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Expression Recognition for Real Time Online Lectures
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ABSTRACT

Due to the spread of COVID-19, the online lecture has become more prevalent. However, it was found
that a lot of students and professors are experiencing lack of communication. This study is therefore
designed to improve interactive communication between professors and students in real-time online
lectures. To do so, we explore deep learning approaches for automatic recognition of students’ facial
expressions and classification of their understanding into 3 classes (Understand / Neutral / Not
Understand). We use ‘BlazeFace’ model for face detection and ‘ResNet-GRU’ model for facial expression
recognition (FER). We name this entire process ‘Degree of Understanding (DoU) algorithm. DoU
algorithm can analyze a multitude of students collectively and present the result in visualized statistics.
To our knowledge, this study has great significance in that this is the first study offers the statistics
of understanding in lectures using FER. As a result, the algorithm achieved rapid speed of 0.098sec/frame
with high accuracy of 94.3% in CPU environment, demonstrating the potential to be applied to real-time
online lectures. DoU Algorithm can be extended to various fields where facial expressions play important
roles in communications such as interactions with hearing impaired people.

Key words: Degree of Understanding, Real-time Analysis, Face Detection, Facial Expression Recognition,
Deep Learning
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Paper Face Detection Algorithm

Facial Expression Recognition Algorithm

Sarrafzadeh et al. Neural Network (ANN)

(2008) [10]

1. Face detection using an Artificial | 1. Linear model

2. Facial feature extraction and a | 3. RBF Kernel with the Support Vector
fuzzy facial expression classifier

2. Polynomial model

Machine (SVM)

Support Vector Machine (SVM), Decision tree

C.-H. Wu (2016) [11] | FaceSdk .
classifier
L. Chen et al (2012) Active Shape Model (ASM) Support Vector Machine (SVM) with Gabor
[12] wavelet
M.-P. Loh et al (2006) Convolutional Neural Network (CNN) with
None
[13] Gabor wavelet
glzll]v[ Sun et al. (2008) Active Appearance Model (AAM) Support Vector Machine (SVM)
?2.013%)1[16] oumi et al. Haar Cascade Modified Convolutional Neural Network (CNN)

O. K. Akputu et al
(2018) [15]

Viola and Jones face detector [16]

Multiple Kernel Learning Decision Tree
Weighted Feature Alignment (MKLDT-WFA)
with Gabor Wavelet

U. Ayvaz et al. (2017) | Facial landmarks detection algorithm
[17] proposed by Sagonas et al [18].

Support Vector Machine (SVM)

S. P. Deshmukh et al.

(2018) [19] Haar classifier

Kernel Support Vector Machine (SVM)

[20] (FACS)

G. Tongug et al (2020) | Facial Movements Coding System

Microsoft Emotion Recognition API

M. A. A. Dewan et al.
(2018) [21]

Viola and Jones face detector [16]

Deep belief network (DBN) proposed by Hinton
et al [22]
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Fig. 1. Overall process of online real-time e—learning system based on FER,
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3.1 Detection

FER QIFo 2 Eojzd dF AlS 7] 9%k A
g GAZ 7 =g el face detections F3l
g2 ARE A=t £ detection 5 Kol
State-of-the-art &118]& % AE 22 face detec-
tion ¥ EFS At £2& v B4 AT
HAal#yd =dQl Haar Cascade, Histogram of
Oriented Gradients(HOG)2} E#Wd 714¥ke] Deep
Neural Network(DNN), Blazeface, Multi-Task cas—
caded Convolutional Neural Network (MTCNN)<
31_7, 2218 A TH30, 32-35]. Haar cascade2} DNN

< OpenCVolA AFEHe BES AHEstHoH,
HOG= DLibollA Al&H = ZEs At

3.1.1 BlazeFace

BlazeFace[30]= 6709 42 SA4AHGE, 7, ¢,
) Eeo] Aze) WAL dZaln 1 A%
2 A ZE g9 o7 yehdth o] 2Elle MobileNet
e T2 A, 2okl 270 Sl 5

o}. MobileNet[31]9l 4] Depth-wise separable con—
volution ¥4+ Residual connectionS 2F-&3Fo] ¢4
S dF AT =3 layer MFE 9 5x5
kernel & AF&-3}= Bottleneck 25 MZ F7152
2ZA olmA & ¥9& ok LR ofyg}
R9671¢] we geojd 3-7]«1 bounding box (anchor)
E Abgste AA 9 AAE S5 A 23
olu, boxe| 37 It2}H] B (regression parameter)
€ ASHES 7tE BHELE AT

