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oA A0 A Support Vector Machine2} J§M &

Adaptive Median ZEHE 0|28t QEA ZZ MA

A2AAonY AE Adoele] g8 47l dBA FL) AF AF LEGH. B =82 AN olF ¢
£ e AN whgol ths) =l ehuat st AokE el A SVM(Support Vector Machine)d} 74
Adaptive Median ZE]o] &3] o2t} SVMe] gja) FA41A FeRAQqRE A&sa 2E8 3224
71448 Adaptive Median ZEjo) &3] A=2-¢ FAdgtez dAsict. At Wil 45 B7sk7] Al I4
€ 39} salt-and-pepper 4B~ &% random-valued FH FE-& 12jsle] 71&E9] FIAA PHEH
4Aol1 MAE, PSNRE £3F A4 vlnE 3tk 4823 Agd v 3L AASt v 22 of

> ook
5 o

o o flo (i pf of
e

% Bado] Holha 53, Bol Ld8 4ol AAAE 4TS FeAA 45 Bk
ZQ20]: Support vector machine, 14 E Adaptive median ZEf, YEA TS, TEXH.
1. M2

QAN G 32 (impulse noise)2 FF 5 Ao 7iujetrt Alvlz R3] gAY F2 A% )
A9 wEe LR7F BAFAY, gl Agol Foirt AL o F2 dgAT JEx FIE EEY
o2 AZES 4 AAE AAHA s AL BE 94 4SS NET 94 80 4ETFE A W
Foll ths ©@Ale] e A g AATA o] Hes ookt gt
2 HAEAA PEL 2 oA (edge) & HIRE vAE FES REFIA FSE AAS: dolth
HEL L€ AAL A A9 BdA ez e v Bid &
it} (Lim¥} Jang, 2002; Lim, 2006).
AF7HA) 2R d8s e AA PH2EE WAy Peld Median ZE7F Q2 ©]& AN
Ko% Lee (1991)¢] CWM ] (center weighted median filter), Sun3} Neuvo (1994)©] SWM-I 2
Bl (switching median-I filter)9 SWM-II R ¥ (switching median-1I filter), Abreus} Mitra (1995)2)
SD-ROM ¥ ¥|(signal-dependent rank ordered mean filter) 28] Hwang® Haddad (1995)% Chan
% (2005)9] Adative Median ¥ 5o] AH&Holgtt CWM ZE = 9529 4F4d0) gL 7=
£ Fol ol 242 =99 3AGLZ o A Wy oly SWM-I ZE|9} SWM-1I 2
2z FAFAYT =99 S Y (median) £-2 715 F4gh(weighted median) 3} ¥l nE 53}
AR} (660-701) g AFAl 7kEHE 900, A e R B REA A, 24 ¥ RINS, RICIC.
E-mail: dhlim@gnu.ac.kr
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FEARE A3 Witk 281 SD-ROM el F49AZT doll: JAE] ¢9-¢4
% (rank-ordered median)3}e] Z}ojo)) o8} FSJRE ZH 3} Adaptive Median ZE= £424
& 4940 vZE ool YE9 2718 71A3 (adjustable) 27 2FFo 2N FedRg 23
she wpgelth | A |
2 =FoA= SVM(Support Vector machine)& ©]&-3ted 28 A&% o}2 AAH Adaptive Me-
dian FE|E o] §8lo] FA8A st SVM-E Vapnik (1998)"1 o MdE A S
A AurAel 93 F A3 empirical risk minimization)$h= ThE 123 ¥ H 43 (Structural risk
minimization) & $3 2% H43A)7)E o) E)E £ Yok
SVME ¢]§5ta] dE2x ASE AASE WEo2: Lind} Yu (2004)¢] ATM(adaptive two-pass
median filter) EI7L EFojrh. ATM €83 SVMS =EdolelQl B & FA% = oA
2 A9 Apng ARSEle] 2479 HE 2% (local information measure) 2 AMR-8H R E3 A29
T8 UA 9F2E dATLEA FEFEF FHNA Bgo] BoAE Feo] Jrt
B =272t Zo] TAHAUL A 28 B 2E0A Bio] gt JdEHA FE B dis)
=L A 3%golAE SVMF Adaptive median ZE]) s AR oz AT A 43oMe &
R Ade FSAA HE A8 BARS AL stok 2|3 A 5golAE JAAEE 8
At FEAA PHY oS AFHolT FAHZE PP o= FA3L A 6730 22 FF A
o & zasict.

