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Stress Detection System for Emotional Labor Based On Deep Learning

Facial Expression Recognition

Yu-Seon Og

Department of Computer Engineering, The Graduate School of Industry,
Pukyong National University

Abstract

According to the growth of the service industry, mental illness and
stresses from emotional labor workers have been emerging as a social prob-—
lem, thereby so-called the Emotional Labor Protection Act was implemented
in 2018. However, most emotional labor workers including customer service
representatives are not being protected. this emphasizes insufficient sub-
stantial protection systems and the necessity of a digital stress management
system. Thus, in this paper, we suggest a stress detection system for cus-—
tomer service representatives based on deep learning facial expression rec—
ognition algorithm. This system consists of a real-time face detection mod-
ule, an emotion classification FER module that deep-learned big data sets
including Korean emotion images, and a monitoring module that only visual-
izes stress levels. We designed the system to aim to monitor stress and
prevent mental illness in emotional workers without any surveillance by

management.
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71Ee] 2EHE A A|2EE A% A7 Es WA Liu et al. [8]7F ¥]5-2] 7]
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o] % RUHygo®r st WS /NSt Shan et al [10]2 57 Als
& dASAst] 2EYAE AAshe RS ARFSI AL, Sakri et al. [11]19] 19
ANME Auk o} BE ¥F S EUR A2EYAE ZUHHSIT a2y o]

9% ATE 2Eds Z4S A5t WS A8 gAs Axde] Aasd.

T8 A

o] FA3 ol ¥ Al A (Artificial Neural Network)S ©]

f
%
o

g s HAaHYEE FHste Ae TIH[12] 2EHE FA ATl

]_
AbEEE HEd2 oA EF EokdllA ALHHA AFg THE o] Fa Sl

fr

CNN(Convolutional Neural Network) 2. Z A [13] Alg I o|u|A] & o] §-3|
A 77vA1 9] 74 2dEl(angry, disgust, fear, neutral, happy, sad, surprise)& ¥

= A= 7Z+A 212 (Facial Expression Recognition)ol] 7|4¥bsich o] 74 A=
Stress®} Not-Stress® &f/Fsh= A77F &s] 8y o] gt ZHANG, Jin, et
al.[14]9] Aol A= 139419 &2 CNN Zde A5t 19 49 o] CK+,
Oulu-CASIA 1¥]32 KMU-FED dlolE|Al& 7|gtow BAgx A ~Ed

AE A" AAsA.
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Figure 4. Examples of the datasets used in our experiments. Top [CK ]
Middle [Oulu-CASIA Bottom ZTKMU-FED.

<19 4> CK+, Oulu-CASIA, KMU-FED do] g Al[14]

Almeida, J., & Rodrigues, F.[15]2 CK+, KDEF, Net Images Hl°]EAlS
ILSVRCY oJm|A] EF Zdel VGGI6, VGGI19, InceptionResNetV2ol Sh53}e]
angry, disgust, fearS Stress 7FH 2= A 9|3}l neutral, happy, sad, surprise 7+

AS Not-Stress= o] EFal= BES AAISAL) o), on]A] EF mde] 1

Nl

F(Classification) I EE 27k 2 FAste] F 6719 R2S Adselar, oF 520071
o] FZ3gk dlojgAle A st 4 = HAAF(Over-Fitting)S A7) 913814
Data Augmentation 7|H& AFE-sth w72 CHIWANDE, Sujata, et
al.[16]¢] AFolAME 77k 78 A HE Stress®t Not-Stress®= st ZdS
Facial Expression Recognition Challenge[7]2] d®|o]E A2l Kaggle FER2013
datasets AH&3te] AAlSE T ThdE dHolHAle &3 ~EH S A 2do] A
reaL vk v, tiF-Ee] A= A Q1Fe] dolE =Rt A H 7L ofrfo}
¢l dHelE7F Aqti 3+ dHolHAlS FAo® XAt Michel, Caldara, &
Rossion(2006)¢] Aol m=9[17] A7k A2 th& Q1Fe] dartt 22 <l
o] d&S ol AEsta wEA M sich weba, S 17 AdEale] ~EH A~ 7

AE A= Al @l dHolE Al SRS argsior vk [15]9 [17]0] 4

O}N

FHe Wop E =l CNN7IRES] ojux] 27 Rl gh=Ql o]u] ] Hlo]
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2.2 CNN(Convolutional Neural Network)

