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ABSTRACT

This thesis proposes a rule adaptive algorithm for fuzzy systems. Usually, the fuzzy
rules are derived from human experts as linguistic knowledge and/or numerical data. Once they
are coustructed, they will not be modified during operating the fuzzy models. Thus, the fuzzy
systems which their rules are constructed from the previous approaches fail to deal with modeling
problems when parameters of modeled systems change after designing fuzzy rules.

Several adaptive schemes have been proposed to deal with parameter change of
modeled systems. Their adaptive schemes are based on an error correction-based leaming.
However, using an error correction-based learning for adjusting related parameters of the fuzzy
models alone is not sufficient to allow rapid and multidimentional adaptation. Therefore, a multi-
criteria rule adaptive for fuzzy systems is proposed to deal with such problems. The proposed
adaptive algorithm consists of two adaptation criteria for adjusting fuzzy rules and some related
parameters. Fist, the proposed algorithm adapts existent fuzzy rules by gradient descent method
based on predicting error criteria. In addition to ruie adaptation, the leaming raie of the adaptive
algorithm can also be adjusted based on matching of relative distance of fuzzy relation criteria.
With the combination of the two adapting criteria, the proposed algorithm can increase the speed

of learning and the accuracy.
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Qo lywaulumsiuuasngnWanniuildssneudas 2 Sanesiiumsifuudsidiudaszas
ar [ =g ar ¥ ot ol et v o9 oet = - ] o o
u SansiunsnozdSuudengiaditiogdaoiniunsfouniaun (gradient descent
L] -y 5 or ] A i L} 1 y
method) TnslfmnimAananveenivmiiudeulvlumsiliuuds FangHaditogmani]
¥ ::‘ s 95 o 2 -4 = o N
srgnadlumninanuilszaumsclvesdidnimng uazmio fouaiBsduay (numerical

data) [22, 23] daudanes AufiaswzilSunlfsusidnsmaiSou (eaming rate) yoadanoIiu



o ¥ ¥ T o F ot ar ﬂ'. J 1
usnyssmydiuusngladlunansdeosnsaseaodu Taoldfedsuiiadreduuvnginny
UANAN (distance) seviniaEiiady (fuzzy relation) #l4vInguosdoyaduym-ening
w Z a8 a t-\? o oA ey o sty o 4 = oar clyd ]
(input-output data pair) MARTNITIAUHSFTEFURIANINSTUUAaE FeluamISuiiSonh

< P ’ B < I S T S
520N NMIITouE (leamning distance) Famnmamanaansluumii 4 uaasiiud eriuen
o = n,: ar 1 1 ar o i '~ -4
sanesiufsasanifilivudngfadimmudasiiiszuuiéemudlunsiond

] [ ’ ar 1 Y ema P o'y & - v =
llf‘l:llﬂ')"lmmuU1JJ']ﬂﬂ'J’lﬂ'l$'lJiUllﬂQﬂ{]'ﬁ“ﬁ‘ﬁﬂ’w?ﬁﬂ'li!ﬂ?lﬂﬂﬂﬂﬂlﬁh’u‘l’lmﬂdBU'NlﬂU’J

1.5 YBUIUAVDINIUIDEY
= e dy ° ar ar o e ar 1 P o 3 A
NUINENIMINIsWAsanes numsSunsengfadunveon-Tainifidouly
meTumsdSuuduieldluausassszuy Tasinmsneasalsedninmlugduaudly

= EY] Ve el =S o o o o e w ¥ Ase Yoy
mmuuguazmmunummﬂmmﬂsuumUunuanﬂawumsﬂsmmangﬂww‘l‘mﬁms

¥
o

o o o o Vo oY = o ag A ° v et
INIRIUNAUYUNINEIDY AL ‘D'Iﬂu'L!w?Jlu'I'E]ﬁﬂ'E]SVI?JTI‘Iﬁ’u'll‘(‘mﬂuclm‘i‘.luefﬂiuﬂ'mﬂﬂﬂ'li

3 5/t o °

Arsu19iduuuuns fin (graphical user interfaces: GUI) Mo MERABan 51 1 lFnw 8

L'l

¥ ° ¥ = 1 o
angusoianudilwesSoud ldetazainiazsinsa

1.6 THABUUBINITIOY
¥ »
YUADUVDINITITONAIT

= =1 =) -1 = ar =y g i 3 | * ar
L Anymgudadae, Asdaoin uarvsanesnumsisouzaen legluilegiiu

o o

G Ve ° ¥ -1 A& o w &
nensninmlszgadldtunumsiasszuudsszuuiled ] wedmuaiade dhmuw,
podszasd uasvouvAYDINY Ity

= (] H v oy S o -l ]

2. dAnwidandssneoudien uazswnilinesnineafesvesszuuiladigniinn
Momadiuuds, Sanedfumsiiuudsitegiutiogtu sudedtmsse fawrsetiun
o a [ ] <3 I o = %
Uszgnaldlumsdiuuasdaulsznouingmmniiinesfindaclussuuiled1ed feidon

i o ar < o3 ar 1
n1IsMs lumsiannganesiun1s)Suusafimns o
oF ] or L] 4 A o
3. esauvudanesumsUundengiaduuutow lunauio1911uns 1004
& o s Awydy c a9y e at 3a o e '
PUY Fdaneiiun ldddesrnnsar sz uuiledinsGoudiismdanzniniinissuy
A 148aneTHumsUSunasauuuiton luivd 14
3 b
4. afwuaziannldsunsuieldlumsnageusanesity Tasluauisiiden
o ar
Tdsonnuas MATLAB Tumsadsuazwann Tusunsy
5. nameuuazlinljudlvdanesiiy Taniuewuusians (model) A 1dun

wwusoeusudu y=3x, uuudmeseynsunatiuaina (Van De Pol time-series model),



3 - 1 . . o w
uuumaaaa‘qﬂmnmunnmﬁ-ﬂmﬂ {(Mackey-Glass time-series model) [IAZLUULTIDOIRNINIY
»
ﬂmzuumimuqqﬂﬁu (inverted pendulum controller modet) PdaeiessuuAed 2 syuu
. 1 v ]
Taofszrunsnazlésanesnumsufuuasn 1@ uaustl daussvunasseziddanesiiums
ar ] - L] = oda o A 1 ) n‘:’ o =
USuuasngHad Tas 155 msnsidounaisunifosediufes  vimiudunsuasiiSouioy
a (S u’.r a P ar [ o
anuF lunmsBouduasmmuusindvemaesssuudniwail ldwdiulyud lvdane sy
@ 1 d' o l: i=1 - - 4‘ J
msUSuuaaii Idivausii ilsednsnmuinsau

o

3 o ) d
6. tanuonaistszneuInitinus
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2.1 npugisfivauasssuuiad
2.1.1 Wadwauazdsdaedn
14 14
Hafan (Fuzzy sets) gnuinausiuiiuniausnlae Zadeh, LA. [26] Taviifnynsz

