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1.1 D

R, REROFEEERDOBHEIINRDbST, FT Ly FRRw— 74 V0T g
CENMKCHHETIEFEEOFENEML TS, 204 EEICRITIEFEET
BRBT 1411 {8 L #HEH S h, FIEENS 398 EAEML TV B[], ZOFTHEF
Ay JIREERIVTFUOVTHY, W4 EEEFTOETFEETBOEBNLETFE
EHRSEOK8E R EHB L END. DI Lhb, 5% LEFEETIHRORMEO:
AKRFRENDIENTEFII vy Z7IIRERLMAZESITFEEL VLS.

TDEIREENS, BFaI v I OFT-RBREICOVWTEER TR TNS.
EROHEEED= o HITIZRWEF2I v I7DRAY v FELT, BENZEIRN 2V
DI, EROBEORIZE LLNBRWEREANBFETHI VI RANHS. filL LTI,
2 UHRADF YT 75—, B, a<B0 R EOEREF IHIFTEIEICE ST, &
BDX ¥ T 72— — BT —HA Thb= U HERORE - BR21T72 O #EE
R, T UHEROENZBBMNICAERT IBEIRBEIA TS Zhbna—¥F
—kr by I RBEER R T A LI Lo T, A BOEF 2 I v 7 IS H - AR ME
EERHTEBHFINTVS. 20X ) BRBEOERITIE, T4 VFMLEN=
JyIEBRDOT—HATICBWT, F¥x T/ F—-a<EHy - TXxF Vo
DOHBIZEAT B AZF—F2HHL, TNo 2 TOBEBT —F LHFETRET DI LM
DELA, LIL, BRTIALDOAFT—F 2T 51213, BEoboz 2%
¥ U LTTAPEMELEERT—F XV FEETH VR L TTF— 2 O 17425
VERHD., 20D, BEML X AP BEZERERICH->TREE RS> T
Wb, PEoT, EX5 BT HDIC, v VTEENOHBNIC A ZF—F ZHHT
DEMBHLETHS.

2 HIIE Ry T B —, TXEFVEVHSERPEE L THERINTEY,
BARER & R THEMEENE L, BRMRFBIIKRESERL>TWS. ##-T, =W
ERICERESRERNRLE LI — R EBABRFEEEZECOEEHEISTHIZLITHEELLS,
E{R ARSIV TMB AR ER-> TS,

BE, < HEGE»Sa<E oFREMET2EHICONT, v TORREH
BIL, #EFAE (intensity gradient) D FRIZFIA L Ta~npERERET 5 FiE
[B1[4l[6]%°, T~=rHDa=iFERTHE I ENEV) LW HRERALT, EHEHN
POEMEEREBRHL, a-2BETHFEEIPREINTEY, WThOFETYH
80% B HREENREINTVS.

F-, 7XFVERETIEMICOWT, ERNOIFHEIK % Ada Boost Z AT
BEL, TOEBEPEIITIXFFVOBHERBL, SIMIZL->T7XF OB RED



BI3FEMNBRBRINTRY, ZOFEICL-T8RD 7 XL VERET D Z &M
AEETHD LBEINTVS.

—%, = AxY T 7 F—DOREIIE, ¥¥ 775 —DHEEROEHEREL, &
BRHELETOERLIZX YT 7 4 —DOBHBERT —FX—RLDvyF U TETRITL
T, BREEREDXF ¥ T 7 ¥ —ThHIMRETI2FEBIPDBBR I TS, wH
¥ 777 —HRBICBELT, #EMEL Y HOG HEEABEETEFE LTHEHT
HBEBEINTVWS. F2, BariIv o HX T 75 —D—r T LOERIZRHLT,
R=Y [ZAIERRHETNVTH S DPM OFMEEFRL[10]. UL, Sz~ A
XX T IR LTCRELERHEEZTRD ZLRRECRETHS.

IHEDERBB LB TIE, BBO=2—F VXY hT— 7 2RAVWEBEEFIET
HBTFA—T T IBEEENTWS. 204FEICEK, TA—TF7—=VIDET
ND—DThBBHIAH=2—TF )Ry b T—Z7(Convolutional Neural Network :
CNN) Z# & HIZ A L= Regions with CNN features (R-CNN) MR I h, —fiky
fERREIZ oW T DPM 2 Rtk FiEE ERSBELZ R LTV 5.

AT, v VEBLVEELEDEEEAERMBZ2ERTIZLEFENL L
T, R-CNN ¢ KR FHED DPM L OB D, T4 —TF—= T O<  HEBE~D
B HOWTRET 5.

1.2 DBEE

AWFEIE, < HEBRERNRE LEERELEREY - BB AT 20ERE AL
T 5. HE»LWEREEZTR S OOERNLRBEILULTOL IS, 7, K
BTN ABEDES L BEOT LR THIER»OHET 5. KRIC, iHahi
KMEREREEIC L > TERSNEBRRICAN L, BRICHEMERE END0E
MHETS.

WIKRHFEOREF L LT, BEEOEVFHHAIEEL Cascade HELT—DD
AR TH DML AT D Viola-Jones $E[11]%°, #iEEERAIRER/S—
Y CHERINEETLLE LTRIETSZET, EORBEICHBLRBRHZITRD
DPM Zn%iFbN 3. ZnbDFEHETIL, HaarLike < HOG B & o7, T
DABINBE L EEETRFIZ L > THERHBZITRo TV 5.

—F, F4—TF—=vITlE, ANMENET—F%EB=2—FVFy NT—7
IR EE, KB TETEEBVETERTT — 7 OB R EHE S BERYICR
T4 5. BEERBC—ENICHAINBZETALTHS CNN X [EHBRT— 7 215
ZIRNAERIE, CHEBERTE/NERNA—YZENEFRRTEROMELEDETH
3] LUVWIHIBARESE, ThODA=YOFRLREDT—F 2 I KRTAA—VH- 4
HAEDELBEEL LTEHTA. R-CNN T3, CNN oBEEEZBERLI VIV L
R OBEBER S LICHET A Z LI T, BEREETRS. L, < VHE



BoX > RBRELEOMEEHSRE LEERIBESNTELT, v U VEAEICAHLTH
BRER L FIERICA D R HEESZEH T 5ERMTH S.

IO LD RFEYERIZBWT, ABFFETIE, R-CNN & DPM Dlt#»d, T4 —7
T IO HX YT 7 F—RECHT 2 EIMEORFE AR L T5.

13 )
UTCAFRLUEOHRE Y.

FIE ARETHY, HEOERBIVCEOHMIZOWNTHRTNS.

HolE < U A ¥y T/ —RBRHOBRIZOWTERS. 7, ERLEBIZKITS
<V HEBOFBIZ OV TR S, RIC, ERFFHETDR T ThH5 HOG
BMOBELEER~D. LT, "=V LTAELZBERHFIETH S
DPM O#IE%#ik~<3%. LT, DPM OEEAERB~DEHIZ W TR
R3. BREIZ, v ¥y T 78 —RUHIZBITE—NETFLORMEER
=7

BIE F4—TF7—=r T ERVWEDERBECOVWTIERS. £, EREH
CRAWONE=a—FNFy NU—7DET N THS CNN OFEEIZHON
T3, KkiZ, CNN 29 ERHIIEA L7=FETH S R-CNN 221 T
%, £L T, CNNOFHEEEZHR LFETHS Fast R-CNN T
WTHER3.