s,

2

239 ¥ FALolE fixed-valued €F2 FS3 random-valued PB2 F-gol Ut} (ol&F
E, 2008). fixed-valued Y82 IS Y% salt-and-pepper GE2 Fgolekn HEL HA n =
(n1,n2)olA v(n)F z(n)& 224 B340 FLF94e) FA%e)et € uf salt-and-pepper YB: TS
o B v 2t

v(n),  with probability 1—p»—gq,
#(n) = { Tmax, with probability p,
Zmin,  Wwith probability g,

A7NA Eimax T Tmin-S 8bit i‘?ﬂ"“"“’ﬂ}ﬂ 25591 02] k& 23 FE ps} g G LE p=golth
= 0E random-valued Y82 L2223 g

o(n) = v(n), with probability 1 - p,
] n(n), with probability p,

714 ()& 07} 2554 0] 8] 582 (uniform distribution) & Zt& FEdsolth

3. SVM3i} Adaptive median EE]
3.1. SVM

SVMe ¥ /b1 29248 B8H0% $Ro: PHoE 2R 2
ofoll A Ztgub W o|th (Vapnik, 1998). theo] s olE] 7L

A4 Aol Hoju F2 sEdYE
FojRnta 7M.

D={(i,c)lz: € B, ci e {-1,1}}],,
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0¥ 3.1, M¥ g2l Jhsdt 3n B

A7NA i pAE W 2,7} H3le Fellod VelE o2 1 F2 ~lojtk ¢ = 1F ¢ = -1& 7}
A dole 2,8 F 7o) 22 £/l 98 749 p- 149 28] EA4T 5 o SVML 1
¥ 313} 2ol ¥ FH28 EF3V A% A F £ 2% Y (optimal separating hyperplane)-& 2 2
2ol 3= AL FoA B 239 2043 A (support vector)S At B3 B8] 2% 9d (parallel
separating hyperplane) %] A2 (margin)& 2 §22A4 A} o} & S8 Yoo A% £
2BEE v 2ol A

w-x—b=0,

o}7]A . & dot product®) X M) wi 2B 42¢) WFME} (normal vector) 0|tk ZE) T FHQ)
239 thgo] P2 o3 2EE 4 ek

w-r—b=1

w-x—b=—1

& dole 7t AgEel b o

531d T A9 239 Alele) Agle 2/[jw|lolBR thee AL W&
fw|] & A238E 29dWE e ,

w-x-~-b>1 Yy =1,
w-z—-b< -1 Vy =-1
o) WAAS e shie WAL e BAY 4 Aok
| yi{w -z —b) > 1.
2= $19) BAE SVMY) primal FAZ 1‘4~S—Iﬂr 201 P23 4 ok
| | minimize %Ilwa?

subject to y;(w -z ~b) > 1.
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z4(n) | @.3(n) | z_y(n)

2_y(n) | z(n) | @y (n)

rz(n) z3{n) | z,(n)

I8 8.2, HWE o(n)@ 01R0E 3 x 3§IER

)3 8}1%A) dj<(Lagrange multiplier) o;& AMg3te] 919 A€ SVME| dual BAIZ F4] 31
4 ok
N 1
N . — . . TRTR T .
maximize Lp = ;:1 Q; — 3 E“ Qi Y Y;%; Tj

subject to Zaiyi =0, a;>0.
i

2 A2 HEL AP ez 27t 7hsekA ¢tk wWekA Ad E<(kernel function). K (zi; -
)2 E989 o3} o] YHHE zol i AR FLE gt ' '

v N ;
f(x) == sign (Z oy K (@i, @) ~ b) . ' 3.1)