HANANIINETAUVVUNA (crisp set) AoimuvudnAselarseduasmuihuaundn (degree of
¥

membership function) IfisderorMINUABSIMTome naAndly 0 w3 1 1Tues drufadian

At Sa

' o ) o - - o o 1
ﬂ'l':'Sﬂ'ljﬂ'J'INﬂ'J'qu‘]Ju'(Tll'l‘lfﬂilullﬂ'l'fluﬂ']'l”ﬂ'lﬂ'lﬂll?hﬂg ﬁquuﬂ“lizﬂﬂﬂj'llllﬂuﬁN‘nfﬂﬂxﬁﬂ‘l

Bg3znI19 0 8 1 AegUi 2.1

AL UUNA Hasdn

1 —

AT fsEatl

Ry ST Et iy sosandu

msiumngn
0 il

msituagn
0

6I
AW AU

i 1 o o ar o - -
3U% 2.1 nfSoumsumszivvesindumsitumnsnveusanvulnAuasHadyarssmn 1ug

¥
HAZAUAY

it 2.1 uamsdszavvesiladdumaiiumninvonusa “HE e “ge Taod
simsdheiiodudnsasuousauuiing Swzruldhauitiaswg ity 6 ¥a szeglu
0 “Her drossziy 1 naveglummgadaoiisedu o Gieildeglun «qer ii'uma) LADIN
sifivnfledauiiudnyasvesiiafion sxduldhauiianugs 6 o szegluam “He &
A132AD 0.5 unzegluimn “ga” AroA19eAY 0.5 Fefie “mnane i hige vhues vie
sndaotasu tumaunulng aufiianugs 5.5 fwzeghus o Tuvasfilufadion
Aufidanugs 5.5 1{01136@1111%5:053&#15:% 0.75 uRZIBAGIRIWMITZAY 025 Fee9nan
Fusmye 18 seudhaier dudu

usemnsoivmfedoaldai 1% U dusmonanduing universal set

1 1 e i
Taq uda seznanldd 4 duflsdaalu U fdedis



A={ GV X €U oo @.1)

Taoh p, AeWeAdumaiiuaudn diudszduanuiluandaves x Tu 4 elimegiu
%231)a 083 1 naAe w1, : U —[0,1] Wuiea
' = = . odal Py a -
dmilsFandn (fuzzy logic) Wunssnmanifoguuiuguvesiladion nafe
»
manuatonilnniiaem’ld duiuilsdasintulunssnmeasiuuainey (multi-
. o 4 ad r 4.; = o
valued logic) TuvmizfinssnmansiuuUnddsguuiugmvesranuulnissiilunssnmans
» ]
HUVTBAT (two-valued logic) Aaudnyazidiingvesflodaoin fie
1 HeFaednuandaennasinmasnvulnfdassndesdasines luiduldaw
toar gt A L 2 P a Sy L T
agueenu ludauds (law of noncontradiction) AsHaFasinvzseuldniniueiefiauiu
ssgsuanuilumnIafimnnhgudldlunatss wandous m

1 ot =< 1 to = o b oar
2)  assduanuduaudnlundazios lusutludess suduudq 1dvindy 1

212 Wendumsithansn
o ar = g ’ o - 1 =
Heddunsidumndnldmeuansvouunvesinsduanuiiuaudnlundas Aadima
HendumsiiuendnlFluiladaedniiogdrofunatouuy waasddegalf 2.2) 1w

o ar o o <&
1. HandumsiduaunFauuveumaoy (Triangular membership functions) U9

¥
4

] w o ar = Y o
ﬂ'IiSﬂ‘l.lﬂ.lf]ﬂ“nqﬂ”ﬁuﬂ'ﬁlﬂuﬁﬂ‘l‘ﬁﬂﬂzuﬂ'mklﬂﬂﬂ

0 x<a
|x-af(p-a)iasxzp

" @-9f(B-a); Bsx<y
0 B (2.2)

H4(x)

o o - : H
2, ‘Wqmsums1ﬂuﬁuwmmui§rmﬁuummg (Trapezoidal membership functions)

& o o or < o a ;
Wﬁﬂ’lisﬂﬁﬂ]ﬂﬁﬁ@ﬂ%uﬂ]ilﬂuﬁu'l‘]fﬂi]guﬂ'ln'lﬁ,ﬂﬂu

-

0 ;X<
x-)f(B-a);asx<p
M, (x)=41 ; BSx<y

=0/ -y):y<x<d
0 X 30 e (2.3)

L



[y o . . . A o
3. ﬁaﬁwmnﬂuﬂuwmmmmﬁ (Ganssian membership function) 9A1IZAUVOY

¥
Hansumsiluaudnsziiom 1¢asd

Hy(x) =5

Tofifonnitududed

Avenfueyu (Support) veafledwn 4 Wouunuldidy S(4) fef xeU Taq 9
i 4, (x)>0

AN (Center) vosiafisn 4 fom xel laq fitmsedusiuiivaindn
Hy (X qQﬁqﬂ

4

1 i
(% ] 3 oy
oat 0.8
o.Fp &7
ad} .0
(.2 13 a5
Odp [ 223
03 LX)
Q2 L% 43
. \ of

a i i " o " a

] r 2 ] 4 3 L} 7 a » o o r 2 3 4 ¥ L] ? 4 # 1o
a B Y o B ¥ J

1 ar = r o or = {
g‘dﬁ 2.2 uﬁmﬂaﬁ‘ﬁuﬂmﬂuﬁuwmmumqq n) HAsnFumniuauFauuuaumany (.)

