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of large dynamic gesture detection models and long detection time on devices

Abstract: Aiming at t|
with weak computing po
based on YOLOVS
YOLOVS network mode
high-level feature layer, so as to improve the representation ability of the feature pyramid. Then, the Kalman filter predictor

edge, this paper proposes a dynamic gesture recognition and tracking algorithm
irStly, an adaptive attention module with the same output size tensor is added to the

d a feature enhancement module is added to compensate for the information loss in the

is used to form a dynamic gesture recognition tracking algorithm with a prediction mechanism. When predicting the
tracking, short-term hand movements are roughly regarded as a constant motion, meaning that the target's state remains
unchanged for a set very short period of time. That is to say, there is not much difference in the states of adjacent
frames of images. Therefore, the motion model of the gesture adopts an equal velocity motion model. The experiment
utilizes a large number of positive and negative samples to train the model, proving that the proposed algorithm can
recognize and track 13 dynamic gestures in real-time, with a recognition accuracy of 99.6% .
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