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Multi-Scale Detection for X-Ray Prohibited Items in Complex Background

Zhang Ke, Zhang Liang

College of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China

Abstract Aiming at automatic detection of contraband in security X-ray images is difficult, the EM2Det (Enhanced
M2Det) model is constructed using different scale feature proportional balance modules, U-shaped network recursive
modules, and residual edge attention modules, which it can further improve the detection performance of the M2Det
model. First, considering the high semantic information in the deep layer of the backbone network and the detailed
feature information in the shallow layer, the feature fusion enhancement module is designed by referring to the
feature pyramid idea to enhance its ability to extract features of different scales in the backbone network. Then, the
CBAM (Convolutional Block Attention Module) is used to build a residual edge attention module to focus on
effective features and suppress useless background interference. Finally, the model is verified on the SIXray OD
dataset. The experimental results show that each module of the design has different degrees of improvement effects,
and the average accuracy of the EM2Det model is 6.4 percentage higher than that of the M2Det model.
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5) )5 4 JZ (pool 2+ pool 3+conv 4_3+pool 5) I
I FPN S5 44 , ] ik Lo 48 fn &g i SCRFAEJZ pool 5
B B RRIE Bl 25 R SRR 25 R 3k 2 s,

2 AT A I R A M A S0 OR

Table 2 Experiment effect of feature fusion enhancement module
Structure Integration of pool 5 mAP /%
Baseline(conv 4_3-+pool 5) X 79.03(0)
Three layers (pool 3+conv 4_3-+pool 5) X 81.94(2.914)
Three layers (pool 3+ conv 4_3-+ pool 5) N/ 82.82(3.794)
Four layers (pool 2+ pool 3+ conv 4_3+pool 5) X 81.13(2.104)

Four layers (pool 2+ pool 3+ conv 4_3+pool 5)

N/ 82.05(3.024)

MR 2 W LIE S| W2 20 FPN 25k hnag 1
FRAE 2 B 2% 9 P AR 4 BURE 7 X M2Det HRFAIE £
M8 J5 )= conv 43 F pool 5 347 T 41k fl
B ARSCGE T HEZ )RR FPN R+ 5 5% )Z 5
EEF B /NEFRE B, =2 (pool 34 conv 43+
pool 5)Fl 4 JZ (pool 2-+pool 3-+conv 4 34 pool 5)
5K mAP {H 4 4R T 2. 91 AN E 43 OR 2010 A
A5 AEA A Z5 4, DUJZ Y mAP {8 [ = )2 %
250.8 A AL RATET pool 2 FIIMA T HIKZ
FRAEJZ B LA /0 BT LA B A B A 00K 32 eI 5 4

pool 5 B fir i HE1E 5 FPN (1 3% 2 i 45 1F 2F 47 4%
TEGlA DAYE s s SRR S B iz 2 )5 . =21
mAP (2T 3. 79 D E4F

TE bR ik i B mh Ak St . | e — A
U Y [ 45 338 BTN 7 4 TUM K 5 UE % B e s 1
A M SR E 8 A~ U 2R [0 445 36 A A e 3 47 52
B HE A ] SFAM rh i 5k 22 1 14 = O BB gk A7 52
B, 8 Ja X5l A CBAM Fll ECA (Efficient Channel
Attention) B8 B {1 45 S 3fE 47 %t B, S 86 45 R 0
3R,

3 U B2 3B U S B A 2 10 3 T AR B Y S 6 AR

Table 3 Experimental effects of U-shaped network recursive module and residual edge attention module

Residual edge

Structure Parameters /Mbit mAP /%
attention module
8§ TUM 334.50 X 82.82
1 RTUM +7 TUM 356.67 83.61(0.79 1)
8§ RTUM 514.89 84.09(1.274)

8 RTUM+CBAM 517.89(3.004)

8 RTUM+ECA 511.86(3.00 V)

85.12(2.304)
85.40(2.58 %)

84.86(2.04 4)

00X 40X X X

85.02(2.204)

M 3 AT LAE R A BT TUM, U &K 45 34 14
R B A% 3 — 25 14 8 A [R) KO R 6] K /INRRAE 2 1)
FORAE ST B — A TUM e U B 45 5 1T
HeomAP HAETE 0. 79 ASH 43 05,8 4~ U AR 45356 1
B mAP EH#ETF 1. 27 A E 405 5 —A4 U B
246 356 A e 1Y) 51 A o A AL S 35K B ) 4R T L A