CNN(Convolutional Neural Netwo7h< o|nx] £S5 ¢33t HS =0 F&
st darglFolt) oA o] FIHARE fX 3 HFER AAY 5ol JfeES 3

FEl= LECUN, Yann, et al.(1983)[18]° °J&te] &Aje] CNN FEj7} Alb= At
ZAEFA(Convolution) 18 dlelE ¢ EH & FE3=(Features Mapping) S84

2 7} AdvithRGB 3Ad) A 32l 54 dH(Filter, Kernel) 7} #14 1H4

Adel 5 frAsta 545 dxs FHueIH e VS Eol= HHer 9
(Pooling) #lololE 483t CNN& 19

2 #e EXFZ(Feature Extraction) YE ¢} Fully Connected Layer® A E ©]
n] %] EF(Classification) HEZ TAAHTE & AEFAH #olojel Z7 #Holo]= vk

H3lo] 545 FF513L, Fully Connnected Layerol|] #HZ w#3te &arg]soltt.

Input Image Feature Maps Feature Maps

> = > <« —> < o o
Convolutional Pooling Convolutional Pooling Fully Connected
Layer Layer Layer Layer Layer

CNN Feature Extractor Classifier

Fig. 4. Architecture of a standard CNN.

<a¥y 5> 2¥itt= CNN9 F%[19]



2.3 o|" A &7 CNN ¢xg=

ImageNet ILSVRC(Large Scale Visual Recognition Challenge)[20]+= R =
AR eF oA E5 dagls H7F gi3]|=4 20129 SuperVision® 2] AlexNetS
AlZro® CNN7IWE daglFol & AAS xxsta gvh 20159 MSRAH
(Microsoft Research)®] ResNet 5 24F&(Classification Error)& 357%% 7|5
shH[21] A7F H ERAGE(94.9%)E Y, 202010 98.7%7FA] 83 v [22]
B =R = 20149 953 29 GoogleNet?] @3S Hobsla A5S 3FAA

71 37k41¢] CNN €8] &5 Ssto] 24 S st 2EdAE R

B
oIzt v
Heid 53 . e
i %v”“% aro%  M75%
94.
i 93.34% &

2010 201 202 2013 2014 ezt 2015 2016 2017 2020

| % 518, 2017, LGAARR
#0124 7|5 12 71800 S e

<a¥g 7> ILSVRC dxd Az [22]




2.4 =74 22 (FER:Facial Expression Recognition)

2] ARE ZAE %Y (Joint Fine-Tuning)st:=  7]Ho] o m[23],
ImageNet ILSVRC[13]o|A4 5] H7tel CNN o|u|#] i/ Edo] op7|exd &
grd dolgAlel 2 MEFsta dtFS dulolEste 7H[24]0] tEAelt.
Zke] 72 on A & FAldAE F& s Kol A= AFEA
B A7 o dolEAle et 3k wWol Weth dE Al A
£5E= thE A dHoly M2l Kaggle FER2013 datasets 2013 71 ¥ Facial
Expression Recognition Challenge[7]2] ®|o]EH|o] == 4 48x48 T Ao = 77}
A #4 on A 7F FEH 35887709 o|m| A& EFHETE Ly, dfd =Tt v
wom g 83 o] dHel=d o, HEmA AY, 29, iyl &

Edes Y 23 278 olMAE EFstal St webA, 249 7IEE o) &

Angry

Netural Disgust

Happy Fear

<Y 7> oln A 2 %33 Kaggle FER2013 dataset 4 5-



9o AwAel ZeAst g 99 @k WA CNN Z9o] 53 doje A

& A7 AA 2EF Fusw ANAF F, G5ao] FER RES 44T

t}, o]& A= E (Face Detection and Cropping) =ES AFE3Fe] A7 o]
" A& sk, k5%l FER RES 3] 47HA 9 A= &R/t /¥

Face Detecting and Cropping

Detecting Cropping

Data Pre-Processing
5
Data Getherin

e e

KETI KDEF

Asian
Generated

Data Classifying 4 Classes ETTEl—> CNN Model Deep Learning

‘ FER
(Facial Expression Recognition)

Happy Stressed Nmml Surprise

n

4.
!

