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ABSTRACT

In this paper, a method of improving the learning time and convergence rate is proposed to exploit
the advantages of artificial neural networks and fuzzy theory to neuron structure. This method is applied
to the XOR problem, n bit parity problem which is used as the benchmark in neural network structure,
and recognition of digit image in the vehicle plate image for practical image application. As a result
of the experiments, it does not always guarantee the convergence. However, the network showed improved
the learning time and has the high convergence rate. The proposed network can be extended to an arbitrary
layer. Though a single layer structure is considered, the proposed method has a capability of high speed
learning even on large images.
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1. Introduction

In recent image recognition researchs, there is
a vigorous interest to apply artificial networks and
fuzzy theory not only on simple image recognition
but also on complex applications. However, we
may face the following problems-oscillation at
local minima, high price in learning speed, misiden-
tification to degrade the efficiency of recognition
etc. as well as inability to regulate rules using re-
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spective existing artificial networks and fuzzy theory.
In the conventional single layer perceptron, it is
inappropriate to use when a decision boundary for
classifying input patterns does not composed of
hyperplane. Moreover, the conventional single layer
perceptron, due to its use of unit function, was
highly sensitive to change in weights, difficult to
be implemented and could not learn from past
datal1]. Therefore, it could not find a solution of
the exclusive OR problem, the benchmark.
There are a lot of endeavor to implement a fuzzy
theory to artificial neural network[2]. Goh et al.[3]
proposed the fuzzy single layer perceptron algorithm,
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and advanced fuzzy perceptron based on the
generalized delta rule to solve the XOR problem,
and the classical problem[3]. This algorithm guar-
antees some degree of stability and convergency
in application using fuzzy data. However, it causes
an increased amount of computation and some
difficulties in application of the complicated image
recognition. The enhanced fuzzy perceptron has
shortcomings such as the possibility of falling in
a local minima and slow leamning time[4].

In this paper, I propose a enhanced fuzzy single
layer learning algorithm. I construct and train a
new type of fuzzy neural net to model the linear
function. Properties of this new type of fuzzy
neural net include : (1) proposed linear activation
function; and (2) a modified delta rule for learning.
I will show that such properties can guarantee to
find solutions for the problems-such as exclusive
OR, 3-bits parity, 4-bits parity and digit image
recognition on which simple perceptron and simple
fuzzy perceptron can not.

2. Fuzzy Single Layer Perceptron

Wang proposed a fuzzy single layer perceptron
using the algorithm based on generalized delta
rule[3]. This algorithm guarantees some degree of
stability and convergency in application of data.
However it causes an increased amount of com-
putation and some difficulties in application of the
complicated pattern recognition.

2.1 Learning Algorithm for the Two Input
Fuzzy Single Layer Perceptron

For each input, repeat step one and two while
error is minimized,

Step 1 : Sort the input of the perceptron such that
L<l,

The output of the network can be expressed as
follows:

Ouitput = I * AW, + W) + (I, — I} X A WR)

AW=0 W<l
‘Where AWr=1 w>1

Fig.1 The two input single layer fuzzy perceptron

The expresston may be viewed as a conven-—

tional neural network.

I X AW WoH(rL) XAW2)

Fig.2 The two input single layer fuzzy perceptron
architecture

Step 2 : Apply the generalized delta rule to the
above sorted network, I derive the incremental
changes for the weights, AW, and AW

AW =ex;x AW + W)
AWo=ex X AW+ Wp) + ex (L, — L) < AW))

3. An Enhanced Fuzzy Single Layer
Perceptron

In this section the learning algorithm for a single
layer perceptron is proposed. Before I discuss the
new learning algorithm, we introduce the proposed
learning architecture. Figure 3 shows the archi-
tecture of the new learning algorithm.

3.1 An Enhanced Fuzzy Single Lavyer
Learning Algorithm

A proposed learning algorithm can be simplified
and divided into four steps. For each input, repeat
step 1, step 2, step 3, and step 4 while error is

minimized
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Fig.3 A proposed fuzzy single layer perceptron
modet

Step 1 : Initialize weights and bias terms.

