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Dangerous Goods Detection Based on Multi-Scale Feature Fusion in
Security Images
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Abstract Existing target detection algorithms have low accuracy in detecting smaller-sized dangerous goods in X-ray
security inspection images. Therefore, a multi-scale feature fusion detection network called MFFNet ( Multi-scale
Feature Fusion Network) is proposed, which is based on the SSD detection model and uses a deeper feature
extraction network, namely ResNet-101. The high-level semantic rich features of the network are merged with the
low-level edge detailed features through the jump connection method, and contextual information is added for the
detection of small-scale dangerous goods, which can effectively improve the identification and positioning accuracy of
small scale targets. The new feature layer obtained by fusion and the SSD extended convolution layer are sent into
detection together. Experimental results show that MEFNet can greatly improve the detection accuracy of dangerous
goods in X-ray security inspection images, especially those of smaller sizes, while maintaining a relatively fast
detection speed to meet the requirements of modern security inspection.
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Table 1 Number of images of different types in datasets

Number of images

Type
Gun  Knife Wrench Plier Scissor Total

Training 2055 1092 1586 2765 811 6102
Test 881 469 680 1186 348 2616

Total 2936 1561 2266 3951 1159 8718
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Fig. 4 Some pictures in SIXray_OD dataset
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Table 2 Combination of different fusion feature layers

Based layer Extra layer

Combination
Block 30 Block 33 Conv8 Conv9 Convl0
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Table 4 Detection accuracy results of all kinds
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Table 3 Detection accuracy results of different fusion

of contraband unit: %

Type SSD MFFNet

Gun 89.91 90. 42

Knife 73.31 75.29
Wrench 69. 46 71.17

Plier 75.57 82.22

Scissor 63.61 72.24

mAP 74.37 78. 27

methods unit: %
Combination Sum Product Concat
1 78.27 77.76 78.10
2 77.84 77.53 77.92
3 78.05 77.02 77.54
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Fig. 5 Training loss function curves of network
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Fig. 6 Visual detection results of different models.
(a) Original images; (b) SSD model; (¢) MFFNet model
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Table 5 Results of ablation experiment

Model Backbone mAP/ %
SSD VGG-16 74,37
SSD ResNet-101 76.18
SSD+FM 1 ResNet-101 77.38
SSD+FM 2 ResNet-101 77.75
SSD+FM 1+FM 2 ResNet-101 78.27
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Fs A FM 1 fil FM 2 B4~ @l & BB s . 5 A
SSD HEHAH HLRG 43 5 3. 01 AN A 43 55 F1 3. 38 4>
[ER 0 N:OE 5 R Ee 2 82 O i 0 ) | N oL
K BE A 4 TH S B R L A5 SSD AR T 3.9 N 4y
R SIS R — 25 E BB T Rl AT T A Y A

I RE Y P2 TR B3
h T A A MEFFNet #5880, o 5 H A 45
RIBEATVERERT LU, &5 2R A0 6 P .
F6 AR B A ) 45

Table 6 Detection results of different models

Model mAP /% FPS
SSD 74,37 56
FSSD 75.75 41
Faster R-CNN 77.81 2
YOLO-v3 70. 49 70
MFFNet 78. 27 19
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