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Fuzzy Single Layer Perceptron using Dynamic Adjustment
of Threshold
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Abstract

Recently, there are a lot of endeavor to implement a fuzzy theory to artificial neural
network. Goh proposed the fuzzy single layer perceptron algorithm and advanced fuzzy
perceptron based on the generalized delta rule to solve the XOR problem and the classical
problem. However, it causes an increased amount of computation and some difficulties in
application of the complicated image recognition. In this paper, we propose an enhanced
fuzzy single layer perceptron using the dynamic adjustment of threshold. This method is
applied to the XOR problem, which used as the benchmark in the fleld of pattern
recognition. The method is also applied to the recognition of digital image for image
application. In a result of experiment, it does not always guarantee the convergence.
However, the network show improved the learning time and has the high convergence rate.
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I . Introduction

In the conventional single layer perceptron, it is
inappropriate to use when a decision boundary for
classifying input pattern does not composed of
hyper plane. Moreover, the conventional single
1ayér perceptron, due to its use of unit function,
was highly sensitive to change in the weights,
difficult to implement and could not learn from past
data(l). 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){7,(8).
Goh et al.(3) proposed the fuzzy single layer
perceptron algorithm, and advanced fuzzy
perceptron based on the generalized delta rule
to solve the: XOR problem, and the classical
problem(3]. This algorithm guarantees some degree
of stability and convergence in application using
fuzzy data, however, it causes an increased amount of
computation and some difficulties in application of the
complicated image recognition. However, the enhanced
fuzzy perceptron has shortcomings such as possibility
of falling in local minima and slow learning
time(4).

In this paper, we propose an enhanced fuzzy
single layer perceptron using the dynamic adjustment
of threshold. We construct, and train, a novel single
layer perceptron using Auto-Tuning Method of
Threshold. We will show that such properties can
guarantee to find solutions for the problems such
as exclusive OR, and digit image recognition on
which conventional fuzzy single layer perceptron
can not do.

1. A Fuzzy Single Layer Perceptron

The learning algorithm for our single layer
perceptron will be proposed. Before we discuss an
enhanced fuzzy single layer perceptron, we introduce
the proposed learning architecture. (Fig.1) shows
the architecture of the new learning algorithm.
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Fig. 1 A single layer perceptron model

2.1 A Fuzzy Single Layer Leaming 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 until error is
minimized.

(Step 1): Initialize weight and bias term.
*Define, W (1<i<D) to be the weight from
input j to output i at time t and ©; to be the
bias term in the output soma. Set Wy (0) to

small random values, thus initializing all the
weights and bias term.
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(Step 2}: Rearrange A; according to the ascending
order of membership degree #; and add an item

my at the beginning of this sequence.
0.0=m0Sm1 <A Smj Sm_] <1.0

Compute the consecutive difference between the
items of the sequence.

Py=m; — m;_,, where k=0,-,n,

{Step 8): Calculate a soma (O,)’s actual output.

J-1 J-1
0;= Zkaf[Z Wy*'ex)
k=0 =k

J-1
f { LW+ 9:']
where j=k is a sigmoid function and

i=LA 1

{Step 4): Applying the modified delta rule. And
we derive the incremental changes for weight
and bias term.

]
AW (t+1)=n; xE; x 2 P, x
1]( ) ni i o k

J-1
f(]gk VVU <+ 91) +o; % AWI] (t)
Wij (t+l)=Wij (+D)+AW;;(2+1)
Agi (t+l)=77iXEixf(Blj+aiXA0i @)
gy(t +l) = ey(t)+A9ij(t+l)

where 1; is learning rate a; is momentum

2.2 Automatic Tuning of Threshold using Fuzzy
Intersection Operator

The fuzzy intersection operator has the property
that the output value is not greater than the
minimum value in all input values, and the Yager's
intersection operator(5) is described in Eq. (1).

IJXIHUXZ:l—
Min1, ( (1=ux)*+ (1=ny)?) "]

Yager's intersection operator converges to the

P intersection

min-operator for Yager's
operator is the special feature that the aggregated
value is not more than the smallest value among
all inputs.

Controlling the operator and the parameter
value needed by transfer function of hierarchical
neural network using such an operator, the
pessimistic and optimistic propensity appearing in
information merging can be decided automatically.

In the problem of adjusting threshold of transfer
function, the learning is performed with automatically
decreasing threshold from the maximum value "1
by fuzzy operator, i.e. intersection operator of
Yager satisfying the each pattern simultaneously.

Threshold is set by the compensative operator,
which uses the calculated maximum and minimum
value. On the occasion of this method, the network
is prevented from rapidly decreasing and becomes
modified with satisfying automatically the pessimistic
and optimistic degree.

In the method, because each

pattern is learned with fixed threshold, it may

Conventional

result in an inappropriate classifying by decision
plain. Therefore, the proposed structure can classify
the decision plain by controlling the threshold.
That is,
improved by dynamically adjusting by the Yager’'s

the problem of fixed threshold was

generalized intersection operator. Where 2 =2

was used on the basis of experiment.
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(Fig.2) shows the proposed threshold dynamic
adjustment method.

