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CMOS FUZZY LOGIC CIRCUITS IN CURRENT-MODE TOWARD LARGE SCALE INTEGRATION 

Li Zhijian     and     Jiang Hong 
Institute of Microelectronici, T»inghu» University, Bering, 100084, P. R. Chin» 

ABSTRAPT 

They en be used a, bu,,d,ng block, to «hieve VLSI implementation of fa», hardware, B, the u,e of the,, circuit uni . a high 
«peed fuzzy lope m,croproc.„or for a real- time hardware expert system ha, been designed. 

I.     INTRODUCTION 

put fcZlTth. C;n''rib';ti0f
n: h8Ve b"n m:d;t0 *« <^'oP™nt, •"<• »PP"«tio». offuzzy „t theory and fuzzy iogic .ince Zadeh 

mrZ f     " y '"    ' *" ""' time (8)- ,D """' "m "'"reh »nd dMi«n »f «»* >-«*™« «A M fazzy 

17 h    , ? I       "7      *""*" (2,M <,"i8n"1 Änd "Md hS'iC Wp',,8r W CMOS f""' '•* *"■"• * WM »pH 
len '      d T        r ""      T "' ™M * in,plem'nt ™™ "»" ^ «P-*»- T. Y.maWa ., „/ „»reported „in 
urrent-mode fuzzy .og.c orcu.t. in CMOS technology.  Her, w, propo.ed simpler and more reliable circuit „nit. implementing 

II.   NINE FUZZY LOGIC OPERATIONS AND THEIR RELATIONS 

Let 'totx t <rn d " ttHe dt9tr;( "I"" ''*' •«•""*>«» U"d " «"" "ogle and the re.ation, among the.e operation. 

J. Complement. 

I. Union(Max). 

i. Intertection(Min). 

». Bounded-sum. 

6. Bounded-product. 

7. Implication. 

6. Abiolute difference, 

t. Equivalence. 
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III. CMOS CURRENT-MODE FUZZY LOGIC/MVL CIRCUIT UNITS 
CMOS p- »ml n-ch»nnel current mirror, in Fig. l(al), (»2) »re u.ed Ho form the circuit» of the »hove nine basic operation,. 

Fig. I(bl), (bi) „re the simplified symbol, for Fig. I (»I), (»2), respectively. Fig. J .how. the circuit» of bounded-difference 

operation, where Fig. 2(»1) and (al) give two circuit» with different direction» of output current«. Sub.tituting p-(n- Vhannel 

current mirror» f*r n-(p-)ch»nnel one, in Fig. 2(»1), (al) will create their complementary circuit» »hown in Fig. 2(bl), (h2). Thi» 

circuitry complementarity mean» a great convenience for designer» to use these fuzzy logic unit, a» to, brick» in their circuit »y.tem 

without considering »pecifir current direction, between two neighbouring brick». All the circuit unit, introduced in thi, paper are 
of thi» circuitry comlementarity. So the complementary one» of the following circuit unit» are omitted, leaving circuit unit» only 

with their input current» flowing into the unit». With Eq. (10-16) and the bounded-difference circuit» »hown in Fig. 2 one can 
ea»,ly obtam the corresponding circuit unit» by adopting wired »um/.ubtraction. Fig. 8-10 »how the circuit» of fuzzy complement 

union, inter»ect,on, bounded-.um, bounded-product, implication, absolute difference, and equivalence, respectively. 

Since voltage-mode digital semiconductor memorie» are very mature and there are currently diflrcultie» »toring analog signal, by 
semiconductor devices, conventional digital memorie, »uch a» SRAM, PROM are prefered a, peripheral circuit, in fuzzy hardware 
»ystem» (1-3). So the grade of fuzzine,, i» discretized in , level, (i.e. 2 bit») or 8 level, (i.e. J bit,) and »o on. Thi, multiple-hit 

voltage »ignal representing meml,er»hip function of a fuzzy »et will be converted into 1-bit current »ignal, »ay, 0,,A standing for 

000, I0,«A for 001 »nd 70,iA for 111.  To avoid the »hift of tran.fering current through »erially connected current mirror» a 
current-mode quantization circuit i» needed which is »hown in Fig. II. The basic idea to design a current-mode register or nip-flop 
.» to gam m,.ltiple-|e«| »table state». This can be done by connecting the output of a quantizer with it, input, forming » feedback 

loop. F,g. 12 .show, the »cheme of multiple-level .stable state,. The quantizer, register and flip-flop with multiple-level are also 
very useful in multiple-valued logic. 