AT oW WA Fejz AR 0 ZULE FEEAE 2% ¥eE, AF AHHEe A
g2 = o9} 2] linear, polynomial 18]3 radial basis function 52} 3714 ¥eje] AGgrE
F2 AHEHETH

e linear: K(z;,z) ="z .

e polynomial: K(z:,z) = (z:;Tx + 1) (A5 d).
JRTT)
o radial basis function(RBF): K(=;,2) = exp (~'|lm—-0;5}-{-§3).
3.2. Adaptive median ZE]
ZAFA zo(n)E 22 JE wx wAELE 134 HE z(n)E EESE thed 2t

z(n) = (:1:_ T (n),z_ (wz;DH(n),‘..,xo(n),xl(n))...,mngﬁlzal(n),x(wz,” (n)) .

29 32% w =3 3x3UELIT z(n)2 B3Y vkt 2k
z(n) = (z-a(n),z_3(n),...,z0(n),z1(n),...,z4(n)).

Wmax X wmax% a‘:ﬂ %‘.E"(l)" 3713}' @‘ I’qi '[;}%9,] Adaptive median %E%‘L\:‘ Z’Q(n) 7}' ﬁ%g }ﬂ O%’l?”%
A3t & Feeddold AN E x99 B4 E thAdth. 22 Adaptive median ZE | 5]
2 RA.
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Inputimage _ [ Feature | VM _; Binary Flagimage
x(0} "1 Extraction Impulse detector 1)
Improved Adaptive: Median Filtefing  -~essmamammmans,

) I Adaptive Median Filtering: E"‘* Eia g Image I{n) -‘*; Hprovs ienng

Yo
E,

Comparison

Quitput Image
¥in

step 1: w= 3% 7|33}

step 2! Tmin(n), Tmea(n) LI Tmax(n) S AT F7NA Tmin(R), Zmea(R) LB Tmax(n)E A
=M Ha A7, S 282 Ao FAgkelt)

step 3: Tmin(R) < Tmed(R) < Tmax(n)©1E step 58 FHFHL TZX] Yo w=w + 22 Fr}

step 4: w < Wmax W step 28 FHFTL TZX) FOH zo(n)thA Tmea(n) 2 A FT}.

step 5: Zmin(n) < 2o(n) < Tmax(n) °}Eﬂ zo(n)= o] oF B (noise-free pixel) ol TFA o
F zo(n) A Zmax(n) 2 TR S0}

4. MO TS M w

LA AE ZA SVM] 218 -2 2E(noise detection) | Adaptive median filterol] 2] 8t 7+
& F7(noise estimation)®] ¥ @A 23 o]FojAty. 17 4.1 AAH WHY FLL AANE
A2 BoAFs BEXoth. gYAdyel s 53 FZ&(feature extraction) 3t ¥ T5A171 SVM ¢
2 HAE7)/(SVM impulse detector) & AH§3le] FSEARE Yehjs o) S °§’5"(binary
flag image)& F3tc}. oA Zda GA oA 2L AL /A Adaptive median FE]Fof 3
& FH S

el ==
4.1. S8 F=

SVMe) 93 dole] Falo] S HAUA ARE B N YeulolHEA oflA FH 47
o WEEA THY BSUHE AL AT |

ol 4.1 ¥ u(n)2 TS 20| YBY zo(n) 2 EUZ Tmea(n) 2] HUZ AOIZAM Ao

]

Ch.

u{ﬂ‘) = [$0 (n) - xmed(n)[ )

A7 u(m)gto] 28 zo(n) BE) ALY FIG Tmea(n)? Aol 2ok 2L Yuisinz 27
um)e 982 2oz AZE 5 ok T um)d e WSTE AAD IR 2o(n)o] 9B
2 Rgolekn BRI ofeigel Utk A8 Sol, 29 429} 2ol ] DAz olRolW He
TP 349 A AR Ju2 Aoz Buso] ARARA AR A7 Ak
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200

