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AN—=RAOA—T 1 V7 & AV EERBEIROSZH T

FgdE Rt EEr ff?

OV a2 —2YEBW (computer-aided diagnosis, CAD) IZBWT,CT HEi{§/x L
DEHREZWIZITS K ST AT L2MEET 555, B 7 5 AN ERLHETH
5. —fC, EEIDREBR TR Z 7V ) AL E L TEHET ST L H LN,
FIERTIET B C LIEEER LS AN Z V. ABIUE, b FDBEHROHRIZITS K
IEANZALEFMSHDIET CAD Y AT LICIROD ANB T LT, 2DV T AnH
KN 27 Ta—F 275 T L ZBNELTWS. T TR, VI ANFCBWTEE
BY A b2 SR LT, EMOEHREOEEHET IV E LTERES NI
N—Ra—F ¢ VI RHEH L, Bi§T—2h St S NI ENI R D TH S
DR 2 Al 7z

Feature extraction with Sparse-coding for medical images

TAaLU INAGAKIT! and HAYARU SHOUNOT?

Image classification is a important problem when we build a system preform-
ing the image diagnosis such as CT in Computer-Aided Diagnosis(CAD). In
general, it has many cases with the difficulty to implement with a computer,
because it is difficult to define the knowledge that a doctor got by experience as
algorithm. In this sutdy, there is it for the purpose of performing approach for
this class classification taking the mechanism that the human distinguishes the
image into CAD. And, we tried the evaluation that feature quantity extracted
by sparse coding which devised as a learning model of the sighy of the human
from image data was effective .
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1. FLC®IC

RO X CT W54 EDBEABEHGOIRGEE/ 1 OM [IC X D, & N DERAOIKEEZ IR
ICEBABTENTESRLIIWCIEoTz. LA LAEDNS, B SRKMNE I D ZBZHdT 5
&I ERMOFAOREER, FRIC K > TREL LG EN, —MRNEZMEENGE LIZWGE
M2, EEROZWIZ T %7210, BENR T — XD W I HEEER 2, FHEDE
FCHRfEd % 2 M TENRL, BWIROEMOBPERIKTE % T L0, EROREZH D
FHZATO, RRORRICB I 2 EHEEZM LEER TN TES. TOK 5%, FEMICE
FDOZW ORI ZiThE 2 T L2 a0 ¥ 2 — 2732 HT (computer-aided diagnosis,CAD)
EIEE

AW, CEAMMER EMEHENZBRD CT B2 HWT, R0 7 I Az T
55X 57% CAD DY AT LZEWEET 5 L 2HNE LTWA. URAMEMRER, Mick
WTHIE & KIEN 2 Bl OB I SED & 2 PR ORI TH 5. U AMEARE
SISO NER DD IR © DFEICIAD > TEHE I N5 5D 2 < ,CT WIC X 2 ZHHER)
TH5LENTVEN,CT Wil FICHNTIE, B/ 3\2— VDS DEM TH 5 72 HiZh
MWREETH O, BROREIC K > THEEED R 2 72DIC CAD Y AT LIC K 23X EZ D
FENTVEHRTHS.

FBRIC, EROZWiDO 70t A% CAD ¥ A7 L FTHEET Z7HIcE, ED XS HFHi
EERTO>TVEZT7 VAV XLE LT T 208MNH 5. L LEAND, BHICBNT
ERiZZhNDEINBERCE DV TEEHZTICLEd b, COXS GaFHEZididd 5
TERRHETHZ W FREINS. 2T T, EROITS TatAZ7)v 3V ALELTH
WKERIET 2D T AL, BT — 22NV E Y AT LAt Lic k> C, 5
B LT X # CT WHRD 7 5 A3H21T 5 ¥ AT LHRZHP 5.

AR LT CT W47 EDWHGDEHZTT S X 5 GHREZ R 2350, Fegdh it & 3RAF%
TGS 20D D B0, ARSI R R I E S 2 H TR Z1To 72

G217 5 L CTEEGRILIEE U T O, FEgdhIIER L GREMREE N TV 5. 4
ZUF, I K D FERIPTREZR N ROGEITIE A NG S BORBEZIRD T T EAEZ S
NV, 7z, Huang&LeCun EBEERI >R 22— 3 F )by T — 2 ZHEah RS
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ELTIRS TET, 7 MRERCH U THEEEMAANZITZ S T L BRUKk. AR,
077 LT, € FOHEDEEET )V E LT, Olshausen&Field ICHEHE X N7z A
IS=RAa—=F ¢ 7P M U, RIS B0 % MERERTA 2 Al Tz
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2. ETILOERL

F9, BTV, R & 3RS OV RIS .

