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Analysis of facial expression recognition
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Abstract

Effective interaction between user and device is considered an important ability of IoT devices. For some
applications, it is necessary to recognize human facial expressions in real time and make accurate judgments
in order to respond to situations correctly. Therefore, many researches on facial image analysis have been
preceded in order to construct a more accurate and faster recognition system. In this study, we constructed
an automatic recognition system for facial expressions through two steps - a facial recognition step and a
classification step. We compared various models with different sets of data with pixel information, landmark
coordinates, Euclidean distances among landmark points, and arctangent angles. We found a fast and
efficient prediction model with only 30 principal components of face landmark information. We applied
several prediction models, that included linear discriminant analysis (LDA), random forests, support vector
machine (SVM), and bagging; consequently, an SVM model gives the best result. The LDA model gives the
second best prediction accuracy but it can fit and predict data faster than SVM and other methods. Finally,
we compared our method to Microsoft Azure Emotion API and Convolution Neural Network (CNN). Our
method gives a very competitive result.
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Figure 2.1. Facial expression recognition algorithm.
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Figure 2.2. Haar features; (left) Edge feature, (middle) Line feature, (right) Center surrounded feature and special
diagonal line feature.
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Figure 2.3. Haar features example for face detection.
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2.1.1. Haar cascade Viola2} Jonesoll &3 #]2 AIA]H Haar cascade (Viola2} Jones, 2001) 7]
wl e ol4] ololt]o]= A Haar features®] AR} cascade algorithm® 3oz FAIHT) Haar
feature® TS QJu]of| A Figure 2.29} 22 dlo|E| ] 21248 o & (rectangular pattern)o|2tal & 4=
et
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o =R AREE A= YA F(threshold) & 7 sith. o 192 gzl Haar
feature & &-83h= o Alo|Th
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A5 = A%l YFS & 5 AUk webA, Figure 2.3 72| on A} Zo] edge features 283t
£ Zlo] Agsitt 3, gudos o v BdEY T 2H AUHCE ofFA BAEHEERE
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719} 2 FS] Haar feature®} 1ol w2 YAX 59 s o838 At d2 F9E S5A1t
a2 AA e|m AN 3 27| Al thdet TF4 2719 Haar featureE 25 1 #{shes 212 vl
< vjEgA ot} webA, Adaboost®} Cascade algorithm 52 % 3}9] training dataolA] =A<
& FESE 249 Haar featwre 3 AAAE 33, Q2] AT 7hsAo] £ Ao AT BABHE

4 darggo] a9k ATk (Violagk Jones, 2004).

18Z (Viola2} Jones, 2004)2 o]&3to] dF ZAAE &RV Ysire $EHL o|uz|E0]
& ojof st} E Ao Python(https://www.python.org/, Python 3.6.0 version) API?I
OpenCV-Python gto] X2 2] (http://sourceforge.net/projects/opencvlibrary/) (Bradski2} Kaehler,
2008)& ©]83tRomH, cascade”|¥toz wlg] d5EH AW I o o]E (Haarcascade_frontalface_de
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Figure 2.4. Face landmark.

fault.xml) (Steven Puttemans, 2013)& Al-gito} Jd =& A]E3ch

2.1.2. Face landmark  o|u]Ao|A Al Qo] Jode e Foj: ¥HL PRI 4 IE
= Q2o T4 2452 Folof BTk B ATAE 687)9 Acniaz Az PxE HolHI
S WPES A8tk o) WS ol83HH Figwe 249} Zo] 74 9T 54 ZAES AAG

o o]

% LuEEe B AR, AR olnAdA 5D 68/l A=vaE 2L 4 Ik
o] Fdo]: Pythond} dlib (King, 2009) o]Eeje]S o] 831913, 68709 o] sh5H =mal
< (shape_predictor_68 face_landmarks.dat)& Th&9to} ARSI o] d&F T4 84 AE7|=
§ 2571, o|uA 2= (image pyramid) 2 Lehold AES 7 A (sliding window detec-
tion scheme)®} ZA3HE histogram of oriented gradients (HOG) 71%5& ARE3le] et ol&
Kazemi®} Sullivan (2014) =& 7|9sl9iTh.
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Aeuka FHx FH) Al 4E FEE WA AR A% F 30719 PCE FEJthe XpolHe]
k. webd, 2kg5E 2kgde] vE) W) st 207 Ak 2k856+ AAE59) o] M=vka HE
AR} AL Zte ARE 7 AR BASlY & 30709 PCE &80y JAHRE A8 ¢
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Table 2.1. Structure of data

