transform([33] DWT.

)

([38]

)Dilation ()Translation (

)Mother Wavelet(

)Basis Wavelets ([39][11][16]لية:-
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)(1
),( a

bx

a
x

ba


 

( 1 –14 )

)(x:a:b:.

)Compactly Supported(

)Haar ([41][40] [36]:-




















othewise

tif

tif

t

0

1
2
11

2
101

)( ( 1 – 15 )

)1-10 ([1,0])1 – 15 (

.

t1
0

1

-1

)(t

)Haar() 10-1(شكل 
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1-4-1)Non-Stationary Signal([43][42][36]

).…(مثل

) (

STFT)(ي،

)Sine Function ()Cosine Function(

)Periodic Function(

-

)1-11(

-

)1-12.(

time
t 2t 3t

f
f2

f3

frequency

) 11- 1(شكل
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1-4-2)Types of Wavelet Transform(

[44]: -

*)Continuos Wavelet Transform(CWT

*)Discrete Wavelet Transform(

)Scale and Position (

.

time

frequency

- )12- 1(شكل
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1-4-3)Wavelet Frames([39][17] [15][11]

)Orthogonal Wavelets()Wavelet Frames.(

)Multiresolution Analysis(

)Closed Form(

)Single

Fixed Function ()Mother Wavelet ()(2 RL

)Less Stringent (

.[15]عامة 

j

)()(
j

j
jj d

mx
x


 ( 1 – 16 )

jmjd


















 RdandRm
d

mx

d
jj

j

j

j

c ,)(1
 ( 1 – 17 )

c) ()(2يسمى  RL

A>0B<+f )(2 RL:
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222 , fBffA
j

j   ( 1 – 18  )

2
f)Norm (f>.,. <)Inner Product (

)(2 RLf:

 
n

cnnC(x)f ( 1 – 19 )

  xncn ddf(x)C ( 1 – 20 )

1-4-4)Discrete Wavelet Transform(

)Samples (

.

:









 22 ),(,)( Znmnxm
m

d  ( 1 – 21 )

. d )m،n(

 .)1 - 21 ()1 – 17 ( :

 



m
j

m
j

nm

d







 ( 1 – 22  )

DWTCWT[45]،

.
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1-4-5)Multidimentional

Wavelets([46][17]

.

.
nRL )(2

)Single Scaling ()Scalar Dilation Parameter (

:












  nZZ,:)bx(aψa(x)ψb)Ψ(a, 2

1

, klk
l

kl
l ( 1 – 23 )

:

l :.
k:.

a :.
b :.
x :.

al(a,b) .  بينمـا

)Multi Scaling( ، )(

DT:
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Dl=diag (al1,…,aln) ,

T=diag (b1,…,bn),

:
l =(l1,…,ln)  Zn .

)1 – 23 (:








  nZ,:)Tx(DψD(x)ψb)Ψ(a, 2

1

, klkkl ll ( 1 – 24 )

[46][17]

)Tensor

Product (:

)()()()( 21 nxxxx   ( 1 – 25 )

.

1-4-6STFT

1-STFT)Sinusoid Wave(

[41][35].
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STFTيستعمل -2

[36].

3--STFT

.

4-)Unique (

[44].

5-

)Compact([44].

6-)log( nn

[44] )(n.

1-5

)Universal Approximation Tools(

)Fitting (/)  كمـا

)1-1 ()1-4(([12].

) (

)1-3-5-2-3() (

[13].
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)Computational Units ( في

)Wavelet Networks([18][10][15] :

*-.

*.

:

)bxa(sw(x)f ii
1

i 


k

i
( 1 – 26  )

kiw )،ia،( ib)(s

)1 – 26 ()1 – 19(

)(s.

[10] ) :Wavelet Network ( )Wavenet(

)Fuzzy Wavelets.(

w

[10].

)Daugman (1988 ،

)Gabor Wavelets (

)Pati ()19911992 (
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)Zhang (1992)Szu (1992

)A Special Feed Forward Neural Network([10])1-13 (

.

)كمستخ(

)Time_Series Data([14][10][18])

) بحثنا

)Weighted Combining of Wavelets (:







h

i 1
ii (x)ψw(x)f ( 1 – 27 )

h)(،)(xiiiw

(x)f


f

Wavelet

Networks

Feed Forward

) 13- 1(شكل



41

)Much Higher Level of Generalization(

)Shorter Computing time (

[13].

)

)لنقل

)([12][10][18])1-14 (

.

1-6

)

)1-3-5-2-3 ((

Input 1x

nx

2x



Hidden Layer

 (a x- b )

Wavelets as
activation function

Output




 
k

i
ii baxwxf

1
)()( 

) 14- 1(شكل 
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)Multidimensional Discrete Wavelet Transform (

 .

1-7

EBPشبكة 

STFT

حـة  

.
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2-1
 )

 ( )1-3-5-2-3(

) (خلفا 

)Powerful (

[12]

(Initialization)

( Mapping Function)[10].

 .

 )

 ()Linear Combination (

)n,m ()1 – 21 (.

