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W OE HRATREAR ZAAIFRRARTRAEFAFLRALY, FAEARFTOES A HERETHFT RAL
HEXEZWN Y0, ATRANNRZFAR G KETREDZIFPHFALEAFINR, QTR DA TR AAES, FHELAE L
T ASESFAHSRERE, AXRFAALEFELERSYABIAEKRRL. S TE AU LR E2 M FF AP, Al 2
BT AT EE5FITHPERERMNER Mult-SER, #ZEA Bt 24 AU RN FFAH B3 ARES5 . 2EE AN AU
L5FARSZRAARARLA  ERRABDEZAFL AN T @AM, £ 544E5 FB P . Multi-SER £ A 694 2632 5] 5 %
A BT 80.87% AL M LE A RIAE 445 A SE-C3DNet+,  R42EFA T 3.11% . FHLERAYW . BE 55 F THHE AU F K
BZ AKX R ERES LS LT @ HEFE TRA,

KR . FAFLRAN; $4E453 T ;C3D;SE; @3 E A
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Study on Multi-task Student Emotion Recognition Methods Based on Facial Action Units

ZHANG Xiaoyun' and ZHAO Hui’

1 College of Software, Xinjiang University, Urumqi 830046, China

2 School of Information Science and Engineering, Xinjiang University, Urumqi 830046, China
Abstract With the rapid development of intelligent education,it has become a trend to use artificial intelligence to improve the
quality and efficiency of education. The emotional state of students, who are at the center of education, has a crucial impact on
educational effectiveness. In order to study students’ emotions in depth, this paper collects students’ learning videos in classroom
scenarios,including two contexts of listening to lectures and group discussions,and builds a multi-task students’ emotion data-
base accordingly. The face serves as a direct outward manifestation of the internal emotional state, which shows a strong correla-
tion between AU and emotions. Based on this, this paper proposes a multi-task learning-based student emotion recognition model
Multi-SER. The model explores the association relationship between individual AUs and students’ emotions by combining the
two tasks of AU recognition and students’ emotion recognition, thereby improving the performance of the model in students’
emotion recognition. In the multi-task experiment,the Multi-SER model achieves an accuracy of 80. 87 % in emotion recognition,
which improves the effect by 3. 11% compared to the single emotion recognition task model SE-C3DNet-. The experimental re-
sults show that the performance of the model in categorizing various emotions is improved by mining the correlations between
AUs and emotions through multi-task learning.

Keywords Student emotion recognition, Multi-task learning,C3D,SE.Facial action units
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Table 1 Emotional features

Emotion Face gesture

Body gesture

Cheeks up
I (23] Raise eyebrows
nterest-° .
Crinkle at the corner of the eye

Open your mouth wide or show your teeth

Lift the upper eyelid
A (] The corners of one’s mouth lift
Acceptance .
P ¢ Corner of mouth stretching

Lips pressing against each other

Serenity[24-25] There are no distinct facial features

Glower
Boredom[2!] Droopy eyelid
Close one’s eyes
The corners of the mouth go down

b o [23] Eyes right/left/up/down
istractiont?
straction Mouth opens/closes naturally
Knit one’s brow

N Bite one’s lip
Apprehension[ 2] . .
pprehens Ptosis of the eyelids
Eyes right/left/up/down

Knit one’s brow
Pensiveness-26] Raise one’s head

Scrunch up one’s nose

Knit one’s brow
Annoyancel27] Drooping eyebrows

Lift the upper lip and lower lip up

Lean forward
Head tilt
Adjustment of body posture

Nod of the head

No distinctive physical features
Lift one’s chin
Face in hand
Hands palms under the chin.elbows on table
Body changes direction and moves to the right/lelt yawn
To turn one’s head
Play with one’s cell phone

Looking out the window, classmates

Bite one’s finger
Tap the table with your fingertips

Head tilt Frequent movements

Scratch one’s chin
Head tilt

Bow one’s head
Climb on the table
Hands behind one’s head

Bury one’s head in the sand

AT R bR 5 SR Y R R AT R AR A UK A5 A e
0 U7 R AR o 2 DT Sl B R e X I 45 2 0] S A T B
5 44 AR I A ST PPAG  DUGRIIERR VR 45 5 19 — BohE 9 B AR A

NN 5200 . 24 B 4328 b I S B E TR a0 IS
BT B R AE | 22 HRRAE R IB BORR TE N BRI — B AR SOKE
SR BCRLT Rt 5 A 2 45 M 5T 60 00 b A 1Y AL U
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Hy 298, A B 98 A IRIEAEC 4 A, BT EIE
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Z AR AR A L ) R A SCR AT T BE YT FEHOR DL R AR
BIMZALBE D) . % T 4Gy I 46 8 AL vl e s R 1% 25 43 26
ARSCIEFE T KT AR R EUR Y R T B X ROk AT L
A 5 DR s AT BORE (R SLE AT 25 5 BB RE AR X N T AR
TEH R IR — B R U SR HE .,
3.4 AU #RiE

