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Lightweight contraband detection focusing on edge and multi-scale features
Zhao Xiaotao'*  Li Xinwei'”’
(1. School of Electrical Engineering and Automation, Henan Polytechnic University,Jiaozuo 454000, China;

2. Henan Key Laboratory of Intelligent Detection and Control of Coal Mine Equipment, Jiaozuo 454000, China)
Abstract: To tackle challenges such as complex backgrounds, scale variability, and difficulty in detecting small objects
in X-ray security inspection images. a lightweight contraband detection algorithm named LEM-YOLO is proposed.
focusing on edge and multi-scale features. Firstly, a lightweight edge feature enhancement (LEFE) module is designed
to strengthen edge feature extraction. Secondly, an efficient multi-level feature fusion pyramid network is developed,
incorporating dynamic upsampling (Dysample) and the hierarchical scale feature pyramid network (HS-FPN) to
enhance multi-scale feature fusion while reducing computational redundancy. Additionally, a dynamic feature encoding
(DFE) module is used to preserve global information for small objects. Finally, Shape-loU is employed as the
bounding box regression loss function, concentrating on boundary shape and scale to improve localization accuracy.
Experimental results on the public SIXray dataset demonstrate that LEM-YOLO achieves a mAP of 94. 63%, a 2.56%
increase over the original algorithm, while reducing model size by 50. 67 % , making it more suitable for contraband

detection scenarios.
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A FE R SIXray BO46 5 ok 56 UE ek A5 R 1) A AL
P, SIXray 8542 i EBF 22 BR K2 (USTO) K710, &
LITH BRI X SLBGEHEE, ZBIEER
HEREGE 5, G ARy B85y
TEPY B0 TR I A B GE SEBR K o, SIXray
BAREA ST 100 7 REE, o UH 8 929 sk &b
B T RO T B R T AR R AR D R A
BRI RS S BN B AR S ) H IRTF T s )
855 B DL FE B W B AR A N B 11 TR, SIXray
ByE R H IR 8= 1+ 111 Lb 481 Bt AL Rl 43 Sk I 2 4 | 58 HiF £ A )

AT 5T 19 SE 5 - & 38 17 € Ubuntu 20.04 &4 E. £
B R E 8 Python 3. 8 RRAS . SCER BT A0 8 1 5 A%
£03% Intel Core i7-8700K@ 3.7 GHz 7 # CPU, 16 GB iz
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Fig. 11 Example samples from the SIXray dataset
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BT A B bR 04 2K 0 BE 35 {5 (mAP50) . & 8 it
(Parameters) .iT B # (FLOPs) A B {A&FL (Model Size) . %
FRAG M T 50 (FPS) 1 S PF 48 b, LA 25 A TP Al A R P R
AP 5 mAP AR H

TP

AP = TpFp an
N
DIAP,

mAP = IZIN (18)

Ho, TP ARFR S FR A IEREA BT Sy 1F 28 09 Bt
FP 3R7R8 52 Fr R AR AR BUNAE S IE 2S8R AP, WEE
FEEEMY AP fH; N il 25 25441
3.3 X=X

1) EFE_C2f #ile Xt M 525

HEUE EFE_C2f BEH i i A a0tk , A SCRA T 3%
W& (Conv) . 415 & L (GhostConv) IR & 0] 43 B & fH
(DSConv) #8433 F (PConv) 4 Fh & R )7 5, H- 454 Sobel
B HEAT TR LS 5 RN 1 PR .

®1 BRERMEREX

Table 1 Performance comparison of convolution modules
BB Params/M GFLOPs mAP50/ %
Conv 10. 21 25.5 93.47
GhostConv 9.83 24.6 92.62

