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4 HA A g vlEYIE o] 83 oln|x =Y
=&
o ¥ =y A

2 o

7 He %A3}(classified vector quantization: CVQ)(2]9] BacHg AA oM, AA && HEYA
(5)-(7]& &&x9 olfH3 oz A3d L4EE e 2= WS 8% Ao TASE A3 74, o
€ 71437 918 AGE WA A AS MENAB)E I FY2HI dEFY A58 SHAUE WS 48] o]st
e EASS #FAd 2u HA 3 g MEHRE CVQA F4Y A 7 RIcHe F7E AYRes Ay
ok 3k FAHE o8 A 3len, o2d EAYSY AAL H5td B =RdME £4 Hx] AP g YENIT
(modified fuzzy competitive learning network)& Atgct. 4 MA A4 & vENZE YA Hg vEQAY
£ 2. 4 F3E89 Alo|2E g A Fol Mo FYNEE sYen, Y A & UEJAI ARE 9
2HY £558 I3 4452 B4, BE AT e £ UE A9 23 298 gASA.

Application to the Image Coding by the Modified Fuzzy
Competitive Learning Network

Bumro Lee' - Chinhyun Chung'

ABSTRACT

In designing a subcode book of the Classified Vector Quantization (CVQ), the Competitive Learning Network has a
weakness to ignore some code vectors with considerate membership, because of their binary representation. Fuzzy
Competitive Learning Network corrects such weakneéss with an adoption of the concept that each cluster has its
continuous membership. But the algorithm must determine the size of subcode book by applying a trial and error
procedure. In this paper, modified fuzzy competitive leamning network, which has continuous membership extending
binary membership, is proposed, as an algorithm applying to CVQ. The proposed algorithm yields an adaptive
determination of the size of each subcode book according to the given sample vector in learning process, and prevents
the designed subcode book from coming to a local minimum point by applying fuzzy concept to the competitive learning
algorithm.

LM & Z g A ¥R AT 43 AR Ay 39
49 7HE A Ade Az dse, AR =
i3 HolEE AE oS A} D Aesn Aol BE A v go] 2890 oj@ olf=E

A% E= AFHE onA dolge gRrELe ac3y
He, dolgjg Ar1g HAdsA dh. e FA3
1738 8 Fo%a Ao ASF ot
=2H4 19984 39 69, AARE : 19989 68 8% (vector quantization: VQ)7I'§& ¢8sH= 4E 4
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BE o839, AH3 @ F=E AYAUG(1I4).
el He FAE sgeMe dY¥EE 4F 2
g A9 Gz 9% uPE e (unsuper-
vised learning) & %3 AMZ o Ax9 ZYAHL
e E2H (cluster) & YA &z, ojg@ 2
H2E¢ FAg(centroid value)2g HEEL 3=
3 @itk ol Wy YARE FTF ovlH ZHL
S AFHEE MAY, ddHoE e deold 45&
AL A& oln|A]| o ®o] o]§FH: 3Tt
a3y 9 $ASE F3AM AFE oviAE A
22} (human perception)ol 53] T3A wg3
A Ht BAledge) £ ARE 433 SPAIE
gHE A g 53 dAd HA FEAME A
g f3(staircase effect)dx B¢ AFEo] Y
ehlA Ack ol @HSE FH3] AHA Add
gae)go]l 7 HWE 423 7Y (classified vector
quantization: CVQ)oltH(2). o] ¥zeFL Folz
AE HElE AA9] Wl e} 8FFE B/, o
ZA JdHold HEES oA AAL X g A
234 =Hed, mned o ovA Hage & A%
A% ojg} #2 ¥F dmelFol HEH o|FA ¥
8 He S vQeuaEE AHEstd, Fzte Fa=
E(subcode book)S TixQIEHAl gt o8} o] &
F ¢2d5e Hesd RIcug fauyeosy,
A 29 2L AAs R W A 5 &
2 adE {48 + A " B =8dA:e
CVQenaEe A oM 4 HA 34 e
Y EHA(modified fuzzy competitive learning
network) & g ¥z} = A4 duFoez A
ottt A4 B43(competitive learning)ol@d UH
HE AE Hel9} 7P A 4338 /HAE ZE2H
o FHFE, 1 Fe2e £33 A s o
Fkde] nFoes zx e Wioz wIAIE
gngFolch(5)(7). 22y o] Adme)FE Fej2Hd
e He 59 £ E(membership)& Yo
Az A =Hol glolA, & 2= dEol glojA Ha 4
TE AL AT AZE 24558 7IXE 29
2€lf dig Yol o|FofAA Fere ddE /A
e, & =744 Agss 3 #HA HAY g
HEHAE 48 ded dig Z Fe2He L2558
s 7Y wAETE o] MF dE) A 4 &

