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1.3 A

1.3.1 EfficientNet-BO :

2 ATl e FA oln X e AAANE JAAS s HHEe g FF<
ONNES AREaFITH. 2 5, ¥ dFoAe NS des HAage ﬁJra}UlEi
2 HAe] Ass 7] A8 A3 299l EfficientNetS ARE-3F3ITE.
EfficientNet> 7|EH T 4 AL 9 v HE g Hold A5
WA Image Classification Task®l] a4 State-Of-The-Art(SOTA) &4 stk
o]},

19 30| 4= ImageNet ©lo]E] AleA o] EfficeintNet =& Al%S ek
wow  aepuy Fof AAbge] mE 7 REle] Ao E vehd 1=
ojt}. EfficeintNet®] =& ®W ThE Convolution Networkels i
AL et *’?‘9} A digow A =2 s HAE As &

2)
A g A, =, B Fx7F Ao ALt cost7F AHsiHe dFlol
ATt

ndo AgE =2 onA F{FE #I3 7]IF Convolution Networkol A
Scaling ups &% A5/HdE AS o]ojA] gkth. Scaling up 3t HHL2
A ZHEAZE e, A MAEs Y AATY depthE s Aolth
Network”} ZojA Al ¥ thE taske]l dntslslr] Fow, Hx4st 54S
F=d 4 Ay, F HAZE channel widthE 3= FHolg. ¢ HS
channel> t©] AE3g SA4S F5 4 il train 3717F gk, Al WA
2 998 olH A9 resolutions &8 Aotk FL MRS oHAE
input &2 AFgs o 2o e Ad

3tAwF 71 Scaling up WS A1AWY depthEs
widthE S8 AY, 498 o7 A9 resolution =
IR S 283t EfficientNetS o]E 3k 7]&

Holl et HAe x93 Autols FalA S REolw, o WS

tlo
i o
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Compound Scalingo]g}ar 3t} o] A 7FA]+= A #AA7F dv=E AS
x4 ]

gohiz, ol A5

EfficientNet® 7]& EZ-& MBConve|™, EfficientNet-B0 &S 7|+ S

2 AA Conv EFL2 187olth. & £ F 552 Convelil UWwA=

MBConvolt}. o] - & & =it AFE3t EfficeintNet-B09] 7|2 EE F2E

19 bollA FaE = 39
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depth : & =a?
width % =p?®
resolution : /t =y?
st.a-pB%-y2 = 2
a>1,821,y>1

1% 4. EfficientNet Compound Scaling AF<=H|
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Operator Resolutlon #Channels #Layer
B, xW, L;

1 Conv3x3 224x224 1
2 MBConv1,k3x3 2% 112 16 1
3 MBConv6,k3x3 112x112 24 2
4 MBConv6,k5x5 56x56 40 2
5 MBConv6,k3x3 28x28 80 3
6 MBConv6,k5x5 14x14 112 3
7 MBConv6,k5x5 14x14 192 4
8 MBConv6,k3x3 Tx7 320 1
9 Conv1x1 & Pooling & FC 7x7 1280 1

a9 5. 7]E EfficientNet-B0 & %
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2.1 A5
2.1.1 A3¥sH:

H A9t RAM 32.0GB, Intel Core i7-8700, NVIDIA GeForce RTX 2070 3}
7dollA] 1&g}, PyTorch®t OpenCV &9 gholBelg]E& AFE-3Fo] Pythonl
= A,

2.1.2 %A o|u]x] d|o]¥:

ol z] dlolE= 48 X 48 A7]¢] Gray Scale |AEE ZHe= @
¢l FER2013 ©]P|A|& A&t & AHAFA= T 70 SdHE 5 19 =
22?1 angry, happy, neutral, sadE AFE3ste] dolES WA Y. 2
A Ao AL ¥A oA dolg e oA E 18 63 o] ndIY

o,

_17_
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2.1.2. AA T HolH:

Al

SANZG. JE =R 1 delHAY 44 2ese] weh 39 o

ole)7} REo] Qor, FER2013 olwH dlolEe] = =

of 7474 22 dole Wel oko] E3tE TR APt

%204 Aol AGE AuolE dolHe AY U§e FAT 5
.