HerdumatiuauSanvudmasunany 0.) Rddumsithumnouummd



2.1.3 fsuiumsvulsdien (Operations for Fuzzy Sets)
dloouudld 4 wor B dhiflasdimly U dlisilsddumsiduendoniiy g,

» )
tag g, Ay Adutunsiuguidenlduuiydiaamiionuves Zadeh, L.A. [26] §

aQ
=k,

= o ar
1. UMD TIENTY (Intersection)

ANB o py (6= min{u, (x), 2, (O} oo (2.5)

2. guiiuu (Union)

AUB o g5 (x)=max{u, (), sy ()} (2.6)

3. AoUWRIUN (Complement)

Al SWE (L)l WO beemred B N0 B8 (2.7

pnrunsH 2.5 oz 2.6 Aldnanuniy Wufesivnmitwosiad wiums
314maﬂmn%’mm:ﬁ"}ﬁnﬁumsglﬁUuwinfu Falumedfiaudanmumnevesiaduiiums
Sumeiirndunasdmuiivnmsafiouswunndnsen lawarsdau Fviovndaiaduiiums
Sumofisnduinezgnivmdaesdiiumsuesuysndey (riangalar norm w30 t-
norm) dausaduiumsiouesgnilnngaediduiumsuesulssnevuuumumion

¥
(triangular conorm EL) t-conorm) A4H

1. #-uedu:
-min{x, y} = WuddumoRiandu (fuzzy intersection)
x-y => HRDuFNYALIR (algebraic product)
max {0, xX+y-— 1} = wapuiiiinms (bounded product)
TGy = x;fhy=1
y: hx=1 => HOAUASIANN (drastic product) (2.8)
0;dhx<lunzy<l




= o
2. Yi-laussy

[max{x, y} = fludpriiou (fuzzy union)
x+y—(x-y) => wasFsfiynda (algebraic sum)
min{I, x+ y} =5 HO3WINFA (bounded sum)
Gl yy= [x chhy=0
y;thx=0 =5 HRIIWATINAN (drastic sum) ..o ...eeee. 2.9)
] l; #1x>0nazy >0

2.1.4 Wadsnsuuarardutiumsdszney
aunAld 4 une B fhufladaalan 519zdon R Wlad@Siadulunaguaifidou

(Cartesian product) 499 4 uaz B feoiie

R={(x ) e 9) | (7)€ Ax B pip s Ax B [O1)} .. (2.10)

Tnth Ax B= {(x,y)]xe Aye B}
Tuiesdoaiu §10 4,,..., 4 Shiladam sefon R dufsdSiadulu

n

=N i
A x...x 4, fgstile

R={(&se ) g B s X ) (Frees X, ) € A % X A,
TN £ ¥ —>[0,l]}

HadSiadununinaeaiaragn (product space) Musiamsounnsuiuldlay
S5 o o o . & A 1 9 w & ar
1#a2duliun1sUseney (composition operator) FalagnarugtituuazIiwadwssiafu
L
T e
o o) or oot ar
dmuald R huifledSodulu X x v ey R, duledSiaduly ¥ Z

1. aauumyyds LnBULInT-TU (Max-min composition)

Ry o Ry © Hp, (52) = maxfmin{usg (5,9), e, 0,2 ......212)
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@ e - - o o - 5.8
2. aauiumsussnouliu-uing (Min-max composition)
Ry o By > ptgr, (3,2) = minfmaxiin, (5, ), 1, 0, .......2.13)
¥ B & o o o —_—
3. MAuNuMTUsENOUINNG-AA13 (Max-star composition)

Ry * Ry <> pty g (x,2) = mgX{uR, ) MDY o (2.14)

& o o

dedadntiumsans » fAedduilumsmIum (binary operation) 199 sndrethasy &1ld

= = @ o o= o o
Adutdumsamsiturans (roduct) Az lddduiiumsUsznevuiing-Tnsgny (max-

product composition) §aﬁum'l€fﬁﬁ
Ry % Ry > fhgep, (%,2) = maxiy, (,3) i, (2] oo (2.15)

214 Fzuuded

ssuuiladfoszuuildndnmsvesiodimnunslodantn Tavszuuiasiouis
Tumsraosszvufe ssuuiledasiniitidedwiouassaaissvig (fuzzy logic sytems
with fuzzifier and defuzzifier) éqmﬂsoﬁ%’wmiﬁwmﬁegﬂﬁ 23

ninpsmshasvesssuuieEitaHevhuassadsdvhodhid dledunn x
nﬁmﬁuﬁnmuﬂnﬁﬁmﬂussnngﬂﬁ‘ln'lsﬁmﬁww (fuzzification) Wieitasifuruuy

" E
Wl (fuzzy value) ¥ Audrfladie (fazzifier) udavinanit 11 Wloyumnsweninm 5 Ta

gmngfad
— Failasdv e 1 AnAsvhy
x Yy
na'lnmseysu I
— q“ .
¥ A ¥

123 uemelassedhamsheuussssuuiledaednfifsflahonassataivhe
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Glci’f'ﬂa'lnmsmgmuﬂmc‘ff (fuzzy inference engine) ﬁauﬁugmﬂaﬁcﬁ (fuzzy rule-base) RTGEERT
1 4 ~ ay J ° o a a . . 4 @
Anevinni ldiidluannuiediai imsafladwe  (defuzzification) tonlaandyly
£ v
v a @ ~ . v o 1V 4 = T a
Wuswwunadioidiladvie (defuzzifier) nfuthanewiun y #1181 1Fnude’ld 4o
dd‘d L =) o = dy A ﬁ' T a I3
vossuusnldlssvhouasmadlsyvhell Ao 1) 1HBINNAIBUNNLAZIDIN NNV
Y o3| g ~ 1 a . s ° o
szuufaddsznniazdududsidua il (crisp-valued variables) ¥l enansairlyl
7 = ’ ' .
Pszgnaldnuldazain 2) mwnsaduennuiezdszaumsalvesdisormapnsnldnu
@ < I ' @
Auszuy lasaradungilad lade waz 3) aunsadonlddfladvhe, nalnmsoyuuilass
uaz Aadadweldeddas: Mldmwsoaieszuuilsdniianumingaudens1dauly
@ ' Vv
anyzaan 18
i ' Y
drlsznoundifyvosszuudsaniaflsgheotaziaHagwoliat
Y =1 a Y A 1 a { 1 a I~ 1 & -4
D dailadvhe: Snhiudassdumiduduwulnd IWidusuoufedsesaiy
59 J o 3 A dq 9
pgnulanFumsiuanznnly
[ a [ d {

