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Abstract The difficulty to detect small targets or occlusion aircrafts poses a great challenge to the accuracy and real-
time of aircraft detection. In this paper, YOLO v3 algorithm with high real-time performance is applied to the field
of aircraft detection in airport scene, and two improvements are proposed: replacing the convolution layer in
backbone network with void convolution, maintaining high resolution and large field of receptivity and improving the
accuracy of small target detection; optimizing the NMS algorithm by linear attenuation confidence score to improve
the detection accuracy of occlusion aircrafts. The results show that the improved YOLO v3 can well detect small
targets and occlusion aircraft, and the detection accuracy is improved from 72.3% to 83.7% as the real-time
performance is ensured.
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Fig. 3 Backbone network and FPN architecture of the improved YOLO v3
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Table 1  Airport scene aircraft data sets
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Table 2 Detection performance comparison of

different overlapped proportions

Overlapped Overlapped
Method AP /%
direction proportion /%
0-20 90
' 20-40 60
YOLOvg ~ lorizontal 10-60 10
70-90 10
Vertical 0-90 40
0-20 90
_ 20-40 90
Article method Horizontal 40-60 60
70-90 20
Vertical 20-80 40

YOLO v3

article
method
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Fig. 9 Contrast experiments of aircraft detection with different occlusion proportions. (a)(b) Occlusion is close to 20% ;
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(¢) (d) occlusion is close to 60%; (e) (f) obvious color characteristics, occlusion is close to 60% ;

(g) (h) occlusion is close to 80%
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Table 3 Performance comparison of various

detection methods

Method of detection P /% AP /% wvwps/(frame » s 1)

HOG+SVM 49.6 43.6 14
Faster RCNN 79.6 71.8 12
SSD 70.5 63.1 28
YOLO v3 72.3 68.4 34
Article method 83.7 74.2 26
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