I8 4.2, M8 286Hs 3 x 38ES

20 i 20 20

20 200

150 | 150 | 150

I
i
IS
“

. UBS LESHE 3 x 3/UER

o Bl old EAIE A7) A E OhE SAWS v(n)S AERT

Fol 4.2

v(n) - ‘xo(n) — ey (n)} ;‘ ImO(ﬂ') — Tey (ﬂ)i

OIIM, [zo(n) — 2e; (m)] < l@o(n) — zey (m)] < |z0(n) — 2i(n)], i # 0,1, c2.

3714 Tey M) 2oy (n)e QESANAN FAHFA zo(n)F 71 7I7He F8E vepdth ¥ o(n)2
AMgard 19 4.29] A AR Bf o)) AL e THRE FFoR BRHA g REHT
=3 & gAo] 7hgol ohdolE B35, 23 g3t 2 Aoz dd) FLoz AHe FLt £
EA%t} o2 BLE oA REA B3] Po| T wetA A E B2 Y8 2T o
9] TEE A3 A2 SHAF g(n)& £YT Lo ok |
Fo| 4.3

g(n) = |zo(n) — S3(n)|
0I7IM ¥ (n) = med(z—4(n),z—3(n),...,To(n) 0w,...,z4(n)), z(n) ow zo(n)2 Y18 wHlE LIENICH W
2 gy SN JIEXE 2D AUE Sl X0|2A Helsto2 M MNLREl TeeR HEHN
o0 HEEREE BRI

el 2 3719 EAEIY D4 un), v(n), ¢(n)L Lind} Yu (2004)4 =oF wfESolth
aAjel FAdo] oA A e AL W@ u(n)l I3 FFFAR FSsgct 29, 1
4347 A2 FAo] ALY EFT FAFLET F Ao7}t & 447 FF 2AYYL. S,
o] B¢ W% v(n)F g(n)ol Y3 Aol AAE FEE HARA geth $AE P FSFH A, A9
BEE g o] o Aol viE = e M r(n)o] B_3i
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O 4.4. SVM S50l AISE Gat

Hol 4.4

r(n) = Ir(zo(n)) — r(Tmea())|

O7IM 120 () T 7(Tmea(n))S 22 2o(R) 2 Trmea(n)2l 9B LEIACE W2 r(n)2 u(n)2l £2AHHS
2 AMzEst £ oIr),

9L AolA a3 4748l WA 749 kel SPUE Om) el SVM dB8a 327
£ Sg7] 918 dPUE A Ag U

O(n) = (u(n),v(n),q(n),r(n)).

4.2, SVM QE A HET| S

SVM QEA AS7E 5477 930 64 x 64 Couple GA4Fl 20%9] salt-and -pepper F2E 57}
st} A2 19 449 g 4L Fed PR AR

GAolA Qe Fdo) F2FAAA SVMe ojd) 2R AsiME 9 ezt 2% A
RHE 2&dopsict. g4 Z B4 sl 9 O(n) = (u(n),v(n),q(n),r(n))& F33L o1&
SVMe] Qe gA] AR 283 994 S Blag §3td Fediel wet 03
12 253 g 7S (supervised) Wi oz SgA17 I8 84 (discrimination function) & @ojicth.
Z A (3.1)0] FolA A Be 2guo] YojRr} o)F T3 e Aol EY PP W
Frg FLe A JR1E A% ‘

o

4.3. Ji#iEl Adaptive Median ZE]

4 oA SVM YEX FE70] 98 FLHAARE Yeple oA E¥)2 Y binary flag im-
age)°] @At} o)A S FANAM FSHAA AL =9 GHE F FELo] obd FA (noise-free
pixe) 8 349 HAvE IR 2 Adaptive Median BEE H-&-3lo] 73 Q529 H9%E A
oz yARth o714 SVMe o8 #39 S0 do] Adaptive Median B2 27 tiAE =4
Wt 28 A $EE AL okd FAR 75 o)A EH2 e #RUT. 38 o)A

