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ABSTRACT 

A neural network model and its application to 
image recognition are proposed in  this paper. 
This model consists of Mapping Network (MN) 
and Liked Bidirectional Associative Memory 
(LBAM).Invariant mapping is used in MN in 
order to decrease the number of dimensions of 
image samples and not to change the distance 
between them. LBAM'S structure is simple and 
its convergence speed is fast. Severa! computer 
simulations given to  prove that the model is 
capable of recognizing noise - added targets and 
targets cut off f little part. 

1.INTRODUCTION 

Neural network as classifier has aroused great 
interest not only in theoretical research, but 
also for its many potential applications. It is 
proved to be useful in  several fields. BP is used 
extensively because it has a automatic training 
method. Though there are a great many methods 
for accelerating training speed, the training 
speed of BP is still unsatisfactory. Probabistic 
neural network (PNN) is proposed by Dona1d.F. 
Specht to have four forward layers in 1988. Its 
function for classification is equal to Bayc 
Classifier. The training of PNN is completely a 
forward process. So training is very simple. But 
i t  is not practical when the number of training 
samples increases, for PNN must store all 
training samples in network. In this paper, 
LBAM network is devised by controlling several 
variables to have, resonable basins of attraction 
and resonable stable points. So LBAM network 
has no false stable points. 
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In order to  reduce the scale of LBAM nctwork, 
we use a invariant mapping to decrease thc 
number of dimensions of image sample. Here 
invariance means that  Euclidean distancc be- 
tween each other is keeped equal after mapping. 
Mapping transformation is complcted in MN. 
In this paper, we use MN and LBAM network to 
recognize image targets. MN model is given in 
section 2. LBAM network is dcscribcd in scction 
3. The structure of the intcgratcd neural netwo- 
rk is discussed in section 4. In scction 5. thc 
experiment results arc  prcscntcd. The papcr 
concludes in sections. 

2.MN model 

Assuming that  the set of training saniplcs 
consists of X i ~ A r R H ' M .  i =  1,2;..... ,N. Hcrc A is 
the subapace which is made up by X,,i= 1.2:...... 
N. The number of dimensions of X, is M * M. 111 
fact, subspace A can be reprcsentcd by ortho- 
noma1 vectors, supposed Y,, i=1,2 ;,,....N. Y ,  can 
be obtained by the Gram- Schmidt process: 

YI = X!/llX!Il 
Y2 = (x*-cl2x,)/llx2- CllXlll ... ... 

YN = (XN- ~~, ,Yj , / l lx , -N~'c , ,Y, l l  (1) ,=, ,=,  
Here C,,=Y:X,, i j =  1,2;-...,N . That is to say, C,, 
is the projection coefficient of Xi onto Y,. YTY, = 1 
if i# j ,  or Y'Y,=O. 

Vector X, can be combined by Y,, i =  1,2;.....,.N 

X,= ,= ,  CC,,Y,, i=l,2;...-,N (2) 

Let C denotes thc matrix whose i j  - th element 
is C,,. According to Gram - shmidt process, wc 
get: 
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Then equation (2) can be rewritten via matrix: 

Here: X =  [XI XI ..* XN'I 

It is known that Xi, i=1,2;..N, are linearly 
independent each other. Thus we can infer that 
Y, i =1,2;..,N, are  still independent each other. 
So vector C,= CC,, CZi ... G I T ,  i=1,2;..,N, can 
express the difference between each other. On 
the basis of above defination, we can get 
following useful properties. 
Property 1: The Euclindean between sample i 
and sample j is not changed by mapping 
transformation. That is: 

X=YC (4) 

V=[Yl Y2 "' YN] 

Ilxi-xiII = Ilci-cill 
Property 2: 
If (IXX-Xjll < IIXX-X,ll,thenl(CC-Cill < IICC-C,II 

Here XX is any vector in space RMM. CC is' the 
projection of XX onto Y. That is: 

cc = P.XX (5) 

Mapping matrix in MN is: 

I? = Y' (6) 

That total mapping processing can be described 
as RMM-RN, that  is to say XX-CC. In this 
paper, vector Ci, i =  1.2;..,N, is normalized 
respectively and vector CC is still normalized 
when vector XX is to be recognized. 