3.1.2 DNN

DNN[32]& 2] EAe 3| F3ts 99e d =3t
= Y ELAZE, Convolutional Deep Neural Net—
workE 7] Hto 2 gt DNNell 719k detection]

rr

73§ EA9 nf23E DNNE 7|fte 2 3 JAE
&3] Ex) £F(object classification) ¥ 713}8H2 3
HE FE0-

3.1.3 Haar Cascade

Haar Cascade[33]= 2001 ol AtH & S
2 FEve e IS Bol wol Xqﬂ‘:7 =2 &
t}. Haar featureE ©]-8-3Fo] o]u| x| A Z <
o] ¥r] A& vty dF S-S Be F cascade
St 2 detection 3T},

3.1.4 MTCNN
MTCNNI[34]& joint learning 22 o] 83 Ao
2 CNN¢l P-net, R-net, O-net2 g & 5343}+=

zdoltt ZF Y ELIE face detection,

bounding box regression, face alignmentZ <53t}

cascade

3.1.5 HOG

HOGI35]+= image descriptor®} Linear Support
Vector Machine s AH8-3tE Zdolth. HOGE W%
Y9 A A7E W, vhe 99 W edge ori-
entation?] 3| AEIY HHE o] &3l dF 9L
detection €t} Edge BEE ©]§3}7] wjZoll o]H]
A 9] ¥7] W3l 5o 4 usit

A oA A mde B i% sete e E 7t
Aot Aee HUstg e, vl 23} BlazeFace”}t
7 e SEE B 5:45_ 22 st
(Table 3). Blazefaces &3l €2 4= AFxle] FER
dug]Ee QEoE AEH HolHAY d= W
9} @}, 5Y3A 2E7] 95to] Blazeface? o}

%2l detection box®] 2] Wk 138 58 IdF

/\]'X = E}AE}-

Table 3. Speed of each detection model

Model Speed (CPU) [sec / 4 frames]
BlazeFace 0.089
DNN 0.209
Haar Cascade 0.244
MTCNN 0.648
Hog 0.149

3.2 Facial Expression Recognition(FER)

ol = 23}7] $18F Facial Expression Re-
cognition g2 AA 7o ATFEE AT F
o= 7heH dA FF o] HGEE Ry ok
o} whebA 7PE I W2 VGG, ResNet 719he] el
S 3AsE e, AALE dolH EAo A3k
GRU =d& F7tstdt

= B
= 1
Sl

3.2.1. VGG

Modified VGG E2[36]2 3x39] 2}
kernel7H& AF&3F convolutional layer 553 fully

receptive
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Fig. 2. Architecture of VGG,

connected layer 3222 FAHETH 3x3 kernel?
spatial padding2 12 1A &Ho] 2™ spatial pool-
ing< 571 9] max-pooling layerZ T&% o} Con—
volutional layer ©]% Fully-connected(FC) layer”}
ojoj Rt} ¢k F FC layers 4096 channelsS 7}
™ v}z 9} Jayer= 3 channels °}-3< 7FA 5 (Fig.
2 [36]).

3.22 VGG-GRU

VGG-GRU 222 VGG 299 FC layer 5 4%
£ 2HA%E ¥ Gated Recurrent Unit (GRU) [37] &
2E 2 UES Aotk GRUE [38]4 AlQtd
Long Short-Term Memory (LSTM) unit¥} &
memory cellS YA &< gating unitg 73Xt}
Gating unit2 information flow S A& 3sl= @9 o]
TH37, 38]. & Rdlloxs 2 Fe29] o|u|AE0]
batchZ Fo Eoiztth. (Fig. 3 [39D.

