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Facial Expression Classification of Characters
in Comics Using Deep Learning

Yuicut Hiror*>?)  Yura Itou'© Yurta Sucrurald  Makr SugimoTol:®

Abstract: Painting style of comics differs by the author. Therefore, robust classification of facial expression
of comic characters in regard to the differences in the style, is expected to be used to analyse content or
support drawing of comics. In this paper, we propose an approach using deep learning for facial expression
classification of human characters in comics, which is robust to the style of painting. We conducted exper-
iments to measure the recognition accuracy and the result showed that our proposed method was able to
recognize more accurately compared to the conventional method.
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2. BEEMRE

2.1 BRFEEICLZTVHICE TS AMOHI

RUHTEITNYOBAMEITOMEL LT, Ao
L 5EH AN EWAT 05 (1] Kb, ZOWMETIE,
TE 45 D Je Fft RIS 35 1 B MR 0D ) B 5 1) O 43 A DAL A
HETH 5 HOG(Histograms of Oriented Gradients) Fif
B[2] LHidH 0 FHEMNDE AR —VR#FEDO1 DT
» % SVM(Support Vector Machine) % i\ TREE D %5
Nz ge U, o¥s \YoBEGgE2# o RE7-7—
Ry NEAWTHENZT>TWD., S IX~ > Ak
5 O EFEMRL A 175 BF% (3] 2 U < HOG KR &
AWTIFoTWa. LHL, ZOMETIEY Y HOHED
BN & o THRIERERIZRE S ELAINT WS,

2.2 ERFHEICL 2 ABOXREHS

R Z WS Z 212 & > TAMDEE 254 5
ZEeMNTES. Valstar S IX AR DH Z K UBTLEE %17
52 LIZkoT, HEDRATEEIZ BT 2 HEE D 544D
ALHETH S LBP(Local Binary Pattern) R 2 fw
TAMOREHBIZIT>oTWD [4. D &S RE G
BEAWREREIE, AHOEEEGIZT L TIXED R
FETHD L VR DD, HEDEVRHEIND HEFIZ &
DEROED < > AIZBT 2 AN U TIRE AL W
EEZLHND.

23 TA—T v T ERVERER

TA—TI—= VT ENDZ T, HBIZREE
HUBGENETS ZeNWTES. T4 —T7—=V7
FAEGFHNICBVWTEWERERT 2y b T — 7 &
D—2% LT Lin 5 ® Network In Network(NIN)[5] %35
%. NIN Tl&, =z EA_RAB=2—FIV Ly FT—
2 (Convolutional Neural Network:CNN) {231} 25 & HiA
AJEDWMAZLE - T hu 2 iiE L7z S D.
7z, NIN Tl&, @H% CNN THAEORNIZKES 52
FEEEOMRDYIZ, KIEEHT—Y >~ 7 (Global Average
Pooling) @ % fidiE L T\ 5. NIN % H\W 72 B&E#T Ik
CIFAR-10 % CIFAR-100 EDEET — X v MZDWT
HVEAREZRL TV 5.

24 TA4—TS—ZVIERWAYMORERD
FA—=T5—= v EAWEZIZL > TABDORE %
AT B ENTESL. Yubld s DDEAAAE -3 DD
T=V VI3 O0D&KEEEE 57~ CNNILLKDT 1 —
TI—= v EHAWT, HERX—-ZATHERLE LU 7RG
DA EIT>TWS [6]. FEHRELT, KXo TIESD
EWEH BN, BET S EFEEDORE CERIGHMNETREE L
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FA—=T5—= v TRV Z LT, EEREEEZHV
5 &0 EFERMEOEAITR U CGHBIZEBNATE B Z 2 A3
Hiffansd., 22T, AETEHT A —FI—=V T %H
W, EEDENT U THEEEZ, v HICBT3 AD
FEHN TS L2 HIEE T 5.

