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Improvement of Sparse Representation based Classifier using Fisher
Discrimination Dictionary Learning for Malignant Mass Detection

FHit
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ABSTRACT

Mammography, the process of using X-ray to examine the woman breast, is the one of the effective
tools for detecting breast cancer at an early state. In screening mammogram, Computer—Aided
Detection(CAD) system helps radiologist to diagnose cases by detecting malignant masses. A mass is
an important lesion in the breast that can indicate a cancer. Due to various shapes and unclear boundaries
of the masses, detecting breast masses is considered a challenging task. To this end, CAD system detects
a lot of regions of interest including normal tissues. Thus it is important to develop the well-organized
classifier. In this paper, we propose an enhanced sparse representation (SR) based classifier using Fisher
discrimination dictionary learning. Experimental results show that the proposed method outperforms the
existing support vector machine (SVM) classifier.

Key words: Computer-Aided detection(ZFE] X|9171%), Breast masses(+ &), Sparse representation
(Sparse % @), Dictionary learning(A}d8H<5)

¥ WA A 2 (Corresponding Author) @ =89F 4 A "239, d=ney|ed Ay 2 ARty
BN FATF FAS e E 291 =2 9Elr|ed IT €8 (E-mail : stkim4978@Xkaist.ac.kr)

AE 418%.(305-701), M3} : 042) 350-8094, FAX : 042) " 259, =R red Wy 2 ARFE
350-7619, E-mail : ymro@ee.kaist.ac.kr (E-mail : faintblue@Xkaist.ac.kr)

A4 120139 19 209, £AY : 20139 29 18Y 289 SERsr)ed Ay 2 AxEE
48 20133 29 25¢ (E-mail : hsmin@Xkaist.ac.kr)

T EAE Y, AFHET e A7) 2 WA



o} [7]e

i

°
i

=

] 3]

o

R

}\‘] o R7E‘"—r/‘0ut]o ~—L]£|—|‘ I'

M

Yal’lg\_s LA L o d A A A
T =

=
oTT

A=)

-

2o =
< o]83] Fo97 ALA 9 sparsity 2}

AZF At o]
5}

_]

%
Qi

Ao -
== 0|88l JHMEl Sparse

st
CAD A

k=1
=

q

x
(b

RE=ERY

.M
o]t} X-rayE °]

