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Foreign object debris detection based on YOLOv7 algorithm

Cheng Qing Ye Zi He Wenjian Hua Xiang
(School of Air Traffic Management, Civil Aviation Flight University of China,Guanghan 618307 ,China)

Abstract: FOD poses a great threat to airports. Detecting and removing FOD accurately and timely is the key point of
airports’ safety work. A FOD detection algorithm that based on YOLOvV7 is proposed to meet the requirements of
accuracy and real-time. Firstly, the CBAM module is introduced into the backbone network to focus on the extraction
of small target feature information from two aspects: spatial attention and channel attention. Secondly. the idea of
AFPN is integrated into the feature extraction network and SA-PANet structure is proposed in combination with it,
SA-PANet can asymptotically fuse adjacent effective feature layers and alleviate the semantic gap between them.
Thirdly, the BiFormer module is introduced into the down-sampling branch of PANet, which can focus on further
fusion extraction of small target feature information in the feature extraction network. Lastly, MPDIoU Loss is
introduced into the boundary frame positioning loss calculation, which can not only accelerate the convergence of the
model but also improve the detection accuracy and location accuracy. Experiments on FOD datasets show that the
mAP;, of the improved YOLOv7 algorithm is 98.76% , which is 9. 09 percentage points higher than the original
YOLOv7. Comparing with other algorithms for FOD detection, the improved YOLOv7 algorithm has higher detection
accuracy and the increase of Params and GELOPs is controlled within the acceptable range, which meet the accurate
and fast requirements of FOD detection tasks.

Keywords: target detection; FOD;attention mechanism; CBAM ; AFPN; BiFormer; MPDIoU Loss
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Fig. 5 Network structure of our improved YOLOv7
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Fig. 11
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(a) Test results of the original YOLOv7
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(b) Test results of our improved YOLOV7
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Fig. 12 Part of the visualized heat map
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Table 2 Comparison of ablation test results

LAY CBAM SA-PANet BiFormer ~ MDPIoU Loss mAP,, /%  GELOPs/G  Params/M
YOLOV? 89. 67 106. 472 37. 620
YOLOv7-1 J 89. 80 106. 491 38. 231
YOLOv7-2 J J 95. 12 138. 366 46. 552
YOLOv7-3 NG N NG 96. 31 141. 241 53.748
A3 NG J J J 98. 76 142. 566 55. 424

R3I TEEEMEER

Table 3 Comparison of different algorithm models

Bk mAP;, /% GELOPs/G  Params/M
Faster R-CNN 95.59 370. 210 137.099
SSD 86. 84 62. 747 26. 285
YOLOv3 83.51 66. 171 61.949
YOLOv4 84. 87 60. 527 64.363
YOLOv5 87.06 115.918 47.057
YOLOv7 89.67 106. 472 37.620
A3 98.76 142. 566 55. 424
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