Data Augmentation
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Stress Classification
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Stress Level Digitalizing
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3.1 st HeolHA +A4

Michel, Caldara, & Rossion(2006)2] <ol W2 WH[17], & QAF d=H

kv

22 e dES AT W d=E AAd 5 SA v A2 SEA

B!

ol ¥ w21 FFETF Y wrh

<E 1> EiRl/opAloRel el Q1T Wit A=l SHAIRHITI

Caucasian participants  Asian participanis
Caucasian faces
Whole faces 1071 (65.19) 1122 (37.15)
Isolated features 1159 (57.02) 1268 (39.89)
Asian faces
Whole faces 1108 (63.29) 1064 (35.60)
Isolated features 1152 (53.04) 1156 (40.70)
a Caucasian subjects b A
Eg 50 g 0
F s Ewhole g Bvhole
Cancasian fuces Aslan faces ” Caucasian faces Asian faces

Figure 3. Recognition accuracy of (a) Caucasian and (b) Asian participants for whole faces and
isolated features in the 2AFC matching test. Error bars represent standard errors of the mean.

<" 9> WRl/opAlolqle] 1F Hat A=l AFE[17]
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Asian
Generated
Faces Data

KETI KDEF CFD

Data Classifying 4 Classes

Stressed Neutral Surprise
<2% 10> Hleolg Al FA4 Z=AlX Ayt

FER Z92S& 9% doleal 742 &= AAEF dolHAKETDI25]S
TS 2 Asian Generated Faces Dataset(AGFD)[26]2.2 o}AJo}Qle] Hlo]H &
ZF7}89) a1, Karolinska Directed Emotional Faces(KDEF)[27], Chicago Face
Database 3% (CFD, CFD-MR, CFD-INDIA) [28-30] #&-&3}o] FA %2 o}

G A= AA dHolHE ARSI

e
-

el AAEF dole Al KETI R&D tlolE @ stxdarled 9 A%

AR F 24 R&DUCIHZA 2041004 464 7k4] 2] A7) A4 51 A

m

o,

7} 100 o] angry, fear, disgust, neutral, happy, sad, surprise 77}# 7+

= °oF 10094 23t/A7]E a3 490670 ) olm A= 3 HolH
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@ Asian Generated Faces Dataset(AGFD) : w/ojglo]/AQl/x¢l S o7

FH opAolel oHMARA AFAF

R

GAN(Generative Adversarial

e

Network) 2.2 A ¥ do]E
e AE
gl Qe

ol dlo]¥ CFD-INDIA 37}4 & £33t dolEH 24 4714 A (FH, 3

@ Chicago Face Database(CFD, CFD-MR, CFD-INDIA) : 597

o] olm A& FAE CFD, 8842 F7tlo]e CFD-MR, 142
G odE(Y dHeln), dEHY vgED), FHw)ol X
@ Karolinska Directed Emotional Faces(KDEF) : 2040l A 304] Afo]g] o}
upEo] wg- 708 g e 2 KETI R&DUlCIEH 9 22 7744 A el o

dle] 5717 0] The Zmol A #edF o]m A Hlolg)

<% 2> €A dHolgASFTHE olnA T

Total
9,397

CFD
1,437

KDEF
2,738

AGFD
939

KETI
4683

ZF diolg Al 8 Hd angry, fear, disgust, neutral, happy, sad, surprise 77}
o] AARF FAAA B AFo] WL E angry, disgust, sadE Stress® =g,
fear$} surpriset™ Surprise® F#etA . 2aH o2 47) 74 (Happy, Neutral,

Stress, Surprise) 2. &2 & 235%k o x| dlolHE A A st

il
ol
R
R m.tn:
e
ko
2_5
i

& 9397719l dlolHAlS Ttk o] HelH Al A 80%= & o R, 20%

= oty F Whgow Agun

<E 3> de A ZFE oA HolH i

Class

Happy

Neutral

Stress

Surprise

Total

DataSet

1,937

2,812

2,187

1,861

9,397
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3.2 "ol A A7 (Data Pre-Processing)

tlo

CNN R2de] g5 &84S Al g5 dolgoa] 7ol zddE FAnt
FE5te dAE7E dastth 3344 e dEdE(Face Detection and
Cropping) X.E¢] Haar Cascade[31] ¢85S o]&3ste] 19 129 o] 4=

