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Adaptive Image Restoration — A Computational
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Abstract

Image signal may be interfered by some unknown mechanisms during transmission
or transformation, resulting in image corruption that useful information or details in the
image can be lost more or less. In the paper, we propose a computational intelligence
approach with the famous adaptive noise canceling framework to the problem of gray-
level image restoration. The approach is based on the theory of Takagi-Sugeno neuro-
fuzzy system (NFS) and the proposed PSO-RLSE hybrid learning method which
includes the famous particle swarm optimization (PSO) and the well-known recursive
least squares estimator (RLSE) algorithm. With the NFS-based image restoration
system, the research target is to restore gray-level images from their corrupted versions
as possible as can be. In the study, we investigated different sizes of rule base to see the
influence by the amount of fuzzy If-Then rules to the restoration performance, and we
also compared the proposed PSO-RLSE learning method to the PSO learning method
for restoration performance. Several results are shown in the paper. Through the
experimental results, the proposed PSO-RLSE method outperforms the PSO method, in

terms of restoration performance and learning convergence.
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x o b
TR =

FEOBEREFAMH ARG TR EHE > ARAIHOBREA LS
FIEFHE - ARABN TR ORFEEAZFNERRIERAGARTA TR » K4
LR REGA B AMIRAS A ERFRE c LFRMEEAAAFTHGKR
t@XEAm o A BEF BB EARE IR AR ESTH R A RAEERE P AEER
B3 oo BMAIRENBARIRERA TRLEERTE > EFERFTEZTIFTE
B RFEFEG AN o FHAARL KRR ABRERET > K22 HFSR LT
TR RZE AL AASEBRB AR MO REERRBRALR » -0 - &
WX RZBRAZNEA SR EERNFBAZZR Pl FHER OF
BRI > Bk EAIE 0 Be L AAR ISR 0 ARAmARA] 0 R BEHRALM @A
BEHERIEGAI 0 MMmBEGER > BEIBG  BEABEFF A FHRENRS
Bl BRABRELELRESNEFERRARANESE Y £ L BN TERE
BREBIRFFT ARG > EREGRFZEFATFTAREZ > Flde > A E HE AL
A 3 RRGRIR 89 KR 0 SR AR R BE AT R A e AR PR AR SR 5 i@ SR 6B AZ 3R
RZBHECETFARRXRETHAEZITIE RAFFERHAXTIH KR THF
BAF IR REBAZ P A REFTROER - MEMEORBEER > BRESE
SR ] ) Sk E @ AR AR B 7 AR AT 0 Bk FAAR R THEOHE IS E
I o A AN 0 defT A S AT IR ORI T K B SRIR AT MR AR
RAFER > AAARGBEOEREERRELTHRE T A LA RIRITZ 2
;ﬁ_ o

BATMORRAREAHCAARMAKRZEERY B R EG LT Lo EH
FRCEREREABBRTERIERFEACH AN ATHLERERREZ
HAGIAABMETHERETRKRELEMLRTE - Bk £FRIEE T4
MegAAMA R T EARG T @ ERLE ENIEL SR RSB IRAE
ARG K AL B B2 E AR 69 S B GE R A A B B9 (Mastin
1985; Jin et al. 2003; Afonso & Joshi 2005) - £/ER B PRILH AL ¥R @YH
RE &Y 53M A P3RS - B 1965 S Zadeh R EEMIERERES > A
ZHARBERC TSl BRACEER ~ T ¥4 - HEESRELTH LM
% o AHRHF A Takagi-Sugeno A A& 2 BMg &4 4 (Zadeh 1973; Takagi & Sugeno
1983; 1985) & & meg s b A @M 4 4 (Jang et al. 1996) X 2244 -
FERSEREETRLZFUED I ENRIZZHR (Chen 2006; Lee 1990) - B AT
XY HA B REBREMARRKFTIERORESEE AT Uy A gradient-
based ¥ gradient-free W& H X, » ATH L @127k (backpropagation) % * » 44 % 14
ARFERERFREERECT ERAL B - DA B EFOBEL LR
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BHEANRI AR AR EERBEARATURFEBRER  FAFEERAL
%’%—ﬁﬁxl/&q’ﬁizﬁé’]ﬁ:l MM BRIRHIENRIRER - £ERART
A9 A A B F B &£ /b g Bk (particle swarm optimization; PSO ) (Kennedy &
Eberhert 1995; Shi & Eberhart 1998; Duan et al. 2006; Kennedy 2007 ) #47 % %89 A
BEE ARFEELALALBEE - B RRAEXYE > @ PSO 4 Fx4AEAAZ N
ﬁ%ﬁiﬂ%&%&ﬁ%Aﬁ&%zﬁﬂ%ﬁﬁF% EEE A EREE
& - %18 PSO R AEILAEN BT BHEE B A ARARAE B REF RN ER
RY BARTHLB R RGO 2ERAEE > ARG REM IR EFS
MANHR  LERVBRAEIBDEBBEHEIRERRXBOHELEL - &
TZ O OARABXRBEZ T EHFBERBAORE ﬁ#’t?ﬁl/ﬁ:é%/? ERE S0k A S|
(Lee et al. 1997) -« A - & % S @ ¥ IR o) RTAR Y - Sk 2B A TR 093K
R o % PSO mEE RAFPI AR B KRBT » @A RMERBEMATEAY ~ HE
fliB K R A KB ERZEIN - AR LR > KR ARG RN F &
3t 7% (recursive least squares estimator; RLSE ) ( Astrom & Wittenmark 1984;
Goodwin & Sin 1984; Strobach 1990 ) 48 &% F /g &% (Jang 1991; 1993) 4
BRAERFAZ Tk > #1A PSO #1 RLSE & 489484 ’%ﬁ—‘ 2 a}lléﬁiiﬁﬁé‘“*ﬁ#ﬂ%
o BB HBRABBARBZE BB EEERBBERANTAZE
VRN A o

AXZEMBELT > FADRALAAROERLEL L FLHRNATR
FHITABRER  FHDHHETRERBITHR S FRPARGIZIER -

N TR ¥ ik
R

(—) ##&S (fuzzy set)