2Ele] sHgo|l 2] Fel2E(winning cluster)ol

S 41 BE FeLEHA g, 2&xd
T g%ad sl 99 99AY VAl BlE CVQeIA
e F /A EARL dEe) 2% dndsd
F=Ee 71§ dAstke Add. £ =RdAe V&
g CVQIA ALY EF ¢xFS AHgsgon,
FIEFS 3718 A SloAME 7EA AR
€ 3¢ Wi 2 AR dAE 4R, & 2
29 Ho AFHE AV, R HE HEs}
Eqge ZE Z2HA dN dAgE 2t
AZEE 7H Atde 2 HHE FHReE /HE
A2¢ 22HE T AAE A, dF AFA
A 2 FR=Re A7)E FAIES U

2. 0lojx] 3IY na&F(mage coding
algori- thms)

2.1 Hel gkxlEte] R

e FAshe AR 71Ee o shite] FejxH
2 53 U HEES e =2 Jepgozy
dojel& A&she 71geltt. aA I IY(spatial
domain)elxle] He gapsel el HP{L Flo
AdojW WY AS(transform coefficient) & $A13}
e wo] ok B =EdME 3 dYdAe o
B 4x3E dEvh iy @3 7Pe 2 oA
diolEly &4 dHolElg =3 s dlo] AREHUE
dl, 19804 #t¥ LBG(Linde-Buzo-Gray)¥:
&g viEsle], ¥ GudEECl AU¢HY g4
(1](4)(11). olzi¥ ¢neFEL dMHoz vzx
g B dYsHE AE AEHES HIE S~
H2 §o| Fi, o|¥A d4¢ 289 FA F4
g Fol 1 ej2Ee I= HEHZ 4 Ao Pt
Foltt, LBG dnEjFY 2t 4F HHES 27|
2 dE %] f3o] 7P 2L FeAHZ di§Ad]
2, 7 Ze2Hd dl$d AF HelgSe] YA AEE
o 2¥2Ee 3= dH2 FEd, o8 #AA4E H
7 d3te] HalEol YA dAgtel olE w7A ukH
g ol == HE Yo 4F HE X HE 45
& 4 (2-1)3} o] Jehlo]At}.

2

11‘
D=— inllx.—vy.
7 2min|x, ~Y; @D
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X Nearest Index i Table X
=»  Neighbor [=>——>> —
Lookup
Rule
Codebook Codebook

(08l 1) e AX1H,
(Fig. 1) vector quantization.

(29 Dol Yehd vl go} dg =R fzel
o] ¢a¥ AHolA, onXE AEY F$ e IS
28 44 23 £4 204 THAA =2, s
7t Q7kEW ZERA AstE WES) S 2L 9
I& e e HEE 3ol 0 3= WEY A9
(index)& T4 MY $o HEA H1 54 2o
A 29 He AEL 2E HEHE Bohyo] Hlo|
B W42 9834 99,

22 28 dg Uxp3;

g4 A8 AAY 45 FARE T doly ¢
8 & YFEL A, AA FEAAM duyoz
g 43& /RRdE #AAE 4 HEE Atdd 2R3t
2, #5989 dEH=2 R3acHL oxklsie 2§ dg
%23 71Me =#ezN HAUTH2)(3]). HEHe
27 44 73l edge enhancement) A7} AX
A% (decision tree) HALZ YN, HA 3
3 FARAME FojW HE7} p A7)E M o, 4
(2-2)3 4 (2-3)& °l88td 7 dHe +8 7|&7]
(horizontal gradient)®t 3 71&7] (vertical
gradient)& 3%},

d = 2(xi.j - xi,j+1)
* X it X i (2-2)
d = 2(x,.'l. —xm'j)

v

x,'_j +-x,~+1_j (2‘3)

