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Abstract

An adaptive fuzzy inference neural network (AFINN) is proposed in this paper. It has self-construction ability, parameter
estimation ability and rule extraction ability. The structure of AFINN is formed by the following four phases: (1) initial rule
creation, (2) selection of important input elements, (3) identification of the network structure and (4) parameter estimation
using LMS (least-mean square) algorithm. When the number of input dimension is large, the conventional fuzzy systems
often cannot handle the task correctly because the degree of each rule becomes too small. AFINN solves such a problem by

modification of the learning and inference algorithm.

© 2004 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.

Keywords: Neural network; Fuzzy inference, Machine learning; Fuzzy modeling and rule extraction

1. Introduction

Numeric analysis approach of fuzzy system was first pre-
sented by Takagi and Sugeno [1] and then a lot of stud-
ics have been made [1-11]. Since the systems using fuzzy
theory can express rules or knowledge as “if-then” form,
they have advantages such as they do not need mathemati-
cal analysis for modeling. However, they need the appropri-
ate model construction and parameter selection [1-7]. This
kind of fuzzy modeling problem is a troublesome work in
general.

On the other hand, studies of fuzzy neural networks that
combine both advantages of the fuzzy systems and the
learning ability of the neural networks have been carried
out. These techniques can alleviate the matter of fuzzy
modeling by learning ability of neural networks and have
been reported since around the beginning of 1990s [2,3].
Fuzzy neural networks can be applied not only for simple

* Corresponding author, Tel.: +81-45-566-1762;
fax: +81-45-566-1747.
E-mail address: iyatomi@isott.ics keio.ac.jp (H. Iyatomi)

pattern classification but also meaningful fuzzy if-then rules
creation; therefore, they can be put into practice for various
applications. In the early stage of fuzzy neural network
researches, Lin et al. [2] proposed one of the current prima
models which decide the initial fuzzy model by Koho-
nen’s self-organizing algorithm [8] and carry out parameter
adjustment by back propagation algorithm. Also as a repre-
sentative example, Jang et al. proposed ANFIS [9] in 1993.
ANFIS applies a neural network in determination of the
shape of membership functions and rule extraction. How-
ever, since it needs to divide the input data space in advance,
accuracy of the system depends much on the achievement of
this pre-processing. Wang et al. [10] reported an approach
to acquire fuzzy rules by dividing input space. These tech-
niques, however, do not consider the output data space, so
the obtained rules should not be always reasonable. Nishina
¢t al. proposed fuzzy inference neural network (FINN) [11].
FINN is a simple and effective fuzzy neural network that
divides input-output data space and extracts fuzzy if-then
rules automatically. Likewise many other fuzzy neural net-
works, FINN decides initial rules by self-organizing learning
at first, then carries out merging rules based on Euclidean
distance and uses LMS (least-mean square) algorithm

0031-3203/% - see front matter © 2004 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.

doi:10.1016/j.patcog.2004.04.003
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Digital Watermarking for Bi-level Image with Modefied Edge Pattern Method
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In this study, we proposed a new watermarking method for documents saved as bi-level images
based on the edge-pattern method. The odge-pattern method is capable of putting hidden
information in the document as bi-level images with little perceivable deterioration of the images.
This method. however, has a limitation in the amount of embedded information and vulnerability
for geometrical differences during the seanning the docnment. Our method improved the capable
information around 3 times larger than the original and addressed the issues such as the shift
and tilt during the scan with the (16, 8) error correcting code.
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to adjust the parameters. Since the architecture and behav-
ior of FINN are very applicable, it has been adopted as a
basic component for image recognition and interpretation
researches [12.13]. However, its fuzzy modeling for the
target task is not always sufficient.

A lot of systems which aim at excellent fuzzy modeling
and carry out input selection, rule creation and parameter
estimation have been proposed [4-7.14,15]. Elimination of
unnecessary rules and selection of efficient input elements
can contribute the performance improvement, reduction of
calculation cost and analysis of the obtained rules that is
one of the most important merits of fuzzy systems. In these
researches, Linkens et al. [6,7] reported effective input se-
lection and rule creation method and showed the excellent
results on their experiments. However, since these meth-
ods use fuzzy c-means (FCM) based algorithm as well as
[16.17], they have to know the number of proper rules in
advance. In addition, since the algorithms are complicated
and their algorithms and results are presented only for sin-
gle output system, they have difficulty if they are employed
for many applications.