L
T B ' ORT 11
ﬁa 29 % i R W m_m ild X T T o 1 ]
BOE o nT R TR e o ®N e G 1
< @ o) 2ok X0 ™ o 0f0 ok Jox = T W R
ﬁﬁ_iéé w Ao F — = LT o oo T W I
p BT eI g By T Es < BRI RoRY o
x BRETRTE o R b W%%MHﬂ.m&%E_a 4w
- I iy G- U - G el <o Mo
S badeon® Trawidy ow R I 2
_— ) ! = il —_ —~
B T mElTR W @ BT " o U A o E OF
o g X EE T h X TH I mo e
Jo %@\%@;@4 ﬂﬂ@ﬂ@ﬂuﬂ M@...%Wwﬂﬂwoﬂi - B
~ 9 .0 — o . =
IR TEETEE S 3 e A
9 W%%RWﬂ%m T Aok Ay ~ 25x 3 B E LY G
NS SAoevﬂiﬁmLmaAmﬂWJ CiR71ﬂvﬂouoduavg - 5 o X
o WoE oy T gy © o0 W o o _ R NSRS T 0 K o e
it H P o iy M#.H ) Am o i m ~o iy xr o ml o WM —~ w o o m_#.u o ol % ) oy
R A T O ®o W g mHEL® ) TR
ﬁurgzolfﬂ%ﬁ%ﬂﬂﬂ%ﬂlﬂo N = ﬂlmwﬁﬁmﬂé%m s
Wﬂﬂﬂnoae?maur%wﬁ_%ﬁamamﬂu o ocﬂ%wﬁ/wnmeEmLT o oo
~ P o do Bo X ﬂ%dﬂ@r._ —_ UJD — S‘Nl;oﬁ.ﬂﬂlﬂl H_|._1,_A| w
No =m ﬂﬁemmhwgy%wlﬂzqar =5 %%M_a,ﬂ%Lﬂ Mo N = R
pIm e R R R AT R A A = 2w
T ME ) T W EK . Mo = B oo w0 w e o
o IEPEw  EELY 5 T
Boor or ok o S = JMIﬂu
T AR Uiy < Mo o T W T ” Ql T =
o = T oMo oo W RS
° M X gy F ok go oF 9 Pow R g
%o T o wjr of of ) N ‘Mo P o] R T o~ T i I~ —
T ow PR N oo o AR D I I B N R ol s
y‘nmo ~ ™ o oF ® ,‘IDIA ‘zﬂ.ﬂl Ko T K BT R ~ = ___Aﬁe e e 3w \Dl %0 Bl E_—uu o R [y,_.~o_.ﬁ z;/o \_.mu M W_W
S T 0% No o X N I ) b o~ = ! T
T m«mmﬂ.&rﬁ]lmﬂ%drmﬁ%ﬂ oﬂeﬁuﬂwﬁ_gw._ﬂﬂ%o H.&mm«fr#ﬁ%oﬂ
< uﬁVon.wn,AuMuHoHo:ﬁinatﬂlﬂu Mo%%quu.ui.ﬁ_.ﬂ%? CI7HLwATWo_eﬂq
T T R PR R i T o_aﬂoﬁaﬂr% B o N 7 o P 2 o) £
) syl gewa* ﬂéeﬂﬁﬂﬁ@ﬁ% Traas ive sk
P M ST S D “ILTEilzgE aseagiic
. —_— 0 = o — e} [~ 0
maamom%uf].M%%ﬂ@mo_m %%?o%ﬂﬂ%mﬁ_@ T o o ARt
aquoLAyA]ﬂmxa N @du;_e}#%%%% A A L o
mMﬁmEMT%mrﬂurzA_z@ﬂﬂi% A_mﬂﬂu:w%?ﬂovﬁﬂmmmeﬂﬂﬁwo_mo@
—_— ~ Joe ~ 7 i m— —_ X ) ~ — ~
ﬁ%m%ﬁ_‘a%ﬂm_ﬂ%%%%ﬂ?vﬁA% AE._%omoutuwe_eﬂlyﬂweﬁﬁﬂﬂﬂnﬁlﬂﬁo.ﬁT,mmﬂoxkl
@%%@W%Vﬂ}w@.ﬁﬁ%a mﬂg%ﬂ%ﬂﬂﬂﬂ@%%%%ﬁ%%ﬂﬂ
W s ;D HAr.,o._ﬂAﬁdqu;b C&omﬂ]ﬂﬁéowu ﬂh?aforﬂﬁ‘_toﬁ&_.ﬂﬂo
L g R R T o 2w, AL W g e a
iiw%@%ﬁo%fd,53%@:&? R S ﬂ%o_aﬂ&xﬂ%%
M%%ﬂzﬂﬁawﬁw@gbéo_aﬁo O#Mwwﬂz%qﬂi%we_]mwuoofww@r#%%
= 5 7 = x % G I . A Fo < 7 <
%;qOMMMMSW%ED@w%q%a%gyW@aAﬂmﬁ@wg@u%wm
Hzqmqgﬁmcmmamﬂ¢¢w@awW%ge@@@%ozl
# @migﬂﬁy1Mﬂaa§_iﬁﬂ%m@ww
7= T W UE ﬂﬂ.i Aotodl
2o A



]

o

R 7| HE ‘E‘TET?l
AtE

9[5

(2013.5)