FAE < HX¥ T8 —RRNBL LSRR AARBFEORNEZTRY. £7,
< U HEBI &2 DPM OfE ER L Y RD D, RiZ, v HH¥x T 7
# —DBREFERBIZNT 5 DPM & R-CNN ORHEEOLE 21TV,
R-CNN OFE(rtE %2 RY. &i&iC, EREICHEZZEMBRERMEFEICOV
TERL, ERI Y ZOMEEZRT.

EH5E  AMEORIELSBOBRBEIIOVWTENRD.



B2 <wUHX¥T 75 —Ekil

2.1 FxNRE

AETRE XY T 7 —FREOERFEICONTHR~RS. £, EHRLERIC
Bir 3= HEBOFHICOVW TS, KIZ, BRMFEERRFTH S HOG HED
BMEL RS, 2L T, RN—V 3 L TRAIEL2YikRHFETH S DPM OFEIZOW
Tik~3. #L T, DPM OEBEERHB~DISAIZOWTRRS. Bz, v ¥
Y77 ¥ —RHIZBIT B = NEFLVOFEYEEZRT.

22 = D

2 U HITIIBD TEFARHANEEL, FARRZEREZRT I LB LV, KEd

AT O X SILEREND.

1. RREEHRLELE LTRRTICEICLDHATIIAW).

2. BRIFBORMZHNHEL, FROXEDBDTEZEDIEREITRRD).

3. REFRIAYOEY 7IIXFELT, ENEFL LTREIND. KL, T

FREE TRRBRLIDOITRINE I RO TREAINDIFEANE.

4. a=RTRF VR EMFBOHRICIR - TS,

AHETIE, AEAEATHRENAREEO- L HEERKMEL TR, v VEB
OFIFE 2.1 27T, AARD- U HIZERMIC TAY - ER - 7%F - T - B -
Y7 ZOMOEKE] HOHMREND. BEIXa < EMFTR IR Lo TREI ST
BY, ThERPB—o0BELXRT. AWDEY 7RoREZTHF 2 LHINEHOH
IXETENN, 7 X OBRPXFOERICL > THERERT. EBEE - BEFET,
FEXOBELFLLTROBICEINDZ NS, Miab Lt Y 7RELEEX
FTEMNDZENHD. BHALETN ORI, ADOLEREIE, bODH)
&7p Y EBIRMICRBT 5.

HEEPHITAL LTHIITENE < AT, T9—LV b 2{EOE /) 7 0BEGO LD
NEW. LI RE/7un<  HERIZ, BRO2ENLRIREL, ~F LT
NBABRBVHSOEENFER, 27V —v b=V TN —EDF—DBERBIE
T-fRD 3 DIZFT B ENTES.

< HER L BRER L OBWVE LT, v U VERTIIREOELAEKEND
%, EEBOEETEAKREVEIR(T v US) EBEMT L A LB LRWTEERE
WA, T, v HEBRBETEHY T 7 I EARBERRFEORARELE
EWRAL, MBS ERELTHINDZENEW. XoT, v UFX¥ T 77—
EEOAND LY b APRBRE L — BT AR RN KRENEVL S,



K 2.1: = HEfgomcCeEiiizl X v s )

2.3 Histograms of Oriented Gradients (HOG)
HOG Hif i3, ANDktiZz BAYE LT 2005 412 Dalal 512 &k - TIRE I WL -HE{#

BB THH13]. miGo BT oOMED AR Fn A2t A N7 T MME U7 REET

D, STFEHEHRICHERLS, RAOEHGEBETHS LW OREEZEF. 2012 FICAH
B, B0 v PEMCER L CHRHEEME T4 5 HOG f&EIr— v Vi % %
&t~ HERIZH L TESTHSLELT, v Hxy 72 Z—EHRHIZEBNT

Haar-Like Ffifit L 0 L EWBHRE AR Lz 2 & 288 LT 5[9]. HOG HdE o
WEZK 2.2 1277, HOG B oR 702U X A%, DELREOAE G A & L)E5E
FEOEH, 2R NS ADER, 3)7 0y ZiERIZEDEHIEO=Z2DRT v Thb

5.

2.3.1 HREE AR [ & AR DB H
B D% 27 AOREDE S AR & RE 2RI 5. @id B,
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[ (o) 160°
]\ﬁ@,«g AR 1tJL:8 x8EJ7 )L AEBRAEREAR S

2.2: HOG H#E oM E (& scak1sl X v 51 /)

AEBEIRQDLVKOBENE. ZIT, oyl 7 EAOEEEEZRL, L(x,y)id8E
B, y) D72 /LORETHS.

m(x,y) = fo(x. ¥)? + f,(x, y)? (2.1)
L HOy)
H(I, }') = tan 1 m (22)
fee,y) =L(x+1,y)—L(x-1y) (2.3)
{fy (xy)=Lxy+1)-Lxy-1) :

232 ERBMTTLDER
RER ST E % 0070 6 160°12h3F T 20°9°2 9 Hmlc &I+ 5. Wiz, 1E10% 88
TEANLRAHERENREL, 1 BLICBITAAEMEDOE A T A E{EKRT 5.

233 7oy 7HEBRTOERL

171y 2% 2x2 BANLARAMEKERETH. HDnEHDO HOG Figtt 2 v(n) &
TBHL, 17nyZIca&Ensd HOG #i oM TESR L2 iE@ic L - TE
Eha.

v(n)

v(n) =
JEEES v +1

(2.4)

2.4 Deformable Part Model
DPM 1% 2008 4£ 1= Felzenszalb &2 k& » THEE I n-Wiks T Tdh 5(14][15].




=1

AAER JW—hI4ILR IN—FTqILE  JR—RD4ILE
DECHE

4 2.3: DPM o#{kfit€ 7 L CLiik[15] & v 51H)

St BMEEERO A=Y NSRS IRHEET ML > TREL, WiEO£EB LIV
#H 3= O HOG Fd & /~— Y OFRLERM RN DWEZ R T 5. IERFEICRT
HRHBTIE, BEO A=Y MBEFIEESNLTREY, AREHE >R EdHE L
- L X BB LICHIETE W E W T[N B - 72, DPM Tk Smiko R —
W2 L TRZETH LD, EBROTENPRKEVEISH L THLRET DI ENFETH
i

2.4.1 BHETI

DPM ¥kttt L ofl %X 2.3 (27”7, DPM OBEBRIHET VX, d55E
SRR LA T O — i — T g LA L RBED A— Y 3 2 AEE D= |
T4 NAEDPLREEREINS . BMEICIT HOG fE2FA L, BigefoRty 1K
DEAA—FTETFTL—MIIVEHIND [BRFE &, Y4 FUIZHL
TA[ERSS— T FL—MIIVEHEIND ERFH 02 2OARATF—IZX LT
BHIND.