Generally, many fuzzy neural network models have com-
mon problems derived from their fundamental algorithm.
For example, the systems which use gradient decent method
sometimes reduce the width of the membership function to
negative during the learning. The systems which employ
basic fuzzy inference theory make the degree of each rule
extremely small and often make it underflow when the di-
mension of the task is large. In such a situation, the learning
and inference cannot be carried out correctly.

In this paper, we propose a new adaptive fuzzy inference
neural network (AFINN) that alleviates these shortcomings
of the conventional models. AFINN carries out appropriate
model construction and solves fuzzy-neuro specific prob-
lems by modification of the fuzzy inference and learning
algorithm.

Following four steps perform model construction of the
AFINN:

. determination of the initial rules by adaptive self-
organizing learning;

2. selection of important input elements;

3. determination of the fuzzy neural network model by
adaptive self-organizing learning;

. parameter estimation using LMS learning.

PN

In Section 2, structure and behavior of the proposed
AFINN are described. In Section 3, the model construc-
tion of AFINN including input selection, rule creation and
parameter estimation are explained. In Section 4, three
examples are used to examine the efficiency of AFINN.
Conclusions are summarized in the last section.

2. AFINN

To construct appropriate fuzzy model, the following prob-
lems should be solved:

Input / Output Layer Rule Layer
Ispus Rart R
U = )

kil
!
. 2 " Y
Output Part - al

i : " ol -
_.Q\)_. Connection weight with Uy Wy Inpit Valuo

membership Funetion

(a) (b)

Fig. 1. (a) Structure of the AFINN and (b) its membership function.

1. identification of the optimum number of rules;
2. identification of the optimum element of inputs;
3. identification of the system parameter.

The proposed AFINN aims for the realization of above fea-
tures and performs fuzzy-modeling based on modeling pa-
rameters such as &g ¢ and g5, 7, those are defined later. The
modeling scheme is designed with the simple and versatile
FINN architecture [11]. First, we explain the structure and
the behavior of AFINN.

2.1. Structure of AFINN

An AFINN can divide input-output data space and
provide appropriate rules automatically. Fig. 1 shows the
structure of AFINN. It consists of two layers. One is the
input-output (I/O) layer and another is the rule-layer. The
1/0 layer consists of the input-part and the output-part. Each
node in the rule-layer represents one fuzzy rule. Weights
from the input-part to the rule-layer and those from the
rule-layer to the output-part are fully connected and they
stare fuzzy if-then rules. Membership functions as premise
part are expressed in the weights. Each weight from the
rule-layer to the output-part corresponds to the estimated
value of each rule. In short, the weights from the input-part
to the rule-laver indicate if-parts of fuzzy if-then rules and
those from the rule-layer to the output-part indicate then-
parts. The shapes of membership functions are adjusted
automatically in the leamning phase.

2.2. Behavior of AFINN

Suppose that the number of neurons in the input-part,
which is equal to the dimension of the input data, is Ny, the
number of rules is N, and the number of neurons in the
output-part, which is equal to the dimension of the output

Fig. 4.4: % {4k 4
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data, is Ny. The input data to the AFINN is expressed as
follows:

U= Qg Wy ooy By oo e s BN )< (1)

The subscripts 7, 7, and k refer to the nodes in the input-
part, those in the rule-layer, and those in the output-part,
respectively. Fig. 1(b) shows an example of a membership
function. The bell-shaped membership function represents
the if-part of fuzzy rule, which is placed between the ith in-
put node and the jth node in the rule-layer. The membership
function is expressed as

”
(uj — wjj)”

T e

1) 0'12, ’

1=(1y2,..0oN1), J=(:2,..., Na). (2)

where j;; is the membership value, w;; is the center value
of the membership function and ¢;; indicates the width ad-
justed in the parameter estimation phase explained in Sec-
tion 3.4.