deure FFat AAYE FYdch

12

<I¥ 11> 4299 "AE R A=27] - HolH dAY

do7l= I

oX,
olr
d
il
sy

A E vzl dHolEAlS FER ZE9 &5 of &A

A2 WA slstel SHEelHE TN Bast Ak 4 olMAE 3

M

7IN71E W o2 WA dolEe & Jl4E 2oy, Batch ©Hevith A2 A4
H ouAE JYste] stHA7E BHI olu X FAVIHeRE F dolEe] )
TFE 59 gFA7IE T HA wHes vtk ActstE A"l A= At

o] wown zmt 13 o] KerasollA AFsE= omx Z7  (Data

Augmentation) 7]'HS %83} %t
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from tensorflow.keras.preprocessing.image import

ImageDataGenerator

data_generator = ImageDataGenerator(
rotation_range=30, width_shift_range=0.2, <HZE 1>
height_shift_range=0.2, rescale=1./255,
shear_range=0.2, zoom_range=0.2,

horizontal_flip=True, fill_mode='nearest’)

AbgE olm %] F7F 7S 30% rotation, width shift, height shift, shear,
zoom, horizontal_flipe]™ o]u|®]e] WAE FEES A$-i= fill_modei= nearest
2 X833 RGB 3a1d 9] ghs 2562 Uro] 1 o]sle] groz AAts 4 %

=2 HASAY. kx| o2 go]E 9] Shapet 100X100, 3132 Attt

3.3 4 =7 = (Face Detection and Cropping) =&

A=
ol &gttt o] digFL 5A Featured = Wl ztol7t EAst= AL vig
o2 Fh ojuAe] YA E olFstE AHT AAAE] G el e B

o] 3ol #FolE Fole EAS ol FeatureE At ©]F Cascade

Classifierz d=S& AZFsh=d, =l fle 9= &2 A dds



= AAEHF FER RE 4837 935te] 100X1000.2 g Aol A slar 2552

A
k

o} Shape® AR AT ol F olu A& WA o] FER welo] o= g,

import cv2

import numpy as np

from tensorflow.keras.preprocessing.image import
img_to_array

face_cropiing =
cv2.CascadeClassifier('haarcascade_frontalface_default.xml’)
webCam = cv2.VideoCapture(0)

facelmage = camera.read()

# Face detection

face = face_cropiing.detectMultiScale(frame, 1.4, 5)
# Resize the image

resizedlmage = framelfY:fY + fH, {X:i{X + fW]
resizedlmage = cv2.resize(resizedlmage, (100, 100))

resizedlmage = resizedImage.astype(”float”) / 255.0

Il

resizedlmage = img to_array(resizedlmage)

resizedlmage = np.expand_dims(resizedImage, axis=0)
# Emotion predict

predictEmotion = ferModule.predict(resizedImage)[0]

_16_



3.4 Facial Expression Recognition(FER)E &

i

Al ZF

1l

AEY A

A\

A EF= 9% Facial Expression Recognition F5-&

Ao Ao 3 ZFEI A= Fdraof Il wetA  ImageNet

of

ILSVRCI[20] th3]d] 7

_,_‘

o
ol
s
o|\
it

1 CNN 7% o]m|x] &/ dagls 2d
oA 20159  F7F3  InceptionV3(Top-1 Acci78.8%)[32], 201683 H7}3h
Xception(Top-1  Acc:79%)[33], Zz8]x 20183 718 MobileNetV2(Top-1

Acc74.7%)[34], & 370 Ed& HAAsTh

<¥E 4> 37}FA CNN Ed 9] Top-1 Accuracy @ d&}vE 4

Model Top-1 Accuracy Parameters
InceptionV3 78.8 % 23,851,784

Xception 79 % 22,910,480
MobileNetV2 747 % 3,538,984

7}. InceptionV3
InceptionV3[32]:= 2014  ImageNet ILSVRC[20] tW3]olA  $53
GoogLeNet(InceptionV1)o] Ezsh L2 =2 <lalo] thefslt WMdo] ISt Ao
3

A Inception EHe] ALFS Fol= HAso g WY AAE

)

