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Analysis of Students’ Concentration in Online Classroom Based on Facial Expression Recognition

WANG Lin, LAI Meng-Lin

(School of Automation and Information Engineering, Xi’an University of Technology, Xi’an 710048, China)

Abstract: Facial expression recognition is easy to lose a lot of useful feature information during feature extraction and
cannot extract more comprehensive facial expression features. In view of these problems, a multi-scale feature fusion
network model (DS-EfficientNet) is proposed. The model includes a deep network and a shallow network. The shallow
network is used to extract the detailed texture information of facial expressions,“ and the deep network is used to extract
the global information of expressions. An attention mechanism is added to the shallow network to enhance the ability to
extract shallow detail information. Finally, feature fusion is perfofmed on channels, and the network can extract more
abundant facial expression information after the fusionyIn order to reduce the model parameters and improve the
generalization performance of the model, the' fully connected layer is replaced by a global average pooling layer, and
batch normalization is added. The method proposed in this study is tested on Fer2013 and CK+, and the recognition
accuracy reaches 73.47% and 98.84%. Experiments show that this method can extract more abundant facial expression
information, and the mbdel has a strong generalization ability.

Key words: facial expression recognition; feature fusion; attention mechanism; deep learning
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KA, o B AT AT R A B AT R 7
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S o D SRR MRS I L 9 R B 7E R
MR A AETE (0 B R, IR . DL F
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3.2 LWIMESIFMNMIERR
A6 R HIERAE 2808 Windows 10, fifi {4 PR35
A Intel-CPU-i5-10400F, GPU >4 8 GB f] NVIDIA Ge

Force GTX1070Ti; ¥ fF¥F5E Python 3.7, R 5 % ST HE. |

28 PyTorch 1.7.1. AiE— B THERMERE, IZRIT K H
KL 2% 1AV HC 0 307 6. APBUBERT 200 1 epoch
11 25, batch_size ¥ B M, 16, 1 INALAE @42k,
Adam tRACES. VIHAZES] % 58 0.01, BB 2% 2 % 4y
HRFRHOY L k3 A5 B 5 2] F RN,

SIS F AR AR 2 (accuracy). RIS HE
(parameter) JRIEHIFE M Fl-score {E AV Fa R, HER
IR IEM 7 BRFEAR 5 SRR L. B S5 545
YIZRIN 75 225 ST 2 803, 2800 0K U I A5 Ak
K. IRWEFEFEFE 12 B B FEYE (TP BEAME (FN). &
FAYE (FP). ELFAME (TN) 230 H ) E4%. Fl-score 154
HER (precision) M1 B (recall) FIA I35, BUE
JuH 0-1, tHE AN

recision X recall
F1-score =2 X% precision» recar

(6)
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3.3 REMEER SN
3.3.1 VRS

AR SCEP IR Sk 2 A R B U 1, DA Efficient-
Net-B0 JyFLfill, $#2H DS-EfficientNet W& A&7 4 T 56
UIEAR SCHE H 0 35 AR 1 R0, SR BLR LA fil
SERR U7 AT S5, (1) U8 EfficientNet¥2%; (2) ¥4
PR AL RR 2 A 8 AT 2 U R 75 (3) fEIR)Z
2 N SE BB (4) 45 4 HERRIE B B 4R 49
Ak 2 (GAP). i{fm\ B b K FH R S F S 40, SR &y
RAFE3IL § L 7

"‘.L K3 RN AL
pe I g gap P03 %) B
A (%) (parameter)
1 x x x 69.83  94.56 1695720
2 N x x 71.64  96.83 2036425
3 N \ x 72.89 97.77 4373248
4 N \ y 73.47 98.84 1749300

f# 3 ] LLA H, EfficientNet-B0 FEfill X 2% 7
Fer2013 L HIVERE N 69.83%, 7F CK+EHE &% 17
TN 94.56%. 439N 2 RS Rl B 5 R 22k
2|7 71.64% F1 96.83%, AHLL T-HAli M 25 73 Jil$& 4 1
1.81% 1 2.27%, iX & W 2 R Rl-&BEHn] DOk R 15
L FE A5 S AN AL B2 15 S48 sl R T 472 TH 99 4% 12 fie.
TEVRIE ML N SE B Ji MR B 52 43 DIk ) 7
72.89% Fil 97.77%, FAEL T AN SE BLIE Az 53 ISR T+
T 1.25% Kl 0.94%. B35 ) (14 42 2 B e o 42 R T
SIMBRL R — {02 2 5 R0 B 4 IR T T 0.58%
F1'1.07%, 3 L BHR KA.