In the rule-layer, many conventional fuzzy systems cal-
culate the degree of the rule by selecting minimum mem-
bership value or multiplying them as follows:

pj= 111/_111;:“. (3)
Ny

pj= n“ij' (4)
i

These calculations. however, often tend to make p extremely
small and sometimes they cause underflow when the dimen-
sion of the task is large. In such a situation, the learning and
inference cannot be proceeded correctly. In order to solve
such a problem, AFINN calculates the degree of the jth rule
pj as

Mo
. 1%ady \
pj=[Twm; (5)

H

Here. Nugj is the compensated factor relating to the in-
put dimension. We discuss the efficiency of N,4; for high-
dimensional data in Section 4.2.

Then, the inference result of the Ath node in the output-
part is calculated by the following equation:

W,

\-'—-j Swikpj)
Z ] P 3
where wj is the weight between the jth node in the rule-
layer and the kth node in the output-part. The w j; corre-
sponds to the estimated value of the jth rule for the kth node
in the output-part. The logical form of the fuzzy inference

if-then rules is given such as
Ifuyis 'l,'hlj. and ..., u; 18 Wjj, ..., Uy, 15 WN,
then yi is w jy,

Yk = s B=il, 2y N3y (6)

Fig. 4.5:

where ;; means the value near w; ;. It should be noted here
that it depends on the value of g;;.

3. Model construction of AFINN

AFINN has four phases to achieve appropriate input se-
lection, rule creation and parameter adjustment. In this sec-
tion we explain each of them,

3.1 Initial rule creation

The initial temporal rules are formed in this phase by
adaptive self-organizing learning algorithm. This algorithm
is developed based on that of Linkens [6] and is modified
to the AFINN structure. It can construct variable structure
in which the number of rules can be changed dynamically
in response to incoming training data. The algorithm is ex-
pressed as follows:

Preparation: The Ith input vector to the system I s de-
fined as follows:

144
P= .
[ "]

Here, the vector Y is the desired data vector in the output-
part of the VO layer described as
Yoy 3 e v W v T ®)
The suffix / of 7 indicates the consecutive number of the
learning vector (1 </ < L): the learning vector I consists of
L sets of (Ny + N3) dimensional vectors. They are normal-
ized mn [0,1] and inputted to the system.

The jth network weight vector W is defined to con-
catenate the weight vector from the Jth input-part
in the /O layer to the jth node in the rule-layer,

Wij = (W1, W2jseens Wijyenes U'Nlj)T.- and that from the

Jth node in the rule-layer to the th output-part in the I/O

,w)',vz)r Note that
W is (Ny -+ N3)-dimensional vector as well as F.

s {“’u ] . ©)
Wij

The number of current rule N, is set to 0, the number of
updated iterations for the jth rule defined as M is set to 0
(v j) and the consecutive number of the input vector / is set
to 1.

Step 1: The first input vector ' is used as the first rule
Wy,

layer, wij = (Wj1 Wiz, ooy Wiky .-

Wy =nB. (10)

Nyissettoland! =1 + 1.
Step 2: The winner rule j* is selected from existing Ny
rules where Euclidian distance between the /th input vector

XS 5
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Abstract

An adaptive fuzzy inference neural network (AFINN) is proposed in this paper. It has self-construction ability, parameter
estimation ability and rule extraction ability. The structure of AFINN is formed by the following four phases: (1) initial rule
creation, (2) selection of important input elements, (3) identification of the network structure and (4) parameter estimation
using LMS (least-mean square) algorithm. When the number of input dimension is large, the conventional fuzzy systems
often cannot handle the task correctly because the degree of each rule becomes too small. AFINN solves such a problem by

modification of the learning and inference algorithm.

© 2004 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.

Keywords: Neural network; Fuzzy inference, Machine learning; Fuzzy modeling and rule extraction

1. Introduction

Numeric analysis approach of fuzzy system was first pre-
sented by Takagi and Sugeno |1] and then a lot of stud-
ies have been made [1-11]. Since the systems using fuzzy
theory can express rules or knowledge as “if-then” form,
they have advantages such as they do not need mathemati-
cal analysis for modeling. However, they need the appropri-
ate model construction and parameter selection [1-7]. This
kind of fuzzy modeling problem is a troublesome work in
general.