FLEE RN U R R4 5 U5 R e i — 38 4 i A
KA bE—A U AL 4 IR B i, A —
AU 7 0 246 3 U5 485 B 1Y) 5% W 45 K5 51 A CBAM Al
ECA J5 1 mAP #84 fr$& #+, H 5] A CBAM 5
1) mAP HE T 1. 03 4~ H 40 &, 51 A CBAM Fl15%
NG IE I mAP EH#R T 1. 31 S E LB A
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ECA 5B mAPHIEF 0. 77 M H 4 5, 21 A ECA

FEE 2230 4540 5 B9 mAP {E 75 0. 93 4~ H 4 4
CBAM 5] A 2 m#E A8 3. 00 Mbit () 2 5 & ,
ECA fEfs 15 4 BRI 3. 00 Mbit (9 2 5 &, H 72
TS e BN R AR IR Z N E B e rh

ffi FH CBAM,

ARSI T H ) H bR A I AL SSD, Faster
RCNN(Faster Region CNN)"* fl YOLOv3"" 7
SIXray_OD Hdli 4 b BRE BE . F 5 4 SCHOH HE 28 B
I EE IR AT AT b L S SR AR 4 TR

FoA AN [ G A Y R

Table 4 Accuracy of different detection models

Accuracy /%

Framework mAP /%
Gun Pilers Scissors Knife Wrench

SSD 92 72 66 55 52 70.9
Faster RCNN 93 75 71 65 67 74.2
YOLOv3 92 71 64 53 51 66. 2
M2Det 94 83 76 74 68 79.0
M2Det+ EFFM 96 86 82 77 73 82.8
M2Det+EFFM+RTUM 96 88 82 78 76 84.0
EM2Det 98 89 84 79 77 85.4

M F 4 7 LLFE ), SSD, Faster RCNN I
YOLOv3 £ SIXray_OD %4 % F 59 mAP {543 5
M 70.9% .74, 2% F1 66. 2% 3 FH M2Det 45 R (1) K
AR 347, mAP {H BB 35 2] 79. 0%, BRI Y
mAP {5 43 % A 94% (gun) . 83% (pilers), 76 %
(scissors) .74 % (knife) f1 68 % (wrench) ; &R ik i1
) EM2Det #525 f) m AP {E ik # 85. 4% . [t M2Det
BERIEETE 6. 4 A E 3 s, BRI 1Y mAP {8 53 51 $2
Tt 4.6,8.5,9 A 4 s, K I T 4CF F18Y T 9K

original X—rayx =
image \

EM2Det

DUKS B2 SR THROCR S W . X T B R T YL AR
AR X G EIR  EM2Det 858X B A5 19 4157 4
SR BUAE J7 HL I M2Det B GF  BA B ALY 22 U
FI bR A I 1 BE L He wp 8 A 85 D08 LU/ B A5 592 X
PEAT RO AR A T T IR SF HE B R Jag St 4 7™
B EM2Det 5 11 X 3 = 28 #5452 KOS B /9 $2 T
ANTFE BT B AT AR A 11 o

P 11 77 LA 3], EM2Det 458 78 78 £ B 41 57 4F
AET5 WA AL TS 8RB, 7E A 5T PRI 1 O T AT

11 ARG B AROR . (D85 T1 5 (W F 5 (O (DT () T)

Fig. 11 Visualizations in different situations. (a) Scissors; (b) pliers; (c¢) gun; (d) wrench; (e) knife
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AE T A TR 1) L 3 2 i, T LG Y0 AE B A% v 4 b AE S
AR, ARG RCR A T 1 AR A A AL Y 2
B, 200 S 3K A5 3 M2Det £7 B 7E SIXray
OD Y4 FERR I3 JE 24 11 frame/s, EM2Det
TN ) G I 35 35 24 Ry 8 frame/s . (HAE ML Y 22 K6 PR
bt n] DL A2 S I 4G A 9 250K

5 %% 1w

ARICHE M2Det #5289 (4 FE iy I 171 EM2Det £
R SR T RGBT XOLK A 2 RER
PR B RRAESEHCEE )0 . B TERRE S UM 2% VGG-16
F 1 J5 =JZ (pool 3+4conv 4_3-+pool 5) F¥& it T4
I Rl A5 1 S A DL AR IO 22 1 22 RUBE AR A, 1 HL g
% [R] B 2 - A R 2 R AE B IR Z AR AE L] . SRS
WAt T U B 45 388 A DLgE — 20 38 5 AN ] 7K O
ANRIK /N FRE R IR e T . &5 i CBAM k14
T 5k 25 T R IR LAk SFAM, {455 789 5T fiin 5¢
A B . A SCHE SIXray_OD $0dlE 4 FEfrek
HESEE, S 25 R R B AR L TR EM2Det #5081
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