64x64x64 32x32x128 16x16x256 Sx8x512  4xdx512 2x2x512 1x1x4096
1x128 1,(1)‘3

Fully connected OUTPUT
+RelU + Dropout - Three classes

Fig. 3. Architecture of VGG—GRU,

3.2.3 ResNet-GRU

ResNet-GRU 2422 gradient vanishing &A1&
3 43+ ResNet[40]& backbone . Z 3tct o] <l
Fom e Fe29 o|u A7} batch& Fol &1
2o}k, 3x39] receptive kernel9F AFSE™  40% 9

HEY 0lAlg 2886t AAZF 22101 22| Oldl: 284 1469

4 :

Fig. 4. Architecture of ResNet—GRU.

convolutional dropout, 80%2] FC layer dropout<
F7Fth ResNet 7]9He] 7] ©+& 3719 blockel
A We 1D featuresE Z+Z FC layers $3%3 &
sequence length= 1& AYo] && 5o GRU =4
9] QIEF o7 Eojztty. GRU ‘:'Eé o} &2] batch
2t Hto] miA gt FC layer?] QAFE o2 Eoj7F =
20 2 3 channel®] EE batch ©|F| A& T# g o}
*E& A At (Fig. 4 [39D.

VGG, ResNet-GRU+ Adam optimizer, VGG-
GRU+= Stochastic Gradient Descent (SGD) opti—
mizer& AFE3} S M learning ratex le-05°]th.
VGG, VGG-GRU, ResNet-GRU®9| Training batch
sizee= 247+ 128, 4, 401t} FER 2@
frameworkE AH-8-3te] FAEH A

A A AN mElE vwa] 2 A3} ResNet-GRU
7V 7V B AYEE Bo HF A E AYsiao
(Table 4).

&% PyTorch

4. Olol= "o} e mRlIS] HAE
B Ao FEE DoU LaeZo] AA 44

oA owd W oz Fgo] 7HehA| Holr] s
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Table 4, Accuracy and speed of each FER model

Speed [sec / 4 frames]
Model Accuracy
CPU GPU
VGG 45.93% - -
VGG-GRU 82.70% 0.213 0.024
ResNet-GRU | 94.30% 0.303 0.032

Zoom 3} 39| fEEA oS ARt HA| 2
2l AN YT 2L A S 245 o] o,
3lojo)] FAg 6] o] BT FYE XL
= 7HAstel AR AREA 288 A1 1 g
5315tk o] Y-S DoU 2ol ¥ ALgAlEe
o] =& At R Understand / Neutral / Not
Understand®] Al 7| 822 EF3cH sty =5

o S WRE FXE W o] IR

UelitHFig. 5). & 42 Windows 10 Home,
Intel(R) Core(TM) i7-8565U CPU 7oA X35
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M 2 X

(3]

Understand 3
2

. (a)
Neutral 0
=1

-2

(b)

Not Understand -3

-4

0 5 10 15 20 5 30 35 40
Number of iterations

Fig. 6. DoU Graph per iteration,

Not Understand: 54.06%
Neutrol: 43.80%

Understond: 0.14%

Fig. 5. Prototype and statistics of understanding, (a)
Neutral state, (b) Not—understanding state, (c)
Understanding state,

Yol7t 4 F oA AFdA FAEY ol =7}
o= gl s, ARE Ze el
2 olE = £4 A4E 22 YEPATHFig. 6).
g Akl ik £ AZEe ol & g A7 -r|5]'
of 37ie] ol e Szl e FEF T M =
& e gz &83F9 . Understandol J—Q
Al g S 2o BEFHS Ao 7o Z, Neutralol
&8 A FEFHS 022 2439 2H, Not Under-
standell £& A sl FH=9 FEHS STE &
718k 3+ AFehe] AJ7te)] wHE ol E T EE A
o 25 FAEY oldle s et HF 1
PEZE ==EsA kA o] =7} Neutral 2 &7
H g S0l B FAAE 09 77 Fhol(a),
olafistA] Xg stAEo] B2 FAAE S5 Fhel
(), ol8l gt TS| We FAAE &5 #ol =
G5 AtHe). A71A T3 (a), (), (0] 7 22
Fig. 58] ZE2EHY AHA =H9 Aot
2 AT A a7 22 MR8 E F T Ue
Ao} AA e A& 7]‘%—‘:’_ & xo|t), Table 4%}
Table 5041 AAE B ~E A= 3 Abghol] o st
FZ3 471 9] frameS batch® 3l A=t
2E A3} DoU €ag]lF2 94.3%<] B&=(Table
4)9}, CPU &7 A face detectionE FER 73|
0392%°] W& £55 B YTHTable 5). -2 ¢y
£& GPU &40l 48353 " 012128 £=
7F O webd deol dE g8t

