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Abstract [t is difficult to highlight the features of facial expressions in the study of global faces, due to the unique
subtleties and complexity of facial expressions. To improve the robustness of expression recognition in natural
environments and optimize model parameters, this paper proposes a lightweight facial expression recognition method based
on multiregion fusion, which integrates local details and global features to realize a combination of coarse and fine
granularity, thus improving the model’s efficacy in discriminating subtle changes in expressions. First, local features are
extracted from the human face through a branch, which uses eyes and mouth as input. Second, the facial global features
are adaptively acquired by another branch, and a mask is generated by key points to assist in adjusting the facial attention
map. The facial attention map acts on the global features to highlight the weight of the unmasked parts and describes the
overall high-level semantic information. A pruning algorithm is used to perform lightweight optimization for the overall
model, using less memory and few computational operations to obtain a more compact network. The recognition accuracy
of the proposed method on RAF-DB and AffectNet datasets is determined to be 85.39% and 58.81%, respectively. The
experimental results show that the recognition accuracy of the proposed method is higher than other advanced methods and
the proposed method significantly reduces the number of parameters, which proves the effectiveness and progressiveness.
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2%, X T RAF-DB 4 45, ROE F 2L H FE AR 3 B
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F 2 BT RAF-DB Eds 45 0 A 22155 U0 TR I8 5

Table 2 Facial expression recognition confusion matrix on RAF-DB dataset

Expression Angry Disgust Fear Happy Sadness Surprise Neutral

Angry 0. 81 0.02 0.04 0.03 0.03 0.04 0.03

Disgust 0.06 0.59 0.02 0.08 0.09 0.03 0.11

Fear 0.02 0.04 0.57 0.03 0.14 0.15 0.05

Happy 0.00 0.01 0.00 0.92 0.02 0.01 0.04

Sadness 0.03 0.06 0.01 0.03 0. 82 0.00 0.05

Surprise 0.04 0.01 0.01 0.02 0.01 0. 85 0.06

Neutral 0.01 0.01 0.01 0.04 0.09 0.02 0.82

3 BT AffectNet #5419 A R AEPUNR 16 58 15
Table 3 Facial expression recognition confusion matrix on AffectNet dataset
Expression Angry Disgust Fear Happy Sadness Surprise Neutral

Angry 0. 36 0.24 0.02 0.13 0.07 0.03 0.15

Disgust 0. 06 0.57 0.03 0.04 0.03 0.02 0.25

Fear 0.01 0.05 0. 49 0.05 0.10 0.20 0.10

Happy 0.02 0.02 0.00 0.90 0.03 0.01 0.03

Sadness 0.03 0.06 0.02 0.04 0.56 0.02 0.27

Surprise 0.02 0.05 0.03 0.23 0.03 0.43 0.21

Neutral 0.01 0.04 0.02 0.13 0.04 0.05 0.71
FEARBROR, T HERM, QS MREAMELZ 8 A0 W ERA RS TRE, N 2R & mRNg
PRI AR B i BB LR AR AL 5 B B 2, LUk 42 R 1 3 o O B A
3.4.2 H@ER 1 SCAS A TETE 1 03 SO RN B LU SR 4 Sy 1 o

i & VGG-BN-16 — LAl 45 24~ 5p 32, 73 31l 2 Jmy i
TS 43 SR A JRy A N G B 40 32, O ek 1 R AL Y
VGG-16 W45 . S 1 B B A B 455 00 Xk o3 2R 4k fiE 1 52
Wi, LLRAF-DB %4 5 S i 2 17 98 fih 52 56, 35 32 A
TR AR AT

O3 O B I 268950 03 SCHEAT SE R, AR 4 TR 4
& Local detail branch, Global branch . Global branch-+
attention map , Proposed method (VGG-16) | Proposed
method. 55 LAMA> 73 32 BEAT Bph SE 8, P LAANSE & 1E
B0y SR A Ry L SE N OB R SCHEAT S, R 4
B WA SRR VGG-16 #4758 58, I 5 5
P R AR BEAT SEBR S L o IR 4 BTSSP R T kA
Pl Bl e 9 JRy 0 400 5 43 S A TRUBIRE BE R R B, U
RSB0 B AT 42,170, th T J=) 30 40 -1 3 36k 4 MR 0 A
T, AN RAE AR S AT 28 25 A B3k T S 20 B 4, IR A
A LA B RS A B SR 200 5 (EL B e P 4 SRy A O G