I GAolA AP tid] 3 x 3 A= F9 F4 F Lol okd 24 et 4=F 2719 A
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(a) Lena 94 (b) Bridge 34
DB 5.1, A AIBN AIRE & WAS

75
3 Y

-+

JY 5.2. salt-and-pepper BSYAUA T(2=)0]. L2 PSNR (y5)2l o

ol Y& AF SYHE FoIL 2FA g B¢ =T T7IE 3 x 3904 5 x 52 ST F thA]
A B4 F FAEo] ohd FA AFE A vl o)3A Ax$ 2718 HWHAIEN 78 $EBE
Ymea(n)ol2} 313 ©]A Adaptive Median S| Yol 2§ F33hg ' (n)olet & o} FEHA +3L 9
& JF~ FElE ol F Aol th3h Erf st A thea o) AT}

_ yxl'ned(n): lyl (n) - y;ned (n)‘ 2 T;
y{n) - {y/(‘n)’ else, . ‘ (41)

714 A TS AAT ¥l B2 FEAA Eele] $88 220t

5. TSHH dsddn =oArE

Add e F2AA 45B7E A AR €A A7 1A dEEFd A vl

2 ZofA
=2 T}, Bl EhACRE 71E A Median ¥¥, CWM &, SWM-I 3 SWM-II ¥&, SD-

Lkl

o rlr
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24

338

838

334 A — - - - — g

332

33 ¥ Y ¥ K ¥ T 1

T3 5.3. random-valued Y SUAMNHM T(=H)0 TE PSNR(E)2 2

ROM €€, Adaptive Median B&] 283 SVM2 AM3 ATM €E Folth 4% JAcrs 19
5.10] 9+ 512 x 512 Lena A} 256 x 256 Bridge 42 ARSI e w 20%, 30%, 50% salt-and-
pepper YFA ZS7} random-valued YBA FHS-S @ sto] AJsHgt /o RE ¥S 535
A3 = 7} 2] PSNR{Peak-Signal- to—Nmse—Ratlo).x—} MAE(Mean Absolute Error)& 53 A
ARl H=& 7FA 1 Bla skt

ARME WA Ad¥s-2E RBF 48 AME3leny 4] (41)dA AAZ T A9 PSNRoJ
A7 =& AAsHTE 28 528 5.3 47 20% salt-and-pepper Lena #2343 random-
valued Lena -2 9404 T2 gholl W& PSNReo} o3l zejz o)t}

YA T+ A8 7HA 34€ 7ML A8E 8 27 440 wel 24 Aol7t A g&& ¢+ U
o wEhA] 82 FEe] S50l el £, salt-and-pepper A& 93 A9 T = 35 AMg-E A3t
random-valued & F4oA T = 15 AR A}

5.1. Hd=0oi Ul

2% 549 555 29 5.1(a)9] Lena dAt# 5.1(b)94 Bridge %4+l Z+z} 50% salt-and-pepper 3
23} 30% random-valued FS-E Z7bohe] AL FS AAbo] T} oia] 714 DHE AL o] AL 2
7} GAEelth. 19 5.49 salt-and-pepper % %V;J-Oﬂ/ﬂ B Aote e 2} Adaptive Median &
g7l e gEsE) g0 @ AAHNT CWM B8, SWM-ITZE, SD-ROM Z¥ 281 ATM
gE Fol ol E B Fgo) goldeg ¢ & vk 283 A 9E 93} Adaptive Median ¥
9] Aol A% H7lol+= Adaptive Median %1’47} AkE Feiio) $& AAE Holu xS A
B Adaptive Median e+ A2k 22 AE A BB E2)¥ (blurring) o] A% = vldHo #)
HE AL G d Holvl e & 4 Yk 19 5. 594 random valued & GAkd| thst 2
75 249 E Y Adaptive Median ZEE A3 08 FBeEL vwd L2 Z AATL ¢ 5 A
t}. Adaptive Median ¥El2] F338 Z5A 3k 03} 255(80E 3| A d4o A9 S ZH- salt-and-
pepper A A 2HE Fol AAE Hejo)7) WlFoltt. EE AUH whEL ﬂ-— e SR TS
AA L ARAEJA RE HoA 49485 /1A 2498 ¢ 5 Ao
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(a) Median {(b) CWM (c) SWM-1