A (2-2)% 4 (2-3)X FA3E 71&71e EW 7]
€717k obd 5 f4 HE¢eE AWH € 71€7]9
o, Aol Az Ad r|eriEte ol e

At €@ 71€719 o wst. (Pratt, 1978] o
FA TR A7 @ 71271E Foj HHe {2
EYHE JARE €Lz o9 o] 7] 222
2else], A 288 A dd 4 2-4)e ¥8 3
Aol g 2&E F43x, 4 (2-5)t +7F 424
e ZA e sYsA 4o ZEe FAe 3
Gn, Gy ol 1, 0, -12 ofefis} go] vhehdr},

1 ifd,>T,
G,(i,j)=1-1 if d, <-T,
0 otherwise

G=1,2, -, pandj= 1,2 -, p-1) (2-4)
1 ifd >T,
G,G.j)={-1 if d, <-T,
0 otherwise
(2-5)

i=1,2,--,p-1and j= 1,2, ---, p)

4 (2-4)% 4 (2-5)4A AH8E FARE HE9
BEG dol AT E B A (2-6)0M FHIAH.

ls'o if d_ <300

T, =14,

02 otherwise (2-6)

A (2-9% 4 (2-5)9A4 TN 4E G, G
Be +1-12 HE7 ggsHe AR ¢ FL
9 Woz AL TP A dEhla 7]
A g e 58 R At BN 2EF
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g0z 712718 e Afeln, £2 JEe e
£ A=A olBoz 7|8718 e A8 U@
o, 0L gesE AXd AA7 &S vehin, &
o We 99 utgle) A4 It AA B3 A
dxE A7 Shd Hu(shade)& VEhiE 828
e BAE Tyo| HEdl, A (2D go] e
PRAEE WANFE s E e JARE V1FLe
=, X THA AFS @ 71EvIse] umges
A, WHe] #YsA = 249 48 WA 4
(2-8)&.0 A4S HEHE AARES eIk

S, <85, +1 ifld,1>T, i=12,,p

j=l,2,“‘,p—l
S, 8, +1 ifldI>T, i=12,---,p-1
j=12,.p (2-7
_[01 if d,, <300 0rd,, >2250
* 7 10025 otherwise (2-8)

A4 (2-1)7 (2-8)9) BFE olgldl, Gy¥Zol A
£ +19 AFE JYepE H¥F, -19 JA¢E JE
U H8%F. Gl 7HNE +19 ATE Yehle
VE%, -19 AsE vehdes VRS Sl SloM 2
A A% FANA olgdrh A(2-6)F (2-8)4M 3
dg FANES ¥e Y49 gEol 07 2558%= 7t
A 3o, 49 oz iaE et dd 34 F3
F4E oA HA, doj dolHE ol83to, HH
- & BR3e 3R AT HA S0t Hed, R @

X T—> daxni—

Classifier -

AZA E shte] JdARS AR Y (2-9)& ol
g FAE XA g HEE EREd

S, <J, and §, < J,
J,=p-1 (2-9)
AAE Este AEHE 25 de, Fo] W3
5 gEe 39t & B £ HEY A¥ = o
g dAzE 448 A (2-10)3 #ol £/E ¥

V,2J, (positive direction) (a)
V, 2 J, (negative direction) (b)
J.=pl2 © (210

2 AL 7IAE HEHE 4 (2-11)3 Z2e] £/
Ll
H,2J, (positive direction) (a)
H, 2 J, (negative direction) ®) (2-11)

A Aol diside 4 (2-1009 4 (2-11) 9]
2oz 2@k 2 (2-9)8) & (2-11)<149] (a),
(b)4& BAlo WEd= A, o] HHE EF(mixed)
HE| 2 2F3in (2-9), (2-10), (2-1DHE F o=
g AE fEA7)R) v HEE $2 H9 (midrange)
WelZ BREc 4 EHE Z deE Ui AAY
AXE 48 G GolA FolAE deolHzHA wEd