3.3.2  Fer2013 ##asEh sein gl 1 & ot

T BN, A Fer2013 ¥E 8 4, ootk
B B AT AE Fer2013 Ll ZRAI3 2% (loss) FIAE
(accuracy) £ ani& 7. & 8 Fiow.

2.0
= = =Val loss

1.5 Loss
§ 1.0
2

05

0 . : : —
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i 7. &l 8 "IN Sut 5 1 EfficientNet 2% 7E |
5 200 > epoch 2 J& I ZRAERIRIE B A 2K b2 2 e A1,
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#41 Fo.os 007 . 001 0.15 005 0.06
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S
S 2w
5 WX 002 000 0.00 001 001 0.04
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ity +0.08 000 008 0.02 002 0.15
B F0.02 000 004 005 001 0.01 . 020
FE 1007 001 005 003 017 002
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EROPRE EN Y it Wi P
Predicted label
K9 Fer2013 YU A RIBERE -

FE Y 3 HE O T LA ), A% SR 1 P g 7 A
T DR I T 2K 1Rl R 4 K ET 91% A1 82%,
WA AR DK 3 B AR A I, 2
DR s0t T e D4 RSV e U, T 0 0 B A SN 1, O
BT 2 5 V. 200 2 R 0 2 5 R B 2 R,
S LRI Ik WK I S,
SR S I L 6 O 8 5 B A R K
YNGR AT S L Ak R A DU O, 3
KRB A A EHIRIG 03X 3 KR
& T WA 25, et 2 16 LA AR SR A ML, AT H 3
B AR A5

A M EfficientNet 5 HAh B35 HE4T X EE
SIMTINGE 4 TR, 9206 R ILAS SCAR H 16 I 2 45 250 3 )
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%

Jiik HEHIZR (%) ZH & Fl-score

VGG16M 70.12 139357544 0.73
ResNet50!""! 71.15 25502912 0.75
Xception!'” 66.80 16691895 0.70
Inceptionv3!'” 70.13 23614078 0.72
MobileNetv2!"" 72.28 3447520 0.74
EfficientNet!'” 71.56 1695720 0.73
AT 73.47 \74 )300 0.76

' -
333 CKHAEE P o8 5 5 T

U I IV 2 CR+ B0 S BI85 (loss)
FIREE (accuracy) HHZR WP 10, B 11 fiow.

2.0
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g 10
|
0.5
0 S —— T
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10 CKHIZRAR 25
L e —— e
08 | 2
/
;
g 06t [s
= !
S 04}/
< 7 \ ]
t\‘ 02 Train
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0 . . .
0 50 100 150 200
Epoch
K11 CK+IZRAE 2k

CKHHEERTELI =S T, ARICER I H
B LR AN IR R 3% e 75 T, B DAMEf 2 AH L T
Fer2013 =R 2. T CK+E#a 4 &l v B B L Fer2013
MR, R 358 IRAE. 12 18I 2R g AR 4E 9:1
(1) b 1) B i 4, HL IR R VR A AR B A ] 12 BT,
£ CK+H A, & RERNE M HENZAET Fer2013
g m TIRZ . HIRIE AR ] LUE s I A AR
SA BRI, MR FL 050 R R
AN IAR. X A2 T IX LR A 2 R AR L R AR
B GIRWE, HHXJLERENGFEAR T m%. W

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20234F 324 F2 1

http://www.c-s-a.org.cn

i H AR G N H

VERAE SRR R D, SEONGATE >, TR
R EPIE I

- 1.00
Ea 0.00 0.00 0.00
P 0.03 0.00 0.02 - 0.80
E 0.01 0.00 0.00
- - 0.60
|
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= - 0.40
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WE 1000 000 000 0.01 - 020
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. . . . . . -0
ERORE FEN & o WiEF Rk
Predicted label el

12 CKHRMZ RAENE
. o B
% 5 A7 ORAHURIE ERIXT L, A S0T
VI 5 BT 198.84%, 5 3LANSTVEA LA SCH
EEMER F Fl-score (TR, SHUR A DRI,
%5 CRHHRIIIA L

ik R (%) ¥ & Fl-score

VGG16' 95.24 139357544 0.96
ResNet50!?! 94.13 25502912 0.98
Xeeption!'® 97.48 16691895 0.96
Inceptionv3!'” 94.02 23614078 0.97
MobileNetv2!" 92.43 3447520 0.98
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