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Expression recognition algorithm guided by local spatial features

LI Jianpeng, SU Nan"

(Department of Electronic Engineering, Tsinghua University. Beijing 100084, China)

Abstract Facial expression recognition has received increasing attention in computer vision
tasks. In real-world scenarios, facial expressions often contain a significant amount of noise
introduced by factors such as pose, age, image quality, and annotation, which have greatly
increased intra-class variation and have posed significant challenges for facial expression clas-
sification tasks. The existing researches addressing this problem often focus on the data it-
self, improving recognition capabilities by filtering or expanding the types of data accepted by
the models, without considering the limitations of the convolutional networks in attending to
image features. To address this issue, this paper proposed a convolutional neural network
(CNN) based on local spatial feature guidance. It emphasizes certain pixels in the feature
maps, enabling deep layers of the convolutional network to attend to multiple local facial re-
gions that are effective for classification. Additionally, a re-labeling approach was employed
to suppress noise caused by label errors. The proposed method was tested on multiple public-
ly available facial expression recognition datasets and has achieved better recognition perform-

ance compared to several existing methods.
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Tab.1 The recognition accuracy of different datasets( % )

‘ GRS
ik RAF-DB ExpW
ESRs™! 85. 90 65. 24
MER-IL™ 86. 15 67.29
SCNF# 87.03 68. 82
TMIF-FEA™" 88.91 70. 46
ATk 87. 74 70. 59
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Tab.2 Comparison of parameters in different methods

, ‘ AR
JFik  ESRs™Y MER-IL™? SCN™ TMIF-FEA™
J7 ik

EZi%
54.3 30. 6 27.4 46.0 28. 2

(M)

3.5 HEXH

AR 4 50 0 3 ResNet-50 & 1 B 4% | Res-
Net-50 B 1 W % + B 7 1 il 82 5 . ResNet-50 &
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AN T 3000 3 v 8 TR0 48 SR O AT X B S 6 A A8
ont fie RN 25 R A hE 4 R LR 3 gl

R3 FEAMEEHTHIRBERE(%)
Tab.3 The recognition accuracy of different

network structures( % )

FAETES
Hk
RAF-DB ExpW
ResNet-50 84. 20 65. 24
ResNet-50 -+ B 75 1 1] 87.03 68.67
ResNet-50 -+ £ 5 7 85. 14 65. 85
ResNet-50 -+ F¢FfiE 5 o + M s il 87. 74 70.59
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Fig. 6 Heat map visual comparison results
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Tab.4 The effect of the loss function weights A on model

recognition accuracy

A 0.2 0.3 0.5 0.6 0.8

HERR (%) 86.22 86.35 87.74 86.47 82.26

RS5 OXHm MEERFNEHBERLZW

Tab.5 Effect of the number of branches m on model recognition accuracy

m 0 1 2

4 5 6 7

HERTR (%) 87.04 86.98 87.32

87.74 87.41 87.35 87.30 87.22
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