A5 A5 A HaE AA Nd A g
A Raw 1296
281 1296 Aenaxx X 0
AR L= X 0
=4 X 0
252 204 ERSRe e Raw 102
Ag = Raw 102
A Raw 1296
273 1500 EIRSR I Ed Raw 102
A= Raw 102
A PCA 50
2424 100 EIRSR B PCA 20
Azt e PCA 30
A PCA 50
285 80 _
AonaRAE & AYd=E PCA 30
oA X 0
28
F=6 30 AculaRE & A s PCA 30
A HE A E
427 Al i) PCA 21(H 4 )
P=ntaFAE & Agds Raw 20(H A=)
oA X
PAT 20 o 0
A=npaAE & ART=E Raw 2004 A =)
=4 X 0
289 18 _
AonaRE & AgdE PCA 18( A )
28 7-9% R 37]A] klaR (Weihs 5, 2005)9] stepclassZrgrol] o] WM4Es AHsle] LAS A5 o
o}, LA stepwise selection©Z A3P3FR o LDARFH L] FE=7} 0.01% o]3tz 7AE ™ A
S FASE BAYRAAE 1,206709] HAo] PCAS A §33te] 21709 W7k 4959
t}. W=upm FRAA= AR, AL 45 E EF 289 g A5 E THE HEE HEAE o 20719
Wt MElE 9, olo] PCAS AR3IYS uf: 18709 Wyt A= et Ha4iMe Axtof what
ART7-92 tf23} Zo] FAGRTE A8T7S PCAE A3 dAARS} sleula AR RE Zhz A
O W4E EIOE W A 8S BAARE A AEHA ow AEvha R A9 W
SEVS TPHATE Uobrh AR 9)AE AEEH R POAS HE3to] A 187 A5ehe
o1 g-tsith
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3.1. 24 Xz EH

H Ao = ddolH oldelga ZE 9 Kaggle(https://www.kaggle.com/)2] Challenges in
Representation Learining: Facial Expression Recognition Challenge A}E (Goodfellow 5, 2013)&
Ak AR HolEt Ateke] A2 e 48+48 77]9] 8-bit S o] v] R o]n, 2t o] u] A
o] #AS vl 77HA HE 2hE(F 33,2087 oln|A))S 2@EkA k. £ =F)AE P.Ekman
(Ekman, 1992)¢] 67}7] 7] 274 & 2 Ad75H o] & 47k 718 23 3, A5 €5, TH(F
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18,2457)) o] u] x| WS ARE-3AT) (Saatci®} Town, 2006).
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Table 3.1. Number of images in each step

Data step Angry Happy Sad Neutral Total
Kaggle A& = dlo]E] (47]2Hd) 3,245 6,977 3,418 4,605 18,245
Z5oluz], epERAI} A A & 2,812 6,521 2,983 4,204 16,520
Haar cascade, Face landmark -8 % 1,450 4,100 1,379 2,534 9,464

Step 4. Xd]e] Zt= (nose angle) A4t
Step 5. Nose angleZ X 33t 7} %2 ol T A E Zt % AAk

ool &ielES Pythono g FAsh= tlol= Paul van Gent®] ] oA & Fasgla< vl
t} (Paul van Gent, 2016).
3.3. & A2
B =Rl A 3.2%) xﬁ]a} H4E AX AAAE 9} face landmrak AEE ©]-§3te] o] FFo d
OIS ZAFT o]SL H|ZF A} Ff. SA, *’JH‘Z]-LQ} face landmark A} 59 W 742 T2
7 2t BE oWAlE 3.2%}-/] AR e AX F 36x3670¢] LS 71K ojw|A2 HIPHER,
2= *‘:_]g SHE P ez AFEohd F 1,206709] WeE 2t ARV A4dr 2 AT

ol 4] AR&&F o|m| A= 8-bit greyscale o|n||o]BE 7} JA o) s Feh= W4 0-2559 & Zeth
t}2 0 2 Face landmarkx}52] 39 ) 68719 dl=ulzo 2 XHE, YHEE, =4 X*QE—‘?'—E{B]
A", 2% gho] fogrng F 68 x4 =272708] WEE Zreth 28U B A e S UE
e 1-179H A=tz 54 d S S2838tka 7 ste] £4 diojE A Al 0}93\"41 EEI—E}/H, gl

