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Abstract: A gesture recognition network based on the coding and decoding infrastructure of
Transformer was designed, and an optimized offset attention mechanism was introduced to
extract hand features based on the self-attention mechanism. At the same time, in order to extract
the local features of the hand structure better, a neighborhood aggregation strategy was designed.
The three-dimensional (3D) complexity of the hand structure itself led to different levels of
smoothness in different regions. When estimating gestures, ignoring this feature usually leads to
the loss of local key information of the hand structure. In order to solve this problem, geometric
decomposition of the hand structure was carried out, and sharp and flexible components were
used to represent the sharp and flat regions of the hand structure, respectively. Different attention
was paid to the characteristics of these two components through the attention mechanism.
Experiments on MSRA, ICVL, and NYU datasets demonstrate that the accuracy of this
algorithm is comparable to that of SOTA.

Key words: gesture recognition; 3D point cloud; attention mechanism; Transformer model;
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Fig. 1 Overall block diagram of algorithm
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Fig.4 Schematic diagram of gesture estimation results
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