DSConv 9.52 23.8 93. 65
PConv 9.48 23.7 93. 84

ST AL R .Y Sobel BT 4 R 45 AR,
W38 4 FL(Conv) B 2 Bk F T8 5 L (0 ARG D 330 5F
ANHLRE, mAP (B AL H & A 1) £T 5% 5 B (GhostConv) & H
0.55% . FEMH LI &R, RAE S 50k fil 8 g KT
WiE B mAP EHERM, FERNEEAHEE LT 5
i, GhostConv X% ¢ AF B 2E 47 fA7 B 19 2 M A8 8, TE WL TR 4%
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i, 5358 S B L SRR AT R R A T 0.69 M
M1 1.7 GFLOPs, H mAP {HILZI S EB & 1.03% ., fif
FHFR 4> &L (PConv) i S 80 AT 5 & AH 4% 13558 5 1
W A BRI T 0. 73 M AT 1. 8 GFLOPs, [@if mAP
B e 3 5 AR, Z0 R 4 AR IR B T 2 B 5 AR B
0.37%.1.22% 1 0.19% . Z& LRFiR, 5HAh 3 5
AL i PConv %5 R A5 B f) 25 & f I &5 SR 3k 3 T
ik

2) ZHHE % XF L S e

T PEAE EM-FPN RYPEGE , Se 85 7 24 1 10 R0 32 50 00 45
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Lt o L2 A T) 250508 19X 45 245 ) of 4SS 26 o 8 ) B2 . G 2 0 T
2 WAL AT YOLOVS B R UR 3350 M 2% (PAN-FPND ,
EM-FPN 7 mAP & — G bn BA B 3 T, 38 T e
ik 1.38% » WA T LAl Lol 350350 0 265 285 4 . RIS, 7 3T
BERE M, 525 TahE FREEFE (Dysample) £ 5 2L
) 2% il 5 AR I 03, EM-FPN I 3508 20 T 3 8 % U5 19 9
K SR AT R R O SR AR, BRI R /] L 35 b
TR TR i AL SR, A A S R O I, R4 EM-
FPN (% FPS W&AK T I 46 050 W 2%, {EL47) fie W 2 5% s A U
B K .

R2 [ HERM 4 1 RE X EE

Table 2 Performance comparison of different neck networks

S Params/M GFLOPs mAP50/% FPS Size/MB
PAN-FPN 11.13 28.4 92.07 118 22.5
BIFPN 7.37 25 93.14 107 15.0
GDFPN 13.61 29.9 92. 36 96 27.7
ASF 11. 29 30.1 92. 81 106  22.8
HSFPN 7.14 23.9 92.76 114 14.5
EM-FPN 6.97 22.6 93.45 110 14.1

i — 5 B EM-FPN L6 /N RF i 25 5 B AR
T A R A BF 50K EM-FPN 5/ 8009/ B AR A6 T 3 5
J735 AN I —A~ P2 & k) #E47 % LY L SC 45 a3k 3
iR, FEAEBAE YOLOVS 72 AN H fx P2 £ 03k J5 .
mAP &I T 1. 199, 31X & B R A 19 P 2% 25 14 76 46 T /s )R
SHEES S BAR T AEAE AN R B R B kA ), R
A P2 AN Sk 1 7 2 v TR IR 0 G DR R [ I
ERWONT I ERIENERE, RS TR MR R
R 3G I, DA B A 0 3 2 A B d R R . AH L Z R EM-FPN
B S B T B B R T R R A A R P2 oA T Sk 1Y
50.25%.69. 32% 1 51. 6%, H EM-FPN [ mAP {5 3% 3
TN, t P2 AL 4R AT 0. 19%, XL UET
EM-FPN 7E ki /N ROF i % 5 B A5 J7 T 096 &0
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Table 3 Comparison of small object detection methods

¥ Params/M GFLOPs mAP50/% FPS Size/MB
— 11.13 28. 4 92.07 118  22.5
P2 13.87 32.6 93.26 99 27.3
EM-FPN  6.97 22.6 93.45 110  14.1

3R RO L S 5

9 T BiE Shape-IoU B 801 » AW 5848 H 5 YA
A7 B 151 J3451 25 R (C-ToU, D-1oU, S-ToU E-ToU) #£ 47 T %t
HeSe o, 45 RN EE 4 i, M EE Shape-ToU . Hi Al 31 2k o6 %
B RS BE Y 504K L B8 UE T Shape-ToU B #: .

x4 TEMEIEILE
Table 4 Comparison of different loss functions
IoU mAP50/ %
C-ToU 92.07
D-1oU 91.76
S-IoU 92. 37
E-ToU 92.52
Shape-IoU 92.74

D5 FFAAIRT LR

R T PP AN TR BEVL AE 45 25 5B A% B R T v Y R g L AR SC
BEFET JLFR Y ATk S B RR 5 AR SCHR Y LEM-
YOLO Bk 7E SIXray SHE 4 L af A7 X L SC 5 . DUKS I A
BERAER AL A 7 W AT X SR A R K 5.6
Fis .