ERGEST > REH TEN R TRERN BRAEMG > 4B TR R
"0, ® 11, eh=—aMsd > ELEREFT AERESET RO - BH1%
%vﬁﬁﬁrwjﬁrﬁjmﬁﬂé mBERARBATE > wREABLE
SO RMEHRABR2SEEN "4 EHR20EE5 LS REN T2, B
TLER  AmENAGRZ R 4 %wﬁné’ﬁ%%m«?ﬁsié’a E VR ER = a7 NP3
SBEEH o EARMES (fuzzy set) é’]?}ﬂ%/\ (Takagl & Sugeno 1985; Zadeh
1965) 24% » BpeT s Jb B - MENMELRES > HHES (HBABEME) K
RERE AT U E A E R4 I%M%#?é?ﬁﬂi Rk 28 "HEE
éﬁ%ﬂi/‘ﬂwdkﬁﬁﬁ%%ﬁ’%}i%ﬁ’ééﬁiﬁifié’?”‘ o LA b A F B e 0 4 IR25 BT AE

A HEMETEEEA0.60 £ TH  ABEMETHEEEA04 > &G4 T
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B o BP AR AR K25 BN IEAL B E o BHIZE B #1960 F X Zadeh 47 & 45 &
i/%\ EREACHEERHFSE T  B1EREFAL P2 — (Leeetal 1997; Kuo et
al. 2000 ) - AEA 33w & Stk A IF- Theni%? a9 X, 0 EI R ) 69 R DURAT 4 SR

B AR S R R A2 B B 23 (free parameters ) &9 %% - — AR HE
?ﬁ- A% RERLET 5 A HIAEN @ (fuzzification interface ) ~ 403k B (knowledge
base ) ~ B #IH (fuzzy inference ) ~ AL/ & (defuzzification interface) %
W R R AR AR EHE] -

Sk B
(Knowledge base)

Fuzzy Fuzzy
35 Hn S A Term o i Term R
Fmi i i i ) A @ Output
Input —| (Fuzzification) (Fuzzy inference) (Defuzzification) i —

B 1 Bedes A AR ARME

(=) Bi# & R EERAZ
1. it~ &@ (fuzzification interface ) @ A #AL A & € H5 o A\ 84 48 7%
J& > H3ACRAEM RS 2 7 K -

2. %n3k & (knowledge base) : 43k & &4 & #H & (data base) Fo B KA B R
(fuzzy rule base) o A#} R R LPTF oA FMIEB 2 & - EAMHA
Fo B A F T A BLBEAL - AR A R > Bl & 7{%%7&%7}%}]%5!'“’)52%%
FAER o

3. BeMidesm (fuzzy inference) © SR H & BAAEM A Loy P > BA
BHBARR IR > &SR "HJ7F£4’F BRGRCR: P

4. BRI ~d (defuzzification interface ) @ LA ML meYEEMRR » A
M| XA R RN L hiERBROERELT RN B
18 -
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(=) garve@B & % (neuro-fuzzy system; NFS)

KA RAM I 5 B At i E — (AR EHM R 4 (neuro-fuzzy system;
NFS) RARAZAEFE R FA > NFS &5k 2 L lifasb @@y (Jang et
al. 1996; Watrous 1991) Wy 694525 o i@zt (NN) sRA A RKEY (self-
learning) #87) > 280 &k G AL A A BV R K BRRERT S TR EHE
Eih o Wk BEWE R T ETEMIERELTAA 8 R > b e
ARG BEF B RIT BT SR E - AN G R B % i TF-
Then #B| R 4TI > LB TUA S LB ER ~ AL - EHRILE ~ R EH
G~ b g -

B3k NFS A %A K & Takagi-Sugeno (T-S) #AR X M A - w5 — 1%
T-S BHMA T A K T F ¢

RUIF x; is AY (hy) and ...and x,, is Ay, (hy,)
THEN h}, = af + alh, + abh, + - + alhy (1)

=12, L KHEF (x,h) &% jBMAGEE % ¥ (linguistic variable ) A& HL {4 % &
(base variable) ; A]i- B iERAZE jEEME {alk=012,.. M}kTH i
WML B 2 1% 48 3% % # (consequent parameters ) ; hl, & % i #H 8] A5
(nominal output ) - a4 &E BN & SR ZME R THE 2 -

RHT R VA S BT 57 B % # (gaussian membership function ) Z3HAEEME & 2 &K
o F

2
= (h—c)
gaussian(h,c,s) = e 252 2)

A h By HAL % # (input base variable ) > s & & 37 67 B % By 22 R &
(spread) > ¢ &5d B R P4z E (mean) o 3 ABNERRBTE
c AT Rl Ria B REMIER A KPP ERZTHE
L5—R  BER
ZRaFEFEMAD, j= 12, MyASEEBMENTBARE - TR
TF -

ph (hy) = BHEBMAN B UERR 0 £ EME 2 58 2 E (3)

2.5 =R RAE
F_RMEARRE  FEEANRTE T H RGN E AT B E A B
WA B—EHRER A — B 7R & (firing strength) > B g8 E X % — R
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T

Consequent
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Consequent

part

Consequent

part

:

Consequent

part

A RES j 18 input 25 kAW E St RERFHZER

¥

Consequent
part

INRKREREHALZER T REBPZEY -

2 FAAY AR R A

SEHREEMENF BRI EMR -

EH%:‘Faﬁ t E%:- ’ %"T)\ﬁ]{hj(l‘), j =
1,2, .M} » S5 — 158 MR Z BB EdoF ¢

ﬁ%ﬂZI]UéWAﬂ)

(4)
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=12, K> 3% II X % product = EH (fuzzy-and BH.) -

rship degree

membe

EHRALE
EATREM A B BB 76 2 E AR TAE » st H 4 F

i B(t)
r (e = BB ®)
=12, K-
Fwk  RAERE
Fva AR R =G P AT e R AR EATIE R > S AR Al R

R RTTF
A~ . . M .
hy ()= A'(t)x (aq +Za}h,-(f)) (6)
j=1
5. %8R mb B
PR AR FWBIHIFERET AT AE > wEEREPEZILAKY
ad o HEeT
A LN K oo,
hy(f)=zhy(f)=zﬂ’(f)><(a6+Za}hj(f)) (7
i=1 i=1 j=1

Lk BRBPA NFS 2224 - &5 71 NFS A EH A RALZ LS E R
7o RAVRE LR E L S BAEGMES - £ NFS s iTA W SR
By P B o
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—~REEFRAE

