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Abstract

In this paper, based on the original YOLOvV5 algorithm, an improved target detection algorithm is
proposed to solve the problem of low detection accuracy caused by few extracted target features
and many small targets in aerial image detection. Firstly, CBAM attention mechanism is deployed
in the C3 module of the original YOLOvVS feature extraction and feature fusion network to improve
the local feature capture and fusion capability in the backbone network. Secondly, to solve the
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problem that shallow level feature information is lost in the process of continuous sampling, a de-
tection header is added to the detection header, used to detect small targets. Finally, the Mosaic
data enhancement method of the original YOLOv5 was improved, and the Mosaic of 4 images was
changed to 9 images, and then the gray background was cropped according to the rectangular area
of the Mosaic images, In this way, the model convergence can be accelerated, training efficiency
can be improved and complex background can be improved without increasing the calculation
amount of the model. In this paper, we use VisDrone2019 data set to carry out experiments based
on the improved algorithm and the original algorithm respectively. The results show that the
proposed algorithm can effectively detect aerial image targets.
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Figure 1. CBAM attention module
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Figure 2. Adding modules
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Figure 3. Adding a detection header
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Table 1. Experimental environment configuration
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Figure 4. Original algorithm detection
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Figure 5. Improved algorithm detection
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