Define W;, (1<i<D, to be the weight from
input j to output i at time t, and 6, to be a bias
term in the output soma. Set W) to small
random values, thus initializing alf the weights and
bias term.

Step 2 @ Rearrange A, in ascending order of
membership degree m, and add an item m, at the
beginning of this sequence.

0.0=my €m = ...<m<m;=<1.0

Compute the consecutive difference between the
items of the sequence.

Pk= m; ~— M;—
Where k=10, ... .n

Step 3 : Calculate a soma (0;)'s actual output.

0; = ng*ﬂgWg + ;)

Where f(i W, + 8,) is linear activation function
=
Wherei = 1, ..., L

In the sigmoid function, if the value of

(—20 ) s and  0.25,

T0te between 0.0

(« 1.0-1*—.2_”"‘) *(1- 1.0+'e_”d)) is very similar to

1.0 1.0 :

(Tgie=m)- If the value of ( o) s

between 025 and 0.75, ((—10—1&_—,,;7) *(1-—
O+e

—l—a%r'%-q—et)) is very similar to 0.25. If the value

of <——L"e—m) is between 075 and 10,

1.0+
1.0 _ 1.0 : e
((w1.0+e‘“¢‘) *(1 T0+e ™ )) is very similar to
_ 1.0
(1 1.0+e_’"“)'

Therefore, the proposed linear activation function
expression is represented as follows * The formu-

Jation of the activation linear function is following.

ﬂg%** 8)=1.0 where(zmi+ 85 5.0

ﬂEw,,+ 09=p*(2%+ 8)+0.5
where—S.Os(gWﬁ-g_ 0) <5.0, p=[0.1,0.4]

/(EW,-,--)— 6)=0.0 where(gmj+ 8) < —5.0

ﬂ(gu’:‘;'i' Hi))z(mim')*(gwﬁ.}_ 8)+0.5

where the range means monotonic increasing
interval except for the interval between 0.0 and 1.0

of value of the )‘(gW,ﬁ 9.

Step 4 : Apply the modified delta rule. And I derive

the incremental changes for weight and bias term.

AW+ )= 1 Eor 25 PirR 24 Wit 6)
+a* o WA

Wilt+ 1= WAH+ 2 W(1+1D)
20(t+1)=gxEx ROy +ax 200

where 5, is learning vate a; is momentum.

Finally, I enhance the training speed by using

the dynamical learning rate and momentum based

on the division of soma.

if (Inactivation wema — ACHUAHOR 1isoma> 0) then

Agt+1)= E?
pt+1) = 9(p + 27(t+1)
endif
if  (Inactivation wgsms — ACHVALION wa1soma> O) then
Aaft+1)=FE
a{t+1) = af® + salt+])
endif
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3.2 Error criteria problem by division of
soma

In a conventional learning method, learning is
continued until squared sum of error is smaller
than error criteria. However, this method is
contradictory to the physiological neuron structure
and takes place the occasion in which a certain
soma’s output is not any longer decreased and
learn no morel5]. The error criteria was divided
into activation and inactivation criteria. One is an
activation soma’s criterion of output “1”, the other
is an inactivation soma’s of output “0”. The
activation criterion is decided by soma of value "1”
in the discriminant problem of actual output
patterns, which means in physiological analysis
that the pattern is classified by the activated soma.
In this case, the network must be activated by
activated somas. The criterion of activated soma
can be set to the range of [0,0.1].

In this paper, however, the error criterion of
activated soma was established as 0.05. On the
other hand, the error criterion of inactivation soma
was defined as the squared error sum, the
difference between output and target value of the
soma. The degree of activation and inactivation
was equally set up on the basis that activation and
inactivation is the samel[5,6). Fig.4 shows the

proposed algorithm.

while ((Activation_no == Target_activated_no)
&&(Inactivation_error <= Inactivation_area))
do {
for (i=0; i<Pattern_no; i++)
for(j=0; j<Out_cell_noyj++) {
Forward Pass;
Backward Pass;
if(Out_cell==Activation_soma&&lerror|<=
Activation_area)
Activation_number++;
if (Out_cell==Inactivation_soma)
Inactivation_error += error * error;

Fig.4 Learning Algorithm by division of soma

4. Simulation & Result

I simulated the proposed method on IBM PC/586
in C++ language. In order to evaluate the proposed
algorithm, I applied it to the exclusive OR, 3-bits
parity which is a benchmark in neural network and
Pattern recognition problems, and a kind of image
recognition problem. In the proposed algorithm, the
error criteria of activation and inactivation for
soma was set to 0.09.