R A G b B EREEN S B BT QTSR A B E 038 I f 3w
Hb > & RA Rk TR RAALE AR EIT 5 B0AE e FLamaa g
R KR SRS R SRR TR - A LA KRR A
(divide-and-conquer ) #9# & 42 h M & KB H 7 ik REIT NFS S ReGFAERE
#H oNFS A S BRTE S RATENREHETNAA G SR -  WEFRSRELS
AR R 5 E > GARTFR P AT EFOEMERD LS EME - BE ZA
B S BAEFEMEN P O MR BERFBRELSHEBRAZILE RIS F
5B o REFFRPTIR B o948 65 H /8 B % 41 AT 4838 4 # (premise parameters )
ARk TR RAEALE L & (PSO) BATHEE B3t 3 R B R B By 3R
1% 4% 38 2 ¥ (consequent parameters ) B#| €38 5 v 5 #E 3% (recursive least
squares estimator; RLSE) ## (Li & Chiang 2010) - 5 F&f e fE 48 H ik Lk @
TN FF A E S RIR AT o

(—) B5-FBEmiE g Bk (particle swarm optimization; PSO )

*o TR R ARALIR F k58 i B4 Eberhart #2 Kennedy (1995) Prigdi » sbig i
FOBMATRANMBERFALRNITAEEFR - BHLETARN RKRTELIHA
T RAITER D EIN » BRI BB RTELTIBE > GRS mEY
Y RITERIRRI TARABFRARRY TS - B 4 LEFRFI RN ES Y
RATTEE > B4R (target) LR KRB RMER AL THELEY  HE%5
TRE BT T EREKB KA EZEM (candidate
solution ) » &1 5 F 4k & 4% &y A% By iR FLR U B ATAL B M & 4 AR AR 7 @ AR
B EHERFREEBOBHBEY BT EKAY B ATRIFE (Pbest)
Heg AR TR L3 B arfER b e 28R 2/ (Ghest) H% - IR TRRT
KA REBRLEGHZI  AAELEBINAHREMRZIBE LT LR ERMER
2 HhEAE - R THHNEREEFY BT EBFRMA (fitness) KP4
FRAMHESARE - T HERMe H A A E B JEA S (fitness function ) K
do BB R B FTERIFE LB ARAE DA PTLRE o B TR EH0)RO)
K& T > PSO X M FAZNE S HA -

Viik+1) =wxV;(k)+ c; Xxrand, X (Pbest;(k) — L;(k))
+c, X rand, X (Gbest(k) — L,(k)) (8)

Lik+1)=Li(k)+V;(k+1) 9)
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A4
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£

k#3542 (iteration index ) ;

Pbest;(k) : % k R&MKEHT i 69 RAEM

Gbest(k) : % k R¥%ENXBEPTA Phest; (k)P o mie g (BB RAEMR)

Vi(k) : %k RERMERT i 9RE

Li(k) % k REREFokT i 0942

w i EMAEE

C1,Cp ¢ iR HE

rand,, rand, © % 0 £ 1 2 Feg MR AL # -
(=) #&@F ) -FF &3 % (recursive least squares estimator; RLSE )

@A fE R (RLSE) & dy s FF &3k (least squares estimator;
LSE) #1fpm sk o A NP h stk BB R KT BHMAKWE LR T
SCHA AZ+e = B 2G> Kb A A% 2RI 1R 8 RIS By KA 0 Z
AEEBHLRAT £ ARE B AREMAGIILHE o AT EPTRIZH
A A GOV MA A% S 218+ B NFS $k TS BB Rt Bk
B E G ARB T ABMRA R T 3 {222 NFS ¥ a4 K KHAA O ¥4
¥ Bl A & O<3K 694K - B & Ox1 268 0 Z & 3Kx1 28 o FILEERA
WEBAERERNFHEEFTRA—@®Z &7 WmFHF

Z= (ATA)'A"B (10)

WAERA RZ AR R > BREETATAR S HETHAER > Bk
BERA R L@ ARtk (RLSE) #4738 > AKX &

. _ ¢ _ Si@i11a,,S;
Sins = §i — Pt ()
Zign=Z;,+ Si+1ai+1(yg+1 - arir+1zi) (12)

i=0,1,...,0-1, £+ O 2B EHZIEK T - Z,5% i RZEHER > v, 5% i 183
BRAEFZ BAZE (target) a; s A 9% | 17 s> 2 Zy 5 —5EmE > Sob
al » az Bk B (a=10°) 1 & B4 o

=~ @R RER

RO ROFEFEREMH (@ 6) 2R AAFEHF Widrow ~ Glover #2 McCool
(1975) P42 b= i e M35 s (adaptive noise cancelling; ANC ) 44 » #| F
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ouly

ANC # 2R & & AFF R P72t 89 NFS 2 PSO-RLSE %3 /% S ik @478 1R » 3k
ANC ZRABBE T R AR R B R FIRGB M E S SR A & - JHRBEAR
BAhe T > B s(OR KM bk B2 RIGAIE » RIEAIEEIE R AT AT L0930
o MEX o BPAAFRZIELEE o nlk)d R4 (original noise ) @ R 453
R R Z BT R B (RAMH]) ke o BBRBBALAREE T L S EHAS
o g (k)& 8345 RS () ik 2 % & 4 S84 (attacking noise ) @ 322 d(k)
A A AIRAR I A & F BRI AIE (k)R T2 B SRR TR R 09I
PP &35 B IR0 B 09338 (S8 BT Jealanik) o R @R AEIETR » AFF
72 #]Fl PSO-RLSE #f &% 1% B ik % NFS #4738 T3 E A R > £ AR
$ S (simulated attacking noise ) » 324 d'(k) » 3542 F 518 y(k) P %
AR dk)FrR - FRZAIE s(h) B BAE R FAEZ IR - KRIMVEZEF R4 HA
n(k) B SRR3R d(k)Z R ) 0 R 488 T MR A R B ey E A o

sty —————> DB—> (k)
JR 53R I FHAIE

—>
= 1) d(k)
R4 33 B

EL R AOCE 2

+

v
NES [—»d'(k) -—'-P@—>s '(k)
H A5 T B AR R BRAGE

6 © ARSI I TR R AR

%~ FREshRe

7N Ve
_ > 2
~ ARG

RS A NFS #9138 JE M4 3R TR (ANC) AZ%# > 44 PSO-RLSE #4
SRV EEIERFAE NFS Poh 4458 0 12 NFS 28 i refaasi A T ek ¥4
3o 482 NFS %3t 7 @ > NFS 2835 A A ¢ o ] BFR] TR 465630 0 # i AR # o
B TP HEANA 280x280 R - AFBEKET > £4F 78400
B EDILEERLRGIREN - B NFS 24 R LEABRBEQIRER > 24
PRl E R AR B AR & 0 B A R E A 69AT 1000 B4 K45 & NFS 31
SR 0t 1000 34k BEH TS A s H A HME R > REA NFS 4R
LRSS R B2 A o NFS & Z4TF -
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LM@?A'MMHﬁﬂTZﬁ%%ﬂ;

