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Abstract To detect prohibited items in X-ray images, this study proposed a one-stage dual-network object detection
algorithm based on deep learning. Based on the one-stage object detection algorithm Yolov3 and combined with the
idea of a composite backbone network, a Yolo-C object detection network is developed. The backbone of Yolo-C
(DarkNet-C) consists of an assistant backbone network (Darknet-A) and a lead backbone network (Darknet-1).
Each feature layer of the DarkNet-A is cascaded by feature with the upper feature level corresponding to DarkNet-L.
and then propagated to the next feature level. Finally, a feature map representing image information is obtained.
The feature enhancement block (FAB) is introduced to improve detection performance of small object. Feature
fusion is performed on the cascaded feature maps to enhance the nonlinear expression ability of features and achieve
the purpose of feature smoothing. Besides, transfer learning and data enhancement was adopted to train the network
and improve its robustness. The mAP in the SIXray_OD dataset is 73.68% , and detection speed is 40 frame-s '
In the X-ray image detection field, Yolo-C has effectively improved the detection accuracy of different prohibited
items and met the real-time requirements of detection.
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Table 1 Parameters of Yolo-C

Filter

Type Layer umber Size Output
DBL Conv 32 3X3 416X 416
Resl Conv2 64 3X3, 1X1 208X208
— Upsample 32 3X3 416X 416
Resl’  Conv2 64 3X3, 1X1 208X208
Res2 Convi 128 3X3, 1X1 104X104
— Upsample 64  3X3 208208
Res2’  Conv4 128 3X3, 1X1 104X104
Res8 Convl16 256 3X3, 1X1 52X52
— Upsample 128 3X3 104 X104
Res8’  Convl6 256 3X3, 1X1 52X52
Res8 Convl6 512 3X3, 1X1 26X26
— Upsample 256  3X3 52X 52
Res8’  Convl6 512 3X3, 1X1 26X26
Resd Conv8 1024 3X3, 1X1 13X13
— Upsample 512 3X3 26X 26
Resd"  Conv8 1024 3X3,1X1 13X13
DBL Conv 30 3X3 13X 13
Head — — —

FAB Upsample 3X3, 1X1 26X26
DBL Conv 30 3X3 26X 26
Head — — -
FAB Upsample 3X3, 1X1 52X52
DBL Conv 30 3X3 52X 52
Head — — —
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Table 3 Ablation experiments on the Yolo-C network based on SIXray_OD dataset

AP for AP for AP for AP for AP for mAP Detection rate /
No.  Model  Backbone  FAB ) ) )
gun /%  knife /% pliers /% wrench /% scissor /% /% (frame * s ')
1 SSD ResNet50 85.69 72. 44 51.21 60. 62 41.99 62.39 56
2 FASF ResNetl101 82. 77 70. 23 48. 6 S57.7 38.7 59.6 48
3 Yolov3 DarkNet-53 88.67 76.53 52.49 61.41 42. 6 64. 34 57
Faster-
4 ResNetl101 93.83 83.74 58. 85 71.58 54.1 72.18 10
RCNN
5 DarkNet-53 N/ 90. 1 79.57 55.67 64. 81 51.00 68. 23 55
6 Ours DarkNet-C 91.6 82.1 58.7 69.7 54.4 71.10 42
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