MFE 5 ATLUE AW R LEM-YOLO #7811
K MAS B (mAPS0) R 94.63% . 5 YOLO &5 & iy
YOLOvIO m ML . mAPEE T 1. 15%, H R ¥ H T
Hoflh WA, MR FREMERE YOLOv8s, LEM-YOLO
T P 28 T 20 R RS B CAP) B3 i T X 3R
ZERERTE SR R G, R R S
R BE G A T R

ML 6 A, ez u ki, LEM-YOLO &+
HAbF kA S 5 A AR T R B L R,
SY R T REAMER, RAH THSE RIS
e B B ] ZE K, LEM-YOLO iy FPS W A% T 3 vfis 51 A9,
AL D00 S A AR R R AE B D 105 T, 2 T S B e U
7oK .

& 12 $E— & E WA T LEM-YOLO #4#  #: g,
B K /N8 Params JF 84, 5 H b5 2% 4 b, LEM-
YOLO A5 AR B0 7 my R B B F 8 H TR
SRS AR S B AR R
3.4 HBLINIS

SRR ST ATT 45 B i %o 55 280 P B 1Y) 52 W, AT 5T AE 3
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Table 5 Comparison of detection accuracy across different models %
LT , AP - - mAP50
Gun Knife Wrench Pliers Scissors
YOLOvSs 98. 04 90. 57 91.87 91.56 88. 30 92.07
YOLOv9m™ 98. 21 90. 34 91. 92 95. 84 89. 47 93.16
YOLOv10m™" 98. 30 90. 59 92. 67 94. 48 91. 34 93. 48
RTDETR-L™" 98.98 91. 25 93. 37 95. 27 91.33 94. 04
YOLOv8-af " 97. 80 91.70 91. 60 91. 60 90. 80 92.70
YOLOv8-SP™* 98. 70 91. 21 91. 30 94. 31 94. 85 94. 27
YOLO-ray™! 98. 60 89. 70 89. 90 95. 00 92. 60 93. 20
YOLOv5-d™*" 99. 10 86. 80 90. 80 96. 30 91. 00 92. 80
LEM-YOLO(Ours) 98. 34 91.59 94. 23 95.75 93. 24 94. 63
x6 AEAFEBFESUIT o5 L EMYOLG
Table 6 Comparison of lightweight models
gl Params/M GFLOPs FPS Size/MB '
YOLOvSs 11.13 28.4 118  22.5 o T YOLOVESP ‘
YOLOv9Im 20. 15 77 82 41.1 g RTDETR-L
YOLOv10m 15. 31 58. 9 95 33.4 % YOLOVI0m
RTDETRL  28.45 100.6 54  59.0 Zor YL gy YOLOWm
YOLOv8-aft"" — — — — § YOLOV5-d
YOLOv8-SP™** 11.93 29.75 115 —
YOLO-ray™’ 6. 66 15.3 85 — 2T oL Ovts
YOLOv5-d*" 12. 20 — 87 — , , .
LEM-YOLO 6. 34 20.9 105 111 10 mm/ms“ 20
MERCTD A B AR 5 2 51 A 4 0B L AT T O 12 ATISTRIORLRE S AL R Params 1L 4
Fig. 12 Comparison of performance, inference speed.,