) gwngid: JasdnAudnglades lduvnarwiuezlssaunseivasdidvinay

3 A Y a o 5 2 o Y
Tuszuuiing tazmionindoyaiBadanay (numerical data) [22] Fasinosnuuuliegluglves

4
Y5z Ton “81-183” (fuzzy IF-THEN rule) A4i

= ; ] / = ‘ = )
ngven £: & x, iy 4" naz . wag x, Wu 40 uds yailu B (2.16)

y a J °o_ o 1 33| a
o x, uaz y AduwnAzMNUDIsZUUTTEa ANy, du 4P uay B iluiladas
a g Ay A o v Y o Y o
yoadunnazivIMwnueIngladven ¢ awdiny uazdrimuald m Wusiuauves
agiladudl £=123,...,m
\1 N 9 j All_d'c"slqu ”"Wd a.:l .
3)  nalnmseynuilyd: Wunalahlguanmsvesilagasinlumsesynium
] o = i el a ~ U =3 9 Q A w 3/ H
anemiuniduamuuisdnaduwnidus wuuilesd laeldgung Haddudingelu
MIORVIU ITMIBUWIUTBYHAIAT BNAIDEIUFY
=) Yo o = by = . .
e misoyuuiedlasleaianuunsiosnga (Mini-operation of fuzzy

implication)

Moy (Foy) = min{u, (), 2, O} emiau s o 2.17)
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® msmgmuﬁm%iﬂﬂ%’ﬁaﬁ‘uﬁmswaqm (Product-operation of fuzzy

implication)

ﬂA_,B(f,y)=#A(f)'ﬂg(y) ------------------------------- (2.18)

o msayuudymFanundia (Arithmetic rule of fuzzy implication)

gy (B ) = minfll = 22, B+ 2O} oo (2.19)

a o Y . »
L msmgmuﬁmﬂmmﬂwu (Maxmin rule of fuzzy implication)

ﬂA—»B (f’ y) 3, max{min{}u,f (f): #B (y)}:l | B }'J,g (f)} ....................... (2-20)

®  nsouUAFFYAU (Boolean rule of fuzzy implication)

a0 e i 7, G B DN I S (2.21)

L4 ﬂ‘liﬂt;ﬂ'lﬂﬂ‘?f‘%‘llﬂ-& Goguen (Goguen's rule of fuzzy implication)

1 TR} S w0
Hasp(%,¥) = :”B({) B CIRTING) N (2.22)
H,(%)

) Fadsdvhe Suihfnlasmueniyni1dennalamseyuiedduiy
ampuiled duduuudnfime Iennsod llFoude 1R dadadvhotliogioiu
NWTHA 15U

- RHaSYhouUS AR (Center of arca defuzzification) H3BULY

3 o ¢ . & o < 7 = o o
AMDNUDITAFUINN (center of gravity) HITDUUUITUNITDUA (centroid) : s 18dadl
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> 5w, ()
LU (2.23)

Z Ho(y (f))
=1

e p, (v0) Aorszdunnuiiluamndniufsfisavesioniynuesngiladden ¢
Fafs I enUA R tIYenIqIge (Mean of maxima defuzzification):

o

¥
fo'l1ddail

|
PSP bbb oS s scssssone s (2.24)

q e’

& » A = o aa [ = &l 28 o &
we O ﬂﬂ'ﬂ‘h’"ﬁl"ﬁﬂﬂﬂ%ﬂ'l‘ﬂ?!ﬂ‘ﬂﬂﬂ'ﬁﬁ Uﬂ'l'llllﬂuﬁﬂ'l‘liﬂq@ﬂﬁﬂ s g A9 IUIUTUITD
voan O

- gradwdwhouuvauRRenna1d (Center average defuzzification) HIDUUL

¥
AANTA (height defuzzification): Wy AR

m

Zy(f) ) f(!)
y =t (2.25)

if“) ---------------------------------------------------------

t=1

4 o 3 = L4 = - 1 or
il 7© Aernats (center) vesflad@iravouoiunvengfladden £ uaz £© Aomssdu

o o o = 1 - ar g Sy
ﬂ‘J“IiJﬁiJ'W‘u'ﬁ1‘1111ﬂ'ﬂ?£ﬂ§'z‘n‘TNE)u?!'YIﬂULMM‘!WUMﬂ;]ﬁ‘B“ﬁ‘UE}TI £

2.2 aanlsznevvesszuusdigninnldimentsyiuusa
dautlsznevvasszuuiladndimHadvhounsddfadvhoiignhinldmemsysuuds

uaaelddaguii 2.4 1dun

2.2.1 msilfunlaoudafivuauiin (Scaling Factor Tuning)
o o o 3 o~ ar a P -~ o t = 5 oA
FasmuavuraimiifidsualfeusBuynnioeiymoinated il udqd

¥ »
mngaufuszuning maviuudeiimussnaivgdananssnuaedunnmniewyinm
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for
Hantumniuauin

iunnuminsnyes

L. )
faavixavhy
naln »
- y
Moy
3
fafmuayy
e |
guungiys

7U% 2.4 waasdaulszneuvesssuudadAidladvhouasdaf sdveiigninn e

IRERIER IR

a @ { o as a o o - 1
nda uasdidaransenuseiandumniiuendndae [4] Tesdadmuasuiaiiannne:
Mldszuufadiinnuly (sensitivity) wnnd1drd muavuiaitialeonislSunldou
E .
afmuavinalisgyih lddwhidudou (garesnnsiliunlfoudmimuavualdlu (s, 16])

magautuaun hidgeansanuaz@oauyuinnnin

22.2 avsiSunaadsnvumsiduansn
o (] o ar = (] 1 =t
nmsdfuusaianfumailumndnszdwansenudeonalnoseyuuiled (fozzy
inference engine) TuInAMMsUTuAsus aungladvianm s foud il sdvouasdqa
HAadive [14] msdsunldsudessumaduaudadunsUsuddouaylveessuy
] = & o a'y ar [} ar [ o -y 3
@WIZFNUIBUNINS DI I NNAIABINT (adaed1smstiuuaslassumsiuauidnld

1u 14, 21D

223 msdfuunagrungias
=T T=] & da P o e o 3 1 9
dhidsmsniishidon  tiesninngiadiileanuauysaleglusm, dwaennumdnls

