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Security Inspection Image Object Detection Method
with Attention Mechanism and Multilayer Feature Fusion Strategy
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Abstract YOLOvV5 (You only look once, v5) is widely used in real-time target recognition because of its fast detection
speed and high accuracy. On X-ray security image detection errors or omissions problems with complex backgrounds,
multiple scales, and overlapping. By improving the attention mechanism, a new feature fusion strategy is developed based
on the YOLOvV5s network structure. This study proposes a YOLOv5s-AFA object detection network with an adaptive
feature fusion technique and an attention mechanism. In the shallow layer of the network, an extended receptive field
module and an improved spatial attention mechanism are introduced, whereas the improved channel attention mechanism is
introduced in the deep layer. The new feature fusion technique can output three feature maps of varying depths at a time
and fusing shallow spatial and deep semantic information using adaptive learning weights to improve the network learning.

The target results on the X-ray security image dataset show that the false and missed detection rates of the YOLOvS5s-

AFA network decrease considerably compared with other compared networks.
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Network YOLOv5s YOLOvom YOLOvSl YOLOvSx
Focus 32 48 64 80
CBL-1 64 96 128 160
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CBL-4 512 768 1024 1208

Model size /MB 27 84 192 367
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Fig. 8 X-ray security image dataset. (a)-(f) Image 1- image 6
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Fig. 9

Label distribution of training set. (a) Center point distribution; (b) width and height distribution
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PTFT L 7AE 50855008 TX T BRI 3X3A B
U SA BEHRAE PR R PERE L S R B, S 808 2 298
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Table 2 Comparison results of SA modules
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¥ SERLHL ECA #5205 1 IECA Bl (k=
3.5) 20 S A YOLOv5s M 2% [a] — {37 & th R 471 45, 15
FIAST] P 45 B PR e a0 4% 3 TR o AT L& B Jin A SE %
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W25 i mAP 4T T 1.6 4> E 43 o5 5 M 2 T RPAIF 30 38 )
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2B AL YOLOVSs+SE M 28 /Y — £, mAP [t
YOLOv5s+SE M 4% & 1.3 4~ [ 43 3 £ YOLOvSs+
ECA M 2 B filh I iF — 20 IR A6 9 YOLOvSs+HIECA ¥
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Table 3 Comparison results of channel attention module

Module mAP /% (mAP, 0.5:0.95) /% N,

YOLOVSs 87.2 55.9 0
YOLOv5s+SE 88.1 56.3 43008
YOLOv5s+ECA 89. 4 58.7 22868
YOLOvSs+iECA(£=3) 91.5 59.5 25668
YOLOvSs+iECA(£=5)  91.4 59. 2 32786

$ E-SAd ECA \ASFF #ide L 6 Fp A 6] (1 4 &
A MA YOLOv5s W 45 rf F 17 @il 58 56, 15 2 [6] )
KM mAPIN R ART/R . M 1. S 20 J1 BT
HLI X F 52 2= 19 Xt B B S 1 2= > g 1, i 9
2% 35 3 W U B K DA BE L, mAP M EE AR N 45 4R T T
5.3 A HSEE 1 S 3R], R B Rl A = AN
[] VR B R IR 19 11 35 I AR AIE il SR W, BB A IR 45 4l 4K 2]
FEE NS E LT XEEIFRF MG . 56
ALHT, S5 A T R HLH SRR E Bl SR I 9 YOLOv5s+
ASFF+E-SAd+IECA ™ & ¥ fig i & , mAP 5 5| T

Module mAP /% (mAP, 0.50:0.95) /% Ny 94. 5% , LLIFUHG P 2% 85 7. 3AN T 40 . X Wl 5 vk
YOLOvos 81.2 509 0 J2 75 ] 0 845 5 TR 2 1 SIS LR P38 ek 3 T 9
YOLOWTSA 887 09 PONS A R B O R A S R B
YOLOv5s+SAd 88.9 56. 4 940 TR e S L
YOLOvSs +E-SAd ~ 90.4 57.6 17832
FA S ATYE S IR LS
Table 4 Comparison results of ablation experiments of each module
No. Modules ASFF E-SAd IECA mAP /%
1 YOLOV5s X X X 87.2
2 YOLOv5s+E-SAd+iECA X N, N, 92.5
3 YOLOv5s+ASFF N, X X 91.3
4 YOLOv5s+ASFF+E-SAd N/ N X 92. 2
5 YOLOv5s+ASFF+iECA N, X N 92.7
6 YOLOv5s+ASFF+E-SAd+iECA N, N, N 94.5
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Table 5 Detection results of different networks

Network Backbone P R mAP /% Module size /m
Faster RCNN VGG 0.874 0.759 86.8 160
RetinaNet ResNet+FPN 0.904 0.790 90.0 140
YOLOv4 CSP DarkNet53 0.920 0.812 91.7 240
PP-YOLOv2 ResNet50-vd 0.949 0.865 93.4 83
YOLOv5s CSP DarkNet 0. 890 0.782 87.2 22
YOLOv5x CSP DarkNet 0. 968 0. 889 95.6 320
B-YOLO Dark Net+CSP 0.907 0. 800 90. 4 39
YOLOv5+ GhostBottleneck 0. 896 0. 795 88.2 24
YOLOvV5s-AFA CSP DarkNet 0.967 0.871 94.5 26
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Fig. 10
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B11 XOGEER IS 5T . (a) YOLOvV4; (b)PP-YOLOvV2;(¢) YOLOV5x; (d) YOLOVSs; () YOLOv5s-AFA
Fig. 11 Comparison of detection results for X-ray images. (a) YOLOv4; (b) PP-YOLOvZ; (¢) YOLOv5x; (d) YOLOV5s;
(e) YOLOvV5s-AFA
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