Table —=> R

Look-up

==
@)

—
n
p—

Ci| Ce

1 G

(78! 2) 2R 4le] X},
(Fig. 2) classified vector quantization.



o olgA BFE WHES F% te ya=2g o
Aol (17 DelM BE s gol 27 Wy o

e TP + dA gt

23 Hx| A &g g2 F

d&Ho g JYHE= WEd dF vPE sy gn
g5ode A7 7ML dew, 3 g JEYa
(competitive learning network)® Fo|a AZ o
B9} 713 o] HE Fe2Ee FAGE, 1 Ze
2B &8z WE A5 G5B uFoz A
HElo] Moz WMATE daEZo|th(5)-(7). F
4 &F HESA:= Ze2HY g HEEY 245
£ 9HAA ojFHH =e2H AstA Hol YolA,
3 AE dElo] Qlold Am YF gk AR E gAu
B AEEE 7R S 2HA E gFo] o]F
oA ¥ethe 9HE /NI Yg8). £ 39y
A ol st ool FAEZ) shue Y AT
ate] 2e Ao 2452 FHAE A4E AL 4 4
o ole|@ EAPEL A7 A Aty HA

24 g JVEHNA(fuzzy competitive learning

(a) 24 % viEH=

(a) competitive learning network

=¥ HA 38 =g UWEY3E 018 OI0IXt 2L S8 1937

network) = ¥F#3 ¥, 2t WE S| A9 H43
od o2& EAES #HAdstn YFAEld @ S
HEY A4T& FE3) dsiA Ad8)-(10). 2
gy #wA A4 34 vEYA duadEE cvQel €
48 A% 7 RI=89 978 A3z wjes 3
Aol st FAlHo] 43| A "o}

2 =RdM= o7 EAHE AN YA
4 94 34 85 EYA(modified fuzzy compe-
titive learning network) Aottt (¥ 3)o]
e olel o] Ak duEe el AT WE 9
24558 ZA g& JESAY 7Hee o] ol2yH
o7 A gu BE ZY2HY df A58 Y7
3 @ gz gdstn, olgA AEd 7 A5s WE
o HFoE Hg5E 7Py dEd, Bt HAy 9
e ¥ Aol rFedltt, =3 BE e 2Hd o
A HA ALE myke] A&EE JE AE HE)
dEHAE HL. 2 4E HEE 3= AHE 3= A
2E Zel2HE Q4Foey, 7 3= 378 &
4 T HeHoz AAEI =Ho ¥ 3=y

Input
Layer

Output
Layer

(b) 3 HA 34 & YEY2

(b) modified fuzzy competitive learning network

(38 3) 2% &5 HEHIY £5 HX 2 &8 HEYI Y vjm.
(Fig. 3) Comparison between competitive learning network and modified fuzzy competitive learning network
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o 3718 nei#ek st AHol BYALFHA A

g A4 ¢ UEYas £3 ¥x 34 g =

43 e ¢ T uFIE (29 9% (2
5)e 2zt dehiiict.

(32 4) 2™ 85
(Fig. 4) The competitive learning.

sample vector

00

(a) BA 24E olye] £558 17 FH2HIL &
A% A9

(a) When the clusters exist with membership

over minimum membership

Nios

(b) 22 Z#2H7 HA 44k o|3le] AE5EE
A A

(b) When all clusters have the membership
below minimum membership

(3% 5) £33 X A &5
(Fig. 5) The modified fuzzy competitive learning

&2 73 #A 34 ¢ dnFelrh

(a) Z E812E ud EAT F Jde H: 43%
(Tan) & 271881, 3= W 75 B
7V&¥ counter & 12 #o}.

