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Research on FOD detection method combining a priori mask and YOLOv8
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Abstract: To address the missed and false detection issues of YOLOvVS8 in identifying foreign object debris (FOD) on
airport runways—caused by small object sizes, random spatial distribution, and significant scale variations among
debris—this paper proposes AMMS-YOLOv8, an enhanced model incorporating prior masks specifically for small
targets. In the backbone network, an isotropic edge detection operator is introduced to construct EIEStim,
strengthening the model's perception and preprocessing capabilities for subtle edges. Simultaneously, downsampling is
replaced by an improved receptive field attention mechanism applied to the detection domain, forming LDFDS to
enhance spatial awareness and preserve minute semantic information. Subsequently, the Neck layer is restructured to
enable multi-scale feature aggregation, developing CCFPN to improve semantic perception of multi-scale debris.
Finally, prior FOD mask features are embedded into the detection head and concatenated with deep features to create
MSN-Head, thereby amplifying spatial perception. The model’s detection capability was validated using a self-built
complex-scenario FOD dataset. On this dataset, AMMS-YOLOvS8 achieved improvements of 1.8% and 1.7% in
mAP50 and mAP50-95 respectively, with precision, recall, and Fl-score reaching 0. 971, 0. 976, and 0. 973~ marking
significant enhancements over the baseline network. Experimental results confirm the efficacy of these improvements.
Furthermore, robustness and generalizability were evaluated through comparative experiments using a hybrid dataset
(combining complex-scenario FOD data with FOD-A) and a complex transmission line FOD dataset, demonstrating
performance gains across all metrics.

Keywords: YOLOVS;foreign object debris;object detection;deep learning
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Fig. 1 Improved AMMS-YOLOv8 network structure
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Fig. 11  Allocation of various types of foreign objects

in the FOD-A data set
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Fig. 12 Distribution of foreign bodies in FCS-FOD datasets
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Table 1 The configuration of the hardware environment
where the experiment is located
fic, 24
BIERS Windows1164 fif
CPU Intel(R) Core(TM)i7-14700HX
GPU NVIDIARTX4070
B 16 GB
GPU g 358 CUDALL. 8
W] &4 28 F4) PyTorch
FRES Python

R2 ZRETHEBSHRE

Table 2 Hyperparameter settings for the experiment run

250 ZH
I 25 J& ] Cepochs) 100
B (workers) 4
it &2 K/~ (batch) 16
4k 2% Coptimizer) SGD
01524 21 R (1r0) 0.01
B %208 F B (weight) 0.000 5
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Table 3 Comparison of the results of mainstream detection algorithms under the FCS-FOD dataset

LT mAP50/% mAP50-95/%  WERIZP) A (R F1 B3 GFLOPs  Speed/ms
Faster R-CNN 86. 7 45.3 0. 853 0. 869 0. 860 126 30. 2
SSD 80. 5 44.9 0. 810 0.801 0. 805 136 18.8
YOLOvS 95. 4 53.3 0. 954 0. 960 0. 956 7.1 6.2
YOLOv6 94. 4 53.0 0. 953 0.953 0. 953 11.8 4.9
YOLOVS 96. 0 53.8 0. 956 0. 961 0. 958 8.1 5.8
YOLOV9 95.5 54.3 0.951 0. 960 0. 955 26.8 7.3
YOLOvI0 94. 4 52.3 0.951 0. 949 0. 949 6.5 5.2
YOLOvI1 95.1 54.1 0.935 0.946 0.941 6.3 6.7
SCHAL13]% 95. 9 53.0 0.961 0.963 0. 962 7.7 6.8
SCHAL14 % 96. 1 52. 6 0. 952 0. 97 0. 961 8.1 6.4
Ours 97.8 55.5 0.971 0.976 0.973 27. 4 6.3
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Fig. 16 Comparison of the iterative curves of each detection model
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Fig. 17 Comparison of mAP50 for foreign body detection

in each category
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Table 4 Comparison of the results of mainstream detection algorithms in the mixed dataset with FOD-A

A mAP50/ % mAP50-95/%  #ETFRP) A [ (R) F1 iR GFLOPs  Speed/ms
Faster R-CNN 78.4 42. 8 0.785 0. 780 0. 782 126 30. 2
SSD 82.3 58. 3 0.819 0. 825 0. 822 136 18.8
YOLOV5 87.1 60. 2 0.872 0. 871 0.872 7.1 6.2
YOLOv6 87.3 59. 8 0. 884 0. 870 0.877 11. 8 1.9
YOLOvS8 89.7 60.8 0. 890 0.901 0. 895 8.1 5.8
YOLOvV9 88. 6 61.1 0. 882 0. 890 0. 886 26. 8 7.3
YOLOv10 87.7 58. 8 0. 870 0. 881 0. 875 6.5 5.2
YOLOv11 89.5 63.1 0. 901 0. 889 0. 895 6.3 6.7
SClk 13058 91. 4 65. 0 0. 905 0. 909 0. 907 7.7 6.8
SClk 14050 93.7 63.8 0. 950 0.914 0. 932 8.1 6.4
Ours 95. 4 69.7 0.951 0. 960 0. 955 27.4 6.3
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Table 5 Comparison of the results of mainstream detection algorithms under the transmission line foreign body dataset

i 5 mAP50/% mAP50-95/% IR (P) B E(R) Fl iRk GFLOPs Speed/ms
YOLOvS 96. 4 67.1 0. 954 0. 942 0. 949 7.1 6.2
YOLOv6 74.8 73.6 0.748 0. 687 0.716 11. 8 4.9
YOLOVS 96.2 69.7 0. 936 0. 947 0. 941 8.1 5.8
YOLOVY 95.9 69.5 0. 945 0.941 0. 943 26. 8 7.3

YOLOv10 95. 2 66. 9 0. 939 0. 930 0. 935 6.5 5.2
SCHk13]8 96. 7 68.6 0. 964 0. 966 0. 965 7.7 6.8
SCHk[ 14088 96. 5 70. 1 0. 963 0. 953 0. 958 8.1 6.4

Ours 97.6 71. 4 0.971 0.928 0. 950 27. 4 6.3
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Table 6 Comparison of ablation experimental results under FCS-FOD dataset

F il 4 AU LDFDS EIEStim CCFPN MSN-Head mAP50/% mAP50-95/% GFLOPs Speed/ms

YOLOv8 X X X X 96. 0 53.8 8.1 5.8

YOLOv8 N X X X 96. 4 52.8 7.9 6.8

YOLOv8 N N/ X X 96. 9 53.0 9.6 7.6

YOLOVS N N/ J X 97.4 54.1 10. 4 6.9

YOLOvS N / / N 97.8 55.5 27. 4 6.3
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Table 7 Comparison of ablation experimental results under the mixed dataset with FOD-A

FL Rl A5 LDFDS EIEStim CCFPN MSN-Head mAP50/% mAP50-95/% GFLOPs Speed/ms

YOLOv8 X X X X 89.7 60. 8 8.1 5.8

YOLOv8 N X X X 90. 9 60.5 7.9 6.8

YOLOv8 N N/ X X 93.2 63. 2 9.6 7.6

YOLOv8 N N/ N X 94.0 65.9 10. 4 6.9

YOLOvS N N / N 95. 4 69.7 27. 4 6.3
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