2.NFS iy BHe s 4k

3. B HL AT R T 7;‘5& : Grid-type partition ;

4. MR B A A ¢ Takagi-Sugeno (T-S) If-Then rules ;

5.8 EHEE 1000 £ ;

6. &R F A IAF 7 % a&%%ﬁmmm'z@%

& THRABDRARAE > KM =30 TR 25 EAT > NFS R K&
3‘35‘31'77—5%&"% LA e 4’5-%&”/‘?11“1’ 238 m Bk ik A3 (cost function)
V& A G 5 SRR ZARYE - RAMEA I 73/ £ (mean square error; MSE) %3t %
AHE o RAMEE D AT HEHEX NFS 24098k EFE0HE - MSE kT 4w
T

0
MSE = éZ(y(") —d'(k)y (13)

Jﬂ‘—‘# O Bl A EE > y() &% kBT G FRE > d (k) A F k18 NFS 23
° WSRO B R PTRE M R B - NFS R TR - BT HHEIER °

ERRE: Uk S 2R T TUENE & Ay

Fuzzy set # B
% —18 input (A ) 2 3 3
% =18 input (hy) 2 2
RPN &y 4 6 9

— ~PSO-RLSE # &% HEHE Xk %t

ABt R F &A1& # PSO-RLSE M A4 F kA% NFS vwyad s8> AR

& 489 PSO b2 At - AFT R T-S BMMA] > HAREIL K TR0
h, = ab + alhy + abh, + -+ alhy (14)
‘/ﬁ\-‘qj{a(i)) a]i_) 'a]ll/[}}%‘féé_gi%ﬁ E] ‘h;k% ’ {h1) h2; 'hM} 4% NFS ?\\é}‘t%)\ ° E PSO'

RLSE W » KA B 4 FREE HL kA AT45 3R 5 5 > 124830 2 H A £ %1% RLSE
P REBHBRL R SEBZ LT
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1. B F# & E : -10000000~10000000 ;

2. % Fik EEE © -10000000~10000000 ;

3. #AX# 1 2000 4% (PSO): 1000 4%, (PSO-RLSE) ;

4. ¥F % 100 ;

5.mikwE (e ¥ ) AR¥EA A% (Eberhart & Shi 1998; Zheng et al.
2003) 5 > FheRERMASL 2 B REAFIAREKE D KR TR
HEHEH 2

6. BMME (w): RIFFEHZHWIR TR E (Shi & Eberhart 1998) » K A5 4
0.94 & ¥k ik & 0.4 5

TR B RS R B

=Z-BFHRER

A RBETREBELI R T LB NESSRB R AL o HEHEARE
WA G EAS B HIRI X 15 E A - B RAFRIE NFS 24 wmis 0 L
BRSBTS - R RATE AR T AR FSE  FRES IR
QBN IERMES RE > LRBBEABASH >MH - Ty =35
T SH AR T o
(=) 2F—FERSTE > RMA 9 EEBRAZ NFS R —FE g

% kB 7 — AR R B EITER ©
G FAVE R K (1589 JEER ML 845 & R i 47 PSO-RLSE #2 PSO #93k stk

@5 HY C f(n) =nlsinn| + (15)

HEHb n RBEWHR-B T8 3R ERBBERZLTTEHE - B 9 Z2HA PSO £
HRExz B Rwo% 10 & PSO-RLSE =8 R#1% » BIRBZZRTH A
MIRE >R - B 11 A48 PSO = NFS # 335 (B SR M2 M%)
B 12 %1% A PSO-RLSE < ##% S ¥ 230, -
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B 7 REFE

& 8- ?ﬁipmﬁt%fz%z %

B 9:PSO =Rk
(9 &AL # R A)

10 : PSO-RLSE x4
(9 AR A AL )

TR A%

150 ——— 100 ——
— Attacking noise Attacking noise
Simulated attacking noise Simulated attacking noise
2 100t g
T © 501 |
2 2
S 50, M :
il) 1 \ ‘ " ‘ ’ 1.3 H N
5 S of | | m
5 0 JP i 5
e
% 200 400 600 % 200 400 600
pixel index pixel index
11 B B g ¥ 12 0 BE 3% S B 3R 3R 8L F sl 2 3k 30
(78400 1% % & BAT 500 1814 & (78400 1% % & ¥ ar 500 1845 &
TH) cmFA LR =R TH) > mFRFEU® (PSO-
FHe32 4 (PSO 7 i%) RLSE #i%)
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13 Z 14 4-%]% PSO #i PSO-RLSE $2)%4& %% 64 aT 500 1B 14 - %k 2
% PSO 2 PSO-RLSE % 49 MSE Z 2 sk b ¥k > o %k 2 7T /3% PSO-RLSE # &%
HiEiixd PSO %= MSE eyl 2 & - RETHERBET > AMBMET
B R E B AT AHIR A EAE T 0 R R PTIR B89 PSO-RLSE 4
& BB IR R BAREREREAE L PSO FH % -

§ 100} ‘ M]“ ‘ w § 100/ ‘ | m W
% 50 N | | ” i; 50l | | ' N
5 WQ %MWM;W M S 0 h W}WI | /PW}IWLM'WJ |

! ‘ ‘
% 200 400 600 0 200 400 600

pixel index pixel index

13 BRFREDEMGE T SHIEE 142 Z R Ao R4 5% FAE (78400

&4 28 78400 £ F 4 RIR &P IAT 500 B EE L)
B 5001/ & = (PSO #:i%) mHZ A FAIF MR ARG U

(PSO-RLSE 7 %)

% 2 1 PSO & & i+ 9 PSO-RLSE # A2 ¥ 1% B 5 2 s i rh

RS MSE A B HERRE
PSO 79.820 9 2000
PSO-RLSE 8.1601 9 1000

X G R M TR @ 0 RAVE X (16)2 Gtk 48 & 3R 8 47
PSO-RLSE #1 PSO #ytb#s » 3t B 88~ d% 248 d4k (learning curves) -