IV. RESULTS AND DISCUSSIONS 
The nine fuzzy logic circuit, contain only p-channel (L=5,im, W=80,.m) and/or n-cham,el (I.^/ini. W^O/im) MOS current 

mirror». The other, include current mirror», current »ource», convertor» and tran.fer gate». The thickne»» of gate oxide and field 

oxide are 40nm and SOOnm, respectively, while the thre.hold voltage» V7.p=-1.15v, Vr„=0.77v. Measurement result, »how that ,11 
the»e circuit unit* can implement their corresponding fuzzy logic operations well. Here as an example, DC result of fuzzy logic union 
circuit is »hown in Fig. 13. The time delay of thi, circuit is »bout 40n». Diode formed by connecting gate with drain of a MOSFET 

is not. included in our circuits, since our experiment, show that a »erially connected diode inside circuit, ha, large resistance 

and make, an inevitable voltage drop, and in turn influence» the normal logic function of the circuits. Every circuit described 
»hove ha, two kind» of format, which can be tran.lated e»ch other by the convertion between the p- and n-channel MOSFET 
Circuit designers may choose one of the two forms «reach circuit unit „ a building block in their circuit system according to the 

current, direction needed. There is no need to fix a current mirror between two adjacent circuit block» in order to change , curr-nt 
direction. This will eliminate a time del»y »nd current »hift tage. Circuit unit» implementing bounded-difference, fuzzy logic 

union, intersection, qn»ntiz»tion, register, »nd flip-flop have been applied to building up a high-speed fuzzy logic microproce.snr 
for a real- tune expert system in the field of robotic deci.ion-making (1). 

V. CONCLUSIONS 
Basic circuit „nit, in current-mode are designed and fabricated In 5 micron CMOS technology. They can implement v»rio,„ 

fuzzy logic operation, of bounded-difference, complement, union(max), inter»ection(min), bounded-sum, bounded-product impli- 
cation, absolute difference, equivalence. Al.o fabricated »re current quantizer, rcgi.ter »nd flip-flop which »re or importance i„ 

buildmg up » fuzzy information processing machine or a multiple- valued logic hardware. Test of chips show that by use of th-.. 
basic circuits one can realize the corresponding logical functions very well. They exhibit the distinctive featuc, ofsimple structure 

high functional density, „sage in multiple- valued logic integrated circuit,, »nd a gre»t convenience for high-density integration' 
The.« circuit unit» h»ve great potential to be one of the best circuit architecture to form fuzzy logic and multiple-valued logic v.r. 
large »cale integrated (VLSI) hardware«. 
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ABSTRACT 

Back propagation rule hai been shown to be an effiolent learning algorithm for multilayerd 

neural network.  Kowever.lt Is limited  beoause It  only  finds local minima.  Boltr.mann 

machine has also been shown to be an efficient learning rule.  But*It Is limited because 

it learning rate is too slow.  In thispaper.we proposed and simulayed a quantum learning 

algorithm for multilayerd neural network.lt Is shown that Its learning rate Is more rapid 

than that of Boltzmann machlne»and It can tlnd theglobal mlnlmun unlike back  propagation 

a Igor I thru does. 

INTRODUCTION 

The  error backpropagatI on  rule would  modify the  weight  between neuron? and J of m-th 

layer and (m-I)th layer.respectively* as followsi 

AWT j= p ö TO— % <1> 

where p  Is an acceleration constant that relates to the stepslze of the simulation.  The 

output of k-th neuron Is qi« »its input is pu» and Ö k is the backpr opaga t i on error given 

for f Ina I layer, n. by 

ö WMPIMu.-t») (2) 

and for alI other layers by 

fi 7sf-(P7)S6 **'**;£' (3) 

The error backpropagation rule has been shown to be an efficient learning algorithm  for 

multilayerd neural net work.However * 11 is limited for It only finds local mlnimas.LearnIng 

In a Boltzmann machine has two phases.  In the training phase a binary input  pattern is 

imposed as well as the correct binary out put pattern on the out put group .The system is 

allowed to relax to equlllbrum at fixed  'temperature*  while  the Input» and outputs are 

held fixed.  In equilibrium, the average fraction of the time a pair of units Is on toge- 

ther.i.e.the co-occurrence probability p*j# is computed for each connection. In the test 

phsae the same procedure Is for-co-occurrence probabilities, pi j. are again computed.The 

weights are then updated according toi 

AW, j=e <Pt j-P-.j> <4> 

where £ controls the rate of learning. 

Similarly! Boltzmann  machine  has  also been shown to be nn efficient learnihg rule for 

multilayerd neural network.  But.lt Is limited for Its rate of learning is too slow. 

In this paper, according to I TO stochastic differential equation! 

d£ =-Vf ( £  )dt+f dw (5) 



where V f is the gradient of f and w(t) is i standard n-dl tnens iona I Wiener process, where 

€ = (: o I s a constant, we proposed and simulated a quantum  learning  algorithm for multl- 

layerd neural netweek which can find global minimum and coverge rapidly. 

A QUANTUM LEARNING ALGORITHM 

Consider equation as followst 

d£ --VM i  >dl+ (.  (t)dw ((!l 

6 (0)=xo . (7). 