MERAG. 71E Ede] & Filters 3x3 Convolution® 2  Factorizing
convolutions 283} 7]¥ Inception WhH] FFZF o & -FAFeA| 9 Network
o] Zol7t AogAa AstEFo] FEAY. InceptionV3E V29 FU3 X0
4] Optimizer ¥ 7, Label Smmothing, Factirized 7-7, BN-auxiliaryS %83}

o] Hs& =9l otk
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Input: 299x299x3, Output:Bx8x2048

Convolution Input: Output:

299x299x3 8xBx2048
:4‘;9)::)3 Final part:8x8x2048 -> 1001
Concat
Dropout
Fully connected
Softmax

<Y 12> InceptionV3 X9l ¢] o}7] 8l =] [35]

. Xception

Xception[33] 222 & 14719 &2 3679 AEFAH o7l EA 3
residual connections AH& 3} 53] Inception 2@ tAl 2hg A2 H] 52814
uk Aateko] 7k A3} Depthwise Separable Convolutions A3lo] ALg3sl:=
Extreme Inception =E®o|t} o]& Z3 © =@HFOZE  cross—channel

correlations®} spatial correlationsE Tiste] A4S = 9o Inception E&

ol A e @k Ael 7k b e,

Entry flow Middle flow Exit flow

299x299x3 images 19x19x728 feature maps 19%19x728 feature maps
Conv 32, 3x3, stride=2x2 —|
[ReLu - ] [ReLu ]
[Conv 64, 3x3 | |—,—|' cConv 738, 3x3
[ReLu ] [ReLu

Conv 1x1 | ReLU
tride=2x2| [ScpazableConv 1024, 3x3

]
[SepazableConv 728, 3x3 |

SeparableConv 128, 3x3 Rell

MaxPooling 3x3, stride=2x2

SeparableConv 1536, 3x3

Conv 1x1 ReLU eConv 728, 3x3
stride=2x2| [SeparableConv 128, 3x3

MaxPooling 3x3, stride=2x2

19x19x728 feature maps

SeparableConv 2048, 3x3

SepazableConv 256, 3x3 Repeated 8 times

ReLU
SeparableConv 256, 3x3

MaxPooling 3x3, stride=2x2

GlobalAveragePooling

Conv 1x1
stride=2x2

2048-dimensional vectors

Optional fully-connected
Layex(s)

SeparableConv 728, 3x3

Logistic regression

Conv 1x1
stride=2x2

ReLU

X
SeparableConv 728, 3x3
MaxPooling 3x3, stride=2x2

19x19x728 feature maps

<1 13> Xception E @ ¢] o}7] €l [33]
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t}. MobileNetV2

ok A7)%F Xception® 2ol A ¥ Depthwise Separable Convolution$
X Convolution®ll thAste] A Zstell JFd Edo] MobileNetVielH o]
Depthwise Separable Convolutions Inverted Residuals®} Bottlenecks& 2 <=
A% Convolution Blocke AF&3 Z=&o] MobileNetV2o|t}[34] A A4 <l
Convolution #'2-& Fo]il block Wi-elA v F7F A|A Aib=a vy E
ZA AT e R ReLlU6E 243 T2 Abgste] it&HRs 7)Aoz

Z o)W MobileNetVI1H Tt} £& A%S gR3 wdo|t)

‘ Add ‘ | R TXT | nenar | Network | Top 1 | Params MAdds | CPU
T MobileNetV1 70.6 4.2M 575M [ 113ms
ShuffleNet (1.5) 7.5 3aM 292M
Dwise 3x3, ShuffleNet (x2) 73.7 5.4M 524M
stride=2, Relu NasNet-A 74.0 5.3M 564M 183ms
MobilkeNetvZ | 720 | 34M_ 300M | 75ms
MobileNetV2 (1.4) | 74.7 | 69M 585M | 143ms
e Table 4: Performance on ImageNet, comparison for dif-
Conv 1x1, Relus 1 - L
ferent networks. As is comnmn| practice for ops, we
rI_i count the total number of Multiply-Adds. In the last
mpr D input_> column we report running time in milliseconds (ms) for
stride=1 block stride=2 block a single large core of the Google Pixel 1 phone (using
TF-Lite). We do not report ShuffleNet numbers as effi-
: cient group convolutions and shuffling are not yet sup-
(d) Mobilenet V2 s

<% 14> MobileNetV2 E o] o} 7]elx] o w3 H[34]