Hp&HE f(n)=10xn->5 (16)

Hb n RRIEHA B 15 16 3R B REDEALTRIE - B 17 HH A
PSO 2 F R H k2 MR 1% » B 18 & PSO-RLSE 2 R %1% - B 19 A48 PSO
FHRHEZFE MR B 20 A K PSO-RLSE ZH R H A S H Wa - B 21
2otk A PSO s 83 3RSE - B 22 A4k A PSO-RLSE Z #4358 > B 23
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& 24 5 %14 PSO i PSO-RLSE R4 4% a0 4T 500 B F i - % 3 % PSO g
PSO-RLSE % #) MSE X 2 i bbdt - AR4% & 3 = MSE 24 > fe4a Rl ed4 T ~
Ao i E B EMAE AR A BT 0 ABTRPTIR 469 PSO-RLSE 44
BRIk GRS RE AR 40 PSO IE H ik -

B 15 REEFZ B 16 : #RBERZ R

B 17 : PSO =B R#4% (9 HFAEHMR 18 : PSO-RLSE 2 #8 R #1% (9 454

al) A
y L
0 ) e
= S
_i‘_ 775
600 Bﬂﬂitergntnionizﬂﬂ 1600 1800 2000 o 100 200 300 Amltersaﬂilonﬂﬂn 900 1000
B 19 : PSO % 2 % th 4z [ 20 : PSO-RLSE % £ % th 4z

(9 HAEH R AL ) (9 HAEHR AL )
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gray-level value

Attack noise

‘ Simulated attacking

ﬂ "Wi V |

‘ ‘ J 60+

gray-level value

\ |

L L L L L L L L L , L L L L L L L L L \
50 100 150 200 250 300 350 400 450 500 0 50 100 150 200 250 300 350 400 450 500

pixel index pixel index
DR R SRR AR A T SRR AR A 22 Rk R AR A B RS U Rk A
(78400 1% % B AT 500 1A4L (78400 & &+ IFT 500 /B &
FEH) >  mE AR 2 Z &) o wmH IR FEm (PSO-
R A48 (PSO #i%) RLSE # %)

200

gray-level value
_F
=

L L L L L L L L L ), 4 L L L L L L L L L \
50 100 150 200 250 300 350 400 450 500 0 50 100 150 200 250 300 350 400 450 500

pixel index pixel index
P REARRDZ  KEEBE 24 1 R¥EF B RR TG (78400 %
#EH o 78400 % & F RIAT P ERAT S00 BEgEE L)
500 @& & (PSO #i%k) (PSO-RLSE 7 %)

% 3 : PSO /8 Hi£¥1 PSO-RLSE # &2 ¥ 8 B k2 s e bk
Ty ik MSE R 4 HFEARRE
PSO 80.137 9 2000
PSO-RLSE 77.403 9 1000
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(=) B3 ERY > &AMA PSO-RLSE 2 iy A8 4% 1 3945 o B AR T
R 69 B HL A BB AR ARAR AR o AL E B P AR AL A Ak
#% &K (16)&(17) » Bk > KMEATREIRS JB XA T -

W ERY T f(n) =n+10 (17)

Hb on RGN - B 25 f1E 26 53 AREBERLTRIE - B 2728 1
29 ARG 4 M6 1R 9 MMM AKETHRE - £ 4 EEMRIET
NFS #ih (BBt sCE3R) TR LEHRA  RBBEARIGEI B I MATRE
W RGFEZMOZRS A7 ER 3031 R 32 2K A HSEAE ST &
AHSEEETSL 200 ZAAMEREBESRSIHALERINER 4 BK 5 F7]
52 o

27 1 A fREEAR A 28 1 6 fRELHIA A 29 ¢ 9 ARERMARAIZ
BR#FB BR 1% BIR 1%
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100 140

o o 120

4 )

S z 9 | u\ i /

L VR

g oMVINRREIIAN Tl Tt

o i © 60 p—r

Attacking noise [riginal image
50 ‘ Simulated attacking noise 40 ‘ : Restored image
0 200 400 600 0 200 400 600
pixel index pixel index

[ 30 : NFS {& F 4 4850 8] 2 K535 s %
SR PSS AR (78400 12 %
FHET 500 A EE %)

100

50t

A o bbb b

Difference of gray-level value
o

-50¢
-100 : : : :
0 100 200 300 400 50
pixel index

32 R

k4 AT S (446R8))

0

GIE R G R AR (445R81)

B 31: NFS &/ 4 &R R R B1E
Fo R 4634545 F 48 (78400 %
EHFERATS00 B EE L)

Input Fuzzy set c s
gaussian(hy, c, s) 675891.269 -5417.694
o gaussian(hy, c, s) -9407692.544 -251878.0316
gaussian(h,, c, s) 3684251.0458 2803301.2458
h2 gaussian(h,, ¢, s) -8686842.787 -1098582.211
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&S RERSH (44570

Rule g a a,

R! -6.4502 x 103 5.9696 x 102 —1.9729 x 10?
R? 6.4081 x 107 3.7071 x 1010 1.2384 x 103
R3 2.3523x 1071 —2.8542 x 1071 3.2155 x 102
R* -3.6529 x 10* 6.2354 x 107 —7.1252 x 107

P 6 A AIET - NFS s h L F IR eS80 430 RIGBBRFBEIEF
ARG RAZFE B EZZ 2RI F1AE 33 >34 & 35 R G ATSIRMILE
MEBRAEERYHIER 6 BT ¥ 71 - £ 9 FARMAMAIET - NFS sy h L F it
R > RBEBERBDEIMBFEAARIBELRGEFAZME G EZRZ S F 7 E
36 ~37 & 38 ° RHAATEIMMBBMISBCARLERIFIAKR8 R I FHI& -

100 140
o o 120} W
g 0 h £ 100 f ﬂ“ W,
o : I |
2 \r 2 8o W LAV
g oMY 5 PN
5 " 5 aof s

Attacking noise — Driginal image
-50 ‘ — Sirr]ulated attacking noise 40 ‘ Restored image
0 200 400 600 0 200 400 600
pixel index pixel index
33 © NFS &8 6 #& 4 8 2 A8 s 8 34 1 NFS 4R 6 R A48 R4

) oo

HeMILE BB (78400

12 % P BAT 500 B k&

Fo R 464545 1A (78400 1%
F P HRET 500 B EE L)

