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Face expression recognition based on improved
residual networks and hybrid attention

LI Diwen, PAN Wei

(School of Computer Science, China West Normal University, Nanchong Sichuan 637009, China)

[ Abstract] To address the problems of poor generalization ability and low recognition accuracy of traditional residual networks for
face expression feature extraction, this paper implements a method based on a combination of hybrid attention mechanism and
residual networks, which can achieve more accurate and fast recognition of face expressions. The CABasicBlock is proposed to
replace the basic block in ResNet34 as the backbone network, and the spatial and channel attention mechanisms are added to extract
the global facial features of faces and the local facial features associated with expressions to make the network converge faster. The
addition of batch normalisation and PReLU activation functions after the residual module, as well as Dropout and global average
pooling before the fully connected layer, can effectively prevent overfitting in the training process and improve its generalisation
capability. This reduces the training time. The experimental results show that this model has better results, with an accuracy of
73.7% on the FER-2013 dataset respectively. Finally, a visualisation of the detection results based on the above method combined
with OpenCV and PyQt5 was constructed for real-time expression recognition.
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JO7 AU R (H AT 2R 2 ) i B, 8 N T R kS

0 51 § FSEREHEIOPEF . AR 3 T AT A5

1 H NS R A T B e R el
TS e, N 2K i 1 U T A 2 R R R
T 7E A, MR e AR A e P AL TR
55% L) BRI G R o BRI B TR LE:
ARIYE— K , NIRRT A s oy 13t
SEALILSE Ty T ) B AT TR 4, H B NS LA
IRy BN VRSN RIS L S RS OF 2

3B S BB ARSI e A R AR
T g P P A5 P A A 8 2 28— 9 B o A6 M Y
NG SRS 1 245 i BN G, 3 17 T AR AR, Sk L4
ik 7SS 288 RE A% B 1 DX 73 AN [) S 1 B T AR
o =B BUZRE SR BRI AR A B 20 28 285 gt AT
w3 B HH R RIS SO M, AL RS
R BRI

EEEN: FHI0(1997-) 5B, BULOs A, EEBTOr [ R R, 3 A5 (1976-) 35 Wk B , EERTIEO I IR T |

LA,
EiEE. & 6
fs BHA . 2022-06-09

Email ; panwei@ cwnu.edu.cn

PV L ENRERRN o2 A5 x5 & A




10 /ORI B NS5 NMOA

ERRES

SRy it — 25 4 v T R AT U 0 ME A SR AR SGE
T TR B B 2 I 24 v o A\ S T R 3 R I PIL
DO T [ S (1 i )| O S
CABasicBlock ¥ J5Uf 5% 22 [ 2% 1 Block 4544, fifi
W26 [ sl 2] A4 FRAE 38 T8 ) 2 42 )
M TE R AR A0 ST B, Mo ASE A I 25 14483 2 o SRR 27
> BRI YR W AT AF N RS AR RS S, FE XTI
BRI T SR AR 2T 1 A Bk SR T AL fh
Ho ZITIEAE Fer2013 NI RIGEIEE L2 TH
BURIE

1 HXEEHR

S N 25 TR 7 v e B A il AR HURL
W), SR I iz HR ) 52 4 s o Sk 48 BURRAE (4. LBPYY
HOG"* 45 ) | IR 7 AH I A4 31875 31 e 5 4R 10 4
v e, e Je Ao SCHE ) ML/ KNN3/ DL Jlir 432
BRI okt i R R E AR PR T 26, IEAN
MITIETERFE SR ISR 52 5, R 1 sk S AR e 4 550t
i PCA = 80043 A2 6 LI 4 | Ul /NG ik 1) s )
RS A RN A DO T S S UL S 3
PR TG Y AR ZE A () R, B T —Fh e L) LDP
Yifh 7 %, FIH Sobel B TR #F Kirsch AR R HEHL
PG P R A A I, , DT sl G M 75 1 38 A )5 T, -
F RSP IARE 5 42 Jey JURI REAE AR 45 & J5 4 PCA
WA | S THRIF RN Z8 T e SRR P 5]

