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Facial Image Smile Detection Based on Multi—class
Model Weighted Voting

FENG Ze—an WANG Peng
( School of Electronic Information Engineering Xi” an Technological University Xi”an 710021 China)

Abstract: In order to further improve the face smile detection rate and solve the problem that the smile detection system is not enough for
training tag data we apply a smile detection method based on multi-classification model weighted voting in combination with the texture
and geometric characteristics of human face image. On the facial image with pre—processing and histogram equalization local and abstract
features are extracted by the local binary model ( LBP) and Gabor wavelet transform. At the same time facial feature point detection is
used as a supplement to construct four different classification models ( UPN GPS AdaBoost and LDA) . Combined with the complemen—
tarity between the models and their respective advantages on smile detection the final detection results of facial images are obtained by
calculating the weights and voting the results weighted. The experiment shows the effectiveness of this method. The detection rate of
95. 8% 1is obtained on the open GENKI-4K face dataset which is 10.3% higher than the average detection rate of a single classification
model and the same as the latest smile detection rate.
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