242 HOGEZIvF

DPM Tif, v—FTZ A4 H L= R T L L HZIZHONWT, AT—NL DR HOG ¥
WMEZEMTS. BEORAr— L 2B LS ETHEBEDRLZZEBOEESTHDA A —
T Iy FEEKRL, A A—VET Iy FOK/L2 DO L~L0 HOG FrgitZ2E5H 5
ZEIZE-oTHOGHHMET I v FERDLH. A A—TEFIy FEHOGET IV R
DOEIEH 24 27T, ZIT, £ A—YET Iy RO LETIERERIZ K HOG FFi




& 2.4 W{gr' 7 I v FOCER[15] X v 51H)

I Z, TR TIRBATICHD HOG FEEitz2 5.
243 Z4NE

T4 NH FliE, ANETz HOG BT A2EATH Y, wxhx9x4 HoO~XT kv
TEREREEND. wk hiX, V7o FoomsLtEELZRT. HOGETZ I v F%
H eLrofifdx p=(,y)&T5. ZZ7T, 1iIE, HOG Y7 I v FO L~ (BEE)
Thd. BEENT- HOG HMEOMEIL ¢H,pwh)EmENns. Ky 4 FwiZ
BIFATANE FOARaTIL, EHZEolz~7 M EFFBEONR F- ¢(H,p.w, I
FatEahd:

244 TFEN—Y

DPM OBHET BT, b= 74 VF IR T RO LRIFELERTS.
R R 74 NZIZBITEZELDYA XX, =7 4N ZD LI RBITHEALDOTA
ADOYEMCRDEICHBETSH. 20X, V —h 74 NFDL Iy PERD X
DIX, 73— 7 4 Y OFEWIREGE TOREERDIZ D2, RFETHY, @V alaktt
HEZGDHZENTED.




175 : 1] :
S F i
. Vs L s E W,
4
Fy VA Sy P

F LB — RO R e

X 2.5: /38— hETILOPE

n O A—Y LR ENAMEDET VTN — T 4 VFFy b /8= b ET
(P, B TEEND. ZOLE, P=(Fv,s,apb) 8 FEND. FlIiFHO/S—
FZ B, vidn— b7 4 AF L IEBO/S— K7 0 ZOHRLERE O A AL E
BEE AT 2RI~ M, sl iZEO/SR— h7 4 L F O LR E ED HBROFFER
BEEDLBOFEMMERET Ry 7 AOYA X, a, b, iZFBOSA—FT7 40 H I
BITB 2K ML AEEERT. S— ETAOWEEK 251277, ET L
ORBZRETEERzEL, z2=(p, - p)ETH. Bl z0ORa7IE, £7 45
wAaTE, S—=2b—bOMERRLY, LE2HTELLND.

score(z) = Y Fe- $(H.p) = ) ag () + bi- G, 3D) 25
=0

i=1

(X, 7)) = (o y) —2(x,y) + v /s (2.6)

25BN T, B—EHBIX, T4V ZDOEHKRE, HOG FF~T "M-ONFEE L -T2
TANEOAITOEHERL, BIHBAEX, S—b T4 NF EN— T 4 NF DOFEXS
M7 T B EIME L IR A RS, RQ@.DIE, [ FHO A= T A OPLEER ) E,

N— R T A ZOPLEE N,y E, v, siERVTA— 7 4 LY OREEZRT

(nm)éﬁ&fé.:@&%,Awb74wﬁﬁw—b74w5®2@®%@ﬁ%ﬁ
STWVBDOT, HRBZRE TICETZOIE, )& 2MH/CLTHAETS. 22T, 5¢
FEEI-1 06 1 OEEZ LS. it,ﬂ&aﬁmm zDAaTIE, KADBEYH,2)
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DRMB - YH,2) TRTZENTES,

B = (Fo,'"Fn, al:blr s, Ay, bn) (27)
l/)(H,Z) = (¢(Hl Po)r¢(HcP1):'"c¢(H:Pn):5f1'J71.f12,712."',fmin.frzuyr%) (28)

2.45 BH

EEBEEIINTTRAIAT 47U 4 FUEEEL, £1— MIBIZBWTR=
TEHETS. Z0H3b, RKQHHDRaTEEKXKILT B/~ b7 4 VEOEAKEDEER
ko, 27 OESBEU LI R-T-EFR2HE L L TRETS.

score(p,) = Jmax score(z) (2.9
apn

n n
score(py) = max (Z R $CH0 = ) ar- (B3 + by (f?.yf)) (2.10)
max | 2,

i=1

E£7e, BN NTANEDRATIIMILIIRD D ERTE DD, ThELD/A— |
TANFRZODNWTRKREEZRDBZZLICL>TA— MIBOR 27 OB KELZHET
&5.

score(p,) = Fp* ¢(H,p;) + Z max F;-¢(H,p;) — (ai (X, 7)) + b; - (fzzf’zz)) (2.11)
i=1

2.4.6 %%

DPM D%ZITiX, MEMEDNBE AT LT A IRy 7 AL > THRELERY
FATY U INERE, BHABREEATHRWRIT A TV TLVERIZE BT — 4
Zy hAWS. FETF—FEy bED=({(xu, 1) X )& LT, %3 FVE
%,y e (—L1INIY A NVERBRIZKT DTV ETSH. £, HOG € F 2 v F&H(xy),
N—FTANEER— T A NEDOEDHREBOGEZZ(x) LY. ZEDIIRIT 4
TH U INMIBWTEESNTWANRY U T A v IRy 7 22 TICRO b, BIETYH
S50%DEBMB N T AU TRy IV RAZERDEICEREIND. RET 4TV T
X, R—FOMBIL LABMEETOLDODMNBOWMEE2FETS.

2.4.7 Latent SVM
BETF 4 TV TIABLIORITF A T IAxDAaTiE, R2.11D)TRENS.
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fp(x) = max B - &(x,2) (2.12)

TIT, BIXETADNRTG A—F, X ETNVORBEZRTBEERTHS. o(x.y) =
YHR),2D)LBEBRZBZZLEBRTELDT, R2.1DiIFHK(Q2.6) L KQ2.7)TRL-EBD
AATDOBRKEFEDILLELVY. £oT, REIVEEKRELTE LI RBERIT
ATYHTNVDEENLED. ROz Vo BEAREREED, FEE{TR57 7o
—F % Latent SVM & FES. Latent SVM Tid, £ TZEEL, frx)E &K A(LT D2z%
KB, RIZZFBEELTEED SVM DT ATY XA LY BOKELEITRY. 2D
BERBRVIET I LIZL ST, BERBDEERDD

2.48 N—BRXHT 4T O

—BMEBBICBNT, BRRBEOEZY VINVOREEIRIT 4 TH Tt
RB. —EZE2TDRIT ATV TNVEEZTHILETHELND, XIT 4TV
ILOENL X VBRI LIDNHEDEN—FRIT 4 TH TN E LTERY, RPOT 4
THUTINE, N RERHT 4 T TN ERDERT —F 2ERT D, N— XA
F AT IANDERIID ELERAVTKREIDTREND. N—RFXTTF 4 TH T
IR TSN TT A T TNVOERERSD.

