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High-precision real-time detection algorithm for foreign object
debris on complex airport pavements

LI Haifengl, LIJ ilinl, WANG Huaichaol, GUI Zhongcheng2

(1. College of Computer Science and Technology, Civil Aviation University of China, Tianjin 300300, China; 2. Chengdu Guimu Ro-
bot Co. , Ltd., Chengdu 610310, China)

Abstract: Foreign object debris (FOD) on the airport pavement has the characteristics of diverse types, different shapes,
complex backgrounds, and weak targets, which seriously affect safety of aircrafts. Therefore, high-precision real-time
detection of FOD on the airport pavement is of great significance. To solve the above problems, we propose a FOD real-
time detection network (FOD-RDN) based on super-resolution feature pyramid with texture information extraction mod-
ule. The network uses Darknet-53 as the backbone network to extract features, and detects small targets with different
shapes through super-resolution feature pyramid. Then the texture information extraction module is designed to reduce
the interference of complex background. At the same time, a dual-channel YOLO detector and a CloU-based loss func-
tion are used to further improve the accuracy and speed of the network detecting FOD. The experimental results show
that the algorithm in this paper can achieve an overall detection accuracy of 91.8% on the FOD dataset under the condi-
tion of meeting the real-time requirements, which is better than the mainstream object detection network in terms of
FOD detection.

Keywords: foreign objects debris on airport pavement; small target detection; multi-scale fusion; texture information

extraction; super-resolution; subpixel convolution; feature extraction; complete intersection ratio
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Table 3 Comparison of detection accuracy of various
categories between this paper and other models %

25 A SSD  FRC YOLO-v3 YOLO-v5
ANART 927 505 729 92.2 77.0

i 99.1 918 721 98.9 75.8

R 675 48 565 40.7 93.0
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2 A SSD FRC  YOLO-v3  YOLO-v5
A¥ 897 658 611 89.6 17.1
T 996 352 712 99.4 90.0
JIZk 997 81 403 95.7 94.3
HHL 853 482 486 83.2 93.2
W 892 393 231 81.3 78.3
BHRL 991 349 4538 97.5 63.2
W 911 555 683 82.1 88.0
BRez o 654 119 487 64.7 70.5

I8 997 913 94.0 99.8 49.0
BEE 998 79 110 99.5 97.2
W% 964 867 80.1 96.7 92.9
ik 997 991 997 99.5 99.7
B2z 994 223 279 94.0 76.3

22T 884 679 79.4 72.1 76.5
WF 745 500 449 22.1 10.2
fik 952 401 3638 96.4 88.5
U#k 99.1 678 733 97.1 98.7
e 995 441 698 97.9 93.8
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Table 4 Effectiveness of multi-scale super-resolution fea-

ture pyramid and texture information feature ex-
traction module

B BUR R

LAY P R 0.5mAP/% 0.95mAP/% H[al/ms

FOD-RDN 803 90.3 91.8 74.6 50
SKHAISFPN 751 87.9 88.2 71.6 52
KBRTIEM 742 85.6 87.1 70.2 47
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Fig. 8 Two-channel and three-channel frame loss function
regression curves
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Table 5 Effectiveness of the dual-channel detector

B pm% RY% 0.5mAP /% 0.95mAP /% HflE)/ms

WEHIE  80.3 90.3 91.8 74.6 50ms
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Fig. 9 Comparison of detection accuracy between CloU
and IoU
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