On the other hand, studies of fuzzy neural networks that
combine both advantages of the fuzzy systems and the
learning ability of the neural networks have been carried
out. These techniques can alleviate the matter of fuzzy
modeling by learning ability of neural networks and have
been reported since around the beginning of 1990s [2,3].
Fuzzy neural networks can be applied not only for simple

* Corresponding author, Tel.: +81-45-566-1762;
fax: +81-45-566-1747.
E-mail address: iyatomi@sott.ics.keio.ac jp (H. lyatomi)

pattern classification but also meaningful fuzzy if-then rules
creation; therefore, they can be put into practice for various
applications. In the early stage of fuzzy neural network
researches, Lin et al. [2] proposed one of the current prima
models which decide the initial fuzzy model by Koho-
nen’s self-organizing algorithm [8] and carry out parameter
adjustment by back propagation algorithm. Also as a repre-
sentative example, Jang et al. proposed ANFIS |9] in 1993.
ANFIS applies a neural network in determination of the
shape of membership functions and rule extraction. How-
ever, since it needs to divide the input data space in advance,
accuracy of the system depends much on the achievement of
this pre-processing. Wang et al. [10] reported an approach
10 acquire fuzzy rules by dividing input space. These tech-
niques, however, do not consider the output data space, so
the obtained rules should not be always reasonable. Nishina
et al. proposed fuzzy inference neural network (FINN) [11].
FINN is a simple and effective fuzzy neural network that
divides input-output data space and extracts fuzzy if-then
rules automatically. Likewise many other fuzzy neural net-
works, FINN decides initial rules by self-organizing learning
at first, then carries out merging rules based on Euclidean
distance and uses LMS (least-mean square) algorithm

0031-3203/% - see tront matter © 2004 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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to adjust the parameters. Since the architecture and behav-
10r of FINN are very applicable, it has been adopted as a
basic component for mage recogution and interpretation
researches [12.13]. However, 1ts fuzzy modeling for the
target task 1s not always sufficient.

A lot of systems which aim at excellent fuzzy modeling
and carry out input selection, rule creation and pavameter
estimation have been proposed [4-7.14,15]. Elimination of
unnecessary rules and selection of efficient input elements
can contnibute the performance improverent, reduction of
caloulation cost and analysis of the obtained rules that 1s
one of the most important ments of fuzzy systems. In these
rescarches, Linkens et al, [6,7] reported effective mput se-
lection and rule creation methed and showed the excellent
results on their experiments. However, since these meth-
ods use fizzy c-means (FCM) based algonthm as well as
[16,17], they have to know the mumber of proper rules in
advance. In addition, sinee the algorithms are comphoated
and their algonthms and results are presented only for sin-
gle cutput systern, they have difficulty it they are employed
for many applications

Generally, many fuzzy neural network models have com-
mon problems denved from their tfindamental algorthm
For exarnple, the svstems which use gradient decent method
sometimes reduce the width of the membership function to
negative during the learning. The systems which employ
basic fuzzy inferance theory make the degree of each rule
extremely small and often make it underflow when the di-
mension of the task is large. Insuch a situation, the learning
and 1nference cannot be carried out correctly.

In this paper, we propose a new adaptive fuzzy inference
neural network (AFINN) that alleviates these shortcomings
of the conventional models. AFINN carties out appropriate
maodel construgtion and solves fuzzy-nenro specific prob-
lems by medification of the fuzzy inference and learning
algonthm

Following four steps perform model construetion of the
AFINN:

—

determumtion of the umtial rules by adaptive self-
orgarnzang learming
. selection of important input elements,
3. deternmnation of the fuzzy neural network model by
adaptive self-crgamzing learning;
parameter estitnation using LMS learning.

2

In Section 2, structure and behavior of the proposed
AFINN are described In Section 3, the model construe-
tion of AFINN including input selection, rule creation and
parameter estimation are explaned. In Sectien 4, three
exaruples are used to examine the efficiency of AFINN
Conelusions are summarized 1n the last section.

2. AFINN

Te construct appropriate fuzzy model, the following prob-
lems should be solved:

tnput / Quiput Layer

Input Part

Rule Layer

;
g
8§ |wy 7 R\
Output Part » AN
o P — I I e T
—Q)—— Canection weight with U, Wy el Valso
membership funenon ¢
a) (b)

Fig 1. (a} Structure of the AFINN and {b) its membership function

1. identification of the optinmm number of rules,
2, wlentification of the optimum element of puts;
3 identification of the system parameter.