-
(@]
o

—— Difference

bl ALl

[
o

Difference of gray-level value
o

-50
100 100 200 300 400 500
pixel index
35 RSB EBERBEMZ EZRE (61£48])
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£ 6 ATaEa A (64548))

Input Fuzzy set c S
B, gaussian(hy, c, s) -8856468.644 -1096094.821
gaussian(hy, c, s) 565971.2098 -119955.4135
gaussian(h,, ¢, s) 7154083.8344 6752523.4887

h, gaussian(h,, ¢, s) 10000000 332064.1987
gaussian(h,, ¢, s) -6133159.127 -1467910.655

® 7 BB SH (645RA)

Rule dg a1 d,
R! 1.2944 x 10~7 —8.9067 x 1011 —9.7131 x 107°
R? -3.2291 x 1073 —2.5849 x 1078 —2.506 x 1073
R3 -2.3285x 1071 2.5368 x 10~* —2.7334 x 10°
R* 1.0573 x 1072 —2.4766 X 10° 1.1575
R® 6.5368 x 107 —2.1582 x 103 —1.1469 x 10°
R® —2.9681 x 103 —7.0242 x 103 —5.6345 x 107°
100 : ‘ 140
= S ‘
T 50f E { Aﬁ
> . > M J
E | E "
| %
£ AR s Ty
g O » f 3 " MMWM
o o
Attacking noise ( (riginal image
.50 ‘ Simulated attacking noise ‘ Restored image
0 200 400 600 200 400 600
pixel index pixel index

36 NFS £/ 9 #RAl = 42Hk 377 NFS £/ 9 RAZHER

o AR R R B AR TR REDHBGE EMA
(78400 42 % P B AT 500 48 (78400 1% % # B aT 500 17

BEEL) BEEL)
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100

gttt

501

-50¢

Difference of gray-level value
o

-100 ‘ ‘ ‘ ‘
0 100 200 300 400 500

pixel index

38 RIEHGHBARBEEERE (9 HRA)

& 8 ATAEIR S (9 A AL)

Input Fuzzy set c S
gaussian(hy, c, s) 5869026.580 -1764157.881
hy gaussian(hy, ¢, s) -8766299.102 9868450.346
gaussian(hy, ¢, s) 5528640.024 -10000000
gaussian(h,, ¢, s) -3257299.023 -2238840.006
h, gaussian(h,, ¢, s) 10000000 -7250860.781
gaussian(h,, c, s) 3172763.268 9942803.614
® OB S E (9ERA)
Rule g a a,
R! -5.5583 x 108 —3.0398 x 10° —4.3459 x 10°
R? 1.9395 x 107 2.7747 x 1010 —2.7802 x 107
R3 1.3115 x 1072 —2.0670 x 1073 1.4275 x 10°
R* -1.9764 x 10° 5.7308 x 10° —5.6806 x 103
R® -1.4390 x 10° —5.0556 x 10° 1.1688 x 10°
R® -5.1460 x 10* —1.0438 x 10° 2.6417 x 10*
R’ 2.2303 x 10° 2.7500 x 10* —1.2859 x 10°
R® 2.1728 x 108 —1.6253 x 10° —3.1840 x 103
R° 2.4546 x 103 -1.9673 x 10* —2.9104 x 102
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REFTHRERET > FROBRMANREHAERY ST RBBEENER
ok 10 FrF > 42 4 45~ 6 15 9 MM AIZ MSE 4 5%] %1.7674 X 1072 »
1.8016 X 1072 %1.8291 x 1072 - B HE X (1) B 4 156 5% 9
BRI R E T HERAEIIAE 1 -

& 10 0 spbeahas g (K 17) 7B AR = 3 ak g

ik SR 3 MSE
PSO-RLSE 4 1.7674 x 1072
PSO-RLSE 6 1.8016 x 1072
PSO-RLSE 9 1.8291 x 1072

AT A RE (K 16) AR ERAH ALK

RS AL B & MSE
PSO-RLSE 4 8.7175 x 10!
PSO-RLSE 6 8.5020 x 10!
PSO-RLSE 9 8.7984 x 101

(=) A% =3 E8Y > %4k PSO-RLSE 2 — {8 JE42 M3k 5 2 B RIE
HARBEMABRBHBRE RN - TR » 5Bk
M HE A (15) 7]k TF

w53 f(n) = nlsinn]| +§

Hb n RRWHN - B 39 8E 40 2R 5 REVERLTLRYG - B 4142 &
43 Rl 4 M~ 6 4R R 9 B MRRI B ST ZHRE - £ 4 GEBANHET
NFS #ih (BB 8 580) mTHEAEMN o REBERBEZ G ETARRLE
BB EEZ e £ BRI FI4LE 44~ 45 B 46 - NFS 4 S AT4B 3R 5014 4B 30 2 3¢
PEER AL 12 K13 F I
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39 . B2 B 40 @ FEAAEBE 2 FE

41 * 4 fREEA A A AR 4216 fRAELH A Al 43 19 fRAEL Al

R#1% BIR 1% B %
_ 150
Attacking noise Original image
Simulated attacking noise Restored image
g g
T 50 ‘ T 100, | [
: \4’ " : M W
Q@ Q2 J
L T N
o)) o] I
| V * M Wf “‘y
% 200 400 600 % 200 400 600

pixel index pixel index

44 @ NFS 1 B 4 1437 B 2 B de o % 3 45 * NFS 1 F 4 &R a2 18 R #51%
A E BB EAEER (78400 & Fo R 4655 % F 1L (78400 1%
b HCAT S00 fEE & 8 EF AT S00 AL EEH)



500 ENEEER Ft+tNEs F=H
S 200 ‘ ‘
:
2 00|
D
>
©
L T T
S
(0]
2 -100;
(O]
kg
82000400 200 300 400 500
pixel index
46 * RAEH B BB RBGEMZEZR (44588]))
12 ATsEER 5 (4458 8])
Input Fuzzy set c S
b gaussian(h4, ¢, s) 413122292.678 -1000000000
! gaussian(hy, c, s) 508008261.676 780586798.286
b gaussian(h,, c, s) 952698764.879 43353351.5044
2 gaussian(h,, c, s) -989589394.411 -9408293.4696
& 131 4R 58 (44588])
Rule dg dq do
R! 5.7263 x 103 5.8429 x 102 43375 x 103
R? 5.0462 x 103 5.1486 x 102 3.8221 x 102
R3 —1.335 3.6123 x 10t 3.0687 x 1071
R* 4.6093 x 10~* 49540 x 10? —1.489