Case of Comparison (Erro'-”ld & Errorpresem )

{

"1 . ( value™ = Threshold™

value™ - Threshold |
‘ n_n . Sklp
"o" . (value™ - Threshold®™®

value™ - Threshold

Error®® = Error?ee"

Threshold®™® = value™

Threshold =1-

Min[l, ((1 - value ™ )? + (1 ~ value ™ )‘”)1/”]

Fig. 2. Threshold dynamic adjustment method

~-We simulated the proposed method on IBM
PC/586 with VC++ language. In order to evaluate
the proposed algorithm, we applied it to the
exclusive OR using benchmark in neural network
a kind of image
recognition. In the proposed algorithm, the error

and recognition problems,

criterion was set to 0.0.

3.1 Exclusive OR

Here, we set up initial learning rate and initial
momentum as 0.5 and 0.75, respectively. Also we
set up the range of weight (0,1).In general, the
range of weights were {~0.5,0.5) or (~1,1).shown in
(Table 1), 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

(0.0, 1.0)

XOR
(0.0, 5.0)

(Fig. 3) is showing the graph of the change of
threshold by the number of epoch. As shown in
(Fig.3), The threshold value ~ was
automatically using fuzzy intersection operator.

decreased

32 ID code recognition

For performance evaluation, we compared the
proposed algorithm with conventional fuzzy single
layer perceptron using 10 ID codes extracted from
student ID cards. The region of ID code was
extracted by two procedures.

XOR

Threshold
cooooo Do
D rme D o) Fut ON ) GOND =

Fig. 3. Threshold variation in each step

First the region containing the ID numbers was
extracted from the ID card image. Then the
individual numbers were extracted from that field.
The individual ID code was extracted as follows:
The presented scheme sets up an average brightness
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as a threshold, based on the brightest pixel and
the least bright one for the source image of the ID
card.
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After converting to a binary image, a horizontal
histogram was applied and the ID code was extracted
from the image. Then the noise was removed from
the ID code region using mode smoothing with a 3
X3 mask. After removing noise from the ID-code
region, the individual ID code was extracted using
a vertical histogram (6).

The input units were composed of 10X 10 array for
image patterns. In simulation, the fuzzy perceptron
was not converged, but the proposed method was
converged on 65 steps at image patterns. (Table 2)
is shown the summary of results in training epochs
between two algorithms.

ble 2. The comparison of epoch number

Conventional fuzzy
single layer perceptron

0(not converge)

Proposed algorithm 63(converge)

IV. Conclusions

We have proposed an enhanced fuzzy single
layer perceptron using auto-tuning method of
threshold, which has greater stability and functional
varieties compared with the conventional fuzzy
single layer perceptron.

The proposed network is able to extend the
arbitrary layers and has high convergence in case
of two layers or more. Though, we considered only
the case of single layer, the networks has the
capability of high speed during the learning process
and rapid processing on huge images patterns.

The proposed algorithm shows the possibility of
the application to the image recognition besides
benchmark test in neural network by single layer
structure.

o

rek

7

(1) Rosenblatt, F.: The perceptron: A perceiving
recognizing automaton. Cornell Univ. Ithaca.
NY. Project PARA Cornell Aeronaut Lab. Rep.
85-460-1. 1997.

(2) Gupta, M. M., and Qi, J.,"On Fuzzy Neuron
Models™. Proceedings of IJCNN. Vol.2, pp.431
-435. 1991.

(3) Goh, T. H, Wang, P. Z. and Lui, H. C, *
Learning Algorithm for Enhanced Fuzzy Perceptron’,
Proceedings of IJCNN. Vol.2. pp435-440, 1992.

(4) Kim, K. B., Cha, E. Y. “A New Single Layer
Perceptron using Fuzzy Neural Controller
Simulators’, International XII. Vol.27. No.3.
pp341-343, 1995.



16 wE AFUEREe H3EE(2005. 11)

(5) Kim, K. B., Seo, C. J., and Yang, H. K. “A
Biological Fuzzy Multilayer Perceptron Algorithm’.
Journal of KIMICS. pp99-103, 2003.

(6) Kim, T. K., Yun, H. G., Lho, Y. W., and Kim,
K. B.: An Educational Matters Administration
System on The Web by Using Image Recognition.
Proceedings of Korea Intelligent Information
Systems, pp203-209, 2002.

(1) B8A, 33L&, "HAo|&< 243 FHA| 28] 29
T, PEAFEPRYY =74, A9, AT, 2004.

(8) P, =AY, WA FE #2& o83 53 s}
A2dl, FEFFEYEES =84, A10E, AlL3,
2005.

ZMHE

1986'd RAfgm AksAd
(132D

1989 salvigtn AAARE
@y

19983 BAldigtm A A
(o]3pAp

20014 39~8A4 Ftedidta

AFESRTEYY Ly
20054~ s RgAlets]
=24 wyde

(BEoh A3 zn), Hrlol@
YA, A3z

2y

19933 Fdrigta ARl
(e184AD

19994 Fkhshu AR
QLEN

19963 ~1997d Bol3duidt
AR} At

19973~¥A) Hekhstn AFEF
83} Bar

A0053~FA F=ATePRAER]
oJA}

20053 ~3A] =k B
A3As R AsHRA2A
Eaeled, =24 wHad

(FJEP Neural Networks,
Image Processing, Fuzzy
theory




