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Dynamic gesture recognition algorithm based on skeleton mask images
YANG Zihui, HE Hong

(School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Dynamic gesture recognition is a critical issue in the field of human—computer interaction, as well as in domains such as
virtual reality, remote healthcare, and sign language recognition. Addressing the challenges posed by variations in hand shapes
among different individuals and inconsistencies in the speed of similar actions in dynamic gesture recognition, this paper proposes a
dynamic gesture recognition algorithm based on skeletal masked images. Firstly, skeleton extraction and threshold processing are
conducted on each frame of the source video to obtain hand skeleton mask images. Subsequently, a Convolutional Neural Network
(CNN) is utilized to extract static spatial features from the masked skeleton images, followed by input to Gated Recurrent Units
(GRU) for dynamic spatial feature extraction over time. Finally, gesture classification is performed using fully connected layers.
This approach effectively resolves spatial complexity and temporal variability issues commonly encountered in traditional dynamic
gesture recognition. Experimental results demonstrate that the proposed algorithm achieves 95.52% accuracy on RWTH data set,
showcasing promising recognition performance and practical applications.
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Fig. 1 Diagram of the proposed method
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Fig. 2 Gesture image preprocessing
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Fig. 4 Diagram of confusion matrix for three models
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