Zula AFEZHREH ARREE J54 5 (68 — 17) x 4 = 2047 ]t}
22 AA g AF o|m| A Jg W3] it Aol KaggleoA] Algibe Y8 A5l B4 2
9 (angry, happy, sad, neutral)ol 3] 33= & 18,24572] ©] U] R 7} °‘°4X] b, o] & o FEE o
Aol Ayt 23St epd S 7Rl Ao ' =yt wehA, PR 2 AR a1 th
7120l o3 dF tlolHE WA A A AL AR, HEY "““ X}E 7L° 7]—3} 2 RE oA Flo] &
A S5E olnX 2 At TEH oAVt EAEAE ER7719 HeS A B £
ng EAoA ALt EA, AA oju|X| g} 1o dFete TEHF(FPE)o] e AR, 52
= EAQo] g 7HA AN ALE 7ol fujst B FALE 1eisth Figure 3.13 o] Fojzl
ghdlo] A ojm| A7} et 83 thE A 5719 A5S AN 5 Jdon=m FAofA A9)E
+ Zol gt} a3y A s I FHFogkes A 13t B =7 A7A 30 vt
FRE AABA, T Al met 390 F 291 o]e] ehde) FoatR] gk ou|AE A AT

e}

npxjeto 2 9] H}AS AR o]u]x|] = Haar cadcade WHI} face landmark & <11
ot A 7Hss A5 2 BRE o|nX|ths 7 A HF A5 E AT o)
A #AZA9 Mg+ 9,4647H(Table 3.19] 71 ahek Far)olw, 2 2k5 43 DA A
= = 2
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7188 d2u 2F ATl £ A¥H ez A dolE o] AHEATE o2 HlolE Al
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Figure 3.2. Ambiguity in facial expressions.
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=9, AHYCR £33 o0 AR vle) B AAse] FAT o] ohme el Eeiie
AE7) Shepelt). Weha Figure 320041 Gl AAIG ulol o] o) Bed] o 8 B W
ASA7 710l ool A 5 ATk AE So, €1 & Aol FAol 7 A Aok W
£ 5537 olele Aoltk wak Algel ARl Tt 7k A eighelE 27sa fele] A4kl
shd AR Hol ARE 212 Aotk

Figure 3.2] o]n]x= B Neutrale] 2h8€ 23 9 oS olth Teii} B Aeke] Bdol o
o (AEFE) A WA o|u AL S, F A olnlAE WEE, A WA o] AR olu AL &Fol
S9Tha AU 5 ek A1E0] QB ATE 93kl AelA 3349 WY £ HFL Ao,
o438 Figure 3.29} o] T 744 o4 MFo] 48 4 gl olul A So] EAlgh,

4. 24 A
ol AL 3gelA AN AL ARN PAT Azol FAR EF PN A8 ANE wa
i1, A BRHE olulAe} LR owxo) 542 shestuzt Bk o] FolA AAFE gL
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Table 4.1. Structure of data