=1

x| 162 A5

=

.
ElojCiofsts] =

=

=L
Bl I.:_l?il
|=1E7|9.| 'J‘P:Jg-“:
gt 25
SR 7| &t

560

o
B
o_w;abtda_ow ¢
R LS ™ o o)) N ol
T &_-,Dl ~ ET,.mrmm__mﬂ/rA i Al
R ﬂﬂgA,_t_d 2}
%mvmﬁwu%o_eev E_Ea}%ﬁrﬂm =
qﬂldr.(m@oawn_rmﬁut AHT_MEIH._.;O -
.‘.kﬁmﬂﬂuﬂl Y z,_i ﬂL_zT1ﬂ_,o|ﬂﬁumo il
P;Jﬁﬂourmqo{ ﬁﬂﬂ!eﬁﬂ ”Nr}w_lﬂ_ﬂoﬁ e
o - miﬁfaﬂwD%mAnﬁom T
:%%M Aqolﬂ% AR
- p N S Mo XA &7
SCIR T oar v T X iz
M?ﬂgiﬁao%mm T _y@wﬂﬂwaﬁ% e
it 2733 S iTES ST
o = zﬂﬁmoei:;%%.o_a% x].paR B
_,_I._,M._‘ HTﬂﬁﬂA_lﬂom ._NMOM_]LI QVV+ ﬂm_wwiﬁ[u_i_;s H)
Eﬂ BTﬂo‘.rLEﬁDgﬂmaWMﬂnpﬂm_u.fDR,Ro:i)lﬂL 2
ﬁﬁ oy s . AT+aw%wmﬂdoASJ_.&wﬁ_mu_]
™ - ] 0 v
FTEEL pETEiT iﬂi{i
ol . ) == 0 <
s T %ﬂq%ﬂ W%a:mﬁm%a mﬂ%wZHoAm_memq
= Eﬂiédv&ﬂ#ﬂ ﬂw%léml#
i 2 ﬁA%_FTﬂL .quime% R A
= o] < CUB-= XO 7 =
P o @tw.alamﬂfjs 7 2
< ,NOL, Wﬂiﬁdﬂ X OC zTEIﬂmO .
111 E:u . H_._ ! oTu = ll ;oT a0 B = _L \Dl
B ow o Al Fwm s
[ e o A
I im_qulET .ﬂu;bR%&o ev_m._.moaﬂ?x
b 2 223w aﬁq%wsﬂ; w woF L
5 R zmm%mwn%@@f}fiqitfmE
= o X o Ul r = ro ;Eﬂoﬁ mHL.L Mo o o T g
2 ik .zﬂ%mlmﬂz%%ika y RO e
= S 0 _L B — 7o " ~ H KO o E—H ) ar X :
ﬂ%%ﬂémﬂ T2 __oﬂAEvLW%mo%ﬂp
qLoaquwmcmwwﬂMWnﬁftew‘wrcﬂﬁHTHﬁ_D/uﬁuﬂdﬂw_ﬁE +M7K
i ﬂzﬁ%mwmmwfﬂﬂﬂmﬁwaamﬂa%ﬁhsﬁ%m_.ﬂ. ;
T = 7 —_ 1y — = o
L ﬁmiiowfimfi?wo%+a1
Lo tm%%_mﬂ fo = é.émﬁﬁ n
= ) m_l ) P ™ A ey 9 do B Njo i _}
%%WWW%%MA”%#%ﬁ%ﬂ%@%ﬂlﬁ _A
ﬂ%o_aﬂoﬂﬂﬂmwmi%zrﬂuﬂﬁ .mwﬁﬂ
Mo ! }o%%mﬂ%%u4moglgﬂog.ﬂmr% 2T =
- %mﬂwo%%iﬂﬂzﬂmﬁﬂif%oﬁi%é@ﬁL,A
8 1%;U1 »&oooEﬁgi%mo%ﬂiegm
= 7%@ Wﬂ)cl%aﬂ%uo%mraﬁ%%va]@r
/= o,m,ﬂ _i( ™ X Bo S
‘F.» N N3 0 Njo )
S%d.msﬂmuuluzoia d_.g_.ﬂﬂmi v
@ﬂ}a(w%ﬂﬂgﬂ%é%ﬂ
N _gyo_#oilmzﬁfev“ﬂag
A o o %o<%%o
aﬁﬂ‘ﬂwloﬂeq
REREE
\___/

]