)2-1 (.
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2-1-1

(Scanner)

)Paint

Brush(BMP)8 ()48 (

)Object Fidelity Criteria( ،

)Peak Signal to Noice Ratio(PSNR ،

[48]:

   

 







1N

0x

1M

0y

2

10
y)I(x,y)(x,I~

M*N
1

1)(L10PSNR log ( 2 – 1 )

:

L :.

N,M:.

),(~
yxI:.

),( yxI:.

:

)16.7,13.6.(
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)17.05,14,71.(

)17.4,15.05.(

)16.3,15.2.(

)16.09,14.4.(

)13.05,12.12.(

)17.9,15.9.(

)16.7,14.7.(

)Testing Image (

)24 (

.

2-1-2)Read The Image File(

)Image File Format(

BMP ،JPG ،TIF،….

)Bit Map Format (BMP

[38][48]windowsBMP

)Header ()54 Bytes(

)Pixel(

)Color Palette ()Red
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GreenBlue(

)8 ()255 … 0 (

[48][38] ،)2

BMP(.

2-1-3)Image Segmentation(

)([48][47].

)Feature Extraction([48].

.[47]معالجتها

)

)Similarity()Discontinuity(([49]:-

1-)Thresholding()Region

Growing.(
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2-

)Edge Detection.(

.

2-1-3-1Thresholding

[50][47]

)Dark

Object (على خلفية فاتحة)Light Background(

)Histogram (

[51][47].

[50]

)3(.

2-1-4)Feature Extraction(

)Numerical Measurements (

)High Compression Ratio ([52]

) (
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،تح)(

[48][47].

)Histogram  (

)Gray-Level (

)Probability Distribution(

)ٍStatistically Features (

)First Order Histogram Features(

[48]:

M
N(g)p(g)  ( 2 – 2 )

N (g)M, g) حاصـل

.(

[48][47]:

1-Mean

:-







 1L

0g
p(g)gg ( 2 – 3 )

L)g (0

L-1.
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2-Standard Deviation

)Variance(

.

:







1L

0g
p(g)2)

-
g(ggσ ( 2 – 4 )

3-Skewness

.

p(g))g(g
σ
1Skew 31L

0g3
g








( 2 – 5 )

4-Energy

1.






1L

0g
2[p(g)]Energy ( 2 – 6  )

5-Entropy

)Coding (:

 




1L

0g 2[p(g)]logp(g)Entropy ( 2 - 7 )

.
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2-1-5

)1- 21( > 1 > 0

31قيمة  =2[39] ،

0    1.

)Dilation Index (m

)Dilation Level([9])Domains (

)1- 22 (:

βαnm m
jk

 ( 2 – 8 )

mαd jk
 ( 2 – 9 )

mjkdjkj)

2(ل)  – 9 (m

)(log
)(dlog

m jk


 ( 2 – 10 )

mjkdjk[akبالنسبة لقيمة  , bk] يمثل

)Domains (k

mjkdjk:-

)b(a
2
1m kkjk  ( 2 – 11 )

)a(b0.2d kkjk  ( 2 – 12)
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m:














 )log(

)log(d jkm


( 2 – 13 )

 .

mm

:















































 ,...2)log(

)log(d
1)log(

)log(d jkjk ,


( 2 – 14 )

m 2(في – 14(

 .

n)2 - dΩللعائلة ) 14

 kk b,a :

k
m

k bn2a    ( 2 – 15 )

n:

k
m

k
m b2na2   ( 2 – 16 )

nيج:

      k
m

k
m

k
m b22,...,a21,a2    ( 2 – 17 )

n)2 - mعلى قيمة ) 17

)2- 17) (m (

)Exponentially ( معm

).(
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يجية2-1-6

 )α (

[39].

2-1-7

)

(

)2-2 (

.
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:

فيها

فيها

) 2- 2(شكل 

كلا

كلا
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:-

1-onet

ERRTOLMAXITER.

2-MSE1

)1 – 11 (

)1-3-5-2-4.(

3-

)Normalization (

)

L2(Rn)

(

[15] )1(

، كما [39][11]

)2 - 18 ()2 - 19 (.

2)s(x2s(x)2)s(x(x)φ1   ( 2 – 18 )

2x2
1

ex(x)φ2


 ( 2 – 19 )

s()x

:

wjj N,1,jfor(x)Φh   ( 2 – 20 )
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:




i

i jij

N

1
)φ(z(x)Φ ( 2 – 21 )

bnx2z ii
i

ji
m

 ( 2 – 22)

(x)))1-4-6 (  فـي

(mii.

4-

)Weighted Sum(:

o
w

1j kjkjk N,1,2,kforahCy
N

 


                 ( 2 – 23 )

Cjkjkak)Bias

Term (لخليk.

