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Few-shot method for prohibited item inspection in X-ray images

Xing Chencong' Lv Shujing® Lv Yue®

(1. School of Computer Science and Technology, East China Normal University, Shanghai 200062, China;
2. Shanghai Key Laboratory of Multidimensional Information Processing, East China Normal University, Shanghai 200241, China)

Abstract: Automatic X-ray security inspection is an important method to maintain public safety. Current research of prohibited item
inspection on X-ray images only works on pre-defined classes in the dataset and cannot be generalized to unseen categories. The
imbalance problem in the dataset will also affect the performance of models. In order to solve above defects, the paper proposes a
segmentation model for prohibited item inspection in X-ray Images based on few-shot learning. The model first embeds the test image and
annotated support images to a common space, then measures the spatial pixel-wise similarity and regional similarity, finally segments out
suspected areas in the test image. To deal with uncertain numbers of support images, a fusion method based on the ConvGRU is proposed
to integrate the similarity information for the test image and different support images. Experiments show that the proposed model improves
2.0% and 2.2% meanloU compared to the state-of-the-art methods under 1-shot task and 5-shot task, which demonstrates the ability to
recognize unseen categories.
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Fig. 1 Overall structure of the model
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Fig.2 Dense feature encoder

HR 2 R SR A AR I 2o A5 IS SR REAE 5 T R AR A
RARFE X OGN RFIE BT it . R 2 N 25 1 2 2 451
R A B IBOR R 2R B RHE IS JZHRRIE 32 240 75 19 301 2%
MBEE R . 78 X JBER T AN B R R AR Y5,
JRIZFAEE S B LS5 BA B T & & S &
B SRR Bis, 28R S i 5 R
SRR TR INEEAS 43 ) R SR AN [) 2K ) 3 B ) o
N R N N G I (B ] i)t i Y P S o S
BRI AE DN R PR IR BT . AR SCHR % R AT G i
BN 2 FR IR0 2 35 Kt Ak 6 BSR4 AE 5 v 2 R AE
G, HARERE N,

Foutpul = Fyage T @ * MaxPool(F,,..) (1)
Ko SRR SE GRS ZFRAE R L], A SO o B
HO.55F,,. G R T 2R R A SR
AG {687 R ] 0 80 23 AR A 2 Ll B e B BRCRRAE

XL LU AR 2 A TR (4 A% 003 3, B0 5 RSk 37 Y
T AR R A AR X 38 b AR e AR AR
HH PRSI A0 25 P A R L AR 43 3] R % AR
A block3 1 blockS J& . /> KU L R e DL AR
JE BT RRIE RN SRR AR A A B R RRAE AR

18R LA B B FE Rl B A 16 Q4 fE R S R MR
FHEAEZ R REHLE, BRI TR &5t 3
FEs o A SCR AR R R B E A RS MR R S X
FeEMGIT A AL E AR . B8 FR LR AT S .

1

5% ey 2701 (2)
Horp,

0" 3 mas
f(x? ,x;) = ee(xil) [b(xj) -mask] (3)

Kl i F R AR B Y — 7 RO SRR Y
P i s S AR ; S, ZATRFE «f , SRR
) TR B LBEARL; /R B R EAR R X o! ) BOAH B
JEpRK, FHRIEERERE S T C(x) sREUA—1,
TESBL RE A 2 A 1x 1 B RBEAE
0(+) (), B kimiE BosF LI R 0, X
FRRF A 285 T EHEIRAT R , KBRS XN 5 8

Fig.3 Pixel comparison submodule
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Fig.4 Regional comparison submodule
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Fig. 6 Extension methods for one—shot model
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Table 1 Segmentation results of different models on the SIXray dataset
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Fig.7 Segmentation results on the SIXray dataset
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Table 3 Ablation experiments on dual comparison module
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Table 4 Ablation experiments with different loss functions
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Fig.9 Comparison of different feature integration methods
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