1714 A+9]. A =



oM 2

71N 5 WHS Adsioh
22 SR 7|8t 2RE st TM 2 AIMEEE

A £ AL S5 9de EAGR i E
Z FAE A AV FARE W, A (D] BEHES
E U3 sparse X =X X T|eRNF A F
A g5 ¥ AP (D=D*D7]eRN) S A= RS
HEXE 3tk 7] DT} D& 42 A F3 o
A vH-Fy F9S 23] A ALY FEH
e X*TeF XT 7-}7-} AR ACA b T FY9o
ZRH A" FEIT AP AT H-F g9o

ZEH A" FEIT ATE ANEA g5E AR
DE o]&3 R 53} sparse 3 Dolt}.

Jpp x) = argmin r(A,D,X)

X DX{ A +/\2f(X)} “

gSoz2e A (49 3714 o] ofwu]e] Fa)| U

ek WA r(ADX)E W3ty 918 v ol
Folgtt Xf S AYY DYl thI BEwE, XIS
ATl Dol gk RoHE] XTE AT DTl gt
REEHE, X"2 A9 Dol g RavEIgr 3
o X+*=[XFXT], X =X X7} At
&3l r(AD.X)E Had o] AoF
r(A*,D,X*)= |A*=DX* ||}
+ |AT=D*XJ |2+ [DX* |2

o) of

5)

r(A=,D,X7)= lA—=DX " IIZ
+ ||A™—D" X‘H + | D*X

(6)

s

7&?‘% T %‘E} S}Zl‘ﬂ Olﬂitﬂ s T
& AL ot ol &

Eo] R*™+R™ = g 29 (a)
o & A5, RTG RT EF = &

71992 &A Ha ly-A*DY = lly-AD" | 7} §
o] SR 7|¥F &7 Al olE&-S of7|sHA |t webA
ATE AL Dol &) & Bd" W o}, ALY

=

561

JO2MY (@) DO 2fs AT ZE
b) »(A,D.X)E &&5| 2 & f (&
I

9

’—‘1 G A HA
<= ZHA g AR
Atk =, r(AD X)~ A2 AR
vt & Yepl == gk
FAZE ATk
gl IX I, = sparse P H ]
sparse™ B 9] sparsity 2} @& o] it} o]
3tO 2 M sparsity = 57} /\] Z 4 Qo
vt 2 f(X) e HM &
X9 S #4k ZLEH
Aot fX)E AA ah=

M2
d

o &
2
=
£
2‘;

N

9 o ot
Ft:l

2oX

=& 2ulidl
I @ ow N AE 919 374 o) gE e
s Bl Tk AAZ 4 (o] %
EApde ® 10 AeE enes
siek. o127 4 @)e] Al 7 el

2ol ol§E 7
2771 950l 3
o 5

=) -

R

w



562 ZE|D|C|0fEtE] ==X M16H HM55(2013.5)

I 1. Mekst

rr

AR

I}
>

Sanc
94 24 A

[1] Atd D %713}
A DE A9 I, —norm 7E} AlZ FROZ 27]

il

13
of

™
oy

3} ot
[2] Sparse W E X734l

J.w =argmin, 4 |r(AT,D,XT)

(X [0: Q) ot

* * {+)\1 X1, +AfX*)
J._ =argmin,. _ |r(A7,D,X7)

(X7 (X7 ol

. . {+/\1 X~ Hl+)\2f(X_)}

A DE 1184170 H, 91¢F 2] sparse F35.4]
B X*, XT& 3

[3] A+ D 7341
ofgf o} & HAIFE BHA7)= AP DT}

DT[15]e] ®WHE ol&3iA T3t

. —r — || 2
Jp+ =argming [ [A=D*X*-D )2( I
+AT=D*X |
+ DX
— ; -x - +x + || 2
Jpo =argming [ [A-=D"X"—-D 52( I
+|AT=D7XZ|;
FIDXE |2
[4] =4
vjg] g3 vbE SIaE BT kA 34 29
3% wEE H, X9 DE FHd0