The proposed AFINN aims for the realization of above fea-
tures and pertorms fuzzy-modeling based on modeling pa-
rarneters such as &, » and gy, those are defined later The
modehng scheme 15 designed with the simple and versatile
FINN architecture [11], First, we explain the structure and
the behavior of AFINN

21 Stuchme of AFINN

An AFINN can dwide mput-output data space and
provide appropnate mles automatically Fig. 1 shows the
structure of AFINN. It consists of two layvers, One is the
put-output (/O3 layer and another 1s the rule-layer. The
110 layer consists of the input-part and the output-part. Each
node n the rule-layer represents one fuzzy rule. Weights
from the input-part to the rule-layer and those from the
rule-layer to the output-part are tally conneeted and they
store fuzzy if-then rules. Membership functions as prenuse
part are expressed in the weights. Each weight from the
rule-layer o the output-part corresponds to the estimated
value of cach rule. In short, the weights from the input-pait
to the rule-layer indicate if-parts of fuzzy if-then rules and
those from the rule-laver to the output-part indicate then-
parts. The shapes of memberslup finetions are adjusted
automatically in the learming phase.

2.2 Behavior of AFINN

Suppose that the number of newons i the input-part,
which is equal to the dimension of the input data, is Ny, the
number of rules is Ny, and the number of neurons in the
output-part, which 1s ¢qual to the dimension of the output
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data, i N3 The input data to the AFINN is expressed as
follows:

U == (U g it s vy Wi o oy By Do )}

The subscripts 4, 7, and 4 refer to the nodes m the input-
part, those in the rule-layer, and those m the output-part,
respectively Fig 1(hy shows an example of' a membership
function. The bell-shaped membership function represents
the it-part of fuzzy rule, which 1s placed between the ith in-
put node and the jth node 1 the rule-layer The memberstup
fanction 1s expressed as

U = ?_5),'))2
Mj; = eXp e e
9

i={0,2,...,M), j=0,2,c..,N2), @

’

whete j; is the membership value, w;; is the center value
of the membership function and &;; mndicates the width ad-
Justed 1 the parameter cstmmnon‘phﬂse explained in Sec-
ton 3.4,

In the rule-layer, many conventional fuzzy systems cal-
culate the degree of the rule by selecting muniwim mem-
bership value or multiplying them as follows:

p; = munu;;, (3)

z
pj= [ mj (4)

Thesg caleulations, however, often tend to make p extremely
small and sometimes they cause undertlow when the dumnen-
sion of the task 1s large. In such a situation, the learming and
inference cannot be proceeded correctlv. In order to solve
such a problem, AFINN caleulates the degree of the jth rule
o as

N

1/Nag:
pj=TTw; (

Here, Ngy; is the compensated factor relating to the in-
put dimension. We discuss the efficiency of Nygq; for high-
dimensional data 1n Seetion 4.2

Then, the mference result of the 4th node 1n the output-
part is caleulated by the following equation

e
&

—Ny , .
YN G000,)

N,

“—j J

Xi = k‘""“»za“-fN'})- (")

where w15 the weight between the jth node m the rule-
layer and the kth node in the output-part. The w;; cotre-
sponds to the estimated value of the sth rule for the 4th node
in the output-part. The logical form of the fuzzy inference
if-then rules is given such as

By s iy, and .o w18 Wi, ..., iy, 18 N

then yg 18 w g,

Fig. 4.10: X REER 5 1242/ X —

where i ; means the valuz near w;; . 1t should be noted hiere
that it depends on the value of &;;

3. Model construction of AFINN

AFINN has four phases to achieve appropriate input se-
lection, Tule creation and parameter adjustiment. In this sec-
tion we explain each of them.

