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An Improved LBP-based Facial Expression Recognition
through Optimization of Block Weights
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Abstract

In this paper, a method is proposed that enhances the performance of the facial expression
recognition using template matching of Local Binary Pattern(LBP) histogram. In this method, the
face image is segmented into blocks, and the LBP histogram is constructed to be used as the
feature of the block. Block dissimilarity is calculated between a block of input image and the
corresponding block of the model image. [mage dissimilarity is defined as the weighted sum of the
block dissimilarities. In conventional methods, the block weights are assigned by intuition. In this
paper a new method is proposed that optimizes the weights from training samples. An experiment
shows the recognition rate is enhanced by the proposed method.
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ER] TiEel wy Aetl Y]
Angry 83.6 85.4
Happiness 73.6 76.1
Normal 73.2 73.6
Sadness 46.4 61.4
Surprise 771 79.3
Disgust 57.1 60.4
Fear 439 47.9
LTy 65.0 69.1
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Table 2. Recognition rates using 6 expressions.
23 71Ee| iy Hjokst iy
Angry 83.2 86.1
Happiness 74.3 715
Normal 72.5 775
Sadness 52.5 63.6
Surprise 78.2 80.4
Disgust 56.8 61.1
By 69.6 74.3
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