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Facial expression recognition based on fusion of local semantic and
global information
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(School of Mechanical Engineering &. Automation, Zhejiang Sci-Tech University, Hangzhou. Zhejiang 310018,
China)

Abstract : Facial expression recognition plays an important role in artificial intelligence such as human-
computer interaction. However, current researchers ignore the semantic information of human faces. In
this paper,we propose a facial expression recognition network fusing local semantic and global informa-
tion, which consists of two branches:the local semantic region extraction branch and the local-global fea-
ture fusion branch. Firstly,the face semantic parsing is achieved by training semantic segmentation net-
work on face parsing dataset. The semantic parsing of facial expression dataset is obtained by transfer
training. Then the meaningful regions and their semantic features are extracted and fused with the global
features to obtain the semantic local features. Finally, the global semantic composite features of facial ex-
pressions are constructed by combining semantic local features with global features. They are classified
into one of the 7 basic facial expressions by the classifier. We also propose a training strategy of unfree-
zing partial layers,which makes semantic features more suitable for facial expression recognition and re-
duces the redundancy of semantic information. The average recognition accuracy on two public datasets,
JAFFE and KDEF, reaches 93. 81 % and 88. 78 % ,respectively. The performance outperforms the current
deep learning methods and traditional methods. The experimental results demonstrate that the network
proposed can describe the expression information comprehensively by integrating local semantic and

global information.
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training strategy of unfreeze partial layers
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Fig. 2 Partial face parsing results of JAFFE
and KDEF datasets: (a) JAFFE; (b) KDEF
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Tab.1 Accuracy of ablation experiments on two datasets

Baseline+FCN
Dataset Baseline/ % Baseline+FCN/ % (the unfreeze partial layers
training strategy)/%
JAFFE 86.19 88.09 93. 81
KDEF 81.12 83.67 88.78

Angry EROW[] 0.000 0.000 0.000 0.000 0.000 0.0004 Angry (R[] 0.050 0.014 0.000 0.029 0.007 0.000{

ust [0.000 [0Rs(#4 0.000 0.000 0.034 0.103 0.000{ Disgust [0.021 (WR¢&[50.000 0.014 0.007 0.021 0.000{

Fear [0.000 0.000 [Xek%] 0.000 0.000 0.033 0.033{ Fear [0.029 0.021 (JN#40§0.014 0.014 0.057 0.143{

Happy [0.000 0.000 0.032 [1X:lk} 0.000 0.065 0.000{ Happy [0.000 0.007 0.007 [$EE1Y 0.029 0.000 0.007-

True label
True label

Neutral [0.000 0.000 0.000 0.000 gRe[tlt] 0.000 0.000; Neutral 0.007 0.000 0.000 0.000 {tAsZ¥] 0.050 0.000,

sad [0.000 0.033 0.033 0.033 0.033 [sksloy4 0.000] sad [0.000 0.000 0.064 0.014 0.071 [4R:EK] 0.007-

Surprise (0.000 0.000 0.000 0.000 0.000 0.000 K¢y Surprise 0.000 0.007 0.070 0.000 0.000 0.000 [ek74]

Angry Disgust Fear HappyNeutral Sad Surprise Angry Disgust Fear HappyNeutral Sad Surprise

Predicted label Predicted label

(a) (b)

3 BM-2RBEREIR(BEBIRINERME)
JAFFE #1 KDEF ##E & 0RB4E K : (a) JAFFE; (b) KDEF
Fig.3 The confusion matrices for JAFFE and KDEF
datasets on local-global feature fusion experiment
(training strategy of unfreeze partial layers) :

(a) JAFFE; (b) KDEF
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%2 JAFFE $#E £ R bb LU0 A 22
Tab.2 Accuracy of comparative experiments
on JAFFE dataset

Method Accuracy/ %
SFLM 78. 64
KECANet+DAGSVM? 88. 35
LBP-+ORB Features™* 88. 50
Multi-modal-** 91. 80
Our 93. 81

% 3 KDEF HUESERIX L Uo MR
Tab.3 Accuracy of comparative experiments
on KDEF dataset

Method Accuracy/ %
EDR-PCANet"® 80. 61
LDBP +SVM7 83.51
Deep-Emotion!'*] 86.33
TLCNN-+FOS* 88. 27
Our 88.78

e JAFFE £l 4 b B A SC sz 56 25 51 5 Sk
[(12]—[15 ]34T e, SUN Z502 T 5L F i
FHRE B B 1S N A7 1E 2% 2 J7 5 (self-adaptive feature
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2% 3] B FH A 25 ) 2% (transfer learning convolutional
neural network, TLCNN), 7 #] JH FOS (face-occu-
pancy-based feature selection) J5 ¥ ¥ i & 45 1F &,
DL i 7 S 0 & R P . AR SO Jmy 5 AR 0 42 Jmi 1R
SR TR X 4% A 55 Y T A TR A T TR T
I ZHOU @ T 0.510%,

4 % it

AT — MG R EE XS 2 RERNA
o RN R A M4 . e FCN-8S M4 it/ 2 A
FAGEAE R A5 B S AT I 4 IBOH: hoxt 2 4% 1 )
AU KR K L CRRE . SRR S A BHR &l
DenseNet121 2545 ) (1) 4= Jay FEAE @il G 15 2035 R
PRAFAE . AR AR 28 0 B KAk 2 )5 5 87 it 1k
1) 4 JR REAE PF H2 48 1 42 R i B G FRAE JF 8 o 4
Fodn AT 4y 2. A SCER M U7 B 7E JAFFE AN
KDEF # #i8 % #1717 52 40 30500 e 5 2 53 51
93.81% 1 88. 78, ik i mh L4 T LAE . A
FNE 018 SRR AR R R 350 43 )23 11 25 5 W AE 3R T )
ST ELEE, HTACEE T MR, B
SR T8 BRL 4 28 U A5 KRR, JE SN Sl F S
B 2R 53 FAT 55 H B K R AR
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