37kA o] mdlo] ~E# A FHAo FEI ASEE 7ME F UEHF Fine
Tuning 78S A&3ste] doleAlS 853l Fine Tuningold A sh54
Pre-Trained 52& &85t =2 RES gF3sid ¢ A2 HeolHzxE v
T =2 T 2948 4S5 F JdE HeolshF(Transfer Learning)[36] 711 ©]
t}. Fine TuningS dulzx oz AA »dS A2 sk5A|7]= 499 Convolution

Baset: 1A%ty HF EFE 99le Classifier?t M2 A7) W

i

)

Convolution Base?] ¥H-¢} Classifier?t M & stE5A7|= WY 37HA] 2 v o
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#H InceptionV3 ###H#
from tensorflow.keras.applications.inception_v3 import
InceptionV3

#H Xception ####
<HAE 3>
from tensorflow.keras.applications.xception import Xception

### MobileNetV?2 #####
from tensorflow.keras.applications.mobilenet_v2 import

MobileNetV?2

A3 AE 7S 7IMSs E8 3= 33 Zol M EFE oA AlFst
£ InceptionV3, Xception, MobilNetV2 R @& o] &3l t}2oA AHss 3
255 HE3lo] Fine Tuning 391 th

@ Pre-Trained Model Trainable : Abd8t5el RElo] #ojo] A gk<5(AlD,

Classifier?t &<5(None), €% ¥+<5(63 / 36 layer False)3}i= Fine Tuning

e A gstel HlAaE

for 1 in transfer_model.layers:

Ltrainable = False ## None Classifier?t sh<5

lLtrainable = True ## All A g%

for 1 in transfer_modellayers[:-36]: <HAE 4>

zy

Ltrainable = False ## 36 layer False st

for 1 in transfer_model.layers[:-63]:

Ltrainable = False ## 63 layer False ¥%-st&
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@ Classify Layer : 3% #7FE 9493l Classifier dlo]o]24# Z} CNN &
g9 Qut-PutS #v}E C(lassifierd In-Pute® g&Esl= 9 (Classify
Layer #1)& Hx=ESY., gla  #3HF(Over-fitting) WA S 913l
Drop-Out #lo]olE F7ste] HEYAS AFE 5ol vjAlg 5[37]

Classifier?] In-Puto.z 4 33t= W (Classify Layer #2) H 2~E 3T}

#rt Classify Layer #1 #i#

gap=tf keras.layers.GlobalAveragePooling2D()(transfer_model.
output)

last_layer=tf keras.layers.Dense(4, activation="softmax"”)(gap)

model=tf keras.Model(transfer_model.input, last layer)

#i##t  Classify Layer #2 #iHH##

gap=tf.keras.layers.GlobalAveragePooling2D()(transfer_model.

output)

layerl = tfkeras.layers.Flatten()(gap)

layer? = tfkeras.layers.Dense(1024, activation='relu’)(layerl)
dropl = tfkeras.layers.Dropout(0.3)(layer2)
last_layer=tf keras.layers.Dense(4,activation="softmax")(dropl)

model=tf keras.Model(transfer_model.input, last_layer)

Sk

[}

@ Optimizer : £23=(Loss Function)?] H 435 el 7t5x 9 ¥

55

o

7B A13H= W o] Optimizere| th. €A &2 $-(TensorFlow)ol A A 33}

s
[-‘O
N

2l Adam Optimizeret SGD OptimizerE AR&3lo] H AE ST}
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@ Learning Rate : Learning Rate®t CNN X do| ¥ sk&3sh uwe] sk
< 9v]sk= Optimizere] stels shepn|gojt), ddtA o s o] gro] AW
Edoss) @S wWEA HE 5 AR, HAH 9 gFo] oy, oW i

Al zko]l 28 A A "t wabA Optimizerd 2 Learning RateZ 0.01,

ko

0.001, 0.0001 37}A =2 #F7F3te] H=Egt

learningRate = 0.001 # Adam 0,001, 0.0001 / SDG 0.01, 0.1

optimizer = Adam(Ir=learningRate) <HAE 6>

optimizer = SDG(Ir=learningRate)