M(B,D) = {(x,y) € Dlyfp(x) < 1} (2.13)

2.4.9 FFOHM
DPM DB 7ut R EIUTOLHITRRSB.

1. v— 7 4 VZDOHHHE
2WEY L IV TCREINFEAT VT AU TRy ZJADT AR MeEkbEIL, R
CF 4 T I EMBED T N—FIZSEL, WSt BAL— N7 4NV EDOHEERE
BROICIRET B.

2. v— h7 4 VZ ORI
mEO T N—FIIBBENT-RIT 4 TH I ZHONT, EEOFRIZIZ 7R E
Uy 7 ETYH. BEEEEZE-LRVEFEO SVM 2HAWT, 12907 —iZ2WT
XL 2B 2MDN— N T AN B R EEBTD. XATT 4T IVET -4y
FADIXHT 4 TEBOFTN STV F LMIRELZLDOEERTS.

3. — N7 4 NFDOEH
LW NTHHEONL— R T A NEE 1 ODAVFE—FR FE LTHRY, NUUTF 4
VIR I RCERD LD, R@EDAaTRE LB RBNL— T 4 NVF DAL
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BRELHLTEHTS. 20%, FREEFEET3.

4. X— M7 4 VEZ OFHL
QTCEBENTN—FTANEZEY, V=R TA4NZD8OBULEEDD L DT n
BONR—= T4 NEZEEEBETD. — 74V EZOMEIX HOG BEEDOEIE D
EVMIBNLIEICREEND. N— 74NV ZOHFOBH 2R ME, /—bT7 g
V& DIFEa;, by OFEEa; = (0,0), b; =—-(L1)E VKD 3.

5 BRHEFNVOEH
Latent SVGM 2 &> T, HILWEFT L2 EFHT 5720, FFTF—ZDICETNVOER
ZZBMLT, (X2, ) WOTBICEEETD. T0%, NUCTFT4 TRy 7RI
50%LL EERD & O ICEBNLREZITRY. ZOF TR U T4V TRy 7 AD
BELEL—HELTWAELO2FEATE. ZhiZX-oTBbEFINSE. ~N—FFRY
T4 TH IV, WBHETERVDOIIENRAaTEHLEbDOEERTS.
IOEBET7ANYA XAOBRRETI0EEVELITRY. FEOBERIZBWNT,
= RRATF 4T INEREL, ATY ORFROGHEANICBNTTEEEITS
SOEFELWNAN—RRXHT 4 7Y T AEBMLTNL.

2.5 ZBERBEBRH~0 DPM OFEH

DPM #ERHBICERA L1=#l & LT, 2015 ££IZ Orozeo 51X DPM # AW - 2R RE
BRHEFEZRELTVS[16]. SRABEREIE, BEORESLEBNOFEICERRER
H%1772 5 FiETH 5. 2004 FiZ Wu Hid, Viola-Jones i L 2 ARHBEEOM X
REX IS U TEBIER L, Thb2EBADRZ LI > TERRBEREETRD
LWV o mFEFRELTCWA7]. 77, 201442 Zhu HiIIAREETT AV EZER LR
FEEFRELTWB[18]. ZOFETIEK, BRALVEEX—YVERHL, TOME
BHx b L ICEONRIOHELETF VETE Z LI > TEOKRIHZIT2 5. LAL,
BERA—YDNOETFARERT HOOHERBERICRD Z L0, B/ A—Y Z ERICR
H3 A 7-DIZBEORVEENLETHD LW o KMBHE L 2> TW3b. Orozeo
BIZ- ORREICH LT, K0 #SARREETVE LT DPM 28 L= F 3 S8 RBER
HIZEZSTHB LERLTWS.

BT, SRAEBRHICED DPM OL— 7 4 NE28E, N— T4 V55K
ICOWTREEITR->TWA. 27, El - BB LI 4HON— b7 4 VEEFD
BRHEL, I0HHEAEICL-THELESHK, 183HDONA— T 4 VE 2R OBRH
BB % T/ - 7. Annotated Facial Landmarks in the Wild (AFLW) & Face
Detection Database (FDDB)® 2 ffEDOT —# v MIOWTRHEZTR-THERE
X 2.6 17T, ZOEBRBERND, L— b7 A NFERAKDO L EHFLRHERIEHL 2
BILWRERTES. £, N—bT7 4NV T BERALEBRHBL, 20BERALL
BRHBTIE, RN— b7 4206 HOFORHENEL Role. ZORBRIZOVT,
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AFLW FDDB

Prec

——4*{Roots + EParts), AP = 91.02% ——a*{Roots + 6Parts), AP = 50.83%

o ‘ — —8*(Roots + EParts), AP = 88.20% = =8*{Roots + 6Parts), AP = B7.41%

~ - B*(Roots + 20Parts), AP = 87.27% - - 8*{Roats + 20Parts), AP = B2.71%

— 13*(Roots + EParts), AP = 82.84% — 137(Roats + 6Parts), AP = 76.96%

a3 ¢ ’ d E 2t 01 as
Recall Recall

2,60 SHEAHEBRHEICEITE 7 4 V7 EORECTHE16] L 0 5 H)

Orozco HIIN—F 7 4N Z EX—= T 4 N FDENREL 7251 E Recall 8 LAY,
Precision A F235 FL— FAZ7OBRICHA EFHBHAL TV A.

2.6 v H¥x T ¥ —RHHICE T 5 DPM OFZPEDRE

AHiTIE, HOG ##igft L SVM AT 25k FiE L DPM L OlENG, <7
EENSDX v 5 7 F—FERHEICEIT 5 DPM OF LR, RERTIE, EkFE
IZDPMOBHET LD I bA— b7 4 NV EDOHEZHFERTHHREGELRFTHDLL LT,
N— R 74 L ZHER LIRS L OlEE{To/. £, DPMO7 LT U XA
I% voc-release5[19] & {# i L 7-.

2.6.1 %% -FTAMBEHATEIT—FEY D

AKETlE, DPM 02 L 0T R MR LEF— 2y MooWTHATS. &
EE T, O~ TESIZONWTHE Y 77 ¥ —OREMIITR 2 HHBHBOEREZ B
A& LT, [FZz2HA) [20], (TS vy [21] . r%%{ﬁﬂ‘)“/] [22] . [SLAM
DUNK] [23]10 4 {ERICEBETHX ¥ 77 ¥ — 2 BEAIGER L b OEZREHNSRE L
. T HER 1 X—JICIKREDX Y T 7 F—HBEERNEEND, T/ T— V=
v OFETEN M2 B 723, AER TIFBA L BRI OV T Y H LB R 2
L. BOF 4 7Y TME, ¥+ 527 5 —OEFESEDETY H LT 200X200 ¥
MY YA AL EREERL, BEROANAY T 4 v TRy 7 AERTRRT DT/
F—a v ERER L. £1-, EERO Y Ll BRI TWAREDL O % [TEEHE],
FREOABEIPNTVAAEDOLOE R, 3047 V=7 Mo TEHO—H
BEATWA L% MERE LEHELEZ. X120~ HEREY, FOT 478
V7 AOIEESE, BES L UCBVEOHZX 2.7, 2.8, {2977, I TR 27,
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% 2.1: DPM FHEEBROFBIIER T 5~ VER