F2 6 RBLMM AT B E T o NFS Sy th S1 F BR300 R BEBARBVIEZEF
BARREERBGFEZEGEE SR FILE 47 ~ 48 B 49 - NFS Z & AT 430 &2

%
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100 : 150
Attacking noise [riginal image
Simulated attacking noise Restored image
S g
§ 50 | § 100+
B T T
N
) | > | i W\q e
| i MM f WW
20 200 400 600 % 200 400 600
pixel index pixel index
47 : NFS 48 6 &R Bl X sk B 48 NFS &8 6 MR HRBL
M RO (78400 1% Fo RIEFZRFAL (78400 1 &
F P IRAT 500 EE EE L) P HCAT 500 1A% & H)

N
o
o

— Difference

100¢

bt M

-100¢

Ditference of gray-level value
o

)
(=
S

0 100 200 300 400 500
pixel index

49 P RIEHREBRBHEMZEZE (6 45RA])

WEERAEERSFAR 14 B 15 F 7R - £ 9 EEMABBKET - NFS &
BT RSN REAERSE I G FERRBHERGFAZHGER S
B FIEE 500 51 & 52 RIFEHRER >k 16 i {BA 445~ 6 5 R 9 &4k
#H A= MSE 2 %] .4 83375 ~ 8.16018 & 8.51278 » 6 {542 ¥ Rl #HA B R &
WA MEsE oAz R -
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* 14 0 ArsEER 5% (6 MHA])
Input Fuzzy set c S
L gaussian(hy, c, s) 3813637.6386 34138.6097
! gaussian(hy, c, s) 6518094.584 296780.3311
gaussian(h,, ¢, s) -10000000 -6730377.361
h, gaussian(h,, c, s) -733843.4178 10000000
gaussian(h,, ¢, s) 9999901.9728 4149455.8124
&R 15 IR 58 (6 1FHRA])
Rule dg dq do
R! 2.4964 x 10° 2.8281 x 10! 1.9503 x 103
R? 7.5081 x 103 8.5056 x 102 —5.8656 X 1072
R? 46741 x 10! 5.2031 x 102 3.2236 x 10°
R* —1.8921 7.6178 x 10° 41203 x 10!
R® 8.5947 7.2652 x 10! 9.8213 x 107!
R® 3.6652 X 102 6.8955 x 1071 —5.0328 x 1071
100 . ‘ 150
Attacking noise Driginal image
‘ Simulated attacking noise Restored image
5 5
g 50 || | g 1007 ﬂ
D | ' D ‘ 4
> | ‘ | ’ > ‘
N 11 N C Ll U
5 ol , g % W’M |
(@] (@)] i ] A M/’
+ AR
0% 200 400 601 % 200 400 60
pixel index pixel index
50 : NFS 4 1 9 M4 B Z At 8 g B 51 0 NFS 45 A 9 1R A 248 R %55 An

T AR (78400 2 F F I

AT 500 B EE L)

IAT S00 Az £ & &)

R4 FAL (78400 R %+
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N
o
o

100t

TN 1 A~

-100}

Difference of gray-level value
o

)
()
S

0 100 200 300 400 500
pixel index

52 RIEHGEARDEEERE (9HRA)

& 16 1 JRapbEaRAs H R (K 15) A7 R A A $ 3k A8 g

7 ik A AL B B MSE
PSO-RLSE 4 8.3375
PSO-RLSE 6 8.16018
PSO-RLSE 9 8.51278

% BRI AL H B E K (18) » A ke T o
B HE  f(N)=10Xn+5x%xcos (2xmxn+15) ) —10  (18)

Bl 53 1 54 53 L REBEAZIT RS - B 5556 8 57 H51% 4 456
TR 9 BRI ST FXARE - RIETRER > & 17 F7 0 9 HALHARA
HWABRER ST 2ERFK -

531 R¥EFZ 54 ¢ R BB HR
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55 4 R MMAAZ 561 6 fRARMA A 57T+ 9 fkA# A A
BR#B BR#1E BRI E

AT JRaRbERAS R (K 18) A7 B A A R 3k Ak i

7 ik A B B MSE
PSO-RLSE 4 8.8795 x 10!
PSO-RLSE 6 9.2093 x 10!
PSO-RLSE 9 8.7068 x 10!

B A dctEe

ERBXHR T > K194 NFS & PSO #i2 PSO-RLSE 2 ¥ g Hix A et 0 &
T ZHELIEETR AMAARATAE ST XL BGREROEERA - A5 —FDE
B RAMAA B TR S R AN A L KA > AR TR RS2 H ERELE
PSO-RLSE # &% F m A #8 PSO RE XX Mega s £ 8 » £ PSO BHE R
#EXE A 2000 & > PSO-RLSE # &2 F g H ik KB A 1000 R - HBEBERE
Riw@ 9 10 piF > RMAUR AR THELE 9 YA aHF S Ribrhxk
Ao BT PSO 248 R st 1~ & PSO-RLSE # 1000 k=K Z A - RAFEX 2
#E 19 & 20 %% ¥4z » R PSO-RLSE 4 &4 H ik ik 2 e 87 PSO %4
% RE A PSO A E#HATA NFS 8 & S AN > PSO g H ik \mE: 54
BB RMILER & REANRHRRAEHREZEB - PSO-RLSE B A 45 mEEx oy
Hmk > BB BMERR -

S BB R B ERT > 25 426 B 9 MEEMB A EITHE
B e wk 10 M1 11 e BB &E RIFH o ARMEEHB JBEAAT > NFS ZBHR A
BENGBRHEBERBA ML ERBOPE - AF =Ry ES BT
o ok 406 B9 MEEMBRAIETRHAER o RIER 16 81 17 AT 0 BRE
R NFS BRI B TN AL ELBEEIMNGEATE AERERFTE £
16 @~ NFS 7 6 &M AMEF TR ERERBMREALECRE  mAEXR
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17 88 NFS 7 9 AR MM A& TR a8 R & R MEA L TRE » Mk
KR EABER - T2 NFS HEMRAZBETALA —CREHWLRME - £
ARG RLE S RAARERTHE—F 1A > H AR LT IERAF REHE
R B EEL RHEEZA -