Ao g Bt 238 Ry Y3k MMEEE AL

ofo
ol
i
=
b
i)
ot
i)
e

= 1009 9] epochE #73dte] 5o HPIH

tensorboard = TensorBoard(

log_dir=save_name+'_log/{}’ .format(testlog))

model.compile( optimizer=optimizer,

loss='categorical_crossentropy’, metrics=['accuracy’])

model.fit_generator(train_data, epochs=100,

validation_data=val_data, callbacks=[tensorboard])
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37k« CNN R 9o| Fine Tuning 71WMS #&3t7] fste] 7+ dhepng o
Aars g AAste] F 2099 spRd HAEE gt 3 5% HXIE
S 12H7bA] F 209 8] EBl=Eo| tigh Sy rRdd shdve e} HAAGgs e
t}.
<3 5> FER E& AXAS 93 CNN 29 Transfer Learning H-=E
Learning Pre-trained
Test .. .
es Model Rate Optimizer Classfiy layer Model Trainable
1 All
0.0001
2 None
Adam Classify layer #1
3 : 47 Al
InceptionV3 0.001
4 % " None
ception
> MobileNetV2 0.0001 Al
6 ) None
Adam Classify layer #2
7 All
0.001
3 None
Xception A
9 MobileNet2 Classify layer #1 All
L i 0.01 SDG
10 InceptionV3 Classify layer #2 All
11 Xception 63 layer False
0.0001 Adam Classify layer #1
12 Xception 36 layer False
Classify layer #1 : Model output - Classify Layer - Output
Classify layer #2 : Model output - Dense - Dropout - Classify Layer - Output
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3.5 Z2E# X2 H ol X 3(Digitalize) =&

1o
d
o
o

FER Ed=5y dAAe 24 HuHE &7 W Web Came=25FE HAZH
ol x| HolB & e 2y, AL G- B UHIARE T O] o]fR
gl

ol Ao & Bl A%

of HAEF Aol Balel ¥ 69 £ W AE

g 52 4k & 3E 8] duglgor FA Aikst

<¥ 6> 2EdY2 doly A3 ¢ AirE

Emotional Current . .
Figure Calculation
Status Stress Level
Happy >0 = .02 Reduct%on
=% - 0.005 Reduction
Neutral >0 - 0.005 Reduction
<0 - No Change
Stress All + 0.02 Increase
Surprise All + 0.005 Increase

if label== "Happy” :
if level >0: level = level-0.02
else: level = level-0.005
elif label== "Neutral” :
if level >0: level = level-0.01

else: level = level

VAN

elif label== "Stressed” : level = level+0.02 1= 8>
elif label== "Surprised” : level = level+0.005

data={'Time”:[currentTime],’ Emotion’:[labell,’ Level :[level]}

dataframe = pd.DataFrame(data)

if not os.path.exists(save_file):

dataframe.to_csv(’./testLog/test.csv’, mode="w')

else: dataframe.to_csv(’./testLog/test.csv’, mode="a’)

_24_



A= AR RS 37 Pandas dhelB Y& ]85k

_/,:
csvatdol Agsta wefztel o RUEHE fete] Lz AlZEkEit

save_file = ’./testLog/test.csv’

stress = pd.read_csv(save_file, index_col=0, engine='python’)
stress.index = pd.to_datetime(stress.index)

fig = plt.figure(figsize=(20, 12))

ax = fig.add_subplot(1,1,1)

ax.plot(stress['Level’], label='Level’, color="b")
ax.set_title('Emotion Stress’, fontsize=20)
ax.set_ylabel('Stress Level’, fontsize=14)
ax.set_xlabel('Time’, fontsize=14)

ax.legend(fontsize=12, loc="best’)
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V. 4823 2 gaE

4.1 FER & A3 A3}

2EY 2 A AlzEe] 49 FER 28 A4S 93 CNN 2de) A3 4
3} dolEE obd) ®7I k.
<3 7> FER E& #AS 913 CNN 2d H2E 23
Test # Model Accuracy Loss
InceptionV3 97.1 % 0.077
1 MobileNetV2 97.5 % 0.064
Xception 98.6 % 0.043
InceptionV3 54.1 % 1.077
2 MobileNetV2 61.8 % 0.917
Xception 62.7 % 0.907
InceptionV3 91.5 % 0.209
3 MobileNetV2 87.2 % 0.707
Xception 96.2 % 0.106
InceptionV3 53.8 % 1.095
4 MobileNetV2 62.9 % 0.888
Xception 64.7 % 0.853
InceptionV3 97.3 % 0.067
5 MobileNetV2 96.7 % 0.091
Xception 98.4 % 0.045
InceptionV3 60.4 % 0.950
6 MobileNetV2 70.1 % 0.732
Xception 69.6 % 0.742
InceptionV3 84.7 % 0.400
7 MobileNetV2 87.1 % 0.665
Xception 97.1 % 0.085
InceptionV3 57.2 % 0.998
8 MobileNetV2 68.4 % 0.772
Xception 68.9 % 0.736
9 Xception 954 % 0.121
MobileNetV2 96.3 % 0.090
10 InceptionV3 95.3 % 0.122
11 Xception 94.1 % 0.152
12 Xception 96.7 % 0.086
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% 2oe] St HAA A SheE 370l ONN RS Classifier?t o