. ROTF AT TIN | ZHTF 4T T
EEEA
"FIAZAHA" 100
i AL A 100 1000
"BERE= T 100
"SLAM DUNK" 100
&t 400 1000

% 2.2: DPM SHERDT X MIERT I HER

RBOF 4TV TN | RFTF 4TI
A4 hv
EMHE B

“FIXHA” 90 10
“TS9y Dy y s 90 10 800

“YEEa T 90 10

“SLAM DUNK” 90 10
&t 360 40 800

28 K29IZBWNT, FETRINEERIINV T4 7Ry 7 ATHE LR
WERLTWS., XHT 4 TH T, RO~ HEGPLX Y77 4 —DEEE
FARVEEIR S EESIZTIV B LT 200X200 7 EAZ Y A XA L-EREZHERA LK.
Tikl12lo< > HEB LY, XTT 4 T IAOFI%2E 2.10 IZRT.

AEBRTH, BEFELOKELENE LT, EEEBIUVBNEZRHMRE L
7=, FRBIVCFRAMUERLETF—4Ey hORNEE2R 2.1, £22II77. ¥8tE
v NIEBEOAEEGSLRIST L TH o TIN 4008, XHT 4 74710008, T
Z by NIEGEEBNEEEAERST AT TN 4008, XHT4TH 7
JL 800 #& & L7-.

2.6.2 DPM ORE
DPM O — F 7 4 M F 5L, ERECERIZHET S 1 ELBREL]. DPM O

SA—HFIE, NR—bTANEOBEE 8K, NMS% 0.5 LT, ZOMD/NRRTA—F
I% voc-released NF 74N FDEEFEA L. ERIZER L DPM OFNRT A—F
% 2.31TRT.

AERIZEBIT ARHEEOFMIZIX, PASCAL VOC @ Precision-Recall 7’1z k = /v
[4l%EA L. EHE LTRBSNEERE, 7/ 57—V a Y ICBRENEZEAY T 4



15

VIR y I AN BOBLLEA—3—F v S LTV B & & Ture Positive L HEENS. ¥
o, MHSNIERLE RO T4 TRy 7 REDF—N—=F v 7R 50%RKRMED & &
False Positive L HIEESND. EHIZ, NU T 4 TRy 7 A THREINZEERO
I bR ENRh 27 Dk False Negative & 72 5. Precision & Recall DfE (%, True
Positive, False Positive, False Negative D% X v, #hFhR(2.13), R(2.19)»>
bRDHND.

Procison True Positive (2.19)
TeCISOM = True Positive + False Positive .

Recall = True Positive (2.15)
€Ca = True Positive + False Negative .

RER.IDDOBHER 7T IZHTIREEZEEB IR T, TR by Mo 2ERHERD
& Precision, Recall DfEZE H L, Precision & Recall DB #RRT 5. X7,
Precision D FHEH>E Average Precision (AP)ZEH T 3.

2.6.3 ER

2B Lo TERENT- DPM ORHBET V2K 2.11 17T, K 2.11IZHBWT, (a)
3 — h 7 4V Z D HOG BEEIIHTIREZARLLEbOERT. 72, OIFE
R— N T A NEZD2EDRMEEIZRIT 5 HOGHEEICHTIRELZTARELZbDE
£T. FLT, @QIX8KEDIR— T4 NEDBRBETVADT 7 4V FOEBEZET.
X5, DPM L#EEFiEL O X 2.12 1R T. #5E47% Precision, ###A3 Recall
DEZRL, ERI DPM ORHBER, BHRBPERFEORBERERL TS, ER
R LY, DPMIZPERTFIES Precision, Recall & HiZ EEl->TEY, APIZHBWT
11.7% LA L TWAZENERTE-. 20T Ehb, v ixy 777 —BREICE
i7% DPM OFEZENRS NI,

2.7 L3V

AETIE, v HF¥yT77 7 —BREOEEFEIZOVWTHR~., 7, ERLE
BT 5= U HEHBOBFEIZ OV TR, RIZ, ERFEETRTFTHD HOG FiK
DOBEL R, LT, A=V L TAELHERHFETH S DPM OBE LR
K=, &5, DPM OZEEAEBRBE~DIERICOWTR~T. &%z, DPM LHE%k
FIEL DHBERND, vy 77 F—RHIZXT 5 DPM OFMEER L.

B3 ETIE, EFEOBBREEICTEER2ED TCVWBRRETHEIT 1 —T7—=v7
IZANTIRR, Fy —FF—= FOPERHEE~DOBERIZOWTERT 5.
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(a) (b) (c)

N— T 4 NH IN— T4 NH IR—= T 4 NEOERE

precision
©c © © © © ©o o
G i wm 973 ~J oo (<o)

o
no

0.1

2.11: = H¥x T 7 4 —DBRHET IV

__.T-—L' T

DPM AP=88.7%
- = = HOG AP=77.0%

0.2 0.4 0. 0.8 1
recall

2.12: HOG & DPM O ki
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BI3E FA—FS5—=vIERAVWEDEREFE

3.1 FxMN¥E

EoOETE, v ¥+ T 7 ¥ —RHBIZBITAEFEFHRICOVW TR, FETIE,
FA—T T == T AVEHERBIEICOVWTERS. 7, T4 —FF—=07D
EBZOELRB=a—FNVF NI —2IZOVTHRS. KRiZ, BIERBHRICAOND
=a—INRy FT—IDEFNLTHS CNN OBEIZOWTHRRS. ZL T, CNN
FWEBREICISA LFETH S R-CNN & FDOH R FiETdH S Fast Regions with
CNN feature (Fast R-CNNIZ DWW Tk~ 5. H&#%iZ, CNN #* 2 ESBERHICERL
7-#51Cd % Deep Dense Face Detector (DDFDIZ W TiR 5.

32 =a—FNXy hU—7

321 =a—u EF)

Fp =T F—= TDEZDTER>TWVWE=a—F Xy FU—271%, ARDH
BHBEOEZDDRA N =X LEETMUMELNETLVIT) AN THD. =a—FNVFy b
J—rDa=y bOEEER 3.1IZTT. HD2=a2—vUBHELTWAHD=a2—n1
VX Xg D 0D 1 DANETEZITEY, ZOEIAONDESLwW,, ~waZfFML
TiRfizkw s, HAyIXG. DO LIRSS,

d
y=f (Z Wixi) 3.1
i=1

2=y bOHAYIZ, BEHECBEEACANES L ELwORTEANTDHZ L TH
Hah?, EECEKCEe REERHY, =2 —FNVRy P —2IZ3—HRHICY
JEA FEESEDNS. V78 FEBIZEARANICHLTHL 002 1 DEZHAT
BEBTHD. ANERLERORMEXLRLELE, V7EA FEKIIKGB.2D X
IIFRTIENTED.

fx)= (3.2

1 + exp(—gX)
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ﬁﬂwi

w2

W“
= > - y

M38.1 =2—IF /Ry NI—Da=y hOEE
T, RBADGIITA LV EFRT. T4 gk, V7FA FEEOHBROESZH
BT ETHD. VA FERKIZHBOEMRIEREEZTHY, BOOHEDLE
B ThHD. —EOFNOFTCEEIIRDIONEMTTTHY, FEDOBERTEAWE2E
L&E, BEREEZHATHILIICEHL TV LT, BEZEDTVL.