() A WA AE MEE Aol A UA a2
He 3= wE2 2738,

Yo=Xp

(c) FA42 A= AE Aeo) sy 2= o
B¢ Mg & 2458 7HHE 3= AEHE ¥
ohdict, ojnf A&EE el 44+F A7
&ty vebgich

m D)=y D)= =D/ Syllv A D — DI~

m(D = max [ m;(H]

(d) (oA AR 2557} T B e 3¢
d e AZ dHE FHFeE N2
Z26E e, FHAHY FE Jehe
counterg& 19 F7/MAY. T, 2o 3A

4 28 F%dle te Ao o8 2= 4y
g BB

y{t+ 1) =yi() + m; (O x(H — y{D) ci(®)

i=1,2,...,N
c{t+1)=c;()+m; (D
i=12,...,N

(e) t=t+18 ¥ (c)& W3}

99 gnEe & F2H A AL5TE 94
goz AAsa e 4F HEyl ZE 3= HWEd
A QAL oo ALEE AAE ASdE A=
& ZE2EHE T2 Yo2A 7| EF IY 4
Aol A AR g B AAAL 7 RFI=He
3718 Y% SANAN FAHIAEE s 48 3
A Tund 25 2 gog HAAsd, 84 #34 3
de=EE= AE e ERY Euclidean distanced] ¥
Haled, RI=H] =A7|E AAJES gl A9
HAA AR Ton& 2A3NY] Sl o= AE
o ARt Bag AL AMdoly 7|E dueEe
7} 3=8e 371§ 25 Aok 128 N classZ



ASEE EFAAGH, N 79 @+E FAso} 31
T AR 3 #HA A4 g WEAINNE class
9 Fo @A flo] el dARNE ARHY drke
AoA 71E dagFol AdHAd & & Ut

o A FA oA, CVQAME FA=E
€ 3} At 9ulg dEe A VST 9
U2 H43P.(2)

ED.'
—— = constant.
N, (2-12)

9] 4(2-12) X PE i classol AF ¥E/} £%
#goli, D;E optimized HE=H9 HFE 43I
N & optimize® RI=89 Fojtp, £ =FdAe=
Y fFEo] 2 edgett textBEAME 71 A A
oz 9 Ag IAHor wFEA gt 2= 4
A FARoMe z+ =g HAZ EA QoM &
=AM Mg HA 3 ¢ dndFdMe 4 =
TES Fo|A AE HEY 2454 g2: ggs
o2 9d 2=F JoiMe HHHE AEY & A=
£ 3t}.(8)

3 4 W

olele) A= A ¢ MEN2E A4 39
9 omAst 44 ¥ 3 % YENIE 54 =
39 olnA& 45 HuE Aok Y&%e A% vl
2§ 984 5 8% HEQ3 WikE 4% e
FUW A5, $UD AEE, BUY SHE Q8
gon, Y ojujx] BF FUi AHEsAY. A¥
MEELS OYY onAE 7ked A2 24¥
31.460709) MEIE2 TASoH, ¢ FAAA 4
AY A=HE 2 284372 ojRojIT}, WA =
99 onAEY 4 9 ¥E (bt / pixelE
0.717bppE AHAT}.

oju]zl YL ALY ol (29 6)df JE
o] 3712 7} Lenna°lulX|elnf, <J%-o]n|=](sub-
image)& 163 HEld s AHgElGIt. (T DL
AA Gy YL A4 42 AN HE 9
#e) Lennao|vlAg} A2 ol2 BAs}y] YET

WX Z#M g WIESSE 0I8E OI0IXI 2H & 1939

(23 6) Lennae) #aj J4.

(Fig. 6) original Lenna image.
a8 £ o F¢ gA #%8Y, Lennad) 9% ¥
AAgY, 24 HFele ERE 123u BJE 728
A E BEgste SolA uEd EYd 43& ¢AY
4 9tk oj@E EAMELS 4M AAY ups} Po) B§
BARo| A o|ERWHY A2 7iEoz 4¥ AHER
APsh= 7189 /P ATHE 43U L24x9
Adez #gNZ 4 A 34 8¢ ¢nAFY =
dog gster)