3.1 Il rule creation

The initial temporal tules are formed i this phase by
adaptive self-organizing learning algorithm. This algorithm
15 developed based on that of Linkens [6] and is modified
to the AFINN strueture. It can construet vanable structure
i which the number of rules can be changed dynanncally
1n tesponse to incoming traintng data, The algorithms ex-
pressed as follows:

Preparation The Ith input vector to the system F is de-
fined as follows:

U .
- {y] ™

Here, thie vector ¥ 1s the desired data veetor i the output-
part of the 1/O layer described as

 ETU IR T N ) ®)

The suflix / of £ incheates the consecutive number of the
Tgaming vector (1 </ < L) the learning veotor I consists of
L séts of (Ny + N3y dimensional vectors They are normal-
ized in [0,1] and inputted to the svstem

The Al network weight vector W s defined to con-
catenate the weight vector from the sth nput-part
mn the O layer to the jth node 1n the rulelayer,
Wij = (W1 7) Wajy eors Wijsen, WAy ,‘)T, and that from the

Jth node in the rule-layer to the Ath output-pait in the /0

layer, wij = (Wjl, Wjd, cuey Wikseros x,u_,'N,s)T Note that
W is (Ny + Nj)-dimensional vector as well as F.

W {Ww ] _ @
W‘;}

The number of current rule Ny is s¢t to 0, the mumber of
updated iterations for the jth nile defined as M is set 0 0
(vy) and the consecentive nuruber of the input veetor / is set
to 1

Step | The first input vector £ 1s used as the first rule
Wl ’

W =1 (10)
Ny issetto l and! =1+ 1

Step 2+ The winner fule j* is selected from existing Ay
rules where Euchidian distance between the /th mput veetor

¥ e fli o TR & HLDIA A 72 B
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Table 4.1: BEAF/SZ — 2 ¥ 28R — 107 & 2 M6 A A Al BE AR 175 & o0 1 finf 3
| (Bt sz — [ sx—> | %]

[HR 1 13,179 51,458 3.90
[H {5 2 3,066 19,886 6.49
R 3 12,403 46,460 3.75
{4 4 12 555 55,416 4.41
i 5 11,640 54,341 4.67

Table 4.2: BEA7/8 &2 — > & {EAE N X — > (B,D,F) 12 & 28634 Al G870 I il i D B N6 3
| | WA s & — > [ e s 2 — | ik |

R 1 13,179 24,778 1.88
JHj {5 2 3,066 7,252 2.37
5 3 12,403 21,698 1.75
M 4 12 555 23,880 1.90
M 5 11,640 22.861 1.96

ZIZT, BEERR = e 2R = HERN R - OfEiRE ORISR E IR L T <,
TRTONRRX =V 2HDIAD L, AU ZBEHE TSR RENWT LA TE S, LU,
LREOEGE R TAD L, FEAEEE > TOVWIEBAHIL 27\, Table 4.1 4 5 A7
NR—V DA DIERBEDERZLRTHAD L, LU T46 HFOBREZIHDIALGZ &
MHREIZ o7z, ZHUTE Y MECERT £ 35,000 Y MESFEHUTHEHATED, kDb
DX Y FITLT4,400 XFELHDIAD D Z ENTE D, ZDZ 2 6MHDIAARIWER
BNL WS TARTONRR—VRHTE2EZ2 5605,

ERDHALZMA DOOEREBDIAL/-DIZ, TV INX—=VFOENL N NZ— 2 %
SR HIRAR— Y (EORX =, KX —V B, D, F) 2fiHL7=3 DL & HBKL 7=,
ZDFERN Table 4.2 TH 5, HWEIZEAL T, I RTONRR =V E2MHHLZE DIZHARK
PIMZ IR TWDBH, XFBUZ U TH 1,670 XHE < MDA D 5, HERNX— 2 %2 fiHT D
B TUE 5w, IEREETIXIEE A SR AR KDL D XD 245D
HREELHDIAD DL Z 2B bhro T,



4.3 BRYFTERSZRAVLAET NOMRH

ALE T DMRE %17 S T2 DIZHDIA BRI WERIZFR D FTIERF S 2T 6 2 & T fiET
IR U Tz, B2 FTIER 54 & OIGH 2 MDA A 72 iR % 5 AH 5 BT Fig.3.15 D X 512
9 WA GEEAELD 24T 5. RHHAER > THAID 2R L& L LT, ZDEH D8
DAIPOEHHAID 2175 Z LTI €y MUE IR U IE U \WEi A D FIEALE & il T &
LN Tz, KEE % Table 4.3 1289, RS ODND K D2 9T oeAR D ZFME L 7~
FER 7 a” ZIEO By MEBSREINTWARWZ 55 7a” HIE L Wi AHLD BIGEALE 77
Ehhrolz,

