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Improved SSD Algorithm and Its Application in Subway Security Detection

ZHANG Zhen, LI Mengzhou, LI Haofang, MA Junqiang
(School of Eléctrical Engineering, Zhengzhou University , Zhengzhou 450001, China)

[ Abstract] In the detection of $mall objects, the traditional SSD algorithm terids to miss the targets, and its detection
accuracy is reduced.To address the problem, an improved algorithm is proposed.Each scale feature in the SSD algorithm
is convoluted with the size being unchanged, and the corresponding_ features before and after the convolution are fused
by using a lightweight network to generate a new set of pyramid feature layers. Then a detection unit based on the
residual module is added to avoid increasing the network model capacity and computational complexity, and to enhance
the detection ability of small targets.The experimental results'on the PASCAL-VOC2007 small target data set show that,
compared with traditional SSD, YOLOvV3, Faster RCNN ‘algorithms etc., the mAP of the proposed algorithm is 8.5%
higher than that of the traditional SSD, 3.9% higher than that of the Faster RCNN algorithm, and 2% higher than that of
the YOLOvV3 algorithm.The proposed algorithm increases the FPS to 83 frames/s, and the mAP of the subway security
image check to 77.8%.

[Key words] SSD algorithm; network convergence; pyramid feature layer; residual module; detection unit; object
detection
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Fig.2 Block diagram of overall network structure
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Fig.5 Comparison of detection results of the proposed algorithm and traditional SSD algorithm
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