3.2.2 Bifix—EF b

B/ R—t 7 ho it 1957 EICRESNEAA—E T ba 2T ALTHD. ASIE L
BhE, HABD 3BHEL R->TWBEN, ANB»LFHBE~DEAOEIIBEEZH
TWATD, EEMICIZ2BHELRRT I LNTS. B \—t7 o oEELXH
3.21TRY. B t—t b s CEED2=y FEERIME TS T ROZRE
TAHALERDHY, ODELFBIZL>-TEHTS. dRTEDANBD=2=y bx =
[0, %2, X, X1 3B EE, BERPE/—FLLTRT, ZhoZEANZ Mw =
[Wy, W, -, Wy, -+, o | CRATGE R LTIy %R ED. Lo THAYIRREB.ITRY Z LA
T&5.

d
y= f wix; — 6 (8.3)

BRESATAOEFHIL, HAyLEMESEAVTREB.HLERBHIZL-TERSE
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AN (6)

NATFR

X 3.2: Bl \—t 7 ho o

nd.

Wepr = we +1(t —y)x (8.4
Op41 =0+t —y) (3.5

#(3.4) L RBB)DUHIFFHEE AR L, nidF B R L BENZELORHEEZEDDE
BTHY, 0<n<1TH%. B —t7 brrTiEIREB.YEXBHDEFHLLTD
B IR LTI RS, B S—t 7 bo v OFFIXEEOR T ERGEL2HE-TF Tl
DVIEEND. FHOKRTEMET, —ROCEFEESIBE LEZERICGELZLER, &
BAER—FEDEE TR & ZITREEIND.

3.2.3 ZE—EFtuy

B/ A—E 7 hu 3R OE T T ABHETHY, ANB, BhE, HABD 3
Bo#EREns. £E/ 1 —t7 b OBROFIEK 3.3 12T, ZNENDE K
TAH5&a=y MIEETH2=y hOEAZBELTHIOBNHODANERIT LS. 2=
v MIERBLTOANIHIET HEAORNEZHIBHIZELZbDORED=Y
FNoHALRD. BRB/A—EF b LEMAA—ET o OREREWNT 2 RETDH
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—— ZRRE

sl HEES

3.3: Z@/ N\ —t7 bt

N5 FET, B =7 bar TRANBERBNBOERI—EDHELER>TNDHD,
Zf@{—E T br L TRETOERMIMN L TEETEREZITRY. £12, 2B/ —% 7
b TIEE 7 7 ABMNEITRIEDICHABOZ =y MIJ F A TRET 5.
ANEOz=y MUFADERTHILER CICHREL, BhEo=2= v MUIEEDRY &
+T5. ZEA—t 7 b r0FE I, HEfiftEEBICLIREVEEEEL RV AR
TEEEIZ L > TiTAbNS. AERTREEL UTO3BRICHETHZ LR
T&5.
1. HERETIE
BARTETIE, 2ToFEEY L INE—EHNWTAA—7 b r0g/ 7 A—
EOBEHEITFRY. =T, E@TOV L TADFEEEERRDDH. BEAKL LTS
FHEELFAVBEE, 7—Fy MIENE LIz L, FEREZIXB.OTREN
D.

o= %i 3 O - 47 5.0

ZOBEEMBEERWT, RBYLYV =T brrDFERT A Y OEHRET
725 . BEAOBEHEITEERRE,OAREZEH L TEEREnEZ NI LD EER
DEHFERLTS. BERTETIE, 2TCOEBY L ILE—EICAWDY, BRE
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BB OB ENRRERDFENINT A—FHBEHFIND.

dEy

t+1 _ yt _ 95N
wh—n—n (8.7

w

. BEROAERTE

BABTETIE, 2TO¥THI L AU ONWTEEEEORFEHET S, ¥
BY U INVOENEZD EHERBHEMT S Z EBNMEE 5. EHDERETE
X, —o0FBY L IAERNTR—E 7 ar OBRF A—F2 2 BHTIHIEET
HB. FHY T APEITHHAERSEML2WY, =a—F 4Ry NT—7
DEIRREOEZY IV EFERTIRUFBIIH L TED TH S . RHDERE
THEOBRERKE, IXGB.10LVELNS.

1 c
Ey = ERZI@" —t)? (3.8

BEHROEFRIY, RABETHRLARICRERRE, 0ARELHH L TEFERHnE »
FrbDE2ELOEHFRELETD. &ERT7A—FOEHFREFRGB.IDTREND.

3E,

- T]W (39)

wttl =yt

=Ny FERE
=Ny FEBE, 1ECEEOFEE Y TV ERWTER TR IFETHS.
=Ny FEFER, BROFGERTEL TR T A—F ORHEREZEIRT S

1 0

- —

TEMNTEETHY, BABRTIELE_RTHERZEHIBTESZ A v MEHD. Ny
FY A XEME L= b &, FFBEREE,LIING.12), /157 A —F OEFAITA(3.13)
DB,

M c
1
Ey= 5 Z Z(}’k —t)? (3.10)
m=1k=1
witl = wt OEy (8.11)
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N—t 7 barO¥EFTIE, FEREZAVWTERBOEABLIUVAA TRADEFE
ERDD. COEFEE RO D FEL L TRESRIBELAVSD. BEYGEEEOT L
Y XAEFLUTOL SRS, HHOIZ, ANIRT bAZIEREEL, BhEBLHAHEOH
HNERDD. KRIZ, ROHEH L HEMETLLBREERDD. 2L T, BHLEBE.
HENTA—ZOEHEEZRD, AEBRTHREMEICL>TERTA—FE2EFHTS.
R—E 7 ba AN ENDHERTEEn, BT D7 72 EEmET5. AJBD
2=y bzx, BhED2=y bz, HABDa=y My, BEiES2t &L, Bh
&L MO OB 1XY VA FEEEERTS. /-, AJIBLBNUBOES
Zwy, BUBLHABOER 2wy T3, &I, BRUBD/A T R%6;, HARBD
NRAT REy L L&, BRED=2=y bOAIZXEB.6), HABD=2=y bOHA
IXE.DER2B.

d
Z; = f( Wi;Xi + 0]) (312)
i=1

=1 (Z Wjrzj + Yk) (8.13)
=

SEIOHITIE, ERHARBRTEIC L2 TERT A X OEH 1T 5. REBRKE, T,
#£B.10&L 0, RB.1OD LI cKEND. T, REBFEOH Ay I X B8 mE, X
B.1ND & 5 i HABIZRIT DEENE Bt & DREBES, TRINS.