4.1 Exclusive OR and 3-bits
problems

parity

Here, I set up initial learning rate and initial
momentum as 0.5 and (.75, respectively. Also I set
up the range of weight [0,1]. In general, the range
of weights were [-0.505] or [-1,1]. In Table 1, I
compare a fuzzy single layer perecptron with the
proposed algorithm and all data are the average of
10 runs.

As shown in Table 1 and Table 2, The proposed
method showed higher performance than fuzzy
perceptron in convergence epochs and convergence
rates of the three tasks.

Table 1. Convergence rate in initial weight range

Applied Fuzzy Proposed |Initial Weight
Problem | Perceptron | Algorithm Range
exclusive 100% 100% 0.0, 1.0
OR 89% 99% [0.0, 5.0

3 bit 83% 97% [0.0, I.L
parity 52% 96% [0.0, 5.01

4 bit 0% 96% [0.0, 1.01 |
parity 0% 95% [0.0, 5.0

Table 2. Comparison of step numbers

Proposed
Algorithm

4 (converge)

Benchmark | Fuzzy Perceptron

Exclusive OR
3 bit parity
4 bit Parity

8 (converge)

13 (converge) 8 (converge)

0 (not converge) | 15 (converge)
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4.2 Digit recognition test in vehicle plate
images

1 extracted digit images in a vehicle plate using
the method in [7]. I extracted the license plate from
the' image using the characteristic that green color
area of the license plate is denser than other colors.
The procedure of image pre-processing is presented
in Fig.5 and the digit images I used are shown in
Fig.6.

Image BMP
Pattern Q File

Proposed
Smoothing
& Edge
Detection

Proposed

learning algorithm Recognition

Fig.5 Preprocessing diagram

123 EFHE 7S
(b)[m ;’i_g@?ﬂ

Fig.6 (a) Digit Images and
(b) training images by edge detection

I carried out image pre-processing in order to
prevent high computational load as well as loss of
information. If the extracted digit images were
used as training patterns, it requires expensive
computational load. In contrast, skeleton method
causes loss of important information of images. To
overcome this trade-off, I used edge information
of images.

The most frequent value method I had developed
was used for image pre—processing. This method
was used because blurring of boundary using
common smoothing methods. Thus, it degrades
both color and contour lines[8,9]. The new method
replaced a pixel’s value with the most frequent
value among specific neighboring pixels. If the

difference of absolute value between neighborhoods
is zero in a given area, the area was considered
as background.

Otherwise, it was considered as a contour. This
contour was used as a training pattern.

The input units were composed of 32 X 32 array
for image patterns. In simulation, the fuzzy perceptron
was not converged, but the proposed method was
converged on 70 step at image patterns. Table 3
shows the summary of the results in training
epochs between two algorithms.

Table 3. The comparison of epoch number

Image Pattern Epoch Number

fuzzy perceptron 0 (not converge)

proposed algorithm 70 (converge)

5. Conclusions

The study and application of fusing fuzzy theory
with logic and inference and neural network with
learning ability has been actually achieving ac-
cording to expansion of automatic system and
information processing, etc.

I have proposed a fuzzy supervised learning
algorithm which has greater stability and func-
tional varieties compared with the conventional
fuzzy perceptron.

The proposed network is able to extend the
arbitrary layers and has high convergence in case
of two layers or more. Though I considered only
the case of the single layer, the networks had the
capability of high speed during the learning process
and rapid processing on huge image patterns. The
proposed algorithm shows the possibility of the
application to the image recognition besides
benchmark test in neural network by single layer
structure.

In future study, 1 will develop a novel fuzzy
learning algorithm and apply it to the face recog—

nition.
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