A7l Test # 2, 4, 6, 89] A% HUW Accuracy’} 70.1% % wl-¢- AZ3 A=

h

Bt &g HEEE A9 ymA Axp FolAd 37§l CNN 2dd

Top-3 AccuracyE A A 35t

<¥ 8 CNN 24 gxE Z3} F 2dd Top 3 Accuracy

Test # Model Top-3 Accuracy Loss
Test #5 1 97.3% 0.067
Test #1 InceptionV3 2 97.1% 0.077
Test #10 3 95.3% 0.122
Test #1 1 98.6% 0.043
Test #5 Xception 2 98.4% 0.045
Test #7 3 97.1% 0.085
Test #1 1 97.5% 0.064
Test #5 MobileNetV2 2 96.7% 0.091
Test #9 3 96.3% 0.090

39 16, 17, 182 epoch 10022 F &3t Z CNN EHo| HAE Za2H A
g% (Accuracy) ¢t &4 8 (Loss)el 8hs5 12ze]th, Accuracy®] 7% epoch 60
5| & AER 95% ooz Aseta 71&77F ksl Al Xception EE e H

]_
G Hd B6%E 715 AH. Loss® 45 A&=9 whnlEl o] Oz E HolE

t}. epoch 403] oA 0.2 o]3t= Yrolxw FHA 0.043& 7] =&t}
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epoch_accuracy I o : | epoch_loss r 3
1 095 =
&4 Run
7 inceptionV3_test_1\train ® 02 "
4 inceptionV3_test_S\train [ ] 0.85
B inceptionV3_test_10\train [ ] 08 02
0 20 40 60 80 10 0 20 40 60 80 100
<% 15> InceptionV3 B9 o] €&y g% =1 - Accuracy, Loss
epoch_accuracy n epoch_loss I
= 04
& Run
B2 xception_test_T\train @ i oa;
|
4 xception_test_S\train @ adl
03| |
[ xception_test_7\train . of
i _c‘: P a0 50 80 100 o, 20 40 ) 0 100
<% 16> Xeception 22| Held F =1 - Accuracy, Loss
epoch_accuracy & I3 :|epoch_loss 1
[
& Run 095 =
¥ mobilenetV2_test_1\train @ | 04y
09t | | ‘
¥4 mobilenetV2_test_S\train . I 03|' i
4 mobilenetV2_test 9\train [ ] 085 021
I (]
0 20 40 60 80 10 0 2 0 60 80 1
<19 17> MobileNetV2 Ede] @& s<F &1 - Accuracy, Loss
CNN &4 g A7l Accuracy’F 95% ©|43 A 2EHXE A A~
¢ FER ®E= AAs7]d AFE 5 vk e, a4 743 dele Al
gk H=3 Stgeow AAl dHolHol g JAXeFIE Fhske A
(Overfitting)o] A 4 vt webx AAE 97 wdo] HAAF HAER 3
A5 og Shelan A4 AAES Bolae] AF FER 29 HEa
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<3 10> FER %28 4 & H=E Fgd= dd &
Grade | Score Recognition accuracy
S 10 over 90% on correct Emotion
A 7 over 50% on correct Emotion
B 0 Oscillating between correct and Incorrect Emotion
C -10 over 50% on Incorrect Emotion
D -20 over 90% on Incorrect Emotion

AA A" AE AES A2 ojuAE AlZEstAY A G etA] Rt o
o] Happy-=Z4 Neutral- 3 &4 Stressed-

74 Surprised- @A o 2 HAS L AA% G4 A7,
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