Without   the   loss   of   generality»   »e  assume   that 

lim    r (x>* i<x> 
//   V //  * — CO 

I  Knnxpr-<l"F(X) IOX<eo,V n  f R\!0> 

fr R"   -I! 

lo Integrate numerooaI Iy equations (6) and (71. let us look at the asymptotic value of a 

sampled numerical trajectory solution to obtain a global mlnlmlum off. firstly, consider 

equations 16) andU). when f; = U Is a constant. 

d£ "V f ( 4 >dt-K odw<t> (8) 

Lett f,"1 bo  tlie stoohastlo prooess solution of (8) and (7)i lor any Borel set ACK", 

del' I ne 

Pt ( O.xo. t.A)-P<4 ^ olt) f A) 

where l'( • ) is the probability of I • ) and l'fo(0. Xo. t, A) Is thetrans I t i on probability 

ol 6 fn<t).Under regularity assumptlonslor I. we have 

I'f „(U.x0, t.A)= I  Apf o<0,xo. t.x)dx (10) 

wlrrre   the   transition   probability   density   pap£o<0,   xo>\>   x>   satiriSs   thr  1 o I low I ng   Fokker 

-Plnnnk  vquallun 

3 p/3 t=( t o/2)Aptdlv(7fp) (II) 

wl th 

lim   Pc    (0.   xo.    t.   x)   =6(x-Xo> (I2) 
t-»oo     c ° 

where  A and dlv are the Laplaclan and the divergence  with respeot to x. and 6 ( • ) Is 

the Dlrac delta function.Let A f  be defined by 

l/A^ o= | RnexpC-2f(x)/€ oJdx<™ ,l3) 

then as t —oo.the trandltlon probability density pg o(0.xo-t,x)approaches to the function 

Pl0n (0.xo.x)-A(onxpC-2f (x)/ 6 ?,] i|4> 



Clearly, P g 0_   Is   the  probability  density  of   .   random  variable I   ? 

so   that   I   €0<t>-4  f .hen   t-°o   due   to   (8)   and   (7).     Let   us   remark   that   D£ 

does not depend on the Initial condition xo. 

Fron, the  reasoning above, we can obtain that, a« € .-0. the the asymptotic probability 

density approaches to a D.rac delta fanotlon concentrated on the global minimum or , ,,„.. 

«r combination of dir.c delta functions concentrated on the „lob.I  the golbal minima.The 

linear combination depends on the curvatures of f at the global minima. 

»e can also obtain that, «hen 

1 im e m=o 
t — CO (15) 

and following equation ig satisfied. 

I ^°exp(-C2/t: °(t)]Af*)dt-oo ()6) 

where Af* |e the highest barrier to the global minima, ». can find the global minima of 

Mx> according <8>.  From (16), we know that £  (t) must go lo zero slowly. 

From above, the (6) can be easily „aed to train multllayered neural network.  I.e« 

f = E=E(0.-t.)3 

where o, |s actual output of l-th neuron of network,t, U the de.ired output of i-th neu- 

ron of network.  And let 

A tk>0. t«"2j A ti (to-0),k--0, I,— 
i=n 

we can dlscetlze (8) „.,„, the Euler-C.uchy method, that ls,£(t> Is ap,., ox I ma ted by the 

£ „ solution of the following finite difference equations, 

6h + i"6i.--AtkVf(Sh) + € <tkM»k + 1-Wk>.k»0.1.-, (11) 

s (18) 

In the (17), w1J(p and wk substitute for £k>Atk and wk. we can obtain the general fo, «, 

nf quantum learning rule as follows 

W.jfktD-W.jfkJ-p Vf(»,J(k)) + e(Mk + ,-Mk)  k-0,1,-, (19) 

SIMULATION RESULT 

We use a th.ee-laye, neural network and train It to function shift register. The t.alnlng 

rules we have used are er ror hackpr opaga 11 on, R0lt*m»nn machine and Ouantum learning ones, 

the simulation result is shown In FIC.l. Clearly, from FIG.I, the rate of learning of 

Quantum rule I. much more rapid than that of Doltzmann machine. The Quantum Mile can find 

the global minima as proven above. Ouantum learning algorithm ha» heen'used to train mul- 

tllayered neural netword to reoognlze ship silhouettes. 
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THE TRUIH-VALUED FLOW INFERENCE NETWORK 
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ABSTRACT 
Th.    eonvemlcn.,    ,„„, infcren„    „„,    lhe 

"TT" "■"   "  taa—   -*"•   "-   '*-   I.   •      Hn.ftaUon   f„r   lhe   J 
«U.O»   „   ,ePreSe„t   colllpl„   ln„wred6c   a„d ^   co • X 

«™.    .,«-...    A    new    r«,y    infe,e„ee    raelll0d    has    bee„ osed      '"" 

-«.-...    .«.I,    Truln.,a,„ed    Flow    ,„ferellce    mechod " ° 
ropos„,on   ,a   regardcd   ,s   .  chan„el      a|ong  whieh   U|e  iruihs  c>n   now -    • 

ta,  ...rerenee  „  «an»,   as SUe„  . proccss  ,„a,  lhc ,„,,„  ,„,., 

■ncrence   e„,„„e,   ,,„„,   ,„e   .„„(„recede.e«,   „   ,„e   enaCan.eeedenee).   T„e    J 
«h.    -V      ecrea«    „,,e„    tU)w,„g    a|ong    ,„, 

