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Abstract: Single Shot multibox Detector (SSD) is a object detection algorithm that provides the optimal trade-
off among simplicity, speed and accuracy. The single use of detection layers in SSD network structure makes
the feature information not fully utilized, which will lead to the small object detection are not robust enough. In
this paper, an Attention based Single Shot multibox Detector (ASSD) is proposed. The ASSD algorithm first
uses the proposed two-way feature fusion module to fuse the feature information to obtain the feature layer
which containing rich details and semantic information. Then, the proposed joint attention unit is used to mine
further the key feature information to guide the model optimization. Finally, a series of experiments on the

common data set show that the ASSD algorithm effectively improves the detection accuracy of conventional

Vol. 43No. 7
Jul. 2021

SSD algorithm, especially for small object detection.
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FE 22 STHESE

(3) M LE M 544 SSDHE—5, ASSDH
kB IS ImageNet 8 45 ETUSE Y 2RI VG G-
16 28 R HEml B T kP BRI 2, Hd i A
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