B g RME 7 iR, B KRR Cof BBy
EFE_C2f B R, B A B 1) S 408 M5 8 ¥ i >

B mAP$2F+ 7 1.77%, EFE_C2f Bt 8| AL T
TIEGRUR YRR 1 R TR R X i SRR AE A SR ECRE .
WL FERET B g SE Rl Bk — 2051 A EM-FPN W 2% 25 14 , 15
FBIA C, HIMERA A ML BH C S8R T
IR R TR AR B A 0 02 T 43, 04%% L 26. 41 % A 50. 67 %,
UEAh AR TR BT C 1 mAP #2787 0.62% ., %W

and Params of different algorithms

EM-FPN #4587 A8 /) 2 ROEFEAE S AR 1. )5 - 5
Shape-IoU 1E g #r i 1 2 o6 %0, B B 1 mAP i %
94.63% , LERLMERL R A $2TH T 2.56 % , HB AR 558
PRUR TSRS B A AN, TH LT 56 A 2 SR IR TR R Bk
M R0, LEM-Y OLO 75 3 25 A 0 v 2% 30 4 40 B 19 46
P BE .

7 HEEXRK
Table 7 Comparative experiments
i EFE_C2f EM-FPN Shape-loU Params/M GFLOPs mAP50/ % Size/ MB
A 11.13 28.4 92.07 22.5
B V 9. 47 23.5 93. 84 19.2
C Vv Vv 6. 34 20.9 94. 46 11.1
D Vv Vv Vv 6. 34 20.9 94.63 11.1

3.5 Ao
AT WA M AR AR S R G A S L 1R R i oA AR B i

TR 0 A i AR R I R R AT T AR AR L L TR R A 13
i, HiE 13 R B KSR, B 13(b) 2 Z AR

+ 173



948 & 2 F o

=3

2

#OAR

15 LT/ 13 Ce) J2 4 44 7™ B B9 RE AR EE L B 13(dD) & R AR

YOLOV8

LEM-YOLO

(b) Multiple targets

B 13

(a) Single target

Fig. 13

M 13 7T DA H 7 SRR 2 R 22 A S AR A A 0 o
T YOLOVS, LEM-YOLO [ & 13 B 4> B = o 46 &k
S XT3 R ™ Y R AR ER R RBE AR AR B K AR
AER . YOLOVS R I 25 5 91 R B, 43 531 30 U 46—
U ITRRE K — AR T O TR — A B9 TR AL, T LEM-
YOLO W 43§04 . X iF— 25 50 30E T A SCRT $2 ik
A0 A R TR AR TR S X S 48 2 A Rl % A A ) 3 5%

4 g

JIHE 32 LEM-YOLO % X5 2k 5 25 i 46 ) o 47
TET B R B4  RUE AR ZL /N B AR 5 4 00 L 38 2 IR
MESE AL, 72 YOLOv8s (Y HEfif b BEAT itk . 75 & T W 4%
iR R AL SRR IR AR LEFE, 846 T4 (7 &
FIR 2 AIE XTI 41 o A5 AR 1980 G DS 2 5 A S 0 2% b g ol T
R WA IE RS G F I M4 EM-FPN, S B R SCfF &
B R KR A T B Ak i ] B R A AR i) 22 R RE R R
713K M Shape-ToU 1E 24 ol 5 81 2 o6 51, B 55 RS 28 4k
KM, o — R T R E AR, LA R R
B, 5 55 B M L LEM-YOLO B9 mAP 28 7 2.56%
B PR R /D T 50. 67 %6 H 26 60 Mk JBE 5 K0 22 o i 2
dn i R B AL, 5 HE EWA A K. LEM-YOLO B4
T e ) ARG DN RS T2 RS /S 4 A R (AR A T B A A R
R REAL A R R O T AR ST, R T LEM-
YOLO 3k B WA BT B 5 2 T AR A S X i — [ el ik
Tk,

s H
(17 RRU KA, B . B AR XOEE G
s VAR AT I N 1 o | R R D A P
2021,57(16) :74-82.
LIANG T F, ZHANG N F, ZHANG Y X, et al
Summary of research progress on application of
prohibited item detection in X-Ray images [ ] ].
and Applications, 2021,

Computer Engineering

o 174 -

RIIREA K

(2]

[3]

[4]

(5]

(6]

[7]

(¢) Occluded target

oA FE A 2R A I 45 2R X e

Comparison of detection results before and after model improvements

(d) Multi-scale targets

57(16): 74-82.
WANG AO, CHEN H, LIN Z J, et al
Revisiting mobile cnn from vit perspective[ C]. IEEE/

Repvit:

CVF Conference on Computer Vision and Pattern
Recognition, 2024: 15909-15920.