2.1 AN—RA—F14 V5

A=A =T« V7 E MR (2, y) ZRIEMBOERTERT 2 FiETH Y, EL
& Olshausen&Field DIER LI=FEICHI> T2 28D & LTz, LINICZFOME R RS .

E£9, ANEROFUEEE L THBEZHERIT C L BE X%, T T Tld Atick&Redlich 5
D ZCA T 4 IVEZEHT BT L BEZBYD ZCA T4 VRFNY RIRAT L IVETHY, &
Az S 21y AT U REREEICR LTI R T o V2 e LTIRDHES . 7272
U, #IER& Ay M A TR ARIITH 5728, 88D /1y b A TR O X 57>
AT LEAHINHER LTz, b R OB TOAIE ZCA 7 ¢ )L Z1E LGN (OMURA) 13
ST BEDTHY, T IKBERORBEF ¥ XV EFDOT LRI N TS, TD ZCA
TNV RFRADELIICEZE5NS.

Z(f) = f - exp (— (J{) ) . (1)

122U, fo ldAy B A T JEEEL [pixels/cycle] TH 5.

RIC, AIS—RA—=T 4 7 O7)VIA) ALZFHHT S, A/8—Aa—7F ¢ > JIdiEiG7z,
WS DO DRIEDIIEFNC K> TERIRT ZETINTHS. 2721, MEHEESDRED % EHX
REL QIGEWVMEZ LB X5 GRIERZFRHT 2 C bz, L LTWw5a. ZOMETRE
&, JRig R OFLED X 5 hw, I45bb, EORE, fie LT3 REDS) 21
BHE > TR ERTAN—AA—T 1 Y JICLBLyaA— RN EEX BT LNTE
5. > T, TEBRIFIMIINE (sparse) THBMD, JHliGz BRICHETE S K 5 %54
KRR T B T EHEE L.

£9, Eif§z [(z,y) THRET 3. 2,y ZENTHRTTR, HGmOMNEZIEE LI (2, y) &
zy CEREINDMNEOHBOMEZRTEDE Uiz, HIGED, X > THK ¢i(z,y) DER
BORICLOEBEINE LRETS L,

I(z,y) =Y aigi(a,y) (2)

i

TRIHTED. 12IZL, a; BBEREDOH SRR T EDE Lz, TT T, ANEBZRET %
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TeIC 2 MHHOE B2 VES 20BN H 5. TEHRIZLOMIINEiLE5 b a; & C
NTHIET BRE ¢i(z,y) THD. TNHZRET 272D, TRNVF—BE E({a:}, {#:})
ORMEREE UTH#RT 2. 5, Tx/)VF—Bfvz

ZZ (1” z,y) Zaf@(x,y))

p=1 z,y =1

P n
+AY ) Clog(1 + (ah)?) (3)

p=1 i=1

LEFKT S, LHBEANEGEBEMTRE TG E D FREZEL, 01TANE
EFRE{GZBFRICHEHTES L ZEMR LTV A, — 7, 2HBRFREOHEZER LT3
58, p BANEBROFES, N IIREGOFHIE L BiIEDNS VA2 HIHT 548 TH 5.

KT TREL o T, B ¢ (2, y) ZKD B35 L LT, Olshausen&Field [ZLATD &K
IR LUALEZHANTWS. £ ,¢i(x,y) ZEEL, TRVF—EZE o KDV T
IMET %728, % of DARL

E({ai}, {¢i})

Baf = <2 37 (@ y)on(eu) + 308 D 6l )6 w.u) + Mog 1 (s ()

ZEZB. DL EWINIEDTE ¢ > 0 ZHHIC LD, T3x)VF—FBOmMEzXN%. D
EQ)

ai — aj + (Aa} (5)
A, T of OFEHHZITS . KT, HIH of ZEE L, TRIVF—BEZ ¢i(z,y) I
DNTHE/MET B KD ICH ¢i(z,y) DA

