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Based on X-ray Images in Urban Rail Transit

Dangerous Detection Technology

Security Inspection

CHANG Qingqing, CHEN Jiamin, LI Weijiao
Abstract Based on X-ray image security inspection equi-
pment, the principle, method and applicable scenarios of dan-
gerous goods detection technology based on conventional ma-
chine learning and deep learning are expounded. Merits and de-
merits of various detection technologies are analyzed. A dan-
gerous goods detection technology based on deep learning can
learn the characteristics of goods categorization by itself, ha-
ving satisfying robustness and calculation efficiency, of which
the target-detection framework based on regression ideology
can detect fast, applicable to real-time system. Practical typical
scenarios are used for training and testing. The test results
show that the dangerous goods detection technology built on the
basis of YOLO model can meet relevant requirements of identi-
fication accuracy and speed, capable of intelligent identification
and alarming of dangerous goods such as guns, knives and fire-
crackers in luggage. The efficiency of urban rail transit security
inspection is solidly enhanced, as well as the security risk early

warning capability.

Key words urban rail transit; security inspection; X-ray im-
age; dangerous goods detection

Author’s address The Third Research Institute of the Min-
istry of Public Security, 200031, Shanghai, China

1 WHHEXEREIK

L1 WhHHEXERCHER

e B2 LA TR T I3 S e 2 AR Y TR K A
ST 290U T A 3 22 A G A A BRCP RRR o A
SEJ7 AR E T A TS, GB/T 26718—2011( i
T S8 22 42 97 0 R GEBAR BEOR ) BAR Gk ik
MURLE B8 IR F AT Dy K o b A BE AU
A, LA AT AT BE G S N B R0V 22 42 Y
T it S RO 2

TEFR I, e %k A 3ol T B 5238 Rl e Ak &
WA I A L EERR L X SRS T, D
Hitrise & ol 00w S LR s, HAE e 8
AN S b R TR, 5%
LRI KA ol 22 K AR LG, ST B0 52 38 K A LR
R A

1) Zmm K, % oA o B I I B 22
R AR R, A 2 A 28 o DR L2 A6 4 B I 1) 0
N T B R A B9 R RO AT, SRR (AL B 332
L T e L DU B ) S 6 i

2) Yyln SRR T BUE 22 AR T
R AR, T H AR 54 A HL T e SR A2 H O
AR BRI R . X — P8 T fE R iR
S BIHMERE , B th BT Rl A
1.2 feie iR 5 e 78 K kA

TE SR RS ARS AE B WP 40 25 5 i, X 2
LRBEAR S I R ARARKES . W
1, X SRR HANME LI T 0] WG IR A H bR

- 205 -



ARSI KRN REIIAGE I RS L AP s -0 (FRWF

1) X SYEBAT BN, HARN s 2 7 1)
RILECS A A=Y a7/ ENIUF S SRS ag i6 IR0
A i RO, ME L SR BOCA 1) SO

2) MGz, S F R im g
R VACURIE S Ei I T2 AN B2 N o S (41
JVHAF G b F% A R A0 B O i T AT F
P33 X LA B ANE 1 s, EIERET, &
5% it 2 BRI E 5 AR AR P 1 S 7R I
RIFEEAR , 2 U i R 45

a) IEHLF b) HAl i A
BT SR TIR X ST EIR

Fig.1 X-ray security inspection images of guns and knives
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Fig.2 Flow chart of dangerous goods detection

based on machine learning
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