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Abstract: In response to the problem of low detection precision caused by inconsistent size, high
background noise, and large-scale changes in X-ray image prohibited item, the optimization is
performed based on RT-DETR-R18 and an X-ray image prohibited item detection algorithm
named X-ray—RTDETR is proposed. Firstly, the algorithm employs CSPRepResNet embedded
with efficient multi-scale attention as the backbone network to enhance feature extraction
capabilities. Secondly, the simplified fast spatial pyramid pooling module is introduced after the
three features maps output by the backbone network to improve the robustness and generalization
ability of the model. Finally, the SPoolFormer encoder is applied to high-level feature maps with
richer semantic concepts for intra-scale feature interaction. The experimental results show that the
detection accuracy of X-ray-RTDETR achieves 74. 6% on PIDray test set, surpassing RT-
DETR-R18 by 8. 5%, while reducing the number of parameters and np op by 1. 67x10°and 2. 24x10°,
respectively. Compared to the state-of-the-art object detection algorithms at the same scale shows
that X-ray—-RTDETR not only has higher detection accuracy, but also has less number of
parameters and ngop. At the same time, its inference speed reaches 85. 47 frames per second on
RTX2070 Max-Q GPU.

Key words: prohibited item detection; multi-scale attention; feature extraction; pyramid
pooling; SPoolFormer encoder
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Table 1 Results of ablation experiment
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B A+(R18—CSPRepResNet) 89.2 89.0 73.8 84.0 80.5 75.1 60.6 72.1 18.33 25.60
C B+(ESE—EMA) 90.0 90.2 75.6 85.3 8l.1 75.9 61.2  72.8 17.95 25.76
D C+(Conv(1x1)—SimSPPF) 91.0 90.5 76.6 86.0 82.4 76.5 62.6 73.8 18.69 26.79
E D+(MHSA—SoftPool) 91.4 91.2 77.3 86.6 82.9 77.4 63.4 74.6 18.42 26.79
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Fig. 6 Visual comparison of partial detection results between Model A and improved Model E
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Table 2 Comparison of experimental results with other advanced detection algorithms
AP,/% AP/% SRR n 30
e M EE R WERE RE . 0 T
THE TR OTHE T TR TR TR Wi-s

YOLOv5-m 83.4 86.0 61.4 76.9 69.2 64. 8 44.5 59.5 20.92  27.15 54.95
YOLOvV7-1 85.3 87.6 72.6 81.8 75.8 71.2 57.6 68.2 36.54 59.13 58. 14
YOLOv8-m 88.0 88. 1 73.7 83.3 79.8 75.8 61.7 72. 4 25.85 44.44 59.17
PP-YOLOE-Plus-m 90.0 89.1 70.7 83.3 81.0 75.4 57.8 71.4 23.52 27.83 56.18
Gold-YOLO-m 87.2 89.6 72.2 83.0 77.3 73.5 57.1 69.3 41.28 49.12  79.36
YOLOv6-m 3.0 90.1 90.8 75.2 85.4 81.0 76.7 61.8 73.2 34.81 48.18 90.09
X-ray-RTDETR 91.4 91.2 77.3 86.6 82.9 77.4 63.4 74.6 18.42  26.79 85.47
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