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Abstract: For the recognition of small remote sensing targets in complex backgrounds, an improved multi-
scale feature fusion-based single shot multi-box detector (SSD) method is proposed. First, a feature map
fusion mechanism 1s designed to fuse shallow high-resolution feature maps and deep feature maps with rich
semantic information, and feature pyramids between feature maps are built to enhance small target fea-
tures. Then, the channel attention module is introduced to overcome the background interference by con-
structing a weight parameter space to put more attention on the channels that focus on the target region. Fi-
nally, the scale between the priori box and the original map is adjusted to better fit the remote sensing

small target scale. Qualitative and quantitative tests based on remote sensing aircraft image datasets are im-
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plemented, and the results show that the proposed method improves the detection accuracy by 4. 3% when

compared with SSD, and can adapt to multi-scale remote sensing target recognition tasks in complex

scenes and reduce the missing detection rate of small targets.

Key words: Deep learning; Small target detection; Complex background; Feature fusion; Channel atten-

tion mechanism
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Fig.1 SSD network framework
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Fig.2 The structure of the improved SSD network
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Fig.3 Schematic diagram of feature fusion enhancement
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Tab.1 Improved a prior frame dimension
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Tab.3 Experimental results of each algorithm on remote

sensing aircraft dataset
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Fig.7 Detection results of each algorithm
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Fig.9 Detection results of the proposed method
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Tab.4 Results of ablation experiments for each module
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Tab.5 Ablation experimental results of feature fusion module
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