- Y = ar a2y d a 8 ' 3 d.cg
I.Lazliﬂ‘)'llnﬂ’mﬂﬂﬂﬂ'ﬂﬂﬁﬂﬂﬂ’]mﬁ]Nﬁ‘UENlI‘L.!HU 'Vlﬂ‘ﬁll'l-{ﬂElﬁ"ll!'liﬂﬁ‘i'ldﬂgﬂ“h‘“ﬂ‘[lu%’lﬂﬂ'J'Ill

s 3 ar 'S s 1 o -t J o oo
suazdszaumsainiiog Wunzdeamusoih lilFouswiungiadfadaiunndoyasi

o

v 18a0dnd (gRaettenmsusuusegwngflad1alu (s, 17, 22, 23))
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a1 1ensdSsmAsunsdsuusslundazdruilsznovvessz o osFuaasla

Q15199 2.1

ad =t oy d
2.3 IBMIINFASUNALTUN
= o ] té A -] | A c.;
Wuoewh lutadu (optimization) T3manile Feezdanmeifinasezildounlasly
. ¥ » .
vaeitansulunsazseu (epoch) Tassifinrsvznldountas livedlumitfemensafudm
e o =% 4 x &l o’)‘ as df = : a 44’.’ =
NUIININBTINTIABUN (gradient vector) (1IN NARINAUNUA WY Imuiamianfufez
ar o - A - A o @ 1 :’ ar . - n’/’ é o ¥
Wi AN 2.5 e w AeLnmeTUIAIN TN (weight) AYATTUY B IR0
Waﬁ%’uﬁﬁmmsﬁ’hﬁmﬁﬁﬁﬂﬂ (optimum)
s [ o ey o o
HePFus1m (Cost finction) ien 3R Msims@Eouraauiae uosnwy L, (L, norm)

y”l

o 1< p <o Miliilesnndwasmafmua [13] sutuilersummiton 18t

; & o o .4 = 1 o o
o 1< p <o Falaonaludanineziduesuuuy Z, (L, -nom) vSeSenhusfumnugniify

£
(Euclidean Norm) Heldaat]
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melu (Inverted Pendulum Controller Modeling for IMC)
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Abstract

In this paper, an on-line multi-criteria fuzzy rule-adaptive algorithm is proposed. The proposed algorithm
consists of two independent algorithms for adjusting existent fizzy rules and some Telated parameters. First, the
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Absjract: In this paper, an on-line rule adaptive learaing
for fuzzy systems is proposed. The proposed learning
consists of two independent criteria for adjusting the fuzzy
mles and seme related parameters. First, the proposed
learning adapts the existent fuzzy rules by gradient descent
method based on predicting error criteria, In addition to rule
wiptation, the learning rate of each rule adapiation can also
be adjusted based on matching of rule confidence of each
fuzzy rule. With the combination of the two independent
witefia for adaptation, the proposed learning can increase
the speed of lcaming.

1. Introduction

Fuzzy systems have been successfully applied for solving a
variely of problems. In many applications, fuzzy systems
we cousidered applicable to model systems that are
complex, nonlincar. For modeling applications, fuzzy rules
are usually derived from human experts as linguistic
knowledge or numerical data. Recently, several methods
bavesbeen proposed for building fuzzy rules from numerical
data or human experts [1, 2]. ©nce the fuzzy rules arc
constrocted by their approaches, they will not be modified
dtimg operating the fuzzy models. Thus, their approaches
Ril to deal with modeling problems when parameters of
modeled systems change after designing fuzzy rules. As a
resulf, they may give erroneous outputs.

Several adaptive schemes have been proposed to
deal with parameter change of modeled systems [3, 4, 5].
Theif adaptive schemes are based on an emor comection-
based learning to adjust related parameters of the fuzzy
models to deal with sueh problem. However, using an error-
based leaming for adjusting related parameters of fuzzy
modzls alone is not sufficient to allow rapid adaptation [6].
Unlike the previous works, this paper proposes an on-line
nile adaptive learning to deal with parameter change of
madeled systems. The proposed learning consisis of two
daptation criteria for adjusting fuzzy rules and some
related parameters. First, the proposed learning adapts
existent fuzzy rules by gradient descent method based on
predicling error criteria. In addition to rute adapiation, the
leatning rates of the adaptive learning can also be adjusted
basfd on matching of role confidence of cach fuzzy rule.
With the combination of the two adspting criteria, the
goposed learning can increase the speed of learning.

2. An On-line Rule Adaptive Learning

The diagram of the on-line adaplive learning is shown in
figore 1.

% — - Modeled System >
R §
Tuzzy System / ;
L \
————»|  Adaptive Algorithm

Figure 1. an on-line adaptive learning diagram
Here, fuzzy rules have the following form:

Rule ¢ : IF x, is A} AND x, is A AND ... AND x, is
A! THEN y is B'.

Where x;5 arc inputs of the fuzzy system and y is output
of modeled system, Then the degree of confidence which
xsarerclatedto y, D, isdefined by:

D“'=(['[?..l-l “‘m(m].# ol (1

With algebraic product inference and center average

defuzzifier, the output of the fuzzy system is defined as

5! ‘:-'D(f.lplﬁ;"(" (2)
:’-leF;?o

where p;?n =[T%, p:’(’n (x,) denotes the degree of output

fromthe 2% rule, »'' denotes the center value, and m is

the number of fuzzy rules in the combined fuzzy rule base,
According to the cguation 2, the lcaming proposcs

to adiust D' in on-line fashion to deal with the parameter
change of modeled system. Here, the gradient descent
methed based on predicting error criteria is proposed for

adiusting D'?. The derivation of the adaptive scheme is
show as bellows.
Given,

E= i35 - (3)
2%
where y, is an actval output and ¥; is 2 predicting output.
So the gradient of the £* rule is



g0 I ¥ F_
o™ % ap® @)

Byin (5 = X" E7, D, - L2, 0 ™)
(Eea Dl

Then, the learning rule for DY by gradient method based
on predicting error criteria is
012 = l8 = qpi. 5
where 77 is a learning rate.
As mentioned before, the proposed learning also
has matching criterda of rule confidence of sach furry mile for
adjusting related adjusted parameters. According to the Eq.

1, a new valuc of D, DY, can be found directly from
new input-output data during on-line lcarning process.
D.‘g,p cannot directly replace D because it will make

the fuzzy model memorize training data rather than
generalize from taining data. However, the information

about the new value of D), ng,',. gives some clues

about how much the D:ﬁ need to be adjusted to deal with
parameter change of the modeled system. Thus, this paper
incorporate this information about the new value of D'¥,
D,‘,ﬂ,p, into learning rules scheme in the Eq. 5. Here, the
leerning rate is designed to be function of the matching of
relative distance between Dg,? and Dg‘,‘,. The learning

rate for rule the #% is defined as
o o|od -pis ] o, >0 s loi-ot|>8 sma £, > (6)
& totberwisc

where E’ is the p™ order moving average of E, and
ky.ky,8.€ are appropriate constants.