AQESRE Wl $44E SRS ) Al

it
Mok A Fo A2 Hlada F7tE 7]1E CAD
gl

N2l A ER2 Bol ALEH 6] & RBF-SVM
[161¢ o] 43 ®RAzksh Mwatlc. 31 o AE
APBAS 253, 328004 ABHE BA
o,

WA, AGlA g vhe

pul

HAWTEK 2=7H=Z &

o2
[«0
ol
o &

ﬁr’

o

B ool o of oo

e =2 & e 18 ¥

F 2go F9E XTI 1347 34E&
134789 GdelM AR T &
B4 T3l F 1473709 F3 FH G Yo
ok oolF, AAl o8 FH F e 13470, Bl-
& 1339707} Atk AbA Dol A F
FEAZ DY} vl-F Jdd AP
D~9 gHH JFE 2A &7]e
133970 ¢} ¥l-F3 FelM 134715 ez A
obd TS 134719t A T FRAFGS
AHEE T B/ 717 5 del e aE
3}7] Y38l 10-fold cross validation [17]

of M &g

)
ol
-

Mr ool 12 3@ M

=
o fr
f
é’.l_'a

-z

’

)

2
ok

[0 ¢ n%
B g
Of
fr
T fromx S

o
of
12
o
il
-z
o
>
R
1L
oX,
o\
H

M
E

o mo & B oy o Jm ok

4o o H o
= o ot

:(g‘
o8
v
Jm
o,
1=
2
=
>
o
o, 10

o FU[FU O_>f1.4
3 o
s s A
0 —1}]1
e
:oé
N
o N
& 2
o
¥ o
Bursy
o
Rl
M
i3
>
2}
Ny ol

i~

o 1 o %
>
)
ot
oy
2
>
b
)
1)
i
=)
=
E
BN
LN A

2

Sh=N Foll A 2] (1)l A e] A4
o Mg (k)= SFFde] MFEA 242
) %

-

g M

ot O ox o o
Moo
Og(:[‘l[‘
1o
=
>
=~

g g
M o
A\
o
i
o

oo oX S ) R B b fo HooX N
i~
o
to
z
ki)
i
Ack

> 1S
>
%2
kv

[o re tlo ™
n (|
Lo
o,
ofr
o
AN

=Y

2 o
ol
N
o]
ol
ol
2
12
)
I
)
of

s 8

T

)

M E T N

f

L s g é’i

28

) e
i)
M
Hu
=2
oX,
of
r%
R
L ﬂqo
r'O

b
il
>
oo
¥
O
_UZ
i
o\
)
ot
e
o2
12
of

2,
ox
o\

o, Mot i
N
Z,
Z
tlo
ofN
o
o
T
o2

o 12

ol
=
o[‘vN
o
o2
12
o
i

oo oA

o 7
off
z ML
=
ofN =2
oo

of
o2 r_gil‘
18 ©
L%
N
)
k]
QL
)
=
o]
~
Q
&
o
av

o
i
ac)
=
o2
-l {
H
r
o~
£
£
oo
i)
m
S
2
Lo
i
£

ENHH 8 o 24 A Ay
LBP [11] ko] olF pixelEZFE LBP histogram A4t 354 1.5 1.25
AEIAE [12] | s D) ¥rEs AeANE Y 5AH 58S ol &3] =4 7 2 0.25




0.299
0.186
0.216
0.141

FP rate

0.851
0.828
0.857
0.858

TP rate

0.776
0.821
0.820
0.859

AFA(D)
sk A AL (A)

&
T

k% A A(A)

SR 719k 7719 AHSE AR
1

LBP
A E)

