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The improved target detection methods based on SSD network

ZHANG Jun-rong, XU Chang-bin, TANG Ming-zhou,LU Wei, BIAN Zi-yang
(North China Research Institute of Electro-Optics, Beijing 100015, China)

Abstract:In order to use the video image information to detect and track the target in real time,based on the light-
weight deep learning target detection network SSD_Mobilenetvl , by improving its network structure, using the more
fine-grained feature map to participate in position regression and classification to integrate the context information of
the network and introduce the inverse,the residual module improves the ability of the network to extract features. The
experiment shows that the real-time detection speed is guaranteed and the detection accuracy is improved, and the
training and verification on KITTI data set have achieved good results.
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Fig. 1 Comparison of SSD and other target detection algorithms
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Fig. 5 Vehicle target 300 x300 accuracy-recall rate curve
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