1B~ B RRAT R

ROt R AP EEM A L% (NFS) APGMBRH R RA L > 3 HRH
PSO-RLSE # &% F 15 B x4E &% NFS B i 2895 o £ KR P » KA
A PSO FAHFE NFS X AT483r 58 > MIB4B3R S KA X F® RLSE #4778
# o % NFS 8 F 2 &k > LW b THAREARERZR - Fh (R4 B4
R o KA PSO-RLSE # A2 i kM PSO RAE FBATA A ILE » RET
B4t R#aT > PSO-RLSE %2 % /g H kA BaE#» PSO B ik - MR E HF
BERZBE G > KMEBRROEHNRANRERETHERAR > TRERE
T BRI R AR SRR R BB X M S A AR BR 0 NFS SO Bl R
EWEREALERENORMGE - At 0B mEMR L EE RRF D
BB R BOR > R ARARER R BORG I R B R B $E 3 % v kK A7 R
RAMEEIE KR > EF NFSHERNMME ALK a R EI - RARPTREZIFEAN R Gt
R FEREHEEREALTH MGG RR > RRTRAMPAY EFF R T AR
RIE R OY R FRARIK o

% Xk

Afonso, M. and Joshi, S.D. (2005), ‘A wavelet based scheme for adaptive noise
cancelling from images’, Proceedings of the 28th General Assembly of the
International Union of Radio Science, pp.1-4.

Astrom, K.J. and Wittenmark, B. (1984), Computer Controller Systems: Theory and
Design, Prentice-Hall, Englewood Cliffs, NJ.

Chen, Y.C. (2006), FLS (Fuzzy Logic System), EE, FCU.

Duan, Y., Gao, Y. and Li, J. (2006), ‘A new adaptive particle swarm optimization
algorithm with dynamically changing inertia weight’, Intelligent Information
Management Systems and Technologies, Vol. 2, No. 2, pp. 245-255.

Eberhart, R.C. and Kennedy, J. (1995), ‘A new optimizer using particle swarm theory’,
Proceeding of Sixth International Symposium on Micro Machine and Human
Science, pp. 39-43.

Eberhart, R.C. and Shi, Y. (1998), ‘Comparison between Genetic Algorithms and



506 EHERSR FtNEe F=H

ouly

Particle Swarm Optimization’, EP '98 Proceedings of the 7th International
Conference on Evolutionary Programming VII, pp. 611-616.

Goodwin, C. and Sin, K.S. (1984), Adaptive Filtering Prediction and Control,
Prentice-Hall, Englewood Cliffs, NJ.

Jang, J.S.R. (1991), ‘Fuzzy modeling using generalized neural networks and kalman
filter algorithm’, Proceedings of Ninth National Conference on Artificial
Intelligence, pp. 762-767.

Jang, J.S.R. (1993), ‘ANFIS: adaptive-network-based fuzzy inference system’, IEEE
Transactions on System, Man and Cybernetics, Vol. 23, No. 3, pp. 665-685.

Jang, J.S.R., Sun, C.T. and Mizutani, E. (1996), Neuro-Fuzzy and Soft Computing,
Prentice Hall, USA.

Jin, F., Fieguth, P., Winger, L. and Jernigan, E. (2003), ‘Adaptive wiener filtering of
noisy images and image sequences’, /EEE International Conference on Image
Processing, Vol. 2, pp. 349-52.

Kennedy, J. and Eberhart, R.C. (1995), ‘Particle swarm optimization’, [EEE Inte
rnational Conference on Neural Networks, pp. 1942-1948.

Kennedy, J. (2007), ‘Some issues and practices for particle swarms’, IEEE Swarm
Intelligence Symposium, pp. 162-169.

Kuo, Y.H., Lee, C.S. and Chen, C.L. (2000), ‘High-stability awfm filter for signal
restoration and its hardware design’, Fuzzy Sets and Systems, Vol. 114, No. 2, pp.
185-202.

Lee, C.C. (1990), ‘Fuzzy logic in control systems: fuzzy logic controller, part I, part II’,
IEEE Transactions on System, Man and Cybernetics, Vol. 20, pp. 404-435.

Lee, C.S., Kuo, Y.H. and Yu, P.T. (1997), ‘Weighted fuzzy mean filters for image
processing’, Fuzzy Sets and Systems, Vol. 89, pp. 157-180.

Li, C. and Chiang, T.W. (2010), ‘Complex neuro-fuzzy self-learning approach to
function approximation’, Lecture Notes in Artificial Intelligence, Vol. 5991, pp.
289-299.

Mastin, A. (1985), ‘Adaptive filters for digital image noise smoothing: an evaluation’,
IPPR Conference on Computer Vision, Graphics, and Image Processing, Vol. 31,
pp. 103-121.

Shi, Y. and Eberhart, R.C. (1998), ‘A modified particle swarm optimizer’, IEEE World
Congress on Computational Intelligence, pp. 69-73.

Strobach, P. (1990), Linear Prediction Theory: A Mathematical Basis for Adaptive
Systems, Springer-Verlag, New York.



BEAFGER USIEERR/DE 507

Takagi, T. and Sugeno, M. (1983), ‘Derivation of fuzzy control rules from human
operator’s control actions’, Proceedings of IFAC Symposium Fuzzy Information,
Knowledge Representation and Decision Analysis, pp. 55-60.

Takagi, T. and Sugeno, M. (1985), ‘Fuzzy identification of systems and its applications
to modeling and control’, /IEEE Transactions on System, Man and Cybernetics,
Vol. 15, pp. 116-132.

Watrous, R.L. (1991), ‘Learning algorithms for connectionist network: applied gradient
methods of nonlinear optimization’, Proceedings IEEE International Conference
on Neural Networks, pp. 619-627.

Widrow, B., Glover, J.R. and McCool, J.M. (1975), ‘Adaptive noise canceling:
principles and application’, Proceedings of the IEEE, Vol. 63, pp. 1692-1730.

Zadeh, L.A. (1965), ‘Fuzzy sets’, Information and Control, pp. 338-353.

Zadeh, L.A. (1973), ‘Outline of a new approach to the analysis of complex systems and
decision processes’, I[EEE Transactions on System, Man and Cybernetics, Vol. 3,
pp. 28-44.

Zheng,Y., Ma, L., Zhang, L. and Qian, J. (2003), ‘Empirical study of particle swarm
optimizer with an increasing inertia weight’, Evolutionary Computation 2003
(CEC 2003), Canbella, Australia, December 8-12, pp. 221-226.



	0710-編者的話
	01
	02
	03
	04
	05
	06
	0710-徵稿說明
	空白頁面

