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Hand Segmentation Model Based on CornerNet-Saccade
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[ Abstract] The existing hand segmentation technology is limited in the segmeftation efficiency due to multiple factors,
including various_hand shapes and complex segmentation backgreund.To address the problem, this paper optimizes the
CornerNet-Saccade,model, ‘and on this basis constructs a hand segmentation model using saccade mechanism. This
model simulates the action mode of human eyes, which scans a target firstyand then observes it carefully.In this way, the
model reduces the number of pixels in the to-be-processed image.After preliminary judgment of the hand position, mask
branches are added to the feature maps of different scales to complete the fine segmentation task.Moreover, to reduce the
complexity of the model, a linear bottleneck structure is introduced to make the model more lightweight. Experimental
results show that the mIOU value of the model reaches §8.4% on the Egohands dataset, which is higher than that of
mainstream methods such as RefinNet and U-NetAdditionally, the lightweight model further reduces the mIOU value
by 2.2% compared with the original model ,whilesits parameters are only 44.9% of the original model.
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Fig.1 Structure'of the hourglass module
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Fig.3 Overall architecture of hand segmentation
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