om, F 67kA1¢] Indexoll w3k Argo] 5] gt}
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ST =1
% 1. g5el AREE AldbHol = dlolH
Emotions
Index : -
Neutral Fear Sadness Happiness Anger Disgust
meanxSD
50+18 53116 47+16 55+19 51+18 51+17
SDNN reference
2 5 1 6 3 4
order
mean+SD
41£+19 43+18 40+£18 43+18 44421 44418
RMSSD reference
2 4 1 3 6 5
order
mean®SD
0.54%+0.17 | 0.55+0.15 | 0.54%+0.16 | 0.66+0.15 | 0.53+0.18 | 0.54%+0.17
LF reference
4 2 2 6 1 4
order
mean®SD
0.46%+0.17 | 0.45%£0.15 | 0.46%£0.16 | 0.34£0.15 | 0.47£0.18 | 0.46%0.17
HF reference
3 2 5 1 6 4
order
meanxSD
1.6%£1.2 1.6%1.0 1.5+1.0 2.9+3.6 1.5+1.1 1.5+1.1
LF/HF reference
5 4 1 6 2 3
order
meanxSD
1.78+0.25 | 1.85+0.24 | 1.90£0.26 | 1.90£0.28 | 1.97+£0.24 | 1.91+£0.24
SampEn reference
1 2 4 3 5 6
order

_20_
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2.2 A5+ "

2.2.1 dlog @Ay #4:

FA olm A oy A5, 2F ol Kaggle® HolE] Al FER2013
= ARESY. F 20,0008 4 olwA 5, St HIOlEE 15,0007, A
= dolHZE 2,500, HIZE dolgHZ 2,500%S AFE3lon, shuffle
True #o.2 Fof AHO=E o|n| x| HolHE Uy, SFHEEE angrys
0, happyE 1, sadZ 2, neutrals 302 XA},

AANZ "olEe A9, 7€ =i dolHel A wE 671 HRV
(Aol &) Y A7F Byt s wETs P8-S otal, HdH xed
Aol w2} Xé?rl‘%}:—% ol doleE AT g G xA olmn| A4
A 6709] HRV 192wt} 1,000719] MEHS Fdsta dFgo= 3

U = }Oﬂt‘r olFA oluAntt F 67H4 HRV 19 23s =30
= 59], Happy S22 SDNN ¢lelx~o] 79 HiFgho] 550]a FF-HA}

7b 190]B=, 36~749] Rk WA ] ?sﬁ%iéﬂ A=, At
aEE a9 73 gk F 1,000709) A whE R T WHe

1
= o] @S ThA e FUae st 34 olm A e XAz, 2 W
o ® Spte] olmX 67} QlHlxof sjFete MES ES5eivh A
ol ARgE dlolH e A= ¥ 83 Zom, Fyset A oA b
o|E) %k, AT 9] 67}4] Index #ol AZ X EF o] 3l
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0.01

35 40 45 50 55 60 65 70 75
Happy2l SDNN Index E &2 d2|=

a7 7. AAAE delE BEE 2 oA
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22~ B3 0[0|X| H0j& gt SR 4= OO|E ¢

label

ings seies SDNN - RMSSD LF HF LF/HF SampEn

070,80 82 72 56 58 60 63 54 58 60 48 89 115 121 119 115 11098 91 (4B.9T022767838137, 36.36963951594076, 0.6389083305379127, 0 4A03952909763408, 20256037109318363, 2 041524642276245)
0151150 147 155 148 133 171 140 170 174 182 154 153 164 173 178 (60.63363742835894, 44 00047763899%82, 0.358063%49066211086, 04411471539333018, 1.3823%1472053346, 21685486328666%5)
2243233032231920304121 22 32 34211943 5213 2640 59 (46.016420543540356, 35.95893468152582, 0.TT04AC306604165, 03858336044421048, 1475498703 1112978, 2034208275580203)
34000000000003 1523 2848 50 56 8415 127 137 142 151 (5062196471204, 40.189283107970624, 0.5259776386703368, 0435345787377254, 1.0716848101600434, 1.8224188577973108)
22017192125 3342 42 46 54 5 62 63 66 82 108 118 130 130 134 (4806444528155421, 51.01626%50217644, 086290€2078872417, 0.4411883020707253%, 1 48153065 1801824, 1.7571972760912498)
17778797978 7560 554748 58 73 7779 57 50 37 44 56 70 80 82 (58 866848364971915, 39.08898290343 1204, 0.7400529923379657, 0.3397194435331675, 6.031096833782262, 20030088585310977)
18584 90 1211011021133 153 153 169 177 189 195 199 205 207 206(46.699291360131745, 42.346898467220754, 0.6841000622615773, 0.3602375583939133, 3.6862323769740644, 1 85605264448246)
030 24212325 2549 67 84103 120125 130 139 140 139 148 171 1,(46.20970930973775, 49.98232893911779, 05390626349356142, 0:39979225637896403, 0 8614805286476859, 1302171661891 1977)