3. EE

3.1 7—9ty FDER
AREIZENTIE, YU HEAF Y 2 ULl sEHz
PIhHiL, £EITNNVEEORS ZETEEBLTTA R
WCHWS T =2ty hEERLEZ. AF vy L3 AT
136 2DETIEED R LR (A: 28G5 Y - Bl —
Ty AY - CFal—R— DT TV IV Y v I
AU B Ry Y avii-FLke Vo) 2V, RiET
OV DR D 4317 1% Ekman & DI 5 [7] AR DEEAR 7%
6 KIHIZ Neutral Z Ml A7z, Angry(#& D) - Disgust (@) -
Fear(7#fi) - Happy(¥4&) * Neutral(F13Z) + Sad(EL &) -
Surprise( &) O 7T REIZTITo72. £/, KT —XEv
FMEEIZ B W TR A OREEP IREE % 201 TV 5 AR
U7z, fER U727 — &2y MZBIT 2EEEROBEDON
Re£1ITRT.

K1 ERUEZX VA OBRGT — 22y s ONR

o #fH Angry | Disgust | Fear | Happy | Neutral | Sad | Surprise | Total
i
A 98 188 142 632 1170 202 320 2752
B 134 120 240 96 1384 70 38 2082
] 38 244 64 100 118 14 38 616
D 146 72 176 102 574 108 128 1306
E 156 346 144 216 864 202 294 2222
F 60 52 120 110 180 44 88 654
Total 632 1022 886 1256 4290 640 906 9632

3.2 Ry bhT—U#E

AIFETIE, FEHRCBINCHNE 2y v =22 LT
23 CRUZNIN 2HW5. £/, 7=V rvr7oFike L
T max pooling, {GME(LEI%E U T Relu[8] Z W, + v
b7 — 2 DiEFE % < FHETH B DropOut[9] DEIE I
0.5 LTW5.

3.3 ABhEdA

RO GE AL, T4 —7F7—=vT72HNWT
FEEHIL, BEI_VERNTE. ZOK, 28 &
OCFAMIHWSE T =2ty hOMEEEZ TERET-
7o, EBROFEMIT 4 TRRETS.

4. =EE&

RETIEE AW REHINZ DWW THIE T EER % 47 -
7=, 72, HEEFHEL LT HOG Ff#iE L SVM 2 W=
FHEIZE > CTHBRDOERZ 1T o 7=,
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4.1 7XRETOFHA

EERDT— 22 FEB LT AN T —XICHWT, 7%
FECOMAKEEZFTMMEL 72, 7 RIETOHINZHNZT —
Rty N OFMER2IZRT.

*® 2 TEREOHUNTOT—Xty MK

#IE 7 ~v Angry/Disgust/Fear/Happy/Neutral/Sad /Surprise
T2 #F ~)LifY 400 1
TAMT— 25 # 7 SOV 120

RETES SO TFEIZBITS 7T RIETOHAKEE 2
#7 Confusion Matrix 2 TN 1 B XX 2 1ZRT.

AR

Angry | Disgust Fear Happy | Neutral Sad Surprise

Angry 92.86% 1.59% 3.97% 0.00% 0.79% 0.79% 0.00%

Disgust | 21.74% | 2.61% | 16.52% | 2.61% 8.70% | 42.61% | 5.22%

Fear 3.42% 3.42% 82.88% 0.00% 3.42% 2.74% 4.11%

it

Happy 8.22% 0.00% 6.85% | kv 6.16% | 10.27% | 2.74%

Neutral 5.56% 0.00% 8.33% 6.25% | 53.47% | 19.44% | 6.94%
Sad 2.07% 0.69% 2.07% 0.00% 0.69% PEEWENE 0.69%
Surprise | 9.91% 0.90% | 26.13% | 0.00% | 18.92% | 18.92% | 25.23%