(d) SWM-II (e) SD-ROM - . (f) Adaptive Median

(g) ATM {h) Proposed

332 5.4. 50% salt-and-pepper Lena THS A0 Cis) 03] 71Xl LEiE =8 23 Qat

A& AA Qe o BEAE vlwsy] A3 B4R Py ol BFH Yoz AsE 3NE S+ U
E HEEo| Jivk. WA 949 B4 A2E Yehie 434 42 PSNRo] Uk

255 255
PSNR = 10 Iogm m = 20logy, —IVI_SE ,
o} 7]} MSE{Mean Squared Error)¥& T3 Zo] FHch.
M-1N-1

v o > {169 - 16,9}

i=0 j=0
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(a) Median (b) CWM (c) SWM-I

(d) SWM-II (e) SD-ROM

{(f) Adaptive Median

(g) ATM (h) Proposed
1Y 5.5. 30% random-valued Bridge TH& Fa0l Ch8) 0f2y JHA HEIE MEst 2 He

01?]/4 I= 4 ”"J"%, e 98399 948 Jehdnh. o] gEE vaste] BY 94 Bd¥] &

B
1l

+& QeI HRE o oA} 2L AT

& AR Eo] g} HEF A""‘V}% de
= A% MAE7} itk
1 M1 N~—1
MAE = — >~ Y |1G.d) - 16.9)]
i=0 5=0
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¥ 5.1. 30% salt-and-pepper ZHSHANIA 0 J1X BE{ZIQ AsH|R

B Lena. Bridge
H PSNR MAE PSNR MAE
Median 28.83 3.89 : 25.12 8.55
CWM 28.49 3.56 25.53 744
SWM-I 32.54 . 1.62 27.54 3.87
SWM-11 29.08 2.08 26.98 4.00
SD-ROM 31.16 1.58 27.60 3.73
Adaptive Median 32.44 1.96 27.59 4.83
ATM 33.46 1.26 28.90 3.17
Proposed 33.80 1.25 29.96 2.86

I 5.2. 30% random-valued ZVSQAMIA 0§2] JHK BE|ZHY dsBla

Lena Bridge
2 PSNR MAE PSNR MAE
Median 29.03 - 416 - 25.08 9.16
CWM 30.01 3.58 26.10 7.72
SWM-1 29.92 2.58 24.99 9.19
SWM-11 29.51 2.82 ’ 26.68 4.68
SD-ROM 30.88 2.06 27.08 4.43
Adaptive Median 30.95 3.38 23.11 7.31
ATM L 30.96 o228 27.76 3.97
Proposed 31.50 2.09 27.78 4.11

E 513 5.2+ 27 30% salt-and-pepper B9 47 30% random-valued F-S G4 o8] 714 2

B 7k Asn2E RoZErh § 2R AdE e ATM FE 8 87 g4 SARe] £58
A%5e 23 g€ & 5 Ut Adaptive Median BB+ salt-and-pepper 35 %o 4= Median 4
Bi} CWM "ElXr} £} random-valued Bridge &34 AE o] BHE Hr} PSNRWHA]

o] BojEg &+ gk .