Agi(z,y) = Z{ (Ip z,Y) Z Poi(x,y )} (6)

p=1
BEZD. TOEEMWINZIEDTE n > 0 ZEBic L v, Tx)VF—EomMEZX %, D
EJ)
di(z,y) — di(x,y) +nA¢i(x,y) (7)
IZHEN, LK ¢ (x,y) ODFEFHZIT . COEFZZTNZTNANE LR %5 X TRAIHED
X9,

Olshausen&Field (& HREI G2 A JJHi{§ & U 5E0T, MRS N B BLRRIEL ¢ (z, y) Dk
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C:21X21 X150

S:4X4 X150

Input 32 X 32

subsumpling

Convolutions

1 Ry TREBOBEX: A STHifR (32 x 32pixels) I L T,12 x 12pixels OREEZH T HYUFEITO, &
FUEITx UT 21 x 21pixels ORHES w TS 5. S NI w Ty 78 0 7)) VI %175
Fig.1 A figure of the feature map constitution: We work to convolution a base of 12 times 12 pixels
for input image (32 times 32 pixels) and constitute feature map of 21 times 21 pixels for each
base. And we run subsample for  the feature map that consisted of it

FORBERMOET IV E LTI L HbNS, HR—IVEEICHEML TWwE R L H
R—)VBEIE AT AR E 2 ReDIEF 2 b E 28 DTH D, H{RICEH LT &
THRDL Y DM M T 2T &M TE 3.

2.2 OB %

—J5, RO RN S 7 5 A% B T 55 DI, iR E RS 2 BN D
%. 1212 USLERISK 6 (x, y) DBEIABIC X > TRENBEHM~ v T TlE, KTThHKE N
&, T T Tl&, LeCunn 5%, Fukushima OEF IV THWLNTWVWE Za—F)bxy b T —
ZETNDDODN N TRM~ Y TRIEM LIz & D%, SUMICAELTHZ 5T &
TEZD. K=y TOERITIEOBIEZR 1 1RT. B~y I A RIS LT 1
RBHRIBICL>THELN, XX TEABNS.

mi(@,y) =Y Iz +uy+v)- ¢i(u,0) (8)

u,v

EICHIBICEI AR AT 5 T e b, S NN~y Ik UIERPB 2175 . JERR
TEALFRI,
1
= T ep(—ami@ ) — ) ®)
THZBNG. g() R TEA FEEETENZHATH D 0,0 RO EIET 5585
A—RThH5.
K~ w77 LTHE LN BRARBEROBZEST N TRBHIMIC AN TS L R2EZ Y
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K 2 %75 ZOmigHl: FE D N5, consolidation, GGO,honeycomb,crazy-paving
TEBD/EMNS emphesema,nodular, [EH

Fig.2 Examples of image of each class: ”consolidation”, ”GGO”, ”honeycomb” and ”crazy-paving”

»

from the left in upper row. "emphesema”, "nodular” and "normal” from the left in the lower.

B, TDANIITEE (FEOE) x (R~ 7OY A1 X) LK EEDICE>TLES. T T,
=Dt NG 572812 LeCun 5D 3y FJ— 27 Fukushima 5@ Neocognitron
ERBRICO 7Y T Y TRITS. ABIRTIE, ¥ 79TV 27 L LTI LI ZTT >
TRy T A EIL, FNEFNOTEBOEMEE T i3 MEZ R R & L TR, 1 DD
IS U 4x (FREE) HORm e LT, MO A&7 5.

3. B Zal—vav

DUFTHWS X # CT W7 — 2%, ILOKRFZEES» DR E NIt O Z B MEDE
RO KT, VAR LI DWW, HEil§) S AFENFNRE N Z—V5 TR
(consolidation, GGO, honeycomb, crazy-paving, emphysema, nodular, 1IEH) IC7 I N
TW5.