B 1 7 RECOHFNEE  REFE

AR

Angry Disgust Fear Happy | Neutral Sad Surprise

Angry | 22.22% | 12.70% | 34.92% | 3.17% | 11.90% | 2.38% | 12.70%

Disgust | 10.32% | 0.79% 3.17% | 15.87% | 19.05% | 18.25% | 32.54%

Fear 12.31% | 9.23% | 47.69% | 6.92% 6.15% 2.31% | 15.38%

Happy 5.65% 0.00% 3.23% | 45.97% | 5.65% 6.45% | 33.06%

Neutral | 6.25% 0.00% 2.34% | 21.09% | 35.94% | 7.03% | 27.34%

Sad 12.60% | 8.66% | 22.83% | 12.60% | 8.66% | 14.96% | 19.69%

Surprise | 7.87% | 10.24% | 28.35% | 8.66% 3.94% 4.72% | 36.22%

K 2 7XEFCTOHIEER  HOG+SVM

7TRIETOHEATIE, REFEIZEWT Angry - Fear -
Sad D 3 FIF 2B WT 80%LA L DKL Tl 23T & 7=,
Happy & & O Neutral (Z 5\ Tld 50%F2E DB E &
IRotzh, DG L DERIEZ > TWHEISIRET
20%FEETH S, — T, Disgust I & Surprise 125 W
TIFHIBE L SORETH S L FllcNZHEDS
PEWVE WS EER 572, Disgust Tld Sad &, Surprise
TlX Fear - Neutral - Sad & E BN/ LI o TW5b. Z
DFEEE LT, T—%ty hDIERKIZFEH TS LD
WD D EATo MR CRE 2RI T 5 2 LW E
ThHo7-ZehEZONS.

HEgEFRCB VT, TRIGICBT2@AKEE 2T
50% A TH D, Surprise AN DRTORMEIZE NTRE
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FEIDBENMEL R>TWS, IIAT, HEFETIRY
DFRIFIZH L TH Surprise £ 721% Fear & DRFEIDFZ D
PITWZERND.

o, TREIIBII AR EEER, BROEH2-
7= Disgust $ & UF Surprise %R\ 7z 5 R I B W TRIKIC
NG E O &2 4T 5 7=

4.2 5 KIFETOHB

EEMOT =R EERB LT AN TF—RIZAWT, 55
FECOMAKEZFTMM L 72, 5 RIFTOHINCH N T —
Xty b OFMER 3 ITRT.

x 3 5 XBOBITOT—&t v MERL

G5~ Angry/Fear/Happy/Neutral/Sad
LT, %5 LY 500 14
FANF— 28 #F ALY 150 1

BRFEP LUHBFRIZBIT 5 5 XETORAEE %
#79 Confusion Matrix 2 ZNZNX 3 B LUK 4 1257

HAlRER
Angry Fear Happy | Neutral Sad
Angry [EEEEPS 0.00% | 0.00% | 0.65% | 0.00%
= Fear 0.63% PEEEFS 0.00% | 0.00% | 0.00%
&
Happy | 3.80% | 5.70% 0| 4.43% | 13.29%
Neutral | 2.60% | 6.49% | 3.25% 26.62%
Sad 0.00% | 0.63% | 0.63% | 0.00%
3 5 RIETOMBIFER : I-REFIE
HBIRER
Angry Fear Happy | Neutral Sad
Angry | 27.27% | 36.36% | 9.74% | 20.13% | 6.49%
= Fear 8.86% | 46.20% | 22.15% | 18.99% | 3.80%
=
&
Happy | 10.83% | 3.18% 10.19% | 12.10%
Neutral | 2.61% 1.31% | 27.45% 9.15%
Sad 10.19% | 28.66% | 31.21% | 17.20% | 12.74%

K 4 5 XKEFTOHAKER : HOG+SVM

5 XIETOFMTI, REFHEIIBVWTETORKEILE
WCHRBIREEE DY 60% LA B2 2o 7=, £z, 7 RGO
Rz L, 5 RIFIZEWTIE Happy 8 & U Neutral %
LU TETORBIZEWTHRIEER M EL TV
3. I, B 2 RIBICERT 3 EE RS N7
HTHBLEZLND.

HEBFEIZBWTE, 5 RETBVWTHETOREILS
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WA IR IRE TR LD B EWVEE > TH Y, [
ZMDERE L DRASRETFIRIZHERTRI D PTVWI &
Nond.

