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Remote sensing image target detection based on improved YOLOv4

YE Yuwei, REN Yan” . GAO Xiaowen, WANG Jiaxin
(School of Information Engineering., Inner Mongolia University of Science and Technology . Baotou, Inner 014010,
China)

Abstract ;: Aiming at the problem of missed detection and poor detection effect of remote sensing images
due to insufficient feature extraction and expression capabilities in complex backgrounds,a YOLOv4 al-
gorithm model that optimizes feature extraction network is proposed. The improved model introduces a
new Dense-PANet structure to obtain higher resolution features,and embeds the attention mechanism in
the feature extraction network to adapt to remote sensing images due to the large field of view, which
leads to the missed detection of small targets in complex backgrounds and the problem of poor detection
results. In order to prove the effectiveness of the method proposed in this paper,a comparative experi-
ment was conducted on DIOR remote sensing data sources. The results show that the average accuracy
(mean average precision,mAP) of the algorithm in this paper is 86. 55% , which is an increase of 2. 52%
compared to the original algorithm. YOLOv3 and RetinaNet increased by 6. 58% and 14. 09% , which
verifying the effectiveness of the improved algorithm.
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Fig. 5 Examples of partial samples of the data set
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Tab.2 The detection accuracy of various

algorithms in remote sensing image objects

Method Backbone mAP
RetinaNet ResNet50 72.46%
YOLOv3 DarkNet53 79.97%
YOLOv4 CSPDarkNet53 84.02%
Ours CSPDarkNet53 86.55%
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Fig.7 The difference between the four algorithms to detect small target objects in a complex background
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Fig. 8 Comparison of missed detection rates of four algorithms
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