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Aircraft remote sensing image object detection algorithm
based on improved YOLOv4
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[ Abstract] Aiming at the problems of complex and diverse background of remote sensing image detection, small and unclear
detection targets, and real-time requirement, this paper aims to improve the performance of detection speed and detection accuracy.
Based on the network framework of deep learning YOLOv4 target detection algorithm, an aircraft remote sensing target detection
algorithm is proposed. The feature extraction backbone of YOLOV4 is replaced by mobileNetv3, which is a lightweight network. The
deep separable convolution module in MobileNetv3 can reduce the amount of parameter calculation, improve the improved YOLOv4
operation speed, make its inverse residual structure and SE attention mechanism structure obtain reliable and optimal extraction
features, and balance the loss precision and speed. In the feature map of the head layer of YOLOv4, the attention mechanism
(CBAM) is added by weight to improve the accuracy of the model. According to the experimental results, it turns out that the
improved YOLOV4 algorithm has a good effect on the detection of small target on remote sensing image. Its detection speed is 24.3
frames/s, which is 8.5 frames/s higher than that of the original YOLOv4 algorithm. The recognition accuracy rate is 92.45% , which
is 3.53% higher than the original YOLOv4 algorithm with a lighter network structure.
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Fig. 1 CSPDarkNet53 network structure model
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Fig. 5 Diagram of improved model structure
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Tab. 1 Comparison of the model before and after the improvement

1Y mAP FPS
YOLOv4 88.92% 15.8

Improve-YOLOv4 92.54% 24.3
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Tab. 2 Comparison of detection of different algorithms

Method Backbone mAP FPS

SSD VGG-16 52.7 30.8
FasterR—CNN VGG-16 56.35 4.9
YOLOv3 DarkNet—53 72.16 18.0
YOLOv4-MobileNetv3 MobileNetv3 72.41 27.6
YOLOv4 CSPDarkNet—53 88.92 15.8
Improve—YOLOv4 MobileNetv3 92.45 24.3
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Fig. 7 Comparison of test results
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