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Hand Gesture Recognition Based on Self-adaptive Multi-classifiers Fusion
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1 College of Computer Science and Technology,China University of Mining and Technology,Xuzhou, Jiangsu 221116, China
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Abstract In order to improve the performance of hand gesture recognition based on wearable devices,a hand gesture recognition
method (SAMCF) based on self-adaptive multi-classifiers fusion is proposed to solve the bias of single classifier in hand gesture
recognition, First,for statistical features that cannot characterize intra-class variability and similarity between complex gestures,
SAMCEF uses a convolutional neural network (CNN) to automatically extract depth features with strong representation capabili-
ties. Then, SAMCEF uses multiple basic classifiers to recognize the extracted feature vectors,and determines the optimal recogni-
tion result through self-adaptive fusion algorithm.,which solves the bias of single classifier. After that.the robustness and genera-
lization ability of the model are verified by using the data set collected by data glove. The experimental results show that SAMCF
can effectively extract the depth features of gesture,solve the bias of single classifier,and improve the efficiency of hand gesture
recognition and enhance the performance of hand gesture recognition. The recognition accuracy of character level hand gesture
(American Sign Language and Arabic numerals) is 98. 23 % ,which is 5% higher than other algorithms on average; the recogni-
tion accuracy of word level gesture (Chinese Sign Language) is 97. 81% ,which is 4% higher than other algorithm on average.

Keywords Hand gesture recognition, Convolutional neural network, Self-adaptive fusion algorithm, Multi-classifiers,Data glove
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Table 1

Description of data glove’s built-in sensor
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Fig. 8 Recognition accuracy with different convolution depth
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