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Survey on Non-frontal Facial Expression Recognition Methods
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Abstract Facial expression recognition is an important part in biometric feature recognition,and it is also a key techno-
logy of human-machine interaction. However, most methods only focus on the frontal or nearly frontal facial images and
videos,and restrict the normal head movements.so it is bad for intelligent development of facial expression recognition.
To handle this problem,firstly,the face detection.head pose estimation,facial expression feature extraction and classifi-
cation methods were introduced for exploring the development of non-frontal facial expression recognition system. Se-
condly, the non-frontal facial expression feature extraction and classification methods were emphatically introduced,and
the comparison and analysis of the facial key points-based non-frontal facial expression recognition algorithm,the appea-

rance feature-based non-frontal facial expression recognition algorithm and the pose-depend-based non-frontal facial ex-

pression recognition algorithm were carried out. Finally, the current research on the non-frontal facial expression recog-

nition was summarized,and the future research and development direction were prosected.
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Fig. 1 Process of non-frontal facial expression recognition

X T AR AR BN T 2 50058 34 M ) T 4K 5 i 1F 1R
N B RO 5 TR W IR UE TR . R U R AN 4R R W OR TR,
A TF T\ K 2 1 B P AT 4 Sy Z AR R (DL 2) Rl =4
P (UL 3) o 3 BB B0 HIe I 1A A i 40 S R I A st A B og DY

2 TR E T 2R B R ]
Table 2 Examples of two-dimensional non-frontal facial

expression databases
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Table 3 Examples of three-dimensional non-frontal facial
expression databases
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Table 4 Performance comparison of typical recognition algorithms
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LR 2 1 CN T -5 S DR-F ¥ B B4R E —10~140 — 5 90. 10
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Table 5 Running time of some recognition algorithms
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