Table 4.3: fiETHIZ L5 0 v MO HBR
| lal b | c[d[#]e[f[g|h]
Bk 1| 0| 180 | 127 | 193 | 145 | 171 | 166 | 169 | 144

B2 | 0| 133 | 157 | 155 | 167 | 116 | 192 | 164 | 129
B3| 0| 168 | 141 | 177 | 158 | 200 | 231 | 131 | 143
B4 | 0| 173 | 120 | 176 | 143 | 125 | 186 | 144 | 134
B 5 | 0| 153 | 143 | 180 | 165 | 179 | 185 | 160 | 179




4.4 N7 AERWEZBRE

AF v VIROMEE TS T 272017, HHHOAADMENZHE S Z &2 fHE 2R
T 572N T LW E AW CHBEFOIT N S EMRZ GBI L EN 6 26 L ITHE 2Rk 72,
Table 4.4 1% 100 B D 2 fEHE R % 0.1~5 EMEHITMEH X 2 U 72 ROFa5R8 R A, &
K%, EOESHTH D, EE»SHEHRZ EFICHRANDRIZ, 122 LThTLED
CEmAINGEL o T ULESDTIORFHIZAL 2D\, 1 ¥ 7RIV 5 OME S %2 A
AEE L TRDD & tan~1(1/1654) = 0.035 £ & 72 iRl U 72 & 2 Z O#iFH AN TN D
72\, Table 445 05~5.0 EXTIHIFLAYELLHEZRDLZENTELMN, 0.1 E
DE EIMEEEEMIZRDSD ZEBNTETVRN,

Table 4.4: B (10040) % [HE & HN 725H0% WV CHEE 2B U7 & & OFEH305%, fie
i, SRR, B D S O PR

@S | Eae | R | Bkt | 0S|

0.1 0.236 0.377 0.903 83
0.5 0.508 0.179 1.005
1.0 0.028 0.109 0.505
1.5 0.044 0.140 0.506
2.0 0.027 0.098 0.495
5.0 0.077 0.164 0.513
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BRDFEEIZ L 0 ESNMEE D S, bi-linear %2 W THIE 21T S HT. MHERIEDIAA
REDIRFBIZE D) %, LU bi-linear ik & i3 % & M & % i 1E U 72 £ O B R D3 diff & —
B3, (16,8) 52 MHAL THELWEHERZHGANN L 25, fERIICHOAEN TN
FEHAMEIZ XD Ebnd Z BT 2 Z & T 16bit DIHFRDIEFEIREHL->TLED /-
HTHD, Table 4.5 1Z#it% AJIH, BE% H I & U 7= #1420 HH 6D 3A A i D X it 2% % 7R
T, AJflliTbit (1) THo7/z& ZA0HAMITbit [01 2Z4kd 5 Z &% bit T0J A% 1)
AT B2 20D, bit 1 X 0 PMERER 2RV Yy INR =V EDb>TWS, I
. HLDA F N7 0 KA E R 16bit DRI O —#aikbi s Z 224D 16bit O F
WEDL->TUE D, RICHERZE WDy IRZ—Uhibit (1) 10) 2RIy I NK—
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7o TULESI I bholz,

Table 4.5: T v YN & — v RIFANRF (bit)

JC: e [1] 0] white | corner -]
[1] 2403.4 0 17.2 0.8 526.1
[0] 0 2946.8 27.3 16.3 181.2
white 0 0 299879.1 0 0
corner 0 0 0 149 3.6
-] 489.6 | 246.8 1485.5 25.5 | 36337.1
fife = 0.8 0.9 0.9 0.7 0.9

T 2 CHBREBETld D 23, IO A AR (AJJHEER) & mifEE SR & % ik U i
1 COFEZE D H HIZHAMED 2 W MGE L 72, Z00d, bit 12 0 2R T Ty IR —VIZHE
E UG 8D A A5 O {5 2 A Tk, A% O ik 2 B misk & U 7= KA a4
DEUHBEIZHZ Ty VR — U RHBELUE > TWE W WD, 8o TWGaiE > -4
DNE =V PR D ZNNEDL S\WH LD, FOHEHE % Fig.d.13~Fig.4.28 &
Table 4.6~Table 4.21 IZ/89, TOZNDXIE, ATOT Y VN — U HBHERIZE/LL
Ty INRA—VDEBEBHERLUISIZZEI Y IR —vE2bP) T T 52012 8H{b
UZzo T D% HWTERIZ L7ZDH Table 4.6~Table 4.21 T» 5,
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Abstruct