(22 7) 29 &5 JEYaR 55 2YE Lenna 4L
(Fig. 7) Lenna image coded by the competitive learning
network.
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(ad 8)e 4 HA A4 Ag VEYIE Hed
d2M, (28 DolA BoRd dIgo] FLPL
4 & 9 olzi® ALHY AN B ohie} A
A2 2t 349 MSEe] did HrllA 34 g e
fAzE 53.9139) MSEE 7HA9 elu|x7}, 54 A
A7 g vESNIAGHE MSEZF 42,1728 #2384
o, olu|Agl A Hriel A/AH]] RFEA AHEH
+ PSNRFAE blasie] 89, 34 & vEN3G
ol8# YA olnlA 30.849dBS) A& B ¥
del, 4 ¥4 3P ¥& JEHIAE o8 zdd
oln)x]& 31.915dBelate FA& B matd F
3 g YENI g Hx) Ade Hge Wy 4
A ol g ojujx] =P oI KIS IE HE
& B8 Fdu 328 & 3o

(2% 8) =5 HA| AP &g HEYIR &3 2
& Lenna Y4k

(Fig. 8) Lenna image coded by the modified fuzzy
competitive learning network.

(29 9% (27 10)e T A& vEHI s
2349 °lu|A% 8] Lenna olv]xs}e] MSE# ©l

U Aof Yepiic. (29 9)% (28 10)& ¥4 ol9]

A%t 294 o] MSEZE 0%H 25574A9 gt
o A8 Fsdon], e}y olujA7} ojF &+ e
AR 7L dehdrk (27 99 (27 10)4A
AQ9Hes A %G HEAIL H A M
FEE AF EAIe AT, Ao vu £3

HA B4 st MEAIC o3 2d€E ovA7t 4
3oz & MSE#E 7Hde ¢ + k. no A@
A A5 HnE A3 F ojvlA 9] PSNRE# MSE
e (E Dol e} o)A A4AQ 2459
Qg F8 olEYY £E4EE nPgo2 =R A
Aste A Fd 24 ¢ Ae A9 A2 (Local
Minimum Point) =2 @74l JAARAR, A¥H
& Bl wEol 7 FA=HY Alo|2E 1 ¥I=R
ol g%t 2EY FaF YA 7o AP
2A, aFggde] dHez & FARsHLE & Ale]
z7} g9Ha AFg QR 3=Re iHez
£ Afojz7t FHA Hol B} HH3E Alo]Re) B
AERE] A€ Aol

& D 3Y 85 HENIY &Y HX| 3™ 85 W
Ef39e| Y5 Him
(Table 1> Performance comparison between the compe-
titive learning network and the modified fuzzy
competitive learning network

g MENa MSE @ PSNR @

Z4%s EYda 53913 30.84948

74 HA 33 g viEHR 42172 31.915dB

(32 9) &Y & dEY 25 ILE Lenna H
Aol o] 24

(Fig. 9) error component of Lenna image coded by the
competitive learning network



(28 10) 8 HX| H™ 85 HEHI 28 3L
= Lenna A9 ol 24

(Fig. 10) error component of Lerma image coded by the
modified fuzzy competitive learning network.

(a) 9= %
(a) Magmﬁcatlon of face

(b) #2jd & &
(b) Magnification of hair

(22 ) 2280z goi= o|0)x|e vim.
(Fig. 11) Comparision of magnified Images.
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&3 299 ou|A. 283 £4 9 A vE

a2 399 ouAE RE #H viag agolrt}
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=% HX 8Y &5 UERIIE 0188 OI0IXI 3 S| 1941

F WA, A 8A oAzt 42 34 e MEdaE
olg3 29€ olulx, e $4 WA AAE o
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H WA olElAzt urk @ olulRe) SbgThe A& @
% ek,

4 d B

2 =8dME dE A3 AFdM HA =29
Hgol AAZ vepte AZHEQA A9 4 HE
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Eolut Azt B £ s B3R =de onAY 24
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< APkt F8318, oux] Mg HER o
A% A FoloMe 7|&e dxnEe P& ¥4
A7led 7l 4 ¢ . 2% }ARE, 2
58 AL FASE oujr) IYE AN HEHE
£33 AY Af2 9E dg dHE 4ANRE &l
o2 EF el dA3te] MM (pre-processing)ll
H3ste Hee ER gndEe F3 wlolx(rule
base)ol €@ ¥A FE& FHA AUPo=H o
Fdd olmA 2QE sbedlelel 249,
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