3. LBAM network 

Vector Xi, i =  1,2;..,N, are the training samples 
for MN model and Ci, i =  1,2;-,N, are the output 
of MN model. SO Ci, i=1,2;..,N, are the training 
samples for LBAM network. According to above 
defination, we know that  CC and Ci. i =  1,2;..,N, 
are mormalized respectively. That is to say: 

I/CC/I = 1 
11 Ci(( = 1, i =  1,2;-,N (7) 

Thus Euclidean distance between C;and cc is: 

d:= 11 CC - Cill ' = (CC - CJT (CC - C,) 
= IICCII'+ lIcll'-2CC'C; 
= 2- 2CCTCi 
=2-2ddi, i=1,2;..,N 

N 

j - l  
Here ddi = CC' C;= Z CC,Cjj 

Output function 0. is devised for every d?, 
i=1,2;..,N. I t  is 0 if d i = l  and decrease i f  dt 
increases. So Gussian function can be adopted: 

0; = exp( - d:/(2ei')) (9) 
= exp( - 2 - 2ddi)/(2$) 
= exp( - 1/& + ~/E,'I: 1-1 CC,C,J 

N 
Thus 0 = - I: AiOiexp( - d:/(2~,')) iS the sum of a 
series of Gadikian functions. We can make affect 
between 0, and O,, i=1,2,-.,N and i = j ,  small by 
controlling E:.  Gaussian 0, becomes sharp if E? is 
small. So function 0 is the sum of a series of 
sharp Gaussian functions. In fact, these sharp 
functions are associated with stable points and 
basins of attraction. Thus: 

ao/acc, = - ,; A,aoi/accj 
8 - 1  

N 

i - l  

N 

i-1 

= - Z AjOiCCji/~i' 

= - ZB,C,iOi (10) 

B=A,/ei'.j=1,2:-,N 

When the following iterative equation is used, 

cc, = cc, - piao/cc, 
N 

= CC, +/Yj,Z BiCC,,O, 
(11) 

We can guarantee that 0 becomes small after 
iteration. If Bi= B, j = 1,2;..,N, then equation 
(11) can rewritten as: 

0-1 j = 1,2;..,N 

N 

CC, = BjB(CCj/BjB+.ZC,jO,) 
1 - 1  

Here g,(x) = ABx 
Equation (9) can be rewriten like equation (12). 

N 

1 - 1  
O.=exp(- ~/E,*+~/E,'ZCC,,C,,) 
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6.  Conclusion 

In this paper, A LBAM networkis devised by 
global method. The structure of LBAM is very 
simple because MN model is used. On the other 
hand, LBAM network is global optimun. 
LBAM network as bidirectional association 
classifier can be used in many ficlds. Besides 
example in this paper, it  can be used in vector 
coding too. 
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f,(x) = exp((x - I)/€?) 

It is known from cquation (11) and function 0’s 
property that iterativc process is ablc to conver- 
ge to a globle points. 
Iterative process can be represented by network 
illustrated in Fig.1 
Parameters A,, i=1,2,-.N, arc equal if every 
target is equally important. In general, we use 
A,, i = 1,2;..N. It is similar to adopted b, = p, j = 1, 
2;..N. When the training number of every class 
is very large, C, represent the mean of i - th class 
and E i z  is convariance of i - th class. 
In this paper, the used network is made up by 
MN and LBAM. Using the property of equation 
(3), LBAM network in  Fig.2 can be simplified, 
which is shown in Fig.2. 
4. The structure of total network 

The network used in this papcr is made up by 
MN and LBAM. The total structure is shown in 
Fig.3. 
The recognition procedure of network can be 
concluded as: the unknown target XX get 
through MN model and MN model output CC. 
CC enter LBAM network. By bidirectional 
association of LBAM for several times, LBAM 
network output the recognition result. There is 
only O,,=1 and O , = O  if i s i o .  

5. Experiment result 

In these experiments, neural network is used in 
English character recognition and plane target 
recognition. The targets to be recognized are 
bilevel images in which 1 represent target and 0 
to ground. In the experiment for plane rccog- 
nition. image vectors arc 64 * 64 and wc use 10 
targets to train network. It costs 14 seconds on a 
microcomputer AST - 386 to train network. We 
use 100 targets, each of which is added Gaussian 
noise randomly. In this experiment, we use 
E,’ = 0.01, A, = 1, p,= 0.0005, U, = A,/€,’= 100. 
i=1,2;..N. I t  costs only 0.5 second to recognize 
unknown target. Some of the computer simula- 
tion is shown in Fig.4. On the same condition, 
the network is used in English character 
recognition. The results of expeliment are shown 
in Fig.5. 
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Fig.1 The structure of LBAM 

I i 

Fig.2: The structure of simplified LBAM 

Fig.3: The network used in image recognition 

Fig.4: (a) training targets 
(b) the targets can be recognized 

Fig.5: (a) training characters 
(b) the result of the unknown characters 
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