)Additional Direct Connections (

)2 – 23 (

:

o
Ni

1i
iki

wN

1j kjkjk N,1,2,kfor,xaahCy   


       ( 2 – 24 )

akiikxi.
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5-p:

kkkk y)y(dS                                                          ( 2 – 25 )

ky)2 – 23 (:

-ka

1a
y

k

k 

 ( 2 – 26 )

-jkC

oN1,...,kforand

wN1,...,jfor(x)hC
y

j
jk

k







( 2 – 27 )

ky)2 – 24 (:

Ni,1,ifor&No,1,kfor,x
a
y p

i
ki

p
k  




              ( 2 – 28 )

p
ixip .

6-

)2 - 29.(

jkj
o

k
k

*
j ΦCδδ

N

1
 












( 2 – 29)

w
p

ijN
p
ji

p
j2

p
j1j N,1,2,jfor)(zφ)(zφ.)φ(z)φ(zΦ   ( 2 – 30 )

)(zφ jijiz.
7-:-
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o

wkjkkkj

N1,...,kforand

N1,...,jforcΔαy.δηcΔ net



( 2 – 31 )

:
kjΔc.

kSk.
kyk.
kjcΔ .

net.
:-

kjkjkj ccΔc  ( 2 – 32  )

kjc .

kaΔαk.ykη.δkΔa net       ( 2 – 33 )

kkk aaΔa   ( 2 – 34 )

8- لية:

iN1,...,iforand
wN1,...,jforjiαΔαj.hj*η.δjiΔα net




( 2 – 35 )

jiαΔ .

jkαΔjiαjiα  ( 2 – 36 )

jiβΔαj.h*
jη.δjiΔβ net  ( 2 – 37 )

jiβΔ .

jiΔβjiβjiβ  ( 2 – 38 )
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9-p

)3 (

)10.(

10-)Mean Sequare Errors.(

2p

1p

N

1k
)yd(2

1MSE p
k

o p
k 

 
 ( 2 – 39 )

11-

ERRTOLEpoch

MAXITER)2.(

2-1-8

.

)

(

.
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3-1

 )6 (

)8(:

1-


xex(x)
2x2

1

1


2-2)s(xs(x)22)s(x(x)2 

.

3-1-1

)MeanStandard DeviationSkewness ،

EntropyEnergy (

)8 ()5.(

)
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 ()3-1 (

.

:

)3-1 (

)0.01 ( )0.001 (

)) (7 ( )0.001 (

 )2( )1()3-2 (

.
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:400000
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PSNR)12.6 (
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PSNR)9.54 (
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PSNR)9.85 (
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PSNR)9.87 (
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PSNR)8.2 (

)%15.12.(

)3-2 (
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:
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 ) (6( )0.005 (

 )2()0.8()3-14 (.

:
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BMP

)1,4,8,24:(-

Algorithm 1-2        {Read BMP File}

Step 1:{Read File Header}

Step 1.1:Get BMP File Header.

Step 1.2:Check The Signature File.

Step 2:Get Global Color Map, Put in Variable Structure “Pallet”.

Step 3:Calculat Bitperpixel and Block Data for Each Case Bitno of

1: (bmp.width+7/8).

4: (bmp.width+7/8) shl 2.

8: (((bmp.width+3) div 4)*4).

24: (bmp.width*3).

Step 4:Gets the Offset to Reach the Start of Bitmap Data.

Step 5:Get Block Data Size according to step 3.

Step 6:Put Bitmap Data in Matrix.
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:-

Algorithm 2.2 { Segment of Image}

Input of Algorithm: The Source Image.

Output of Algorithm: Segmented Image.

Step 1:Read The Image File

Step 2: Calculate the Image Histogram

Step 3: Select The Value of Threshold

Step 4:Split the Image into two Region by Compare each pixel g(x,y)

with threshold

If g(x,y)  Threshold Then Region 1

If g(x,y) < Threshold Then Region 2
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Abstract

The feed forward neural networks trained by error backprobagation

algorithm suffers many problems such as (premature convergence, local

minima,…,etc ) , these problems effect on the efficiency of that network .

Many methods and directions were suggested to overcome these

problems. One of these techniques the hybridization. One of these

hybridization techniques in the neural networks with the wavelet

transform methodology, which has universal approximation theory to be

used in the functional approximation process.

In this research the wavelet transform has been used after

choosing a suitable mother wavelet as a part doing functional

accounting inside the NN as a hidden units. Since the input is vector of

multivariate, so a multi-dimensional wavelet transform has been used

using multi-standardization. Two functions have been used as a mother

wavelet: -

1- A function as a collection of three sigmoidal functions.

2- The first derivative of Gaussian function.

Each function has been tested inside the network inorder to classify a

collection of different hand-drown gray scale images (8) bits, these

images subdivided to eight groups, each group contains (6) images with

different distortions. The PSNR was used to calculate such distortions.

The training results showed the hybrid network has the ability to

deal with such images and the ability to generalize the results by

recognizing all the patterns as total of (24) images except the first and

the eight experiment when the first function is the wavelet was used to

recognize (23) patterns of (24) one.

A comparison between the proposed network an error

backprobagation network was given which shows the efficiency of the

proposed one is better. Also, the research take into account the color

images and its given an efficient classification process for such images.



The proposed method is executed on Pentium III computer with

processor speed 650 MHz and using visual C++ version 6 to

programming it.
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