In summary, the on-line rule adaptive learning
for D\is:

D:?w = ‘D};I'a: _nil’)vﬂl 5 (7)
where
e l.lb'ﬂ—m,l ol >0 wlﬂ.ﬂ-w:s and E'bt(s)
ky otherwise
and

sl yOFpi0y, 3 ptn (©
—_— an()‘ ?)[? r§ Fan 5 HinY }(9)

= 3
Dt
U

With the two independent criteria for adjusting DO, the
preliminary simulation results are shown that the learning
speed is improved. With the two independent criteria for
adjusiing DY), the adaptive learning utilizes more
available information than the typical error correction base
learning methods. In addition, fault adjustment of DY), can
be reduced because fault adjustment due to one criteria has

no cffect on the adjustment from another criteria. As a
result, the proposed learning can increase the speed of
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learning. The following section shows the preliminay
simulation results of the proposed leaming.

3. Simulations

To demonstrate the learning performance of the
proposed Ieamning, a fuzzy system is used to model s simpk
system, ¥ =3X as shown jp figure 1. In off-line modeling,
the fuzzy rules are constructed form a set of input-outprt
data of ¥ =2X . Then during operating, fuzzy rules ar
adjusted according to the proposed learning to dea] with e
chenging parameter. The simulation results fér oolise
modeling are shown in figwe 2 and figure 3. The
simulation results are shown that the leaming speed
improved when compared with typical gradient basd
learning.

Figure 2. The result from the proposed on-fine ik
adaptive leaming (¥ = solid line, ¥_estimate =*

b Al

PP EY

Ll s o
ure 3. The result from the typical gradiesl baxd
learning when 7= 0.0015 (¥ = solid L,

Y_estimate = +)

As another simulation, a fuzzy system is used to
model the Van De Pol model . e

(§+2a(y® ~1)7+by=c(r}). First, the Van De Pol moddl



is transformed to be a discrets time medel by the backward
difference method with sampling period 0.1 sec. Then, in
off-line modeling, the fuzzy rules are constructed from a
set of input-output data when @ =2, b =3, and c(t) =0.
Duling online simnlation, 4 and b of the Van De Pol
model is set to 1 and 1 respectively. In addition, the value
of ¢(f) is changed as shown in figure 4. Then during
anline adaptation, the fuzzy model is adjusted according to
the proposed adaptive learning. The simulation result is
shown in figure 5. The simulation result is also shown that
the learning speed is improved when compared with typical
gadient based learning.

S T

et

T

‘ guc 5: The results from the Van De Pol model: dot
line is the result fram the proposed learning, the
dash line is the resuit from the gradient algorithm.

4. Conclusion

{2 this paper, an on-line rulc adaptive learning for fuzzy
systems is proposed. From the simulation results, the
‘woposed learning provides the better performance than the
qpical gradiemt based learning. In the future, the further
comprehensive study and testing the proposed adaptive
kaming with complex model such as the Van De Pol
model, the ball and beam model will be reported.
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ABSTRACT

In this paper, a fuzzy autoregressive model with a multiple criteria adaptive
algorithm is proposed. The proposed algorithm consists of two independent
criteria for adjusting the fuzzy rules and some related parameters. First, the
proposed algorithm adapts the existent fuzzy rules by gradient descent method
based on predicting error criteria. In addition to rule adaptation, the learning
rate of each rule adaptation can also be adjusted based on matching of rule
confidence of each fuzzy rule. With the combination of the two independent
criteria for adaptation, the proposed algorithm can increase the speed of
learning

INTRODUCTION

Fuzzy systems have been applied for solving a variety of problems. As one
area of the applications, fuzzy systems are applicable to model systems that are
complex and nonlinear. Most applications of fuzzy modeling rely on the
framework of autoregressive model. This is the case because the input values for
the fuzzy models can be easily identified: they are simply the lagged values of
the ime series themselves. Recently, several methods kave been proposed fer
building fuzzy rules from numerical data or human experts. ©nce the fuzzy rules
are constructed by their approaches, they will not be modified during operating
the fuzzy autoregressive models. Thus, their approaches fail to deal with
modeling probiems when parameters of modeled systems change after designing
fuzzy rules.

There are several adaptive schemes based on an error correction-based
learning have been proposed to deal with such problem (Bartur and Kasparian,
1991), (Cax, 1993), (He et al., 1993), (Lotft and Tsoi, 1994). However, using an
error cofrection-based learning for adjusting related parameters of fuzzy models
alone is not sufficient to allow rapid adaptation (Nozaki, 1996). Wnlike the
previous works, this paper proposes an multiple criteria adaptive algorithm for
identifying a fuzzy autoregressive model in on-line fashion. The fuzzy
autoregressive model with the proposed adaptive algorithm is called a fast
adaptive fuzzy autoregressive model.
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AN APAPTIVE ALGORITHM FOR A FAST ADAPTIVE FUZZY
AUTOREGRESSIVE MODEL

The architecture for the proposed adaptive algerithm is illustrated in Fig. 1.
The modeled system in Fig. 1 is a wide class of nonlinear autoregressive
systems that can be represented by the following nonlinear difference equation
mede! (Chen et al, 1991):

=
r

Modeled System — Y

p

Adaptive F
Se— -
| Autoregressive Model

Adaptive Algorithm [+

Sy

b 4

Figure 1 : An on-line adaptive learning diagram.

y(£) = f(Z)+elr) (1)

where f(-} is a nonlinear functien, % is [y(z—1), y(e—=2),...,y(t~n)], and e(r) is
a white neisc source. To appreximate the functien f(.), the fuzzy autoregressive
meodel] based on the propesed algorithm is proposed. Here, the fuzzy rules have
the following form:

Rule £: IF y(r-1) is A’® AND y(t-2) is A{® AND... AND y(r - n) is A©
THEN 5 is B,

where A{,and B are input fuzzy sets and output fuzzy set of the ¢™ rule,
respectively. Then, the degree of confidence which y(t—i) s are related to y,
D9 | is defined by:

i=l

B =(ﬁ#,¢., ¢ “0)}”3‘“(5’)' @

With algebraic product inference and center average defuzzifier, the output of
the fuzzy system, 3, is defined as:
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”
ED“)A‘"«) y(l)
§== i (3)
Z D(l) o
=l ¥

where o = f[ By (P =) denotes the degree of output from the £ * rule,
Jml:

y® denotes the center valug of ouiput fuzzy setofthe £ ryle, and m is the
number of fuzzy rules in the combined fuzzy rule base.