:ir,:,c r-1- - ""* papc' - — - - *• «~* -—^ 
:i:, ™ :::;rr:F,ow, ,nrere"ce 'w°'k<TvF,N,• — „   ... inference   to   a   neural   necwork   form.   B,   .he   TVFIN   il   i. 
«-*.   .o   -epreaen,   k„„wWge   and   con.ro,   ,„,es   „   ,„„y   comro|   „, ", 
Hie   fuzzy   inference   effectively. y 

KEYWORDS:    Approximate    Reasoning,    Fu„y    Infcrencc,    Fuzzy    relaiion( 

Control,   Neural   Network. 

1. INTRODUCTION 

After >„e te, ae,S ,„»„ coming  inl„ ,„e .„.IcIMHU,, lhc rea80ning „ „„ 

*" o„ly   „nc   o,   r„Se,   ,cs   or no   as   ,,   „   ta   lhc   „„„„„„„,, » ° 

^-.   -   -   »PP^mare   re,^,   „as   pressed   ,.p,dly   ,„   J las,   ,„' 

The  pattern  of fuzzy   inference   is 

P & 
 £1 

Q' (1) 



The  concept  of fuzzy   inference is  as  the  following: 

Assume   that  P(x)(xeX) and Q(y)(yeY)  are  two     fuzzy  linguistic  proposition in 

the   universe  of  discourses   X   and   Y   respectively,   when   given   implication  P *Q, 

and a precedence P' which is approximately near to P, what Q' is to be deducted 

from  the implication P—->Q 7 

In 1973, L. A. Zadch[15] used the fuzzy relation to model the fuzzy linguistic 

implication, carrying out a method of fuzzy inference namely the Compositional 

Rule of Infercncc(CRl) in which the fuzzy inference is the compositional 

calculation   of  the   fuzzy   relation. 

In CRI method, the implication P >Q  is described as a fuzzy relation from X to 

Y, denoted by R. The CRI method is a fuzzy transformation as follows, 

Q' - P'oR (2) 

Q'(y) *(P'oR)(y) (3) 

There have been many literatures discussing the definition of fuzzy relation 

R which express the fuzzy implication, more then 50 different definition of R and 

their compositional rules arc available. The most worthwhile works in this area 

are made by Gaincs R. R.[2], Bandlcr J. F.[IJ, Kandel A. and Cao Z. [6] and Mizumoto 

M. and Zimmermann II. J. 18], e.c.t. 

In the fuzzy  implication P )Q,  when  the  antecedence  Q     is directly related to 

the precedence P, the fuzzy relation R can model the fuzzy implication effectively. 

For  example,   the   simple   fuzzy   implication 

if A then B (4) 

or if A and B the C (5) 

can be modelled  by  fuzzy  relation R. 

For (4) R=AXB (6) 

For (5) R=AXBXC (7) 

However, in the opinion of authors of [12] and [13], the fuzzy implication is 

the expression of the human knowledge, some times it is very complicated. The 

antecedence may not be directly related to the precedence, there may be many 

branches which cross each other. That is to say, the framework of knowledge is a 

complicated network. In this case, the fuzzy relation R can not represent the 

knowledge   effectively.   Moreover,   for   every   branch   of   implications   there   should 

10 



be a cerlainty degree which may be dynamic other than static. The fuzzy relation 

theory   also  cannot  deal   with   the   dynamic   process. 

To create a new way of fuzzy inference to overcome the limitation of fuzzy 

relation method, the authors of [12] and [13] proposed a different method of fuzzy 

inference namely Truth-Valued Flow Inference method. In the truth-valued flow 

inference, a proposition or fuzzy implication is regarded as a channel along which 

the truth value can flow, and the fuzzy inference is viewed as such a process that 

the truth values flow along an inference channel from the top(prccedence) to the 

end(antecedence). The truth value may decrease when flowing along the channel 

because   there   exists   resistance   in   the   channel. 

According to the truth-valued now inference method, for the implication 
p *Q> 'be truth value of Q  is a function of the truth value of P , i.e. 

T(Q) = f(T(P)) (8) 

where T(Q)    is the truth value of Q . 

Here   the   head   of   the   inference   channel   is   P   , the terminal of it is C? . The 

function f(x) expresses the certainty degree of the proposition. If the f(x) is given 

by   a  differential  equation,  the   fuzzy   inference  can   be  treated   as   a  dynamic  process. 

The procedures of fuzzy inference are as follows according to the truth- 
valued   flow   inference   method: 

1) Build up a channel set base which comprises a limited number of 

channels:   P, >Qi (7=/, 2, .... n),    which  represent  the  knowledge. 

2) The given information is to form a fact P'i which is a fuzzy set on the 

universe of discourses X. The truth value of />,•' is its nearness to />/ . 