0.8

086
False Positive Rate

0.4

0.2

08

0.6

(a)

a2l 3. SVM 9| &5/ Z2ofel ROC H[1. (a) LBP

04
False Positive Rate

0.2

_ - — -~
RO R oT B oo M% 9 7 o T o
wrl%ﬂoevFMSmu s o WMo B = |
R S T TR - B Moz
~ TR o R A o [y %0 1 TN Mo o
A T o o T oo T o N gy T
N T OO i T Ep el
I I A SN R A
%imoﬁ.&d&ﬁ%b_o TanMaE 3
XTI TN m W ool o
R m.%ia}d;ch,ml}L = ONe M B o ;
olJ m do T ~ v o w8 . o
Eclx%io_eﬂgﬁy = I T -
3 O‘WJI_HLWJI_]D_.MoT Aﬂxo.ﬁoTATaiq (o
dﬂo_aooul_ﬂ__.mV7 o Br o 2 8m
Pole< I 6T wW g w W 155
RhZneZEd o SR oE L B
EEW\UIA#HROT R w:O ET_\UI O_Eﬁ __oTﬂAA.uH WHT C o
EEGmw T H T Il I ’
| o) 5 < B Mo m W £
FﬂcT JI:TMﬂEOM N7 fist —
TEEs sy W oaBgekdT
%Neﬁdﬁﬂlﬂ/rwumﬂafo_ew wouw__?oaaf%% L
Hoﬂﬂﬂlﬂﬂ”%imwﬂ_moe ! ovm_xorﬂoﬂaﬂhﬂ‘_ 23538 3832
B W HEETNDW S ® oo T T s sniod sl
©x 3 = RPPp~<xsDTEFNEE M _ @
s a T oo X mos  of oo -
RS LR R R
TezflTiEiiEey
IR W R B W
MW\WEWU,_OEPWI‘&M%‘U!iLM._OﬂﬁW
—_— ~ ~ —_—
P Eh e d ST g
S I Bl R
. N B R SR - S
- & =z T An <o Aﬂ;l..r_.mB]
2z =z |2 et BT W BN E
Z |4+ |+ oo SR g ogo X e
el ol e is o wjr A Az oF M & o < o
=z |4 .h NTN ol ﬂq.o@uPL T o ;L.Oﬁ]o_lF wjr N
Y N o ~ 1r1_0:=
s s I %%ﬂ%i%%@rﬁﬂhd‘.u%
= = o £ A R B I S
SS W g Ed D ey BT
= = m T EE R g TN
@%Jao_aq%ﬂoiﬂ%ﬁ%zﬂ o e e % o
—_ ..:\_ﬂMqL ‘,wﬂmo Oiaﬂmo o o o o o o o
M/____ % do Tr op BE RO @M = N Sl s L
o o AR BT QTR



564 ZE|D|C|0fEtE] ==X M16H HM55(2013.5)

Bt Al WS o g8 obd T B 4
A& WA 23, 7129 CAD A2=HolN F2 A}
8Hole SVM 27715 58 49 Avnt o ¥
& BF AFS RS FAT 5 Aok FFolE
A7 CAD Alz=dle] Abg Al AAZEoR 9€ 5 9]
A4 GHES ol s RV 4% 9%
P4 A F e el Bl A7 Best Aok
028

[1] K. Bovis, S. Singh, J. Fieldsend, and C. Pinder,
“Identification of Masses in Digital Mammo-
grams with MLP and RBF Nets,” Proc. of the
I6-INNS -ENNS Intl] Joint Cont on Neural
Networks, Vol. 1, pp. 342-347, 2000.

[ 2] Daniel B. Kopans, “The Positive Predictive
Value of Mammography,” American Journal
of Roentgenology Vol. 158, No. 3, pp. 521-526,
1992.

[31 J. Wright, A.Y. Yang, A. Ganesh, S.S. Sastry,
and Y. Ma, “Robust Face Recognition via
Sparse Representation,” /EEE Transaction on
Pattern Recognition and Machine
Intelligence, Vol. 31, No. 2, pp. 210-227, 2009.

[4] 2E Y, 998, =81 “Sparse xHS o] &3
XA & 94 M4 shEE v Yolsrs] =
A, A157, #1035, pp. 1205-1211, 2012.

[5] K. Huang, and S. Aviyente, “Sparse Repre—

oy U

sentation for Signal Classification,” Advances
in Neural Information Processing Systems,
pp. 609-616, 2007.

[6] B.A. Olshausen and D.J. Field, “Sparse Coding
with an Overcomplete Basis Set: A Strategy
Employed by V1?,” Vision Research, Vol .37,
No. 23, pp. 3311-3325, 1997.