An dapiive fuzzy fnforence neural niebwork (AFINN) is proposed in this puper, It s self-construction abilly. parometes
extimation ability and nie extraction ability, The structure of AFINN s formed by the following four phases: (1) initial eule
croution, (2) selection of mportant fnput olemens, (3) idenrification of the network structure and (1) parameter cstimation
using LMS (least-nean square) algorithm, When the number of inpat dimension is large, the conventional fuzzy systems
often cannot handle the task correctly because the degree of ¢ach rule becomes 100 smalil, AFINN solves such a problem by

modification of the learning and nference algorithm.

© 2004 Pattern Reeogton Soclety. Published by Elsevier Ltd. All rights reserved

Keywords. Neurs) network; Fusry nference, Muchine learning, Furzy modeling and rule extmtion

1. Introduction

Numeric analysis approach of fuzzy system was first pre-
sented by Lakagl and Sugeno | 1] and then a lot of stud-
les have boen made [1-11]. Since the systems using fuzzy
theory can express rules or knowledge us “if-then” form,
they have advantages siich as they do not need mathemai-
cul wanlysis for meodellg. Mowever, they need the appropri-
ate model construction and parameter selection (1-7). This
Kind of fuzey modeling problem is a troablesome work in
ponerul

On tho other hwad, studics of fuzzy neural networks that
combine both advantages of the fuzzy systems and the
Teaming ability of the neursl networks have beeu carried
out. These techniques can alleviate the matier of fuzzy
modeling by leaming ability of neural networks und have
beon reported sloce wround (e beginning of 1990x [2.3],
Fuzzy meural networks can be applied nol only for simple

* Comeaponding suhor Tel 181438661762,
fan “R143.360 1147
Gl ovkress” ymomid?at s ko Jp (11, Iyatomi)

cation bt alse meaningful furzy H-then rules
¢ thercfore, they ean be put nfo practice for vaious
applications. In the early stage of fuzzy newral network
wesearches, Lin et al. [2] proposed one of the curreat prinva
models which decide the initial firzzy mode by Koho-
nen's self-organizing algorithm (8] and carry out pansmeter
adjustment by back propagation algorithm, Also asa repre-
sentative example, Jang et al. proposed ANFTS [9] Tn 1993,
ANFIS applies & neural network in detemnination of the
shape of membership functions and rule extraction. How-
ever, sinee it needs Lo divide the input data space in advance,
nccuracy of the system depeads much on the achicvement of
ihis pre-processing. Wang el al. (10] reported an appeoich
w0 acquire furzy rules by dividing input space. These tech-
niques, however, do nof consider the outpul duta space, so
the obtained rules should noi be always reasonable. Nishina
et . proposed fuzzy inference viewral network (FINN) [11].
FINN is a simple and effective fuzzy neural network that
divides input- output data space and cxtracts fuzzy if-then
cules atomatically. Likewise many other fizzy neural vet-
works, FINN decides inital rles by sel[-orgunizing learning
a1 frst, then cares out merging rules hased on Euclidean
distance #ad uscs LMS (least-mean squarc) algorithm

0031-V201/5 - bee front matter © 2004 Paserm Kecognition Society. Published by Elsevier Led. All rights reserved
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Table 6.1: TN ZTNDMHEIZRIET SRV v O
ERAEEEEY A

0.0 0.00000
0.1 0.00174
0.5 0.00872
1.0 0.01745

Table 6.2: RRILL XY=V b DEEMEE DML L RERD A & DfE
[EiGDES [BLAER Y Yy b [ ROME | EBREOME X OFE |

-1.0 0.01709 0.97943 0.02058
-0.5 0.00841 0.48216 0.01784
-0.1 0.00157 0.09018 0.00982
0.0 0.00000 0.00000 0.00000
0.1 0.00158 0.09018 0.00982
0.5 0.00842 0.48216 0.01784
1.0 0.01709 0.97943 0.02057
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