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ABSTRACT

This paper proposes the method of facial expression recognition based on decision tree structure. In the image
of facial expression, ASM(Active Shape Model) and LBP(Local Binary Pattern) make the local features of a
facial expressions extracted. The discriminant features gotten from local features make the two facial expressions
of all combination classified. Through the sum of true related to classification, the combination of facial
expression and local region are decided. The integration of branch classifications generates decision tree. The
facial expression recognition based on decision tree shows better recognition performance than the method which

doesn’t use that.
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Table 3. The comparison of recognition rate
Recognition rate
Proposed method 84.7 %
Mouth + Eye 65.6%
Only mouth 70%
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Table 2. The result of facial expression recognition using proposed method

1 2 3 4 5 6 7 8 9 10 Mean
Glad 100% 90% 100% 90% 90% 90% 90% 90% 100% 100% 94 %
Sad 80% 100% 60% 80% 100% 90% 100% 100% 100% 80% 89 %
Surprise 80% 90% 80% 100% 80% 70% 80% 90% 100% 90% 86 %
Angry 80% 100% 60% 100% 90% 80% 100% 80% 60% 50% 80%
Disgust 80% 80% 100% 80% 90% 60% 70% 100% 100% 80% 84%
Fear 90% 90% 100% 40% 30% 90% 70% 90% 70% 80% 75%
Total 85% 91.7% 83.3% 81.7% 80% 80% 85% 91.7% 88.3% 80% 84.7 %
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