Firstly, the algorithin proposes to adjust fuzzy relation, D, to deal with
the parameter change of modeled systems. Here, the gradient descent method
based en predicting error e:_ritg_ria is proposed. The derivation of the adaptive
scheme is shown as bellows. Let a cost function is I, -norm that defined as:

E==30i =)', 4)

wl;ere y; is an actual output, and ¥, is a predicting output. So the gradient of the
¢ ruleis

ap®* 8y op®

Hown (y- }')[)’m ED(t)#ym - zDu)ﬂ,m )’m )
i=t =]

- : 2 . )
(Z DOt o )

i=l

Then, the leaming rule for D' by gradient descent method based on predicting
error critena 18

DY =& v, 6)

where 77 is the Jearning rate.
Secondly, the proposed algorithm also has matching criteria of rule
confidence of each fuzzy rule for adjusting related adjusted parameters. According
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to Eq. (2), a new actual value of D', D, can be found direcily from new

input-output data during the on-line learning progess. However, D{l, cannot
directly replace D® because it will make the fuzzy model memorize the
training data rather than generalize from them. However, the information about

the new value of DI, , gives some clues about how much the DGl need to be
adjusted to deal with parameter change of the modeled system. Thus, DE), is
incorperated into learning rules scheme in the Eq. (6) by designing the learning

rate, 1), to be a function of ‘the matching6f distance between BS) and Dg; ,
that is: : '

10 k:ng} ‘Dﬁpl ;DX >0 and lDﬁ-D&pl>3 and E, > &€
k, : otherwise (N

where &, isthe p » order moving average of E, and ,,k,,5,£ are appropriate
constants.
In summary, the on-line rule adaptive learning for D' is:

DY, = D9 —nOV®, (8)

where
o | kP& -DE,| i, >0 and DG -DE,|>5 amd E, >e
k, - otherwise (9
and

{ - m
L M A sk )

=] (=}

2
(E'Dmﬂym]

£=]

V“) =

(10)

With the two independent criteria for adjusting D', the adaptive algorithm
utilizes more available information than the typical error comrection base

learning methods. In addition, fault adjustment of DY, can be reduced because
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fault adjustment due to one criteria has no effect on the adjustment from another
criteria. As a result, the proposed algorithm ean increase the speed of learning.
Fhe following sectionshows the simulation results of the propesed algorithm.

SIMULATION RESULTS

Fe demonstrate the performance of the proposed algorithm, the fuzzy
autoregressive model is used to model the Van Be Pol model , ie.,
(5+2a(y? -1y +by =c(r) ). First, the Van De Pel model is transfermed to be the
discrete time model by the backward difference method With sampling period
0.1 sec. Then, in off-line modeling, the fuzzy rules are constructed from a set of
input-output data when a@ =2, b =3, and c() = 0. During online simulation,
a and b of the Van De Pol model is set to 1 and 1 respectively. In additien, the
value of c(t) is change as shown in Fig. 2. Then during online adaptation, the
fuzzy autoregressive model is adjusted according to the proposed adaptive
algorithm. The simulation results are shown in Fig. 3. The simulation results are
shown that the learning speed is improved when compared with typical gradient
based learning.

=

A i A M " A N 5 s
» 0 »” 0 100 120 1ad 10 10 200

Figure 2:The value of c(f) during online simulation

et

Figure 3: The resuits from the Van De Pol model: a dot line Is the results from
the proposed algorithm, and a dash line Is the results from the gradlont algorithm.
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CONCLUSIONS

In this paper, a fuzzy auteregressive model with a multiple criteria adaptive
algorithm is:proposed. From the simulation results, the proposed algorithm provides
the better performance than the typical gradient based learning. As the next stage of
the research, the simulation results of the proposed algorithm wilt be compared with
that of a complicated gradient based learning such as a gradient based learning with
adaptive learning rate. In addition, theoretical analysis about the sensitivity and the
convergenee of the proposed algerithm will be further studied. Therefore, in the
future, the further comprehensive study and testing the preposed adaptive algorithm
for the fuzzy autoregressive model will be reported.
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Abstract

The proposed adaplive algorithm consists of two
adaptation criteria for adjusting the fuzzy rules and some
telated parameters. First, the proposed algorithm adapts
exisient the fuzzy rules by gradient descent method based on
predicting error criteria, In addition to rule adapiaiion, the
Jearning rate of the adaptive algerithm.can also be adjusted
based on maiching of relative distance of fuzzy relation
criteria. With the combination of the two adapting eriteria,
the proposed elgorithm can increase speed of learning. To
demonstrate the adaptive performance. a fuzzy system with
the proposed adaptive algorithm is used to model complex
systems such as the Van De Pol model and the Mackey-
Glass time series model will be used for testing the model.

1. Introduction

In many opplications, fuzzy systems arc considercd
applicable to mode] systems that arc complex, nonlineas,
Recently. several methods have been proposed for building
fuzzy rules from numerical data or human cxperts [3. €).
Once the fuzzy rules are constructed by their approaches,
they will not be modified during operating the fuzzy models.
Thus, their approaches fail to deal with modeling problems
when parameters of modcled sysiems change after designing
fuzzy rules.

There are several adaptive schemes based on an eror
correction-based learning have becn proposed to deal with
such problem [1, 2, 4]. However, using an error correction-
based learning for adjusting related parameters of fuzzy
models alone is not sufficient to allow rapid and multi-
dimentional adaptaion [5]. Unlike the previous works, the
proposed adaptive algorithm, called a multi-criteria rule
adaptive algorithm, consists of two independent criteria for
adjusting the fuzzy rules and some related parameters. Fist.
the proposed algotithm adapts the existent fuzzy rules by
gradient descent method based on predicting error criteria. In
addition to rule adaptation, the learning rate of cach rule
adaptation can also be adjusted bascd on matching of rule
confidence of each fuzzy rule. With the combination of the
two independent criteria for adaptation, the proposed
algorithm can increase the speed of learning.