TEbRIE 24 AU ML #2 rp, N RS T 2 — Bk % 3% AT
SANE 2=, T HAER . BB — 2GR EAN FES
i R 25 100h (%l 5591, LUR £ 3 B 08 45 o b 12 551 TN 1 4%
Bl AU, &% AU b5 i B9 Pk 5R, AS SCe B T — R SE Sy SE 9
Tk, XF IR E T TR IR 5 v BRI AU, bR
T8N LS Wb 44 B K S5 W) 8] 34 AT 240 35009 43 07 5 DTG 0 /20 8 2 11
FIREPE . TR PR 0 TET 4R AT AE AN R AR TR A 2 A
0BT A kg — B0, O O VR A Bl T R RO AR Y — B
W Ah BT AR B DG T 5 IR ATy WA G AU, 4, 88 2%
R R 2 I A S R A 4 T DD RS Y 23k
ATRERIONE LG B AE T h, L AR SCEEE T AU,
AU6,AU12,AUL5, AU17, AU27, AU28, AU43 X JLFP 4 5

C3D

# 2 EmoAU B4+ 8 F AU

64 512x ZXEXK
4 8

Conv4a
Sl

Conv4b
512
Conv5a
g
Conv5b
512

Pooll

=

CHXTXHXW

Conv3b
256

Input Video -

Share Layer

Table 2 8 AUs in EmoAU dataset

AU English Name

AU4 Brow lowerer

AU6 Cheek raiser

AU12 Lip corner puller

AUI5 Lip corner depressor

AU17 Chin raiser

AU27 Mouth stretch

AU28 Lip suck

AU43 Eyes Closed

O AU BRI HER M AR IE AN BUEZ T BT BRI,
WA T RA AU B AR 07 B MAREshfE. [F e, A4
FR{E TAEQ T — A% §F HOGZR T8 2 13R85, U (R AR T &
FE A% W UL R S AU M5 .. 203k 0] T80T 3 28 15 06 47 14 41 W
SR bR N RBEMSMEF I A X 8 Ah AU, N T IHER
AR B AEVEAS AU 38 B2 ) fE 77 2R i E W E R A
SR T R B AR E T L A SR AU A B, W R AR
R AU B AR R 15 AR s, AR 4 0,

4 EFAUNSESEEANAERAR

HT EAE MR F G AR ET 4N ETF L
5% 2% 30 1 9 45 45 8, B Multi-SER , % 855 5 Rk 4% [8] i 47
AU FIAE & (09 U050 75 AT 55, A58 80 (9 B A2 — AN A 16 it
G0 ) 5, A AT 2 3 30 38 1 R G A HL A it 1 R~ K
112X 112, Multi-SER %8 {44 48 43 Sy 3 =2 2R o 2, 36
B2 T A T 0 A AR A R 2 A SR e 2 0 T

Global
pooling

Emotion
class

Output Layer

# 1 Multi-SER W 4% 45 ¥4 &

Fig. 1
4.1 E=ER

TE Multi-SER W 26 2848 AR SO i T — AL 2 % 3k
ERE454 T SE(Squeeze-Excitation) Al C3D A5 A4, L) 52 31 %t 4%
AIF FR) A B RN $ B, Hodr . C3D A5 A B 57 DA A0 A0 A0 B b 4 3K

Network architecture of Multi-SER
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7=SE(x,) (2)
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Zemy =W, T+ b, (3)
Lo, =W o, b, 4)
Pem = soltmax(W . 2w, +6) (5)
paw=softmax(W,, x., +0) (6)
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Table 3 Model parameters

Parameters Value

Learning rate 1X1073
Batch_size 64
momentum 0.9

Weight_decay 5X106
Number of epochs for training 100
a 0.7
8 0.3
Dropout 0.1

5.2 ZHEBHFIAHNLER

ARS8 K Multi-SER #2 B 78 Emo AU #4054 L 4715
LU A R SR A AN 4 FrA . WL 28 0 R Rk
T 92.18%,F1 f3 At ik | T 88.72% ., BEFRAF X — R I4F
H 2 B TT RE 2 DY g 24 A 7E W RS TR 1 30 A A A A S B
L AR L R SR BT AL, MR R IE A R
BER @ AR R IL B T 90%6, i 22 B i 155 A B A iR
S RER Sy R RN “ e 2 I A R REAS . SR AR 1K
WS AE 3 R ] BRI 2 AR 2 B A R AR S R IR
S TR AR B MR, AR A 2 IRV AR LT
TR 52 M 2 Z R AEAE 20, 45 % RTRVEHER X R W] BE 2
P Sy 3 T 1 45 7E A B R B 1 B R E A L. B RO
T TR A W3 M AMESRAE 1T HE 2 4 E (LR
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Table 4 Student emotion recognition results

[€79)

Emotion P R F1
Acceptance 32.81 90. 00 48.09
Annoyance 80. 00 95. 24 86.96
Boredom 87.68 81.64 84.55
Distraction 92.18 85.50 88.72
Interest 85.87 82.41 84.10
Pensiveness 84.94 84.43 84.68
Serenity 85.41 70.96 77.52
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Fig. 2 Diagram of students’ emotion recognition confusion matrix
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Table 5 Model comparison experiment
%)

Method Acc F1
C3pLzsl 65. 27 51.36
3D ResNet18L29] 63.77 59. 30
R(2+1)D18[30] 50. 19 47.34
pP3DL3L 53.20 44. 28
ResNet18+ LSTML32] 64.72 56. 27
STTE33] 59. 10 53.79
SE-C3DNet+ 77.76 63.23
Multi-SER 80. 87 74.76
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Fig. 3 Effect of baseline model on emotion recognition with

or without AU
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