3 7A CV accuracy
22 F ¥Es A HE A AE s g LDA  RF SVM  Baggging
oA Raw 1296
221 1296 AP utadE X 0 0.539 0.603  0.640 0.609
AY 4= X 0
B X 0
2482 204 Az ul3AE Raw 102 0.708 0.698  0.712 0.699
A 4= Raw 102
oA Raw 1296
283 1500 HAentaRE Raw 102 0.664 0.692  0.706 0.693
A= Raw 102
04 PCA 50
284 100 AcofadE PCA 20 0.715  0.693  0.739 0.698
Ag Zts PCA 30
oA PCA 50
285 80 RS E E PCA 30 0.712 0.677  0.734 0.678
& AR L=
ke X 0
226 30 NenaFE PCA 20 0.705 0.692  0.721 0.686
& A=
24 PCA  21(H5A=)
= =z 3T
227 41 ai_;};;}; Raw  20(8%41e) 0.703 0.695  0.710 0.695
94 X 0
= = Z|. 3T
258 20 %2;7:;37_,1}; Raw  20(2A8) 0.705 0.696  0.703 0.693
oA X 0
289 18 AP utadE 0.692 0.681  0.694 0.675
T o 74;;5 PCA  18(WsA®)

LDA = linear discriminant analysis; RF = random forests; SVM = support vector machine.

RzZ2Z I3 (R version 3.3.2) 22 F&3 Ao MASS (Venables®} Ripley, 2002), randomForest
(Liaw2} Wiener, 2002), 1071 (Meyer 5, 2017) 7|2 & o] &3}t Table 4.12 dESE3o =
st = W] 78 g4, g ue) gt A +A4E A& LDA, Random Forest, SVM, Bag-
ging2 {3 272 AN S gtk Table 4.12] CVAZEE HZ do|glo]| 10-fold CVE 103] &
43to] =9 FFE 73 3ot

Table 4.19] EE x}20A] SVMo] 7} =& A2 Hgon, LDAYF SVM tho g =8 A3}
T £ 71E315th thRES A2 o)A Random Forestl} Bagging< B]<23t A5 o] AL E Holn =}
B21S AYstaE v HHE = 7 Alsol Wb B3 A A7 LDA < Random Forest < SVM
< Bagging =22 T 71 A|IZFS 83ty A5 7]E AA| dlolE9] 90%E train set o2 Jfo] T
< A3 10%E test set 22 3}o] A E7HE AlAtshe o] 29 & A7 LDA 1.040%, Random
Forest 12.210%, SVM 12.874%, Bagging 20.636% |t} ©o]Are] LZ A1 7L i7-4790 CPU, 16GB H|
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Ze]e}k 64bit SFAAE 2= PCAA SA3GE 28 M2 HolEdAA 53] At 52 ‘7%4
o ootk SVM A&xrt M w2 Ame A4z, 94 dEvia FHx, AL -Axd 7

7 FAEEAS A3l 50,20,30709] PCE F23 ApRolth. AkR4004 100746 A4S AP%}O%
73.9%°] SVMAREES Holx 34, AR5AAE M52 /57t 207 o HowA s SVMA L7}
73A%E 7|E3TE F ARl SVM tRo® 4%o] £ LDA H¥}EE o 0.3% Ao]S Helrh.
At=59 AFg69) Aol A FAL ARE ARIEAY offtolu], AR6IME A FHE AHE
AREEHA] GFom R o 30709 MgRto g SRyl pAAY. I ekl k862 SVMAZ
EE 721%% AR 400 v)ste] A7 WojA|A] Gt

A E S Foto] 7T ART-99 M= MEvka Hul PCAE H&oH4] ¢he w7t o U2 4=
g Holt Zeg yehdth AMA R PCAS AE3te] 21709 W4 F71e ARTS AAAEE
AR8EHA] 2 AFRSHTE 2 E2 SVM AREES AW, 1 Aol o 0.6%2 vl vjvlsich. wet
A, A84-62] vlaL gl AART-89] H]IE F3to] ofv] AEvA AL T Ahgel] HAHHE =7}
dhe 20l AREE Fole vl 2 7198 e aerhe Ae € 5 ok

Table 4.1014 ARS8t Al A=+ BE WEvta9] FAH R RE AL AR} Ztx AHo|t}. o]
= AHE Yol & FHAAY A, 4=E T FIE LE%}O% 23 sk gl B A1
ol ol X = o]F FEI} F7HAH 1 FA o= A galzlch. v I ol fE thed 2ol Al
Azt FE w9 %*‘Oi—r B 7t 49 dH= P—WJW 71] Fe Aglel A= w49 fA9 2
Z =yl oy, dF 4L EReted Wif F8% 8 "014 Tt AFoA ASS &
F= 71¥ <l face landmarky jA=7} w9 2 ARKIOA dF Aentm YAE AHE 254
fﬂ&—tﬂ 53] w49 AXE & & F4ske A9 gt webA %k% Y Aoz RE A7} 7
£ At Ets 49 Bl Zﬂtﬂi FARAEA ggow 54E AL 53 o E =80 HA
st