E£9, ANRN—RO—T 1 VT XBHEEEIENT B TzdIc, AJTEGRE, U F AMMERED
32 x 32pixels DR 5 12 x 12pixels DY A ADIEZHERKT HED L L, ZNZFN 200
K DT 2 & LIshiEh 5Oy H H UALEEZITV, 1400 A DE§A 5 150 fHDREZ R L
7o, Y10 UBEZ217 5 BRI, RE ISR TRIEZMKT 2 DIFFIHR R b L, Bi9H
TR S TH S, AFLTIE, 2= & SRR OB DERIFIEZE LT 572 DIC,ZCA
TV & (X (1) DAy b A TR fo 2@ < LB D (fo = 0.8[pixels/cycle]) &K< L
728D (fo = 0.2[pixels/cycle]) ICBI L CRAIEERZTT o Tc. ZNEND T F ZADEIGH], K
U ZCA 7 )V EDHy b4 T RIS & ORI E NI FUROfZE 2, B 3 1KY

EHITHAIBIC AT 2 2D ORYEZFIE T 5. 2.2 HiOETIVICEED ¥ ,32 x 32pixels
DU F AN EES 360 KD DR~ v T21EKT 5. FLKBEUZ 150 K L7=C 5
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/ R 1 Hv b TENEE 0.2]pixels/cycle] RORMEREZRAM L UTRiD% 7 5 ZRIERHIH

N \ Table 1 Even classes of recognition whose feature quantities are "max”,
when Cut-off freaquency is 0.2[pixels/cycle]
. consoli honey crazy | emphe
. - in\out dation GGO comb | -paving sema | nodular 1EH
consolidation 16/42 | 26/42 18/42 27/42 26/42 23/42 | 24/42

GGO | 35/42 | 14/42 | 24/42 26/42 | 24/42 27/42 | 27/42
honeycomb 31/42 | 33/42 | 16/42 29/42 | 30/42 33/42 | 32/42

crazy-paving | 27/42 | 24/42 | 17/42 17/42 | 26/42 24/42 | 26/42

hubA TEES: hybA TR
kA TR b emphysema | 32/42 | 25/42 | 19/42 27/42 | 17/42 24/42 | 27/42
nodular | 30/42 | 21/42 | 20/42 25/42 | 22/42 18/42 | 24/42

EH | 26/42 | 22/42 | 22/42 25/42 | 23/42 27/42 | 21/42

B3 v AT7EBET LD, EfmGE AmGE Uiz L EOZR—AT—T 1 Y 7T &> THIKE N B HEOH)]
Fig.3 Examples of base composed by sparse coding when medical treatment image of each Cut-off )
frequencies is assumed to be input image &2 v A TEPEE 0.8[pixels/cycle] RORHEZRAM L LIRED 7 Z ZHIFHIHR

Table 2 Even classes of recognition of which feature quantity is ”max”,
when Cut-off freaquency is 0.8[pixels/cycle]
n5 s %'%Eszﬁ L4 {E@%@%%%E‘Zj ) 7‘3@,1 j@@{g@l;ﬁ LT 600 {E@%@%% D consoli honey crazy emphe
L33 in\out dation GGO comb | -paving sema | nodular EH
o - R consolidation 17/42 | 36/42 | 33/42 32/42 27/42 30/42 | 26/42
BLNT, @i L LT SVM Z VT, KiEZ AJ] LilkiR7%2 Rz, SVM i LIB- GGO | 22/42 | 18/42 | 18/42 | 28/42 | 24/42 | 17/42 | 19/42
SVM'O Z W 4 S EESEREE 1 & > THEIIERZ RS-, %275 20D A HEHEOREL honeycomb 25/42 | 27/42 | 17/42 29/42 | 27/42 23/42 | 24/42
< 1e ey N - - N = = s crazy-paving 21/42 | 29/42 | 25/42 14/42 23/42 21/42 | 23/42
DFENNCE B, FHOEXEDEZRMLTTDIC, KT T AIBKHIODTRIFH I 2l — 3 omphysoma | 23/42 | 30/42 | 23/42 | 28/42 | 21/42 2542 | 27/80
ViEfTo iz B, HIRIE,ZCA T4V EAD Ay NA TR E, B TY T 2 TGO nodular | 28/42 | 34/42 | 28/42 | 35/42 | 25/42 20/42 | 24/42
{ECH % ST /SR AIHO ZNENIC DOV T OMBEDEZERDTE. ZOMRER 1~ EH | 24/42 | 52/42 | 2442 | 28/42 | 23/42 | 22/42 | 21/42
R AITRT . EMOBRD ZCAITFEEL T T A, FUOBRMNANILIe 7 5 A TH 0,1
f 1 3R K B EPIR A2 VIR LT WA, &3 Av AT 0.2[pixels/cycle] ROREZ M L UIRED# 7 5 ZHIFHIHR
Table 3 Even classes of recognition whose feature quantities are ”average”,
when Cut-off freaquency is 0.2[pixels/cycle]
consoli honey crazy | emphe
in\out dation GGO comb | -paving sema | nodular iEH
consolidation | 16/42 | 35/42 | 32/42 34/42 | 40/42 31/42 | 36/42
GGO | 31742 | 18/42 | 19/42 24/42 | 30/42 24/42 | 13/42
honeycomb 35/42 | 29/42 | 17/42 31/42 | 36/42 32/42 | 21/42
crazy-paving | 27/42 | 26/42 | 16/42 20/42 | 29/42 22/42 | 13/42
emphysema | 31/42 | 25/42 | 11/42 22/42 | 16/42 24/42 | 12/42
nodular | 31742 | 25/42 | 18/42 26/42 | 33/42 16/42 | 14/42
E# | 38742 | 30/42 | 30/42 31/42 | 40/42 36/42 | 19/42
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x4 K A TEPE 0.8]pixels/cycle] RFDORmEZ M L UTRD%7 5 ARG
Table 4 Even classes of recognition whose feature quantities are ”average”,