T(Pi') = near(Pi\ Prf. T{P{) will be the input to the channel and the output 

of the  channel  will  be calculated  by  (8). 

3) The output of the channels is to be processed to do the decision making. 

The above is called three steps of inference. The important thing of this 

method is that the output of one channel can be the input of the other, the 

channels can link each other and hence forming an inference network among 

which there may be many media relay stations of truth value transformation. By 

this way, the complex knowledge or control rules in fuzzy controller can be 

represented    effectively. 

Actually the truth-valued flow inference method has suggested a framework 

of  inference   network   which   is   something   like   the   neural   network.   So   the   authors 

11 



in this paper make use of the concept of the neural network to convert the truth- 

valued flow inference into a neural network form to construct a Truth-Valued 
Flow   Nctwork(TVFlN). 

Various neural network models have been proposed and studied by many 

researchers. These models such as Crossbar Associative Network! 10], Adaptive 

System[3], Boltzmann Machines^], Self-organization and Associative MemoryPl] 

and Ncocognitrins[7] are powerful tools for the study of pattern processing. 

However, to model human knowledge, besides pattern processing capability, the 

logical reasoning capability is equally important. Another new neural network 

called Neural-logic Network which is able to do the logical reasoning is proposed 

by Prof. Teh H. II. et al.tf] Because the fuzzy inference is a fuzzy logical reasoning, 

we   utilize  the   Neural-logic   Network   structure   in  TVF1N. 

2. THE TRUTH-VALUED FLOW INFERENCE NETWORK 

The TVF1N is defined as a multi-layer network consisting of a set of nodes 

represented by small circles drawn on a plane and a set of directed arcs linking 

some related pairs of nodes. Each node stand for a fuzzy subset of a linguistic 

variable. Every link is attached with an ordered pair of real numbers as its 

weightage. The nodes stand for the input linguistic variables are called input 

nodes, those that stand for the output variables are called output nodes and the rest 

are called the hidden nodes which stand for the median variables. An example of 
the TVFIN is shown in Fig.  1. 

hidden output 

Fig.  1 The structure of the TVFIN 

Each  node  can   be   assigned   an   real   number ß e   [0,1 J,   which   represents   the 

truth   value(membership   degree)   of   a   fuzzy   linguistic   variable.   Both   real   numbers 
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of the ordered pair for the weightage of each link is between [-1, 1]. The network 

is activated by assigning a truth value in [0,1] to the input nodes. The fuzzy 

inference is such a process that the truth values flow from the input nodes to the 

output nodes according to the rule of propagation. The propagation rule is defined 

as  follows: 

Let P  be a given node of the network. Let Pj, Pi  Pn  be all possible nodes 

which have links to the nodes P. Truth values associated with the node Pi is denoted 

by ßi and that associated with P by u.rj, and the weightage for the link connecting 

Pi to P is denoted by {a[, b[), a/, b[ e [-1, ]]. The network is shown in Fig. 2. 

Fig. 2    The rule of propagation of TVFIN 

The Ho, the truth value of output P,  is  calculated  by  the   following  formula: 

n n 
ßo = I MHi*a0f - Mn*bi)/ I 

1=7 «=/ 
(9) 

It is required that all a[(or b{) of links to a node be of the same sign(ai and bj 

may not be of the same sign), this is for the convenience of modelling the fuzzy 

control   rules   in   fuzzy   controllers. 

In the example of Fig. 3, the left side can be simplified as the right side. Where 

a'\ - aj*/a-b/, b'j = b]*/a-b/ 

a'2= 02*1 a-bl, b 2 = b2*/a-bf (10> 

Fig. 3 
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In   fuzzy   logic   the   union,   the   intersection   and   the   negation   are   the   basic 

operations. Let's see how these operations are modeled by the TVFIN. 

1). The union operation. ß0=nivß2=max(ßi, wMsee Fig.4) 

Fig.  4 The  union  operation 

2). The intersection operation. ß0~ßlAf12=min(ßi, \il)- (see Fig. 5) 

Fig.   5   The   intersection  operation 

3).  The negation  operation. /i0 = /-^;.(sce Fig.  6) 

Fig. 6    The negation operation 

3. THE TVFIN IN FUZZY CONTROL 

Fuzzy controller is proposed as an alternative to the conventional or modern 

control methods when a system to be controlled is mathematically ill-understood or 

intractable. Modern control theory always relies on the precise mathematical 

model of a controlled system. Fuzzy controller simply imitate the control strategy 

of a  human  operator  and  it  is  unnecessary  to  know  the  mathematical  model. 
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In   a   manual   control   system,   human   operator's   strategy   to   control   the   process 

can be expressed  in a set of control  rules, for example, 

if ERROR is PL and CHANGE IN ERROR is NM then CONTROL is PL 

and  eel. 