[7] M. Yang, L. Zhang, X. Feng, and D. Zhang,
“Fisher Discrimination Dictionary Learning
for Sparse Representation,” Intl! Conf on
Computer Vision, pp. 543-550, 2011.

[ 8] M. Heath, K. Bowyer, D. Kopans, R. Moore,
and P.J. kegelmeyer, “The Digital Database

for Screening Mammography,” Proc. of 5"

Intl Conf on Digital Mammography, pp.
212-218, 2000.

[9] D.H. Kim, ]J.Y. Choi, S.H. Choi, and Y.M. Ro,
“Mammographic Enhancement with
Combining Local Statistical Measures and
Sliding Band Filter for Improved Mass
Segmentation in Mammograms,” Proc. of the
SPIE Medical Imaging, Vol. 8315, pp.
83151Z-83151Z-6, 2012.

[10] B.W. Hong, and J.M. Bready, “A Topographic
Representation for Mammogram Segmenta-—
tion,” LNCS, Vol. 2879, pp. 730-737, 2003.

[11] o=@, AN, A4 Y, =& “CADE &&
3§ =9 AZ A false positive HAE 9
g SRR gl B AT, S=EE Y
o)gs] FAStEUs =7, A14d, A2F,
pp. 207-210, 2011.

[12] J.Y. Choi, D.H. Kim, and Y.M. Ro, “Combining
Multiresolution Local Binary Pattern Texture
Analysis and Variable Selection Strategy
Applied to Computer-Aided Detection of
Breast Masses on Mammograms,”
IEEE-EMBS Intl Cont on Biomedical and
Health Informatics, pp. 496-498, 2012.

[13] H.D. Cheng, X.J. Shi, R. Min, L.M. Hu, X.P.
Cai and H.N. Du, “Approaches for Automat-
ed Detection and Classification of Masses in
Mammograms,” Pattern Recognition, Vol. 39,
No. 4, pp. 646-668, 2006.

[14] R.O. Duda, P.E. Hart, and D.G. Stork, Pattern
Classification, John Wiley, New York, 2000.

[15] M. Yang and L. Zhang, “Gabor Feature based
Sparse Representation for Face Recognition
with Gabor Occlusion Dictionary,” LNCS, Vol.
6316, pp. 448-461, 2010.

[16] T. Joachims, “Text Categorization with Support
Vector Machines: Learning with Many
Relevant Features,” LNCS, Vol. 1398, pp.
137-142, 1998.

[17] R. Kohavi, “A Study of Cross—Validation and
Bootstrap for Accuracy Estimation and Model
Selection,” [Int1 Joint Conf on Artificial
Intelligence, pp. 1137-1143, 1995.



oM B¢ AMNEHEE 0|86 JHME Sparse EH V| oY 1 HE 565

[18] C.W. Hsu, C.C. Chang, and C.J. Lin, 4
Practical Guide to Support Vector Classifica—
tion, Technical Report of University of
National Taiwan, 2003.

o
ol
ot

2011 T sk A7) A4
o3 B}

20139 F=Het) e 47 2
AR g FoHa A}

ARk o8 94 A2, AE

[QPN]
RS |

O o o =]

Al oH oA

20063 o}Fuistn R F HF
BHEegAy At
20084 st #slr|Ed H7) #

AALg 8T F A AL
20083 ~ & A t=Hsr|ed A
7] & AA}F8tz} kAl
A
og/sl- 715]'/\

=

1=
=)
L
r o
1
o
ol
of
0%

L -

1985 AA|stw A=}y stz
F8tAL

19873 =& r|ed 27
AR g e kAl

1992 =sr)Ed W7 #
A3 & Fshabal

!

19873 ~1988'd Columbia University A7

19961 ~ 1997 University of California Berkeley &7+

20063 ~2007d University of Toronto W& x4

1997 29 ~&A) g=Hrjesd A7) 2 AxF s

B

TRk g 2 Hg e A5 A, HEd, MPEG-
7, Image and Video indexing, Spectral
analysis of image signal