4 RAF-DBEHGEE b0l gc e 45 21
Table 4 Ablation experimental results on RAF-DB dataset

Method Accuracy /% Dataset
Local detail branch 42.17
Global branch 78.26

Global branch+attention map 80.53 RAF-DB
Proposed method (VGG-16) 84.59
Proposed method 85.39

SRR S5 S 2. 27 A A Ay a5 UE B R T B
AU W IER M . 2R AR R A A IS L RS 4R THR
2, UF BORLAHORE B2 AH 25 A 10 850, X JE itk 4 2 A Y
VGG-16 #EA7 ki, L3 5 i R 35 8, [) B O 3 I 4%
BARBAT R PERE | 28 2 T Ml S S0 TE BT T B AR A 4%
3% e U B T M

3.4.3 BERER

BY A I 25 v i A A S8, BB B 43 Le R
AR T A A8 BT E S B pk X I 4 A5 AR (1 1% BY AR
B 43 5 BB AR 38 3 A 40 %0, 50% , 60 % VE R BT AR 4
o 3XC9) iy ARy 2 B A 400 2K oA RS i
Z IR B . AR, FE B ol T 0 A i £ Y
A= OB}, A5 F %A W B 1 00 1k, 1L a5 I 45 25 ke 1%
X B A= 1065, JL-T B A (7 H i PR30 2 JE o 3
VT 0o Liu %5 7VAE 40 JE PG 45 1 AL Al R 26 E 47 K
5T, %) F VGGNet M 4%, A = 10" i} 35 3 g i SO,
XFF R VGG-BN-16 M 2% | £ A= 10", o] DAfRIE
YRR N B O,

PLoR JF 47 BY B0 N 45 A O JE o B R 3% B A
RAF-DB #0445 b iEA7T BT A ST o B A Ao A 2 i 452 7Y
I 2 5 M PR R T 1) R R SR, SR B — T R
T BOA AR L S A SO R B T B A 0 B ARG
BE . 225 M RT R 7 1 A VGG Net B8 78 A [6] 59 4% 1 43
bR Y BT A 45 5, H o accuracy 265 A [\ 3T A% 4y L
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T R A R BIRS BE , parameters 78 8, pruned #
RS B R ANIF S BB B R T TR O v R W
Oy, SRR B R oy BRI VGGNet £, & 85 1%
B S5 31049638, 78 W A~ 155 780 v 36 B LT A
) () B A R, R &0 40 % 1 89 A, 8wl /0 1 i
REH 4 50% Z2 47, 7E RAF-DB B SE RS i 5 LRI T

0. 614N F 73 A, 1 Bt WY 2 B AR, 50 OR 48 A 4 Dk
A BIRCE 4 L 6006 B, B EUE BT AR E K F] 7006 KA
b RUBIRS R B 2 W O m~3 A A L, S AR R
Y B RS B R AR BT SR WIDRE BE T R A48 RT3 7R
AT FE R LN TR IR 2 R AT O R A R e

K5 WAITILBI AL EE R

Table 5 Pruned results of two methods
Pruned Pruned( floating-
Method Trim percentage Accuracy /% Parameters /10° Flops /10’
' & o (parameter) /% P point) /%
0 85. 39 31.00 16.95
40% 84.78 13.77 55.58 11.64 31.33
Proposed method
50% 84.19 11.48 62.97 9.91 41.53
60% 82.43 8. 26 73.35 8. 11 52.15
0 80. 96 20. 48 14. 26
40% 75.31 10. 69 47. 80 9.75 31.62
VGGNet
50% 52.92 8.79 57.08 8. 66 39. 27
60% 49. 25 5.28 74.22 7.59 46.77
. Network[C]//2015 International Joint Conference on
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=H Neural Networks (IJCNN), 2015,
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