3

339757858 58 4549 48,103 156 81 45 41 38 49 56 60 49 32 31 28 {(55.308314370723835, 45.44279543478799, 0523703110560022, 040856036311535764, 14862272333840223, 187597T944844420)
a9 8. shsgell ARgE dielH
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2.2.2 Image Classification €3118]s5 EfficientNet =& A 7A]:

H2id CNN 7]Hkel EfficientNet €118]5< Image Classification Task
of dialA 7lERY AR A2 IevE 2 4SS £2 Ades UlA
State-Of-The-Art (SOTA)E &EAd sk wdo|t}, 7HdshaAE

=
o= M=ZE Scaling WHS Aot o2 wE inferenced} ¥

o
ST

ot

E

[elie)

aags H
)
.

45}

rlo

B o =FoAe olgd EHS 71A EfficientNet-BOE Al83Fo] &H 3t
HolHE 73l Ags A HeE dS5ste Rds FAsH. 2 =
Lol A AR A olm A&} AA LS HRV IndexE 7]RFO.= Abgho] %
Ao AAsH7] S AA A=) s5=s 2% 99 A

2Ae 5 7o dde fa AAEd=Y A4F 12 FER2013 o]vA] b
OJEIRFS o]&3}e] EfficientNet-B0 2SS &5A]7]al HAEE g
U}, EfficientNet-BO:= 1280 X 7 X 7 feature® 932 & Dense layer
£ o] &3t 256 feature® <QIIAH I, HIFTHOo=m= 1o A d53%
S 85 du. Ad 204 AAdE HRV 1925 71 Dense layer&
A 64 feature® <UFAYGs}. HFAH O = FER2013 o|n|#] HolE 256
feature®} concat o] #HAE oS5l d AFEEAT.

=
=
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Image Image HRV Index

SONN
RMSSD
LF
HF
HF/LF
SampEn
EfficientMNet EfficientNet
-B0 -BO Dense layer
Dense layer Concat
-."\./ // -..___H. = ".____.-
Prediction Prediction
CL:R ME 2

a9 9. B olnA & AAATE o] &3] 7Y 7]
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2.2.3. "ol sk 9 2 S

Training ¥4l dlolE = F 15,0002 %4 olu#] dlo]E e} Aubd
ol dlolEE AHgdI, HEF dHolHRE 2,500%, HZE dHolEHE:
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3 3. Confusion matrix =
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Happy, 100.0% Neutral, 80.6% Happy, 100.0% Angry, 99.1%
(label: Happy) (label: Happy) (label: Angry)
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EfficientNet Architecture-Based Systems and Algorithms

for Predicting Emotions i1n Humans

Kim, Min Young

Department of Bio Medical Engineering
School of Medicine

Keimyung University

(Supervised by Professor Lee, Jong-Ha)

(Abstract)

Recently, with the development of artificial 1ntelligence
technology, the field of emotion recognition has emerged as an
important research field. Emotion refers to the feeling or feeling
that arises in response to a certain phenomenon or event. The most
widely used indicator for emotion recognition is facial expressions.
However, since facial expressions can be controlled and manipulated,
1t 1s difficult to grasp the emotions that are truly felt only by
facial expressions.

In order to solve this problem, recently, research on emotion
recognition using independent biosignals that can be continuously
measured and that 1s out of personal control is being actively
conducted. There are many preceding studies that there 1s a strong
correlation between human emotions and biosignals, and emotion
recognition through biosignals is controlled by the autonomic nervous
system, so i1t can be obtained without falsehood. However, so far, few
studies have used biosignals and facial expression templates for

multidimensional analysis to recognize the subject's emotions.
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Therefore, 1n this paper, an algorithm that can predict the accuracy
of the subject's emotional state by designing a super dimension—based
convolution neural network and analyzing bio-signals and facial
expression templates together was proposed. Also, 1in this study, a
network was designed and verified using the Convolution Neural
Network based EfficientNet-BO architecture, which can produce maximum
performance with minimum parameters.

Through the experimental results, i1t was verified that it has high
accuracy when predicting the emotional state by combining bio-signals
rather than predicting emotions only with the subject's facial
expression 1mage, and that 1t has high performance as an optimal
parameter. This study 1s seen as a starting point for emotional
intelligence research that can be combined with artificial
intelligence 1n the future, and i1t 1s expected to maintain high

performance even in the extended data dimension in the future.
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