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Sit—ups test counting based on improved target detection network
BAO Ziqun
('School of informatics Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] Aiming at the poor real-time performance of sit—ups test, a sit—ups test counting algorithm based on improved target
detection network is proposed in this paper. The algorithm first detects the target of the tested person, then extracts the key points of
the tested person, furtherly analyzes the sit—ups of the tested person. In order to achieve the effect of real —time detection, the
traditional convolutional layer in the backbone network of RetinaNet is improved to reduce the amount of calculation and speed up
the recognition speed. At the same time, an improved frame loss function is proposed to ensure real—time detection and detection
accuracy. Finally, the simulation experiment of the algorithm is carried out to verify its recognition speed and detection accuracy,

and the expected effect is achieved.
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Fig. 1 General RetinaNet network model diagram
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Fig. 2 Depth Separable Convolution
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Fig. 3 Relationship between several prediction frames and real frames
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Fig. 4 Key points extraction of each pose of the tested target
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Tab. 1 Specific values of network indicators before and after improvement
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Fig. 5 Experimental results of getting the best super parameters A
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