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Abstract: At present, object detection technology based on unmanned UAV aerial images is widely used in the field of intelligent
transportation, but there are still problems, such as seriously missed detection and low detection accuracy in the detection of small
targets from the perspective of UAV aerial photography. To solve this problem, an improved YOLOX network is proposed for the
detection of UAV aerial images. To enhance the feature learning ability of the network, the Adaptive Spatial Feature Fusion (ASFF)
module is introduced in the feature fusion part, and the Coordinate Attention (CA) mechanism is embedded in the neck of the network.
To enhance the network's learning of positive samples, the binary cross-entropy loss (BCE Loss) function is replaced with the Varifocal
Loss function. Experimental results show that the improved YOLOX network has better detection efficiency, and its mAP@so reaches
91.50% and mAP@s0_os reached 79.65%. The visualization results in various traffic scenarios show that compared with other algorithms,
the optimized network has a lower missed detection rate and higher detection accuracy, which can be competent for the detection task
of small target vehicles, and can provide a reference for vehicle multi-target tracking applications from a high-altitude perspective.
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Fig.7 Comparison of the descent curve of the loss value in training
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Table 4 Comparative results of ablation experiments

] % mAPgso/% mAPgso os/%  Parameters/M
Original YOLOX 89.3 78.44 8.94
ASFF 89.7 78.83 14.38
ASFF+CA 89.9 79.35 14.40
Improved YOLOX 91.5 79.65 14.40
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Table 5 Compare the results of different object detection algorithms

X 2% mAP/% Parameters/M Precision/% Recall/% F1_score Gflops/G
Original YOLOX 89.3 8.94 95.89 93.69 93.97 26.8
Faster R-CNN 62.8 137.00 46.20 72.47 56.33 185.1
SSD 88.6 26.29 78.38 93.75 85.33 140.9
YOLOVS 89.3 7.10 84.91 91.33 81.00 16.5
Improved YOLOX 91.5 14.40 95.33 94.94 94.13 352
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Fig.11 Comparison of visualization results of different object detection algorithms
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