Ok — te)? (3.14)

M-

1
= Ek-'l

9E,
—= —t
EI O = te) (3.15)

= 0

HiIB & BB DRRIEBEIKE, O BEVE, 3 1%, HABOZ=y by ONEHRT v &
/V;&pk = Zk ijZj + Yk c‘: LT, ﬁﬁﬁwi@ﬁﬂia&; (9 it(3.18)o)at '5 ‘:Eky)é Z & 73)5‘—6‘
5.
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3E,
aij
_ aEn . ayk

Oyr Owjy (3.16)
_OEn 0y Opx

Oyx Opr Owy
=0k Vi (L =) z

VE‘njk =

72, BRE»OANBOBREDAEVE,; b, FIRICERS OESERZAVTR
(319D LS ITRDBZZENTES.

9E,
VEnij=m
6En aZj 6p]
aZj ap, aw,-j
0E, dyy dp, 9z dp;

Oyx Opy 0z; Opy 0w

=(zak°YI('(1-}'k)'wjk)°zj'(1—zj)'xi
%

8.17

Z1LT, £B.18) ¢ RBIDZAVWTEBEID/NRT A—ZDEHN %, HERHAEKET
BICE - TEREHT5. HABLBIBOEAODEHNIZ, REB.IDIKKG.18)%2KAT
5287, RBADEHIITKHOND. FlAATROBEHFRIX, R@B2DD L5

A,

Whe =W =108y (1 =¥ - 2 (3.18)
YE=Ye =16k Y (1= ¥i) (3.19)

BEIZ LT, BREBLEAABOEAR L AL T ZAOEHAITH(3.22) ¢ K(3.23)D L H I
RDOLND.

witj=Witj_n-(zsk-yk'(l—yk)'Vij)'Zj'(l—Zj)'xi (320)
k

9}.‘ = 9]-‘ -7 (Z O Vi (=) wjk) -zj-(1- z,-) (3.21)
K
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Ex-1
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% 3.4: CNN QA DL

L@ N—t T h e OFB TR, HEATA—FOEBEETOFEEY IR LT
9. FLT, RETOEZY U TNVICHLTENRTA—FERBHLI-L &, FEOKRT
FHEEIEZ LTV AEAIIIEREZKET L, M-S RWERIZIETONEEY T
DFEBEITD.

3.3 Convolutional Neural Network

Convolutional Neural Network (CNN)IZ, @/ N—t 7 brrO—>T, MOBER
BROEEFE L ED =2 —F Ry FT—2Thsb. CNNIL, #HORNEL A
BELTEBRAARL T 7 ONEEEYIR LTI ZEIZL - T, HFEEL BB/
B5dT5. ROEBA—E7 o T, SBEITEAREHELTWSZD, Bh
BAREZ S5 EBREORARPIEMLTCLEI EWHIMELH LS. ZOREICH LT, CNN
THa=y FEOFEEEZRATNICREL, BROHEESZEICT L Z LT, BEORNEMN
HOBEICLFEBETRI L EFMEIILTND.

CNN D811, #ifift& 2B 2a1HE L, REVREEE BV AEME T REkE
THEET 5. 3.4 CNN OLEOFiN AT, CNN ORI L BE S
ONE2=y FEBELTITRDNDS. 2=y FOAHAL, FEE~y 7 LHETND
BEMKOZRTER LS. T, ANBEBIZH L TERT 4 V7 OEHFAHNMEZAT
W, BEE~ >y 7L LTHATS. RIS, HhShicHEE~ vy 72 AhELTT—U
v THEEITWD, -G SR~y 7TEES. ZOAEBEBRYIRTZ LIZL > TREE
FHBAERT S, AWNTEWVE TR v VOB EOBEMA A — YRl Eh, £hb
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BEBABET—Y T EBVRTZETHRERALIE LD LT oh, BPWR EDOHE
HTHZLRFRENEREND. RRICF/ONHERE~ vy 72 A L LTHEIEIZ
ABL, BAEITRS.

3.3.1 BHALE

BAARB T, ANEBREIIFE~y I L TEATANVEZ EORREE LD,
HATANIERTA FEETHRYVIBLEHRALEZITR D Z L TEEOBE~y 7%
HAT3. 74 N0ZDERT, BESGREEICL 2 AEETERELEIC L > TEBBIC
FEEND. BHRASBIIRBNWC, BRLEELT A VDY A X T Ehn, X ny,
ny Xn,& Lzl &, HASNDHE~y 7D A X'y, n',iTRGB.22)D & D225,

n'y = ny —2[ny /2]
W, =, - 2ny/2] (3.22)

70, BRARBTEED 7 ANV F2ERTBZLICE > TANEBD S F X E R
XD ENEEEL 2B,

332 -V /B
T—Y 7R, BHALBOERICEIN, AhShiBEE~ Yy 7O/
HEZHA L THZRBEE~ y TICERT OB EITRS. =Y U T%T2 5B
X=obh5. T, SV Ak oTa=y MEMBIBEN 2%, RET /37 A
—FRHIBTHENTES. £, HEH/MEBIOINEEZHNTE720, BBRO LD
PEBTT AN DIREREN ST LW ERE—BETH L T, BRNCEN S
OB BEICHT IINEDEBHEE B LN TE S, 77—V Vv 7OHIIES
RALBOBELTWVWA2Xx22=y MZOWTHITARS. 77—V v 7ABORNOFH %X
851y, =V U ABIZIILLTD 3BERHD.
1. &K=V 7
BXT—V v 7i3/MESE(p, q) € PyRD =y NOH Ay, PEKEZHATET
—YV I ThD. ‘AT I DHATE, RE2IPERHDILBTE B,

¥ = 03X Yeq (3.23)



Lo
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133 | 241 241 158

69 189 208 114 151 105

wRT—UYT EHT-UoT
203 208 | 108 130

170
186 7 71 114
172 107
ARy S
LpF =125 (p=2)

3.5: 7— U » FHLEODHH

RS 7
EHT—Y o TN EEP ;N D2 =y O Ay, OFEEZHATET =Y 7
Thd. FHT—V 7OHAT, X, RNB2)0HRDDZERTES.

~ 1
yuzm Z Ypq (3.24)
U1 (p.a)epry;

Lp 7—0 &

Lp 7=V V7%, BRT—V 7T =Y T2 FHMREETHY, /IME
WP ;ND =y FOpREHRELHAITET =V 7 ThHD. fixidp=20L &
RORTVHESHASRS. Lp 7—U Y7 OlAyE, RB.25)TRAIND.

. 1
7=\ 2:}& (3.25)
| Ul (p.q)EPy;

TV o TRBIZE > THAEN I HFEE~ v 7OV A XFXB.200D L DR 5.