2. A Malti-Criteria Rule Adaptive Algorithm
The architecure for the proposed adaptive algorithm is
illustrated in Fig. 1. Hers, the fuzzy rules have the following

form: Rule ¢:IF 5 is A'Q AND x, is A{® AND ... AND
x, is AY THEN y is B'?. Where x5 are input of the
fuzzy system, y is output of modeled system, A}" ,and 89

x * Modeled Sysiem [—— V¥

—»  Fuzzy Syste/
/ v

Adaptive Algorithm

Y
»

.

Fig. |. A proposed adaptive algorithm architecture.

are input fuzzy sets and output fuzzy set of the ¢® rule,
respectively. Then, the degree of confidence which x;s are

related to y, D', is defined by:

o _{f
b =[Hﬂ&m(n)}‘5‘m(r}- m

i=)

With algebraic product inference and cenler average
defuzzificr, the output of the fuzzy system, j, is defined
as:

m
Z Dm#‘,m @
[ S )

ot
X D",F i
= y

L)

where £, = = A {x;) denotes the degree of output from
i=]

the £% rule, '@ denotes the center value of output fuzzy

set of the ¢® rule, and m is the number of fuzzy rules in the

combined fuzzy rule base.

Firstly. the algorithm proposes to adjust fuzzy relation.
D' 1o deal with the parameter change of modeled sysiems.
Here, the gradicnt descent method based on predicting error
eriteria is proposed. The derivation of the adaptive scheme is
shown as bellows. Let a cost function is Ly-norm that
defined as:

1 o
E=;Zu.—-m’. 3
i



where y, is actual output, and §; is yredicting output. So
" the gradient of the £ ™ rule is

gto . 98 _JE I
aptt oy apth

m m
B G- ?)()'m S00p 1 -3 DO ')
Y tal 4 =} r (4)

]
[ i D% i
=t z

Then, the learning rule for B by gradient descent method
based on predicting error criteria is

ol =D} -1y, )

where 1 is the leamning rate,

Secondly, the proposed algorithm alsc has matching
criteria of rule confidence of each fuzzy rule for adjusting
related adjusted parameters. According equation (1), a

new actual valus of D0, D,‘g,, , can be found directly from
new input-output data during the on-line jcarning process.
However, D{'%, cannot dircctly replace D because it will

make the fezzy model memorize the training data rather than
generalize from them. However, the information about the

new value of DI, , gives some clues about how much the
D need to be adjusted o deal with parameter change of

the modeled system. Thus, Dg),,p is incorporated into

leamning rules scheme in the equation (5} by designing the
learning rate, 7, to be a function of the matching of distance

{8 (&) e
between DYj and Dl . thatis:

L pter | pto (0 _ ple E
O D) - otk | onifh, > oo - D,|>8.E, >¢ %
ky ; otherwise

where E, is the p™ order moving average of £. and
ky. k3.8, € are appropriale constants.
In summary, the on-tine rule adaptive learning for D' is:

DY), =p'8 -tV where )

M [
B oly-y YOS DN 4 -3.0%% m)’m]
’ =l U £xl y

2
{ED")F,m ]

=l

v .

+and (8}

n_mt0 |, plo 0 _ pid =
0 = 1|p3 - 02\ : Dk, > 0.0} -Di%|>8.E, ¢
ky otherwise
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With the two independent criteria for adjusting D', the
preliminary simulation results arc shown that the learning
speed is improved. The edaptive algorithm vtilizes more
available information than the typical emror comection base

learning methods. In addition, fauit adjustment of D), can
be reduced because Fault adiustment due to one criteria has
no effect on the adjustment from another criteria. As a result,
the proposed atgorithm can increase the speed of leamning.
The following scction shows the preliminary simulation
results of the proposed algorithm.

3. Simulation Results
To demonstrate the learning performance of the proposed
algorithm, fuzzy sysiems are used to model three systems.

y 3x. the Van de Pol mode), i.e.. { 5 +2aty” by +by =cln) )
when a=2, =3, and ()= 0, and the Mackey-Glass time-
dx(r) » ax(f -1}

series model, i.e., — i
dt 14+ #%-1)

—bx(r} when a=02
and b=0.1.

For the system y=3x, in off-line modeling, the fuzzy
tules are constructed from a set of input-output daia of
y=2z. Then during on-line adaptation, the fuzzy system is
adjusted according to the proposed algorithm. The
simulation results arc shown in Fig. 2.

For the Van de Pol model, in off-linc modeling, the fuzzy
rules are constructed from a sei of input-output datd of the
Van de Pol model when a=!. b=1, and «lr)=0. Then
during oniine adaptation, o and b of the Van De Pol modet
is set to 3 and 2 respectively. n addition, the value of cls) is
changed as shown in figure 3. The simulation result is shown
in figure 4.

For the Mackey-Glass time-series model, in off line
modeling, the fuzzy rules are constructed from a set of input-
output data of the Mackey-Glass time-series model when
a=025 and b=0.1. Then during on-line adaptation, the
fuzzy system is adjusted according to the proposed
algorithm. The simulation results are shown in Fig. 5.

The preliminary simulation results are shown that the
learning speed is improved when compare with (ypical
gradient based learning,

4. Conclusions

In this paper, a multi-criteria rule adaptive algorithm for
fuzzy systems is proposed. From the simulation results, the
proposed algorithm provides the better performance than the
typical gradient descent algorithm. As the next stage of the
rescarch, theoretical analysis about the sensitivity and the
convergence of the proposed algorithm will be further stadied.
Thereforg, in the future, the further comprehensive study and
testing the proposed adaptive algorithm will be repotted.
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Fig, 4. The results from the Vin de Pol modet:
the solid line is the actual results from the Van de Pol
model ,
the dot line is the results from the proposed algorithm
{mean error = (.1088), and
the dash line is the results from the gradient algorithm

(mean error = 0.1403).
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Fig. 2. The results from model y=3x:

the solid line is the actual results from model y=3x, ;";’
the dot line is the results from the proposed algorithm ’é’
(mean ervor =0.1911), and %
the dash line is the results from the gradient algorithm

(mean error = 2.2248). PERe

Fig. 5. The resutis from the Mackey-Glass ime-series model:
the solid line is the actual results from the Mackey-
Glass time-series model,
the dot line is the results from ne proposed algorithm
(mean error = 0.0190), and
the dash line is the results from the gradient algorithm
{mean error = 0.0210).

Figure 3:The value of ¢{f) during online simiilation
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