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SSD small target detection algorithm based on
deconvolution and feature fusion

ZHAO Wengqing, ZHOU Zhendong, ZHAI Yongjie
(School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China)

Abstract: Given the low resolution and noise of small targets, most target detection algorithms cannot effectively util-
ize the edge and semantic information of small targets in feature maps, which makes it difficult to distinguish the fea-
tures from the background. Thus, the detection effect is poor. To solve the problem of insufficient feature information of
small and medium targets in the single shot MultiBox detector (SSD) model, we propose a method based on deconvolu-
tion and feature fusion. First, deconvolution is employed to process the shallow feature layer to increase the resolution of
the feature graph. Then, the feature map of the convolution layer convll 2 in the SSD model is sampled and spliced.
Subsequently, a new layer of features is obtained. Finally, the new layer of features is combined with the feature layer of
the four scales inherent in the SSD model. The improved method is compared with the SSD and DSSD methods on the
VOC2007 dataset and KITTI vehicle detection dataset. The results show that the method reduced the missed detection

rate of small targets and improved the average detection accuracy of all targets.
Keywords: small target detection; deconvolution; feature mapping; multi-scale; feature fusion; SSD model; PASCAL
VOC dataset; KITTI dataset
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