Where   ERROR,   CHANGE   IN   ERROR   are   linguistic   variables   of  input      and 

CONTROL   is that of output, they are defined as 

ERROR={PL, PM, PS, ZO, NS, NM, NL} 

CHANGE IN ERROR={PL, PM, PS, ZO, NS, NM, NL} (11) 

CONTROL={PL, PM, PS, ZO. NS, NM, NL) 

where PL, PM, PS, ZO, NS, NM, NL are fuzzy subsets, meaning positive large, positive 

medium, positive small, zero, negative small, negative medium and negative large 

respectively. 
Generally, assume that there arc two inputs linguistic variables A and B, and 

one single output linguistic variables C, with their universes of discourse being X , 

Y and U respectively. 

A = {A0eT(X),(ie 1) (12) 

B = (Bß e r(Y),(jeJ) (13) 

C={Ck}er(U),(ke K) (14) 

where   I=(I, 2, ■■■, m}, J=(U, -, n}, K={1, 2, -, h), ?(X) represents the fuzzy power set 
ofX. 

The human operator's control strategy is usually described in terms of a set of 

multi-complcxcd   linguistic      implications   as   follows: 

If A is Ai and B is Bj then C is C* 
(15) 

(ie I.je J,k= <p(i,j)e K ) 

Usually,    the    fuzzy    relation    theory    and    compositional    rule    of    inference 

method(CRI   method)   is   adopted   to   design   fuzzy   controllers   since   Mamdani   and 

Assilian   constructed   the   first   fuzzy   controller   in   1974[9]. 

When using the fuzzy relation theory and compositional rule of inference 

method the above fuzzy implications can be translated into a three-dimensional 

fuzzy  relation R  as follows: 

R = u (Ai x Bj x Ck) 
i.j 

15 



R e J(X x Y x U), 

R(x, y.u) = v (Ai(x) A Bj(y) A Ck(u)). 
ij 

(k=<p(i,j)e K) 

(16) 

where  R(x, y, u), Atfx), Bj(y) and Ctfu)   are  the  membership  functions  of R, A{, Bj 

and Ck respectively. The  fuzzy  controller is shown  in Fig.  7. 

A*(x) 

B*(y) 

Ai(x)   _ 

R x   r Ck(u) 

Bj(y)   r 
U 

Y 

►C*(u) 

Fig.7     Fuzzy  relation  in  fuzzy  controller 

Suppose that the inputs of the fuzzy controller at a certain instance are fuzzy 

sets A* e J(X), B* e J'(Y), according to the CRI method, the output of the controller 

will be the fuzzy set C* e 9(U), i.e 

C* = (A* x B*) "R 

C*(u) = sup (A*(x) A B*(y) A R(X, y, u)) 
xeX 

yeY 

= sup ((A*(x) A B*(y)) A (v (Ai(x) A Bj(y) A Cf(i, j)(u)))) 
xeX i,j 

yeY 

= sup(v ((A*(x) A Ai(x)) A (B*(y) A Bj(y)) A Ctfi, j)(u))) 
xeX    ij 

yeY 

= v sup((A*(x) A Ai(x)) A sup(B*(y) A Bj(y)) A Cf(i, j)(u) (17) 
iJxeX yeY 

In   actual   applications  the   inputs  of the   controller(i.e  observed   values  of  the 

controlled   process)   are   some   definite   real   numbers.   Suppose   in   a  certain   instance 
the observed value is a pair (x„, y0), then the fuzzy sets of inputs A* and B* are as 

follows, 

1,x=Xo 1, y=y0 
A*M=l0,x*x.>B*W=l0,y*y. (18) 
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so that sup(A*(x) A Ai(x)) = Ai(x0) (19) 
xeX 

sup(B*(y) A Bj(y)) = Bj(yJ (20) 

therefore C*(u) =   v (Ai(x0) A Bj(y0)) A C^i, j)(u) 

ij 

(is I,jeJ,<p(i,j)e K) 

(21) 

or C*(u) -v(v MjfxJ A Bj(y0)) A Ck(u)) 
keK <p(i,j)=k (22) 

(i e I,j e J, tp(i, j) e K) 

Using the defuzzification method of Ccnter-C-Gravity, the aclual output of the 

fuzzy   controller   is, 

u0 = I ( v (Ai(x0) A Bj(y0))) ♦ uk 

keK <p(i,j)=k (23) 

(i e IJ e J, k=<p(i,j) e K) 

where the ufc  is the gravity center of (A[{x0) A Bj(y 0) A Q). 

We can see that , the above method of fuzzy inference in fuzzy controller is 

very simple and easy to understand. This is the reason that it is widely used in 

practice. 

Let's examine the control rules in equ. (S), there is not any median linguistic 

variables between the inputs and the output variables. But in many complicated 

industrial processes, when describing the human control strategy, some median 

variables may be required. For example, a process concludes several different 

sections each of which is operated by different person, when describing the 

control strategy of the system each person can only note down the behavior of 

each section and he docs not know the relation between the inputs and outputs of 

the whole system. So we need some median variables. In such .cases, how to 

translate the control rules into a fuzzy relation R becomes a difficult problem. 

