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Person-invariant Facial Expression Recognition

based on Coded Movement Direction of Keypoints of Facial Parts
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This paper describes a person-invariant method of classifying subtle facial expressions. The method uses keypoints

detected by using a face tracking tool called “Face Tracker”. It describes features such as coded movements of

keypoints and uses them for classification. Its classification accuracy was evaluated using the facial images of

unlearned people. The results showed the average F-measure was 0.93 for neutral (expressionless) facial images,

0.78 for subtle smile images, and 0.93 for exaggerated smile images.
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Fig. 1. Block diagram of proposed method.
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(a) Detected facial keypoints (b) Facial organ keypoints
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Fig. 3. Example of detected keypoints.
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Fig. 4. Example of Coded Movement Direction.
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In the case of calculating the threshold 7 between
subtle smile and exaggerated smile.
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Fig. 9. F-measure of each facial expression for each person.
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(a) Neutral face of subject D (b) Subtle smile of subject D

(c) Keypoints of (a) image (d) Keypoints of (b) image
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Fig. 10. Facial image and keypoints of neutral face and

subtle smile.

090y 0®0y
[ o
2% o ofe
o
O
O
(] @
.b ..
o0 ©
@) Selected keypoint
O Unselected keypoint
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(c) Frequency of F-measure value in exaggerated smile

Fig. 12. Frequency of F-measure of unlearned people.
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Table 1. Experimental comparison of facial expression
classification performance.
Neutral Subtle Exaggerated

Proposed method 0.93 0.78 0.93
CLBP [11] 0.51 0.56 0.63
Gabor filter [7] 0.58 0.43 0.61
Geometric feature [8] 0.85 0.57 0.85
EmotionNet [9] 0.68 0.57 0.57
VGGNet [10] 0.91 0.74 0.81
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