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Research progress of facial expression recognition
JIANG Yuewu, LU Dongsheng, DANG Lianghui, YANG Yongzhao, SHI Jianxin
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] With the development of computer vision and the rise of artificial intelligence, facial expression recognition ( FER)
technology has a wide range of applications in the artificial intelligence industry. FER under the traditional machine learning
algorithm does not have good robustness to the change of environment and posture. Moreover, the accuracy of identification is not up
to the requirement of practical application. With the improvement of hardware performance such as GPU, deep learning algorithm
with big data as its core has been developed rapidly. FER technology tends to be studied in deep learning algorithm. This paper
introduces three key technologies of facial expression image preprocessing, feature extraction and feature classification. The research
progress from traditional machine learning to FER based on deep learning is described, and the current challenges and development
trend of facial expression recognition technology are analyzed.
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Fig. 1 The seven basic emoticons of FER2013 dataset
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Tab. 1 Expression data set and introduction

Datasets Data Sample

Collect Environmental

Expression Distribution

CK + 593image sequence

MMI 740 images and 2 900 videos Lab (iinduce)

JAFFE 213 images Lab ( induce )
FER2013 35 887 images web ( front+induce+spontaneous )
AFEW 1 809 videos movie (induce+spontaneous )
SFEW 1 766 images movie ( induce-+spontaneous)

RaFD 1 608 images Lab (induce)
RAF - DB 29 672 images web (induce+spontaneous )

Lab ( front+induce+spontaneous )

7 kinds of expressions(6 basic+1 neutral)
7 kinds of expressions( 6 basic+1 neutral)
7 kinds of expressions(6 basic+1 neutral )
7 kinds of expressions(6 basic+1 neutral)
7 kinds of expressions(6 basic+1 neutral)
7 kinds of expressions(6 basic+1 neutral )
8 kinds of expressions (6 basic +1 neutral +1 contempt)

7 kinds of expressions( 6 basic+1 neutral ) +12 mixed expressions
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Tab. 2 Comparison of traditional machine learning algorithms on commonly used expression datasets

Datasets Researcher Feature Classification method Accuracy rate /%
CK Xu Chao!”] Haar-like SVM 98.10
Zhan Yong—zhao! '*! Gabor wavelet FBMM 94.90
Li Wen—shu!! Gabor wavelet GPC+AdaBoost 91.50
Hu min! '/ SVM 97.7
JAFFE Li Wen—shu!' Gabor wavelet GPC+AdaBoost 90.90
Zhou Shu-Ren!?") HMM 95.80
Li Dong'2! Gabor+LBP RBF 93.42
Hu min!'?/ SVM 95.3
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Tab. 3 Facial expression recognition algorithm based on deep network

Dataset Researcher Network Configuration Number of Layers  The Selection of Training data Accuracy/%
S.Ouellet .2014 " CNN AlexNet 8 last frame 6 classes (94.4)
Li2015"™ RBM 4 last frame 6 classes: 96.8
------- Liu 2014 Cascade connection DBN 5 first frame and last frame 6 classes: 96.7
| Static i .
"""" Liu 2015 1 Cascade connection DBN 5 first frame and last frame 7 classesz: 93.70
CK+ Ding 2017 CNN Fine tuning 3 first frame and last frame 6 classes: (98.6)
Zhang 2018"" CNN Multitask network — the last three frames 8 classes: (96.8)
Zhao 2016" The intensity of expression 22 from frame 7 to the end 6 classes: 98.9
-']')'»}1;;1{15'- Yu 2017 The intensity of expression 42 from frame 7 to the end 6classes: 99.3
kuo 2018 Frame Aggregation 6 Fixed length 9 frames 6 classes: 99.6
Zhang 2017"" Network Integration 7+5 space: the last frame time: All the frames 7 classes: 98.47
Liu 2015"" CNN,RBM(Cascade Network) 5 the middle three frames and the first frame 7 classes: 98.50
Static + Yang 2018 GAN(GANc) — the middle three frames 7 classesz: 75.85
MMI z : . . . .
Sun 2017%" Cascade Network 3*GoogleNet space: network of expression dataset time: neutral + expression 6 classes: 73.23
FER2013 Zhang 2017"" CNN Multitask network 6 training:28709 6 classes: 91.46
Guo 2016 CNN + Fresh loss layer 10 validation:3589 Test:75.10
test:3589 Test:71.33
SFEW?2.0 Li2017% CNN Cascade Network VGG13+VGG16+  Training:891 validation:431 test:372 Validation:51.75
GoogleNet Test:54.56
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