Even if the R is available, it is still too complicated to calculate the composition of 

the   fuzzy   inference. 

For instance, consider a set of rules  as  follows 
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ifA=Ai andB=B3 then C=C2 and D=D] 

if A=A2 andB=B] then D=L>2 and E-E2 

ifA=A3 then C=C] and E=E] 

ifB=B2 and C=C] then D=D2 (24) 

ifC=C2 and D=D] then £=£/ 

ifC=C] and D=D] then E=E2 

i/D=D2 then E=E3 

where A={Ai,A2, A3}, B={Blt B2, B3}, C={C], C2}, D={Dlt D2) and E={Ei, E2, E3). A 

and B are the linguistic variables of the inputs, C and D are that of the median 
variable   and   E  is that or the output. 

It is really a mess when looking at such a set of fuzzy rules. It could not be 

translate into a fuzzy relation R with easy. When the number of the fuzzy subsets 

of each variable and the number of the linguistic variables increase, obviously the 
difficulty   goes   to   extreme. 

It is obvious that the operator's description of the system's behavior may not 

always reflect the actual situation exactly by 100%. When a set of control rules is 

given, someone may ask such a question as: how much is each rule true or how 

much do you believe it? We will attach a number of percentage to each individual 

control rule. For example, if A then B(0.8), where the number 0.8 is the reliability 

factor of the rule ",/ A then B". In this case, the fuzzy relation theory is unable to 
model   the   fuzzy   control   rules. 

To tackle the problems mentioned above, using TVFIN will be much more 

flexible   and   convenient     than   using   the   fuzzy   relation   R. 

First, let's see how the TVFIN model the following inference sentences in the 
fuzzy   control   rules: 

1). if A then B(w).(sec Fig.  8) 

A B 

Fig.8 

2). if A then B and CY>v;.(sce Fig. 9) 
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Fig. 9 

3). if A or B then C(w).(see Fig.  10) 

A_ A 

(W,0)   »Q    _ ^—   —C 
1.0) AV B 

U        (W.0) 

Fig.  10 

4). if A and B then C(w).(see Fig.   11) 

A 

Fig.  11 

5). if not A then C(w).(see Fig.   12) 

A 

o = 

Fig.  12 

Where   the   weight   W   is   the   certainly   factor  which   represents   the   reliability  of 

the   rules. 
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Therefore, according to the definition of the TVFIN the fuzzy control rules in 

equ. (5) can be translated into a TVFIN as shown in Fig. 13. In Fig. 13, W ijk is the 

weighlage     associated  with  the link  connecting node (Ai A BJ) and C*. 

Wijk = 1, when <p(i, j)=k; Wjjk = 0, when <p(i, })+k. 

(-1,0) 
AIABI 

Am A Bn 

Fig. 13   The TVFIN of rules in (15) 

If   the    input   nodes    are    placed    truth   values,    according    to    the    rule    of 

propagation,  the  truth  values  of the  output  nodes  are: 

Ck(Uo) = v (Ai(x0) A Bj(y0)) * Wtjk 
i.j (25) 

- v(Ai(x0)A Bj(y„)) 

<p(i, j)=k 

(ie l,j e J.ke K) 

where   Ai(x0) and Bj(y0)  are the truth values of the inputs and Ck(u0) is that 

of the outputs  as  shown  in  Fig.   14.  We  make  a weightage  sum  of Ck(u0)  as the 

defuzzified output of the fuzzy controlled see Fig.   14). 

keK 

= I(v(Ai(x0)ABj(y0))) ♦ W'k 

keK <p(i,j)=k 

(ie I,je J, k=<p(i,j)e K) 

(26) 
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If wc choose W'k = uk. the result of equ. (18) will be the same as that of equ. 

(13). This shows that the conventional inference method of fuzzy controller is a 
special case of the TVFIN. 

Al(x 0) 

Am(x0) 

Bl(yo) 

Bi(yo) 

Fig.  14 The input and output of the TVFIN. 

With the TVFIN. the set of fuzzy control rules in equ. (14) can modelled as 

Figure 15. If the truth values of the input nodes are given, the truth values of the 

output nodes can be calculated according to the rule of propagation of the TVFIN. 

The TVFIN overcomes the difficulty of the fuzzy relation which is hard to model 

fuzzy control rules like equ. (14). This means that the TVFIN can model control 

rules of any complication and any number of variables. This feature is especially 

useful in the knowledge representing in expert systems. It is very convenient to 

increase variables and/or rules, which is done by just adding some nodes and links 

to the old TVFIN. It is benefit when an expert system has to be renewed with new 
knowledge. 