£ 5.37} 5.4% Z+Z} 50% salt-and-pepper F-2 943 50% random-valued Zhg @*J'C‘}]H 01 # 712 &

H 7k AsnaE R A w2 50% $& ASvedNE AEE & A
Ao ATM FEj= Lena GA oA 0}-,— 2 PSNR, £X& BoF1 Q1T Adaptive Medlan %E] =

random-valued S GA A 713 -,—x]—g— B33 9ot

Avd oz Ackd ¥ UE FHEME AL 7 22 ol BARlel 723 w2

e ¢+ Uk

o
ox
off
flo
1o
8

A4 oA e AL BE 94 5L WIS 94 B2 FATS v
AR GA A AA FA o] A ookttt

2 =2dAs SVMI A9 Adaptive Median ZE|& A3t FLAET 2R o] o) FolATh
A, del9 o OI e Aelx] ojRg whgsly] 98 Jyente FSHdd g EAE ¢4
+ HLER 149 SAHEE ARt 45 EeR SEAA SVM 48 AE7)d dEE e &
Wi g oAk AGE SVM 982 BE7]E Lind Yu (2004)°14 =99 3719 B 9o g
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F 5.3. 50% salt-and-pepper TSP AUA 0i2] 71X EZI] AUl

o Lena ‘ Bridge
2 PSNR MAE B PSNR MAE
Median 23.33 6.90 Co22.11 13.79
CWM 20.86 - 9.03 22.07 12.79
SWM-I 24.33 4.35 22.83 9.49
SWM-IL 20.69 7.81 21.77 10.78
SD-ROM 23.40 4.84 22.83 9.13
Adaptive Median ¢ 29.00 . 313 24.64 7.04
ATM 20.43 6.89 22.73 8.94
Proposed 29.97 2.82 24.74 - 7.30

H 5.4. 50% random-valued THSHAOIA 012 JHX E|ZH9] Hsb|n

2¢ Lena ] Bridge
= PSNR MAE PSNR MAE
Median 24.65 7.72 21.60 12.04
CWM 24.41 7.69 19.67 13.61
SWM-1 24.95 6.05 22.54 i 8.14
SWM-II 23.65 7.50 19.57 11.37
SD-ROM 25.16 5.45 21.12 8.89
Adaptive Median 18.96 12.90 18.02 16.50
ATM 23.88 6.50 19.41 10.52
Proposed 27.42 4.61 23.82 8.86

I A, A8 BEE do) o ALE 1T WS IS ksl SAHEHE e V)
£2] SVM 9¥E 2 ZE719} v FZE 93 28 4.49) salt-and-pepper F&0] Q1= Couple &%)
sl 48e A3} 7129 SVM g8 FE01E 97.5%2 2E-8-S vehd dide) AlgkE SVM gg8a
A&7 985% & AEES Ry 1831 A& 2P tis) 749 Adaptive Median 2
HE Aoz £ Median YE]9} Adaptive Median e[S AML3le] 248 21 B Y4 &
&% S/

A2 %“ﬁﬁl A5& B A8 F A g8 F2Eg iE] 71y FeAA AED ZAR
A HlA 9o MAE, PSNR¥} 22 {5 & 0|43l AFAQ WA E £8Pk F4ZA HaE 5
sto] AE Y2 e FHERET FEAA @ ARFQ BEA Holge & 5 YT FFA
vz A s A e 08 ZElEXY A48 $59 49 o BAQle] e 2 Ase B
F3 .
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Abstract

Images are often corrupted by impulse noise due to a noise sensor or channel transmission errors. The
filter based on SVM({Support Vector Machine} and the improved adaptive median filtering is proposed
to preserve image details while suppressing impulse noise for image restoration. Our approach uses an
SVM impulse detector to judge whether the input pixel is noise. If a pixel is detected as a noisy pixel,
the improved adaptive median filter is used to replace it. To demonstrate the performance of the proposed
filter, extensive simulation experiments have been conducted under both sali—and—pepper and random-valued
impulse noise models to compare cur method with many other well known filters in the qualitative measure
and quantitative measures such as PSNR and MAE. Experimental results indicate that the proposed filter
performs significantly better than many other existing filters.
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