>}n it

Table 4.10] AN3F Aol e} AHE W4 57t A7 2 Ago] wen) wnd OV Aw} =
A e AR6-SVMERS 2 o) H% myoz Austh AR5(A56)S ¥ 307) PCHS
olge) AsrlaRaAus AU AR urel FUF T o 05.16%8 Anslel o wEA Amw
olgtal & 4 Uty W 10070E AHEdhe AS4-SVMEHS] AEE7) oF 1.7% T =2ut% 73}
0 ARGSVMERE AW o|fs, BHYe] AR AT aﬂz S WolA WAE AA ASTRE 2
R6-SVMER o] $4:817] jRolth. AAR olnlA] £A 4L A8ohs Ropol At %Al za)g)
oA wtEA 4 A3k Ao] FRJEE, dlolEHAlE A3 S S Ates bl QoA 2y
o BEAe e 2 Felein & & sk

4% 23 AR6SVMEYL ol &3ko] 10-fold CVE 13 AR 1), 1 o) =2kt A2
3} confusion matrix+ Table 4.2} Zt}.

B AfofAe HF A8 2P AF6-SVMEH S o] 83lo] o]u]z]of| 4] 0431 Aol dEFS FA &
A3t BHE EF3H= Python ¢ue|Eoez T3t #dH &8]E-2 https://github.com/

=

sunsmiling/facial-emotion-detector | A th=Z

fl

o

=1

4.3. Z ERElE= AT QEREE AZIC] SH
ol HoAE HE BFPog HHH 2A86-SVM 22 RE & EHHE ARG & BRHA o= A
A9 54 B3t} gk oo WA & ER/EE ARRlol# AS3 AA Fho] EA8H, o
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Table 4.2. Final model: confusion matrix

True Predicted Hate
Angry Happy Sad Neutral
Angry 666 89 158 137
H 209 3722 161 180
PPy 0.721
Sad 117 42 393 165
Neutral 458 247 667 2053

Table 4.3. Characteristics of anger facial expression

Angry® £7 Happy & &&% Neutral2 &7
T w4 w Al Add e Aol AUT 2T Ao AU 2T
k4 uZk Akl 7h F& W Abel 7h F A = W Abel b F A =
3 EEELEY: S LEY L

19 &
W' iE

Figure 4.1. Eigenfaces of angry face images; (left) images classified as ‘angry’, (right) misclassified images.
m

Figure 4.2. Landmark images of angry face images.

%38 (pseudo-probability) o] 0.7 o]4<l Zog Aot s, & EFEHA e Arlol&t o
T AR gho]l YABHA] ko, &EEE] 0.7 o] ZoE HFIALt AH oz AA Fhol
Eoln] o2 ghol 28 Aol A2 o] 0.7 049 397 S Hol, T ERIAL £F Aol
2 o ZEE0] 0.65 ¢]AY ZoE HYsty B =19 FHF B2 W& (happy)2} T H (neutral)
Hlu A 2 EF7etA T, Shd(angry) &t £5(sad)+ vl d LEFE0] =2 5AZ Bt wepA 3
H(angry) ©|H|AE HEE 431 & BRI E ojuX|e} & EFHA d& ouxY EAL Lopr
DA Bel. 4 2 PO A U A5 Yol YA olA TYA P olAE st
cigenface® 33, 1 Ao 4L HAIHYLE ThE o, & REHE AT 2 LREA g AR
o] A& F29 A=vtze) TA Vel o] AEnt3 e S48 B4 (Table 4.3).