when Cut-off freaquency is 0.8[pixels/cycle]

consoli honey crazy | emphe
in\out dation GGO comb | -paving sema | nodular EH
consolidation 18/42 42/42 42/42 41/42 42/42 42/42 42/42
GGO 23/42 18/42 11/42 21/42 27/42 19/42 4/42
honeycomb 33/42 39/42 20/42 32/42 38/42 29/42 9/42
crazy-paving 24/42 27/42 26/42 17/42 37/42 28/42 17/42
emphysema 24/42 27/42 2/42 23/42 18/42 18/42 4/42
nodular 31/42 36/42 19/42 33/42 38/42 17/42 9/42
R | 38742 | 40/42 | 32/42 42/42 | 40/42 39/42 | 22/42

4. E ®

ZCA DY— 7 FWEGEHIIC X - C, @RI DR 2 e 5, 75 AU & > TR#MI A
JEEEN D B K S I ibh B, £z, R EZ FEENMRAE L 2N K-> Th, iR
RICENENT NS, ZH,CAD VAT LZHKT 22 2B A& &, 2ERNICERIC
EBHEREIIEAR. ZTT, ipRPEL x> T UE - 2 FHNE, BIESZE U, WGt
LTw<.

41 R & 1

RENS 7 I ARKBTEZZE D
DR,

411 YZal—yarvRUER1

ZCA 7 1)V 2D J1y b T JEPBH#L 0.8]pixels/cycle] ICEE L, FIEOEZ 250 MR L
VIal—yarvzitol. BEKOMOBEINC X D SERICI BRI 4 x 250 = 1000
il &7z o7z, 75, FiMENC I FEEZ AV, 2O L X OMAIEER 5 1TRT.

RIS, ZDDOEEIH B E DD, FEEDE LA OM _1dd F D HBNH S NIE.

4.2 R & 2

ANSTEGIMEE DA L TR > T LEW, BIEDFbNgh T 5 AR THE D Z2=H
A>T LEo7.

421 YZIal—Y3vRUEE?2

ATEHRO PR I BT %, lAEOHZERD S, 71 b TR D% 7 5 2
DRKMEDROMLIEZE 6, F 7 ITRT. HLUEE

NTET A5 TES T, FEOEA 21T 5 I3 E

Vol.2009-MPS-76 No.34
Vol.2009-BIO-19 No.34
2009/12/18

x5 R 250 18, 1 b4 TR 0.8[pixels/cycle] RORHMERE FME & LI 5 AR
Table 5 Even classes of recognition whose feature quantities are "max”,

when the number of bases is 250 and Cut-off freaquency is 0.8[pixels/cycle]