21 



~ 

Fig. 15   The TVF1N of rules in equ. (24) 
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ABSTRACT 

In this paper, we proposed and simulated a practical approach to recognize ship 

silhouettes independently of translation, scale changes, rotation and any aspect 

a hg Irs using neural net The proposed neural network system consists of two 

subsystems. One is moment invariant subsystem and the another is a in u 11 i I a yer ed 

neural network I li a t is tranined using quantum learning algorithm The simulated 

results   show    that    this   system   can   recognize   ship   silhouettes   very   correctly 

INTnODUOTION 

For recognizing ship silhouettes,required the ability to identify a specific ship 

as translates,changes scale or aspect angle. Many authers have studied this problem 

f l,3,l,S,r,j ,but,all of approches they proposed are impractical for pattern 

recognition.A neural network can be trained to do this .However .it requited a very 

large number of training samples and the long training time.So,this method is 

impractical too. in this paper. We construct a system as shown in FIG.1.This systen 

ran do this very well. The system consists of two subsystems, using moment invariants 

to perform preproceissing,and then,using multllayered neural network to perform ship 

silhouettes   recognition,and   to   discriminate   two   somilar      looking   ship   silhouettes. 

In F IG . 1, t h e moment invariants are used to provide translation,seal'1 change and 

■ ot at ion invarivnce.a small multilayer d neural network are used to provide aspect 

angle change in variance and give outputs of ship silhouettes recognition alter the 

preprocessing   which   is   per formed   by   moment   invariants. 

THE   MOMENT   INVARIANTS 

Given   a   two-dimensional   image   density   distribution    f   (x,.v)    .the   disoiptors 

used   in   [_ 2 J    are   functions   of   the   moment   m p ,    de fined    by 

«,><,=  SJ Ij x'y"f< x, y ) p,q=0,l,2,    • (I) 

the   central   moments   that   have   the   property   on   translation   in variance   are   given   by 

"I'm -   5J ii « x -   x )" < y - y ) ' f < x, y ) ( 2 ) 

f|0 «lot 
w h e r e   X ----•: -, Y : 

t» 0 0 »00 

The  following  functions R(l),  R(2>,  R(3 ),  R(4),  R(5>,  R(6),  R(7),  nre 
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luv Ai In nt n n'I PI    translation   and   rotation 

"(I) ' T?n I   To? (3) 

R( ?. ) -  ( T?n     id? y   I   4 T ^ i (4) 

R( .1 ) '    ( lio      3 I I? )'" I   C 3 T ? i ■■•• Toi)'" ( 5 ) 

R( 1) - (T,o I   Ti?)? •)• (l?i H- Toa)? (S) 

R( 5 ) - ( r,0-   3 r1?M T10+ Ti?)< ( T,o+ T|2)
? - 3( TJI+ To3)?) ) + 

(3T?, T(i3>( Tj) + T03H 3(T30 + T|2)
2- (T?i+ To3))?) 

R( 6 ) 

R( 1 ) 

< T?o -  Tfn)((T30 + T i2 >? - < T2 i + T03>*> + 4Tii(T30 + Tt?)(T?1+ Toi) 

3 C T21 -   T03)(Tjof  T|?)((T30+ T|2>t(T30+ Ti?)*- 3<T?i+ Taj)' > -- 

< T,o   -  3T,2)(T?,+ T03)( 3(T  30+ Ti?)?- (T?)+ T03>?) 

(7 ) 

( « ) 

( ? ) 

The  functions R(|) ,. . . ,R(7) can be normalized  to make  t li p m  invariant 

n n il PI n scale change by substituting the n o m a 11 z e d central moments qrl for T., 

■ d„ Is is 

T,, 
•Jr, -- -   - 

Too 

vi li e r f! ( p I q )    2 | | 

NEURAL NETWORK TRAINING 

N e u i a I network is used to preforn aspect angle changes in variance and 

give the output of ship recongition.The neuron used In neural network are 

samp.The output of one neuron nnybe written as f o I I o w s [ 7 ] s 

Q i -■ F ( n e t i ) (II) 

n <• I i ~ ü; W i , 0 j < I 2 > 

1 
F(ü>-  --- ,  (13) 

( I I e"Z) 

The training a I g o r i I li n for this n e li r a I h e t wo r k may be written as follows 

*i I(II I I ) ■- Wii( n)  kVE( W,j( n) ) | C(N„ , i • N„) ( H) 

where F. is output error, C is parameter as temperature in Bpllzmann machine, I I 

must be reduced to zero slowly.N is normal-- dimensional Wiener process. 

SIMULATION RESULTS 

The proposed system can be used to recognize ship silhouettes.The 

simulation system is shown in FIG.2.The ship silhouettes are used to 

recognize are 11SIID R 5 I warship and USSR "KAL AR "wa r sh ip photos as shown in FIG.3. 

After system Is trained,it can be used to recognize ship silhouettes 

independently of scale changes, translation, ro tation oraspecl angle. FIG.4 

shows I he simulation results. 

From FIG.4, for DDG51. when recognizing ship from the side, the output of 

sys,en is (0.94,0.01)1 when recognizing ship fro« the top, the output of 

system is (n.RO.O.IO), that means the system recognizes that ship is IHIG.5 1 

b uI something little like " K A L A R " . 
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