' =/ 2 Gae
n'y =mn,/2 3
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3.3.3 4
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Abstract In recent years, studies of extracting meta-data from comic images has been focused on for query and search
application of e-comics. In this paper, we propose to apply Deformable Part Model, which is a detection method using parts
placement of an object, to detect character’ faces in comic images.
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ABSTRACT

Comic images include several kinds of picture
elements, such as lines, dots, characters and sound
effects. Therefore, they form quite complex structure
compared with natural images. We have been trying to
improve the convenience of e-comics by retrieving
metadata elements, such as names of characters and
positions of the characters. To extract characters from
comic images, a method detecting characters’ face
using the Histograms of Oriented Gradients (HOG)
features and discriminating them has been proposed.
However, this method does not provide stable face
detection. In this paper, Deformable Part Model
(DMP), which is originally proposed to detect natural
objects, is applied to comic images in order to improve
accuracy of face detection. As a consequence, it is
turned out that we can obtain 85.5 % detection rate for
unknown images. Thus, DPM can be regarded an
effective method to detect objects in comic images.

1. INTRODUCTION

According to a survey in 2011, sales of e-comics
accounted for 81.7% of the e-book market [1]. It
shows that e-comics have an important presence while
the e-book market is expected to grow in the future.

In archived comic images, it is possible to provide
more convenient services by providing metadata such
as character names, and balloons and panel layout.
For example, such services can be considered to
change the image size to fit the screen of a terminal, to
search target images from archived data based on the
information of characters or particular scenes.

Currently, several approaches have been proposed
for the extraction of the balloon and panel layout with
high accuracy [2] [3].

On the other hand, to extract the characters, a
method for detecting a face area of the characters
using HOG features [4] and SVM have been proposed
[5] [6]. Also, in this method, it is suggested that by
limiting the iris portion of the face subjected to

detection, it is possible to improve the accuracy of
detection. However, the false positive rate is quite high,
and does not provide stable detection.

In this paper, we apply Deformable Part Model,
which is originally proposed to detect objects for a
natural image, to comic images. Through the
experiment of face detection to comic images, highly
accurate detection rate can be obtained.

2. DETECTION METHOD
2.1 Histograms of Oriented Gradients (HOG)

Most of the comic images are painted by lines,
which is basically binary representation. Comparing
with a natural image, a comic image contains a lot of
edge components. At the edge, the change of the
intensity is large and at the flat area, the change of the
intensity is small. Basically, HOG features use the
information about the edge direction. Therefore, it is
regarded to be a desired feature descriptor for comic
images. HOG features can be calculated by the
following procedure.

1. Gradient direction and gradient strength are
calculated from the intensity of each pixel in the
image. Next, the gradient direction is quantized to
9 discrete directions. Namely, separated into each
20° range of up to 160° from 0°.

2. The local area is split into cells, where each cells
consists of 8x8 pixels.

3. In each cell area, create a gradient direction
histogram of intensity. Then, obtain 9 dimensional
vector.

4. The 2x2 cells are regarded as one block. To each
block, normalization is performed by combining
the vectors of the cells. The feature vector that is
finally obtained is composed of multi-dimensional
vector from the vectors of all blocks.



Fig. 3 Positive samples of learning images.
(Frames represent points specified in the bounding

2.2 Deformable Part Model (DPM)

Deformable Part Model (DPM) is a method of object
detection proposed by Felzenszalb et al. [7] [8]. This
method expresses the object model as a set of parts,
and evaluates it by the validity of each part and
relative position relationship thereof. In the
conventional method, part locations of the object are
fixed. However, the part location is variable in DPM,
and it is possible to respond to pose changes of the
object. The score of detection window is calculated
from the next equation.

score = Yo Fi- p(H p) — Bit, di - p(dx;, dy) + b (1)

In the first term of Eq. (1), it calculates the score of
filters. The detection model of DPM is constructed
form one route filter, which captures the entire image
of object, and n-part filters, which capture several
parts of the object. First, the score of the route filter is
calculated form the inner product of route filter (Fy)
and HOG feature map of the image (¢ (H, py)). Second,
scores of part filters are calculated form the inner
product of part filters (F;~F),) and HOG feature map
at the twice higher resolution (¢ (H,py)~¢(H, p,)).

In the second term of Eq. (1), it calculates the
distortion of each part placement. Then, ¢(dx;,dy;)
suggests relative positions of the route filter and part
filters, and d; is distortion parameter.

By training, DPM sets the value of F; and d;,
and it creates object detector. Detection by the DPM
has been applied to various natural objects so far.
However, detection results by DPM to objects
represented by line drawings, such as the comic
images, have not yet been shown. Therefore, we try to
apply DPM to comic images, and check the
performance of this approach through the experiment

box as face areas.)
/2
T

f

Fig. 4 Negative samples of learning images.
(Does not include the face area that defined in
positive samples.)

described in the next section.
3. FACE DETECTION

By giving the training data in DPM, we create a
detector for the face area of the comic image. We also
create a detector by HOG features and SVM. Two
detectors are used to detect face area from comic
images, and these performances are compared. In this
experiment, we used the algorithm in the reference [9]
for the learning model of DPM and detection.

Comic images, used in this experiment, are 26
pages, size of 1342 x 1877 pixels. We use 9 of these as
a training sample. Face areas, which should be
detected and learned, are assumed to satisfy the three
conditions below.

1. Both eyes are included.
2. Size is 60%60 pixel or more.
3. Area from the top of eyes to chin is included.

Fig. 1 shows the example images of face area
assumed by above conditions. Fig. 2 shows the
example images of non-face area.

Positive samples, specifying the face areas, are
taken and shown by bounding box from the learning
image. Fig 3 shows the example of positive samples.



Negative samples are those to cut out a region that
does not include the face area from learning images.
Fig 4 shows the example of negative samples. As a
result, positive samples are 28 locations in 9 images,
and negative samples are 114 sheets of images.

4. RESULT

Fig. 5 shows the detection model of the face region
generated by DPM after learning. From these figures,
relative locations can be seen. Further, Fig. 6 shows an
example image of the result of performing the
detection of the face area from a comic image using
two detectors. Table 1 shows the result of performing
detection from known and unknown images using the
two detectors. From the experiment, it is turned out
that DPM greatly outperforms HOG from 17.4% to
61.3%.

Fig. 5 Face detection model generated by DPM.
(A) HOG features of root filter. (B) HOG features of
part filters. (C) Location of part filters.

Table. 1 Results of face detection from known and
unknown images with DPM and HOG.

Known images Unknown images
precision  recall F-measure | precision  recall  F-measure
DPM 92.9% 100% 96.3% 85.5% 100% 92.2%
HOG 75.0% 82.6% 78.6% 32.7% 38.7% 35.4%

Fig. 6 (A) Result of face detection with DPM. (B) Result with HOG from same
image. (Frames suggest detected area as character’s face).



5. CONCLUSION

In this study, we have tried to improve the detection
accuracy of the character’s face area in comic images
by using the DPM. The experimental results showed
that the DPM improves both precision and recall for
unknown images compared with the method that uses
HOG only. Therefore, we could conclude that DPM is
valid for detecting objects in comic images.

On the other hand, DPM could not detect radically
distorted face images as shown in Fig. 7 It seems
difficult to detect all of such images by using only
DPM. To solve this problem, combination of DPM and
some other features such as texture pattern may be
effective.
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and R-CNN. As a result, the detection rate is converged by about 140 positive samples.
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