consoli honey crazy | emphe
in\out dation GGO comb | -paving sema | nodular EH
consolidation | 20/42 | 41/42 | 32/42 41/42 | 25/42 38/42 | 32/42
GGO | 16/42 | 20/42 9/42 28/42 | 18/42 13/42 | 11742
honeycomb 20/42 | 39/42 | 20/42 37/42 | 24/42 23/42 | 25/42
crazy-paving | 18/42 | 21/42 8/42 18/42 | 18/42 8/42 | 10/42
emphysema | 20/42 | 38/42 | 19/42 39/42 | 19/42 24/42 | 21/42
nodular | 21/42 | 40/42 | 26/42 39/42 | 25/42 18/42 | 26/42
R | 20742 | 39/42 | 25/42 37/42 | 21/42 21/42 | 17/42

Dy @l ) - b(u,v)

(10)

\/zw w3, )

TREHETS. uw FFEAPEEMICBT 2R KEDEEZ TH O, alu,v), blu,v) 1EFT T AD
BREOMHERSEE®RT . e, AS—AO—T 4 VALK BEEERKT 570D AN
[ & MK E N TR D SN OBIRZTINR S 78, F1v b4 7 %L 0.8[pixels/cycle]
DTN TNORAHBBOMEZBEREDELEDOZE 4 1Rd. TORIE, FIITh
LW E, ZORBEE DD E DN TS T EZ2E®RL TV
1y b AT B 0.8]pixels/cycle] D consolidation LITFDZ < Li]\ﬁ 15D RIS I
IR CEBE T DMEDNTOS T EDbh 5. iz, K4 X0, [7 UG O
i&'zﬁfﬁrhi DIRT BT LIC K> THBEZRK L TN EEZAND T LD, BT
MMUTe L Bm> T LE STV T AR, Fim & UCEMNBNIC K7AD, fkIRPE &

£ 6 H1v M TRENE 0.2]pixels/cycle] BiDHK 7 5 AT L DIRA R DS
Table 6 Even classes of degree of approximation of max-point, when Cut-off freaquency is
0.2[pixels/cycle]

a\b | GGO | honeycomb | crazy-paving | emphesema | nodular 1EH
consolidation | 0.997 0.998 0.999 0.956 0.984 | 0.996
GGO 0.999 0.992 0.970 0.967 | 0.985
honeycomb 0.994 0.972 0.972 | 0.990
crazy-paving 0.946 0.987 | 0.996
emphysema 0.895 0.936
nodular 0.995
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xR 7 Hv MATREWE 0.8]pixels/cycle] DK T AT L DIRAMDUTENE
Table 7 Even class of degree of approximation of max-point, when Cut-off freaquency is

0.8[pixels/cycle]

a\b | GGO | honeycomb | crazy-paving | emphesema | nodular 1EH

consolidation | 0.718 0.644 0.658 0.690 0.689 0.80
GGO 0.972 0.942 0.955 0.952 | 0.841
honeycomb 0.940 0.953 0.949 0.776
crazy-paving 0.944 0.955 0.848
emphysema 0.923 0.821
nodular 0.909

B 4 ANEGORANOEREDEOWGL, kUEEDORA Mz ERGHDE G L: LD ATIHHE, 15 HMEE
Fig.4 Imaging of superimposed max point of input images and bases: left is input images, right is

bases

BLEAONS. BBEICK 1~K 42D L, 1y M4 T EPEED 0.8]pixels/cycle] KEDJE
Ry D FE TR D DL/ NE v o 72 consolidation [EFRAIFRMIC LR B LI RV &
Mo, A CEBERNICERZ>TUE D LRIV ELRZ T ENAVZS. o T, Av b
AT EWEEL fo 1&, /NEFTETLE D &, FIEEHHOEZ D MR A>T LE S e, +507
Ty A TR fo ERET HREND .

5. F & &

[\ CREEL, AR R > T LE S TOWBERN S XS X a—FT 1 VT EFAVT, 75
RN, B RES AT LK T 5 2 L 3HEDELIAV. WRELT, H50 5N

B DB B & 5 I IR Gz R i HH N ORI D AT iR & 92 T e EZ BN,
L7z, WERE LT D ZCA 7 4 )V 2D )y b A T JEBHE 7RG LT < T & T, R0
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