Wil R B2 2 2 (R B Jie | R T AR 2 I 4%
i) AlexNet 7E 2012 4EfY ImageNet KFE [ —246 25,
HARGPRE R T4 45 10 20 A 208 X iR
HEBFKBFFE , IV IR T X R, A
i FRAE O I, TR A= T AR L -G
PR 28 38 A i 2 A6 BUZ R PRI R 1% 5
TRIZ UK BYRHE , DT BE A5 AR 10 1) R 3BE Nk ] 5 1) 5
—HECILI , PR T FACR Bl B R
EW I, XBAE G G B 4 I 4 2 A TR
IR, BT T T IR A CNN R 42 5
R R N T — b A B T R 45 Y 85 35K
ARG, AR R A XU > R
SRR R IR 2 >0 S BRI 4 B8l 7 H A gk
P Z 6] 1) o3 AR 2585, 1) JC W B A 1ok e ) 286
A, M4 3k A 38 N T ik g R IE 2R, RS
TS EE N X6 224 i A8 TR0 Oy 3k 0 0 6 1 S 4
JRYREAE T 22 W B AR A P I A8 () L, 8 i — o 3 T
JRATRFAE AR EAU-CNN &9, 128 500 M
2R 8 N IFAT YRR P I A3 32, B 43 3 A

[V 4k 43 4022 5 43 =C ) 1 4 R 2 0 1 3 I e
e, AGE A [ Jmy 3 i IX S ) B B AR, I e &
Softmax PRECR AT RAEAI-L 2, He!™ 45 NHEH
TR EE 5 22 26 ResNet, fift Ui 1T TR )2 R I 25 11 5 1
PEREIRALIIRE, Ry KA AN Rt e 7 RE, ),
PSS LEZTENE DI GELR e P LK S S N S
U S Y N A D O N A T S E R LR (I AP 3 40
[, $E M T VGG16 1 T M 45 Fl ResNet 5% 22 ¥
2 RAL FEHT ) RGE T HE PR P 2 2 A5 D 2%
REA R Lk VP HI RN o KK 0T, REFSE
N SRR A X 2 I 4 i BT 50 2 19 R AE A
S I AL RE VISR BATE A B 5% K B0 25 45 ), 4
T P R 2 2 R R I ALEIAR S A 22 R
TREE AT 73 B R0 I 2% 3l o 2 )2 2 ROBE TR B2 AT
o B BR 25 BT I B N AT AN ] ROBE Y 2R 1 R AR 4
B, I8 CBAM ¥ 2 7 AL #E 47 2 A% F E 19 07
Ve, BT RCRAE AR F Rk . Bomag s
TE SCHR H BT X AN [ 18 217 22 ] EAT A0 i ) 288 1) 22 S
5, H TR SR 25 X 2% ) S Aty b 42 1 —Fh i i 4
FIEG R 2 W 45 45 R ( APRNETS0) |, 1% 8 il &
SRR B ) A (R R Rk
P, SN ER X ResNet [0 2% 5% 22 45
Pt S BUZ SR T ot | 52 Al ORI T/ VB AR
BRI, B B i 22 B () i 1H 2k A B 4 0%
PR JAATRE R Rl G T DL R SR R HL
AT ROEE () G R AIE |, B 5 il 3 Softmax 432 45 i
19338,

2 REMKEEEANG

21 HREMZE

TR 5% 22 M4 S GBI E MG L, 27
WR2& | AFR 2SR AT R G2 ff T D) 45 A5 R 1)1
i S Il A 4G P el 2 ] AT, S e ke 17 R )2 I 4%
MEAYN R BEIR AL i ) R, 5% 252 > BROT A5 HE N
1 R,

B1 BREFIHET

Fig. 1 Residual learning units
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Fig. 7 Schematic diagram of the face expression recognition network model
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