AA| zko] Zhd(angry)Ql oln|R] F v 3E(happy)t 5 (neutral) 22 EFF T} Figure
419 #Z 87) olulAE & E7H 3hd(angry) A9 eigenface® UERYIL, 5 870 olmAE £
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Table 5.1. Microsoft API: confusion matrix

True Predicted ez
Anger Happiness Sadness Neutral Fail Fail 3} FailA|
Anger 476 74 81 504 315
Happiness 8 2937 5 88 1062 0.595 0.770
Sadness 38 20 373 689 259
Neutral 3 118 50 1845 519

74 3hd(angry) AHA9 eigenfaceE UEPATE Figure 4.22 FESHE & 253 ghd(angry) o]
A, & (happy) 22 79 °|u]A], FH(neutral) &2 27 o|n|x|e] P&} HEwIE HojEot
Figure 4.22] 130 91212 olul 2|2} o] 2 EFH Shk(angry)olv] Aol M=vhae ghry otk
= Afol7} 1A 24T, e el Y Berg Eelulnk W Figure 4.29) 71t 932 of
uA e} o] FRow FRH o AoA= Ye Eelal YA =R = ARele] AR7E wlwA AR
o 2A FAE e, FHe] B¢l AR 2] a3 a4t Bge vk webd, de
AL e ARl REvRIoA FHe] Bofo] avtsA £AHW JRoz FRE JFsAol At
A& & 5 3k vpATeR, Figure 4.29] %50l $121% ofu|x|9} Fo] AA| Fho] ShgolAwt &

R A2 UEE 4E vE 9o, Rl sigehs vk Rgo] S2al grtsiA

5.1. Microsoft Azure API 2 CNNZ2}2| H|W

5.1.1. Microsoft Azure API?2| H& Microsoft Azure(http://www.microsoft.com/azure/) |
A A|lF-3H= Emotion API (Project Oxford, https://www.projectoxford.ai/emotion)-2 191 o]4-2]
dZol W2 A FL vt 2ol 92 9L Fohly, BAS A 7 B4 W8 Wew tehd
t}. Azure Emotion APIZ} ZHA 3l 4 3= £ 870, B =2 oA A3 Angry, Happy, Sad,
Neutral®] W7} 23w o] gty 8+ Kaggle k500 o] APIE A-&3to] 4.249] F 23 4748}
B2 82 AF ko). #A| https://westus.api.cognitive.microsoft.com/emotion/v1.0/recognize | A] Mi-
crosoft Azure emotion APIS] 8 H71o 2 § 5 Aju]A F<¢Jo] 71535fc).

=BolA] ol 88 WHT Microsoft AP 25 2] tlo]E4l 3 A%ol4 AZL PA5x 2ot
EI B =R o] g3 Whyog BxEHA] Bl o|uA| 5 Microsoft Emotion APIE B4 715
St o]u] 27} 9o, ¥t 2 Microsoft Emotion API= ©A|3FA] B3R 0 & =R A o]&3F vhHo
S B RS a7} ATk Wel, T WS A P AN G s e
£ o]g3te JEF=E w3} Sl Microsoft APIS] B7 A3l= APIYA 931 8719 74
ps

rhI

F

F

[e

Adr 5 B =FoA AR 774 W9 Angry, Happy, Sad, Neutral®] U] 7}x] ¥ HA4whE v
W3Ete] 2 A TE Table 5.1 Table 2.19] 3 tjo]E]Alo]l Microsoft Azure Emotion APIS #-&
3l Axtolt). vlw 23 F ¥ BESFoA 8] 7153 o]u| X & Microsoft Azure Emotion APIS] £

N

F AYEE 0.7700]H, & =22 HF B (AE5-SVM)9| &7 A=+ 0.7190|th. 7 A=}
Table 4-13‘3} ol ol B =19 ¥z g2 71t vlo]E F Microsoft APIZ} &2 814 &
sh= Hlol8 ] 437 Happyell &k ol x]o]7] uf&oltt. HF 2 (AF5-SVM)olA = the 2
Holl vlsl Happy °w]A9] &7 A&7t 1 Foug B&F JE=7} Table 4.1 vla] wrobzlo] ¢
g3tk
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C3: feature map
64@18x18 05 Dropout

C1: feature map Rl stimpssens P05
16@36x36
Relu’

52: feature map
16@18418

‘ Dropout
2x2 Convolutions Subsampling 2 Convlutions Subsampling "

Figure 5.1. Structure of CNN.