Aok

flo



Table 5, Speed of DoU algorithm

HEY OIAg 286t AlARt

Model Speed (CPU) [sec / 4 frames]
Detection (BlazeFace) 0.089
FER (ResNet-GRU) 0.303
Total 0.392
5.1 #

2 AdTE "deld 7Iek 24 4 E Bl 299l
AAZE ZFe] o A FA ] ol EE AAITCE B4
st ARl =& Agketh AE4 e A &S
$13l, face detection®} FER B@-& §H7 Al-g-3l o
o 2o v, £4& T HH] AdAE ==
3l th. BlazeFace$t ResNet-GRU @2 FAH
DoU ¢ 8|FS Aoy, ol& kRl V&S
83 FHY oJlE FAE AAOE EA4% A

HA AT "ol 2 997t U
AA FER# @3 A7 Bol A= ek
AR o] Foj HAFA M= gl HIo
end-to-end learning?] B&d 7|Hol FE A&
I ATH3L oM A Z2RE d= §EAHY e F
3t T #ES ¥4 A4 &837]RT, o]H|A|
AAE SEFs) 92 A F23 Al B4 <14
< 3= gJEd Bdo] 594 4 Zy s AT
o2 BAMdte B Ao sttt AT =3
g2 YR g A5 =o|7] s B I
HHYS Bl 2 o] F H2Eo &8 A
FoluAl s Th 1R ofyE}, AR d4E
st7] f1al =2kA 9l dlolEld] A3g mals A
312 3R w2kA Convolutional Neural Network
9} Recurrent Neural Network7} 233 =d$ H]
o BAEAT 2 AH -t Adtete HHo B
9 F A e g3 2ok

Face detectionol A 7}4 Z& A% S B2l Blaze
Facex Depth wise separable convolution 343}
residual connection 7|H-& 83t £5& @53}
ATt =3, FA old ZH YollA ALkE 679
2 EAAY g o Zy Yol g g o

F& F Sk 18 ol ks A7)
anchorg ARS8l =9 A& FA3A =43}
At o]9 22 Blazeface Z& e

A A EF=E ojoj Tt

e e Hn

- 4=

o Fﬂ
of mlo

o

32

R

2ciol 29| OlalE

FER °l 7%
residual learning= o)
HhEE g 29 ZA B3 H5S BAth =3
3ZA Y field of view(FOV)7} GRU 2@ 9] QIF0
2 FAANEER HH Fo3 ARE O H4FHS
2 Hokd & Atk A3 F7HE convolutional
dropout¥} FC layer dropout2 =2 o] d2lr]g 4
g UF 2o dAREe R A Thed 55 HAY
of & =& FiT

< FER #& A4 Bl HolE7} k&
ol Bl 2 o] ARZ-ETH4L, 42]. AR ¥ L Hlo]
He Eﬂﬂ‘ﬁ 7 WiFe] A3 FA s B AFEY
ol A7} QIF o 2 AME-HEATHE o] ATHA43] =
gA, LFH Y olE A= HE3 ZR/E AYsr] ¢
3 B AFolAe olvA HolEHE & tloHE
A8 T HIT 2 HolE 7 AHE-E A9 o] 7Y
AEHQ ZHdor Rl Sojzith o9 {FAMRE
AHE YEN Y] S8, Y S0 sdste 41
9] ou| A& dlrte] HiA 2 mdo| Yol sttt

T B AFoA A" EFeld delEAle]
ol EE % 4371 918 74 E dlolE 7} obd 2A

< 71Nt 2 AFEE dolE Y A
7F Atk AA FHo A= Neutraldt 2R = 243l
wet FHA Fgo oulE BT 23 F 3lon,
Neutraldk £ o= 1YY, ANE e B9
T AR AF sjEe we} ourt 2ed = 3l
7] WEoltt. wetA os| =& Hrtste HiYl L
o] HolElAlS FH3t] d=9 Ay FrY
ofye} Abgho] ol P& W Yethve 3, <59
=24, 283 €29 7o W T F7H4ER
AR} 3 A A4 &&IATHA HST LS
I A B4 AH2E AT F s Ao
[43-46].
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