AEEREEZ, 2FEMOT—2%2FBBX T AT —
ZIZHWZHAZBWT, TREB LU 5 REOVWTHIZ
BVWTHREFIEO AP HIKRFIE L O b @R E TO@MN A
ARETH B L VR 5.

4.3 REFOERIZHNT 2 FKIEHD

AERDT — R %8 - 2D T — X% T A MIHW
TREMGEZITV, 5 RETOMBIKEE %25 L7z, 7B
DOHEIFRADE DI 7=,

& 4 RPAOHEAMDHHTOT — X2y MK
7~ Angry/Fear /Happy/Neutral/Sad
T — RN @® ACEF @ ABDF ® BCDE
T A LT = ZAT N ® BD @ CE ® AF

REFEBLICHEBEFERICBIT S 5 RETOHRANIEE 2
#79 Confusion Matrix 2 ZNZNX 5 B LXK 6 2R

HAIFER

Angry Fear Happy | Neutral Sad

Angry | 46.92 | 22.97% | 11.10% | 5.07% | 13.94%

Fear | 31.00% | 38.47% | 12.54% | 5.89% | 12.11%

@him

Happy | 17.55% | 10.39% | 38.28% | 16.19% | 17.59%

Neutral | 11.30% | 5.11% | 9.06% 23.66%

Sad 16.89% | 13.27% | 9.77% | 25.01% | 35.06%

5 RFEBOHRD 5 &N TOHWAIRER « RETF&

TRl

Angry Fear Happy | Neutral Sad

Angry | 33.50% | 16.82% | 6.03% | 4.02% | 39.62%

Fear | 24.32% |21.78% | 11.53% | 8.15% | 34.23%

A

Happy | 20.50% | 14.72% | 23.66% | 16.52% | 24.60%

Neutral | 21.47% | 21.29% | 14.59% | 13.47% | 29.17%

Sad 20.47% | 18.49% | 8.69% | 2.97% | 49.39%

M6 KFHOHEED 5 KETOHEKER : HOG+SVM

FFEHOHEED 5 RETOFATI, 2IEHOT—X2%
FEBIVT AN T —RIZHAWEE EHIEEDE» - 72
5 RIFIZBWTIE, BEFEIZE VT 30~50%F%E DKE
THANNTEZ., 512, ETORBIZBWTIELWERE
FPHIL7-EE1E, oRNEE2 FHILZEE LD @ o7z,
Ur U, REZ Angry & Neutral BAAAOD 3 RIFIZE W TidAMh
DEEL DRFASEI DT VI NSNS,
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—7, HRFEIZBVTIE, FHIEHBRED Angry 5
Sad (Zf@->TCTH Y, Sad MDD 4 RIEICBWTIEL WRIE
EPRUZEED, MoREEZFRLZEEL D HE-
7. HFEIZB W TR FEEFE A DREE % K% O i fE
DT —=RIZBTBHNOBIZRANCHHTE T VAN
ENEFEZLND.

REBDT—RIZBITEHANENT, BEFIEDHH
HIFiE L 0 & R ETOMRBDTEETH - 7208, T DK
TR EAOEBUI ST 5 L0 HEFEL KT L.

5. fEwmESEDORE

AWFETIE, T4 —TF 53—V 7 2AVT, ZHEAD
FES L OREHOERD Y > FIZE LT, A&
MZELT o7z, WAEE R % 17 - 726558, FEHFEAD
HES X ORFEHOWEDOW HFIZBEWTHEFIELD &5
WEECHENNTETH B Z 2R L. RYEEOEET
DHERANTBE U TIEF B A& D T8 JE IS EL A T 3R BIDR E AYE
Motzhl, SHBIILVEDEADIENEELTF—XX Y
MIMATERZTS e THEZ2RMELTW Z 2530
BTHELEIOLHND.

SR A D —ERIZ JSPS Bl BB 4 16H05870
DO ZEZ T -EDTH 5.
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