Table 5.2. CNN: confusion matrix
True Predicted

AEg=
Angry Happy Sad Neutral
Angry 563 285 165 437
H 115 3524 109 350
appy 0.647
Sad 199 288 375 516
Neutral 206 409 262 1656
5.1.2. Convolutional neural network?| =& o] oA A FHUES o] & (Table 4.19] =}

81 Fa)ste] AEFA A4 (convolutional neural network, CNN)E& Z&3 235 278t, <&
Al e HF 2Y vlaskglth. CNN2 22k 29 Y HolHE sk o AE3 5543 3
go] £ F27171 AAH] 28H 0] e FHE, H 94 D o|v|R] QA RoklA &iEhs] ARG
2 3e "HEd 7Y F shdelth. CNN2 dvbzer AEBRA A4ks sk 4% A5 (convolution
layer) 3 &3} 212 dh= &1 (pooling) A5, 4= WAI617] $18F =50 (drop out) AlS 52
2 o]FoJXtt o] AL Y AF o]F F T AFLE o|Fo]X CNN 72 E ARE 5.13
gom, I FAL et 2tk A HA AZL 2x29A 379 167) FEE o]Fol FAF A
% (convolution layer, C1) © 2, zero-padding& o &/9F A5 AXH 36x36F4 3719 167 &
A (feature map) o] =Xt SAH-E ReLu AEH o] & AR F &% A S (subsampling
layer, S2)°ll4 max poolingell &3 drt F7]12 A2 A& Hrh AL o|FA AR AEF &
16709 SAHE AA thx ASSE AGdrt. ths @ACAE= ThAl 2x2 3719] 34 AlF, Relu,
9 ASES AR FUEYI FAF ] B GEE =F oFx AS(D5)E AXEE 33t 1t
Aeto =z, 9] FAoA w0l BE SAWE ol&slA eAs] AZAH 3270, 47 Zeolo AZH soft-
max AlES AA 4709 output(47HA] BH) E7F dsyo] o] FojAth

Table 5.291 4 A|A]$F CNN 228 Z3}= Tensorflowl.5.0 AT} Keras2.1.3 A (Chollet, https://
pypi.python.org/pypi/Keras/2.1.3, 2015)< ©]83 Zo]H, Intel i7-4790 CPU(3.60GHz), RAM
16GB, Windows 7¢] 27 stollA 3=t JHYdE A 22 42 2ho]B Q] Kerasw tHE
g 2ol 2329 Theano%} Tensorflow 7} YR Aoz 5% = e (back-end) @ ARRE I Q1o
u, ZE3}E JAHoE 7T 4+ QA python APIE A ¥dth= Zo] F1 ZH otk

Table 5.29] ZZE Zk-2 10-fold CVell o3 A4k et Test datadlAe] Fo HFEL 0.6470 2,
HARYR GO Z o]Fo]3 Table 4.1-A512] ATe] vlete] =27 HF 2PA A7 6-SVME] H5kH

5.1.3. Z1E 2 (XAI26-SVMIZH)2I2| H|w olFoll A AAIgE e 7t B4 H AEREY &
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Table 5.3. Comparison of accurracy between final model, Microsoft API (Azure) and CNN

Emotions
Anger Happiness Sadness Neutral
Final model(A}&6-SVM) 63.43% 87.13% 54.81% 59.94%
Azure (fail E3}F) 32.83% 71.63% 27.05% 72.78%
Azure (fail A]2]) 41.94% 96.68% 33.30% 91.52%
CNN 38.83% 85.99% 27.21% 65.38%

CNN = Convolutional neural network.

