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#3235 A Chen G, Zhang S Q and Zhao X M. 2022. Video sequence-based human facial expression recognition using transformer networks. Journal
of Image and Graphics,27(10) :3022-3030 ( il , 3K 413 , X /INBH. 2022. SR FH Transformer 925 B 7 51 e 1t 1R, op B S B 2440 ,27 (10) -
3022-3030) [ DOI; 10. 11834/jig. 210248 ]

% F Transformer M 2& B9 #1571 /= 51 R {512 71

g KB R RN

1. BN RES SALTERTZT AT, G M 318000; 2. WiIVTHL T RAHLM S H shiEh =k M 310018

M OE: B8 M TS AR EUR U, BT 91 b 6025 WA R 15 5 B 22 S 5K, O HL 3 A vh ME SR % A nd
B2 SR IA RERLTC I AU 91 vh BT R 3 BC 5 & B A . Ol 1 5820 1) FH AR 41 v B4 1) 258 44 B2 A 5
A TR T A5OSR A7 I A ) g 22 S 5 i, AR SCHR ) — P Bk T Transformer 1990 51 R AE BN 1% ik
2, W — BT 91 23 W5 (8] AR ) AR R B, >R P T 2k 2 T 2% o AR v B v g A it R 4 2 3T 1 v
JE U A FRAE | DT A B —4 [ 5 4 B U R Be 2 [RIRRAE . AR5 38 I 63 B S I 012 M 2% (long
short-term memory network , LSTM ) Fll Transformer A7 43 5] PAZ 9005 - Bt 2= [ R A 73 271 v ifE — 25 2 >0 i B O i e
(i) 24k B2 RRAE AR RS DAL HEA T A B A 4R 2 DT L2 B R Ay e, R L L
WA Fr B R 43 2 0 BB A T IR AL, SEIZ I Y e ARG 2R 55, BB R (EJF Y BAUM-1s( Bah-
cesehir University multimodal ) il RML( Ryerson Multimedia Lab ) RAE B 5 A6 45 SR 20 | 1% 0772 40 I B
T 60.72% F175. 44% MY IERRIRGEE 08 T FABXT b Jr i ivERE . S8 %0 TR SR Mo 3 0w 9 2 > O = BRI AL
PRFHRNG Y 5 FAF IR TN PR

SRR T 51 5 AR PR 5 of 25 R B 5 TR B ke 2 I 246 5 K S B A2 9 4% ( LSTM ) ; 3 3] 3 ; Transformer

Video sequence-based human facial expression

recognition using Transformer networks

5

Chen Gang"?, Zhang Shiqing' , Zhao Xiaoming'" >
1. Institute of Intelligent Information Processing , Taizhouw University , Taizhou 318000, China;

2. School of Mechanical Engineering and Automation, Zhejiang Sci-Tech University, Hangzhou 310018, China

Abstract: Objective Human facial expression is as one of the key information carriers that cannot be ignored in interper-
sonal communication. The development of facial expression recognition promotes the resilience of human-computer interac-
tion. At present, to the issue of the performance of facial expression recognition has been improved in human-computer
interaction systems like medical intelligence, interactive robots and deep focus monitoring. Facial expression recognition
can be divided into two categories like static based image sand video sequence based dynamic images. In the current “short
video” era, video has adopted more facial expression information than static images. Compared with static images, video
sequences are composed of multi frames of static images, and facial expression intensity of each frame image is featured.

Therefore, video sequence based facial expression recognition should be focused on the spatial information of each frame
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and temporal information in the video sequences, and the importance of each frame image for the whole video expression
recognition. The early hand-crafted features are insufficient for generalization ability of the trained model, such as Gabor
representations, local binary patterns (LBP) . Current deep learning technology has developed a series of deep neural net-
works to extract facial expression features. The representative deep neural network mainly includes convolutional neural net-
work (CNN), long short-term memory (LSTM) . The importance of each frame in video sequence is necessary to be con-
cerned for video expression recognition. In order to make full use of the spatio-temporal scaled information in video
sequences and driving factors of multi-frame images on video expression recognition, an end-to-end CNN + LSTM +
Transformer video sequence expression recognition method is proposed. Method First, a video sequence is divided into short
video clips with a fixed number of frames, and the deep residual network is used to learn high-level facial expression fea-
tures from each frame of the video clip. Next, the high-level temporal dimension features and attention features are learned
further from the spatial feature sequence of the video clip via designing a suitable LSTM and Transformer model, and casca-
ded into the full connection layer to output the expression classification score of the video clip. Finally, the expression clas-
sification scores of all video clips are pooled to achieve the final expression classification task. Our method demonstrates the
spatial and the temporal features both. We use transformer to extract the attention feature of fragment frame to improve the
expression recognition rate of the model in terms of the difference of facial expression intensity in each frame of video
sequence. In addition, the cross-entropy loss function is used to train the emotion recognition model in an end-to-end way,
which aids the model to learn more effective facial expression features. Through CNN + LSTM + Transformer model train-
ing, the size of batch is set to 4, the learning rate is set to 5 x 10>, and the maximum number of cycles is set to 80,
respectively. Result The importance of frame attention features learned from the Transformer model is greater than that of
temporal scaled features, the optimized accuracy of each is 60.72% and 75.44% on BAUM-1 s ( Bahcesehir University
multimodal ) and RML ( Ryerson Multimedia Lab) datasets via combining CNN + LSTM + Transformer model. It shows
that there is a certain degree of complementarity among the three features learned by CNN, LSTM and Transformer. The
combination of the three features can improve the performance of video expression recognition effectively. Furthermore, our
averaged accuracy has its potentials on BAUM-1 s and RML datasets. Conclusion Our research develops an end-to-end vid-
eo sequence-based expression method based on CNN + LSTM + Transformer. It integrates CNN, LSTM and Transformer
models to learn the video features of high-level, spatial features, temporal features and video frame attention. The BAUM-
1 s and RML-related experimental results illustrate that the proposed method can improve the performance of video
sequence-based expression recognition model effectively.

Key words: video sequence; facial expression recognition; spatial-temporal dimension; deep residual network; long short-

term memory network (LSTM) ; end-to-end; Transformer
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Fig.2  Schematic diagram of Transformer module structure
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Table 1 Comparison results of ablation experiments
/%
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CNN + Transformer 59. 04 74. 96
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