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Few-shot prohibited item segmentation algorithm based on graph

matching network
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Abstract: Automated security inspection is an effective measure to maintain public safety and improve the
efficiency of security inspection. Usually, it is difficult to obtain enough labelled samples which contain some
prohibited items of rarely appearing. Furthermore, the category of prohibited items varies in different scenarios
and security levels. A graph matching network algorthm for few-shot prohibited item segmentation was
introduced to deal with the imbalance of training samples faced by neural network methods, and to inspect
prohibited items of new categories without the requirement of retraining. This model parallelly input a query
image and several support images into the graph matching network, and segmented the prohibited items from the
query image according to the matching results. The graph matching module not only considered the matching
problem from the point of node similarity between two graphs, but also establisheed a global concept to match the
graphs with the use of DeepEMD algorithm. Experiments on the SIXray dataset and Xray-PI dataset show that
proposed model achieves 36.4% and 51.2% meanloU for 1-shot tasks and outperforms the state-of-the-art method

by 2.5% and 2.3% meanloU, respectively. The extended experiments demonstrate that propoed algorithm can
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effectively improve the accuracy of few-shot X-ray image segmentation.

Key words: semantic segmentation;

prohibited item inspection
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Fig.l Overview of proposed framework in the 1-shot prohibited item

segmentation
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Tab.1 Parameter setting of prohibited item segmentation model based on graph matching network

Operational layer Configuration
Input image 321%321x3
Convolution layer #maps: 64, k: 7x7, s: 2x2
Maxpool layer w: 3%3,5:2x2
#maps: 64, k:1x1s:1x1
Convolution layer #maps: 64,k:3x3s:1x1 [X3
#maps : 256, k: 1x1s:1x1
Graph embedding #maps: 128,k:1x1 5:2x2
Convolution layer #maps: 128, k:3x35:2x2 |x4
#maps : 512, k:1x1s:2x2
#maps: 256,k:1x1s:1x1
Convolution layer #maps: 256,k:3x3s5:1x1 [x6
#maps: 1024, k:1x1s:1x1

Convolution layer

#maps: 256, k: 1x1, s: 1x1

Convolution layer

Avgpool layer

#maps: 256, k: 1x1, s5: 1x1
w: 11x11, s: 1x1

Graph matching Convolution layer #maps: 256, k: 1x1, s: 1x1
Convolution layer #maps: 256, k: 1x1,s: 1x1
Maxpool layer w: 10x10, s: 1x1
Convolution layer #maps: 256, k: 1x1,s: 1x1
Segmentation Convolution layer #maps : 256, k:3X3 s: 1x1 <3

Convolution layer

#maps : 256,k :3x3 s:1x1
#maps: 1, k: 1x1, s: 1x1
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Tab.2 Segmentation performance of model with

different filters and length of subgraphs

meanloU
Filter Size

Xray-PI SIXray
5 48.8% 34.0%
Average filter 10 50.4% 35.8%
15 49.7% 35.5%
5 50.1% 34.8%
Maximum filter 10 51.2% 36.4%
15 50.4% 35.3%
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Tab.3 Segmentation performance of 1-shot task and 5-shot task on SIXray dataset

Methods Gun Knife Wrench Pliers Scissors meanloU
CANet!™! 40.3 41.6 352 33.9 18.3 33.9%
1-shot PGNet!'®! 38.9 41.5 37.4 33.2 18.0 33.8%
Ours 41.4 42.1 35.6 34.0 28.5 36.4%
CANet!"! 43.0 432 36.8 35.4 18.9 35.5%
5-shot PGNet!'? 41.1 429 37.0 35.7 19.1 35.2%
Ours 43.7 43.4 36.3 35.9 29.3 37.7%

223 & Xray-PI # 4B % Loy st R

15 Xray-PLSCHE £ 1317 0 52 30 2505 1) 4 5 e,
o, MR [ RE 5 CANet ' Rl PGNet 1) 53¢ 9 i 5 1 h{ * ‘ r i \ ‘r‘ 8 .
y/INEEA T SN BB AT e . AR 4 P : - - e (d)

AR IE R A 2 V- 58T A 43 e CANet )
TE FLRE AR G5 AT 55 TR AR 43 AT 55 v 43 03l v o
2.3% 1 1.9%. [F]IF, SCrp 5 g i 287 24 32 3% e As oy
It PGNet U 75 BAREAR 73 BIAT 55 rhrsn th 5.7%, 7E Tk

[l 4 & Xray-P1 B4 L ISERBCRIE . (2) 25 (b) S5 EIR
R (o) MAIEIR; (d) 7 HIGE R, FoH 206 X 3O i 45
it XI5

Fig.4 Experimental effect results on Xray-PI dataset. (a) Support image;

Z'K ﬁ%u 'ﬁ_‘% EP '_% i 5.2%. Iz*ﬁiﬂﬁﬂﬁzli %%H ,ff% (b) Support image mask; (c) Query image; (d) Segmentation
HF 22T L LA A 3 BT 5551 1.7% result, of which red region is the predicted prohibited item region

3R 4 TE Xray-Pl iR F# 1T REARFI AEEARS B ERE
Tab.4 Segmentation performance of 1-shot task and 5-shot task on Xray-PI dataset

Methods Firework Firecracker Bottle Gun Wrench Pliers Blade meanloU
CANet!™ 51.4 45.5 422 48.1 34.7 53.0 67.9 48.9%
1-shot PGNet!'*! 44.1 41.9 31.8 47.1 36.3 51.1 66.4 45.5%
Proposed 52.9 45.7 47.4 51.2 37.5 55.5 68.7 51.2%
CANet!™ 54.8 47.6 452 49.5 35.6 56.1 68.0 51.0%
5-shot PGNet"' 46.0 43.0 35.1 48.5 37.1 55.6 68.3 47.7%
Proposed 55.4 49.1 48.7 53.6 38.5 56.4 68.9 52.9%
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