A8 B AeIA 2 BAER Aol & ERE HES e Aolth

Azure7} &R0 33 ALl (fail A9))E 72 74 4 EFA45S vusige W, 2 A7 F
% 232 Anger®} Sadness FE2 AIXS ¢ & %‘—?rﬂdv} A Azure: ©]5S A2 $ Happi-
ness?} Neutral 9] ARIE 90% o]/d] Aet== FRANATE 2t Azurer} BrA]ol Asigh A
Al TEE AL £ B AAF A0% AAodel AEFES ALDL 0, Neutral & A9
S RE B4 PRN BEY HF Ryun JRES0] WA Urhdth mepy ARHoE B qpe)
FHZ 23o] Azure API| B3l Angert} Sadnessol 3|33= B4 5% 3o E‘] Hojub, Azure
APIE 9ot BHRof] A28 3¢ Happiness®} Neutralo] d|@st= ARES o & 273t & 4+ 9
t}. CNN7IWE A8t A7 FE% (neutral) AT 25 R H T} b2 —‘:11-7&3?%_‘::_% B, vH
A BANAE B e Ao 2 Lehich

ol
>

B AFelA AMESE of ] WgEe
olH tt}. Face landmarkE o]-83}o] -2 Q45h= 7L FYUFH = oju]#]9]
3718} Bl FAGe] AHte] 22 AEE 4 glon, AEE landmarks] XHRE ©]-85t] A
2], Zt= 9} 22 thgs g At 883 4 ke o] Ak =3 A AF, A=l BA
ol AL 7hssh AA AR dzo] ofd ofyrlold A= E Y BAE dAWTt T E A
ToAE AW IS 7|28 sto] dFE AHE G| w2l the oju| A oA A=nf=E F
T Qthe @A ] itk gEo], sid=t v WAV AL A Al w4 o 54 79

o

ogom, A% BY AE ¥ LR AL o3 97E Fotol
o 8 e @

~ =

A et7] olg]g A¢ AenaE FAse et E57F AEeA] ks 5 Uk

olg] dleolelute]d ¥PHET} Microsoft Azure API, CNN A& ZFE vusde o, HE 232
30708 F4F ARTE o] &ste] whE AlZF Yol vjud =2 FEeE BoFrt. TS Microsoft
Azure APTY CNN2 3 & (happy) ¥ F 37 (neutral) S 2 5731 vbd 25 232 3} (anger) 9]

¥ (sadness) A thE 7'M S0l visl @2 Ags] ERsvhe AL A6k

HF 2PN A"gE SVMEIR2 2 Aolx A3t vlojejuteld 7Y F 7P BTt Erhe &
Aol AAIFE LDAC vleiAl+= o 71 RPAFAITE 231tk LDAE SVM b2 2 52 AEEE W
oln] thE HWhyol Hjd] Y53 FL A 2EFEE wE ZFPAI oS WA F&5th w
ZhA, 3 AFoA A=ul3 oo F71FQA ARE TYT Al design matrixe] 27|71 AR A
SVM3} §7 LDAE A 21& A= 183l & ¢ 3ict
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“Ol=tO At st W S AIS

(20174 119 22 &4, 20184 82 312 7, 20181 9 42! Al EH)

o}
H2 Sshe thds AFEIEY 717] 22 4R 7Nk AdFAsoA s ARAReE 71719 AT Eg o] FaAl
gt 53] AE o2 Al gt teS 517 feiAle A 2L AR 01“3}01 w25 7 %LJ
S el 2] Zosith webd, Boh w2y gEsiA 23S dAse Al2"S 7557 A3 42 o)y
A BaAo] 3t B Ao AdEo] gl B Ao YAlolE Kaggleo A A3t 48*48 8-bit grayscale
o)A ol Ale AMEEl AEAAF FHARFE FRE T OAE AXE 22xF A Q4 Azde 1%
B3I, olF 7|29 AFe} Hluste] Ats ¥ HEY 5AS 1Sty #4 AF, Face landmark ZH o
FAEEAE A8t & 30709 FAAETeRE wEY B84 SRS €& 5 5ol WMt LDA,

Random forest, SVM, Bagging 5 SVM'}'H2 A2JYS v 7PF & AL E Holn, LDAYYHS H_3+= 7
P& SVM U802 58 RS Holv], the mheA Agshu AEse Aol s

TR2201: 0|0|X| 25, Haar cascade, H|0|A =03, G[O|E OHO|Y

o] =% Ex A= 2017d W 2 &R} FATAG] AQE dop £HE A7 (NRF-2017R1D1
A1B03036078).
' AA AR (03760) A& AHEF @ E olsteith 2 52, o] Stoi A Sha 5 A 3}t
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