WA, W, AW, ST S R 3R
LCBAM #git iy X Ot 4 A [I]. HEIR %S
2 ,2024,18(5) :1259-1270.

DONG Y SH, GUO J Y, LI M Z, et al

prohibited items detection based on inverted bottleneck

X-ray

and light convolution block attention module [ J].

Journal of Frontiers of Computer Science and
Technology, 2024, 18(5): 1259-1270.

TR, BRI AT AN 2 RIERER S 0 X 6k
L] 5543, 2024,40(4) : 789-800.
ZHANG L, XUE ZH CH. X-Ray prohibited-item
detection based on adaptive multi-scale feature fusion[J].
Journal of Signal Processing,2024,40(4) . 789-800.
LIU DM, LIU J CH, YUAN P X, et al. Lightweight
prohibited item detection method based on YOLOv4
for X-RAY security inspection[]J]. Applied Optics,
2022, 61(28): 8454-8461.

ZER, WAL « RUb. ik YOLOvT 19 X g2 B i
S m AW [T AL TR S R, 2023,
59(12): 193-200.

LIS, YASENJIANG M SH. Improved YOLOv7 X-
Ray image real-time detection of prohibited items[]].
Computer and Applications, 2023,
59(12): 193-200.

W, kAT, RAE, S OHX X EEREGRENEZH
PR AR LT oL 5 FAA R, 2022,
59(10) :324-332.

CAO Y, ZHANG L, MENG J X, et al. Multi-target

X-Ray

Engineering

prohibited item recognition algorithm for



RAINE FREDGE SRAKEHBELES

oo A i 58 M

(8]

[9]

(10]

[11]

[12]

[13]

[14]

security scene[]]. Laser & Optoelectronics Progress,
2022, 59(10) . 324-332.

B A, MRt TR, % T YOLOvA 1
X OFER PG 2 W ok B ik (). 2 T AR, 2021,
42(12) :2675-2683.

MU S Q,LINJ J,WANG H Q,et al. An algorithm for
detection of prohibited items in X-ray images based on
improved YOLOv4 [J]. Acta Armamentarii, 2021,

42(12): 2675-2683.
SIMA H., CHEN B L, TANG CH SH, et al. Multi-
scale feature attention-detection transformer:; Multi-

scale feature attention for security check object
detection[ J]. IET Computer Vision. 2024, 18(5);:
613-625.

SEGHE, EEW, v gk, % TSRS E
PG XOt L KBS M [T, BT AR,
2023,46(10) :98-108.

SU X W, WANG X M, HUANG ] B, et al.

security contraband detection based on deformable

X-ray

convolution and attention mechanism[ J]. Electronic
Measurement Technology,2023, 46(10):98-108.
FHFRE, BN, BTG YOLOVS B9 X O R i 4
an R[], Jogi s T/, 2024, 54(10):2288-2295.
WANG H Q, WEI P X. X-Ray image contraband
detection based on improved YOLOvS [ ] .
Engineering, 2024, 54(10) :2288-2295.
UL A0 6 b 2. 3 T i YOLOV8s 19 X 28

Radio

LH;‘RL%%W«W%;&[J/()L]. R T RS R, 1-
9[2024-07-10 ]. http://kns. cnki. net/kems/detail/

11. 2127. tp. 20240705. 1641. 010. html.
YAN ZH M, LI X W, YANG
contraband detection based on improved YOLOvS8s [ ]/
OL]. Computer Engineering and Applications, 1-
9[2024-07-10 ]. http://kns. net/kems/detail/
11.2127. tp. 20240705. 1641. 010. html.

SONG B, LI R Q, PAN X G,
YOLOvS5 detection algorithm of contraband in X-ray

Y. X-ray image

cnki.

et al. Improved
security inspection image[ CJ. 2022 5th International
Conference on Pattern Recognition and Artificial
Intelligence(PRAD. IEEE, 2022: 169-174.

TR AT, AR T REAACE BN SCAM %
PR XA MAMLT/OL]. MR STRE. 1-
17 [ 2024-07-14 ]. http://kns. cnki. net/kems/detail/
11. 5602. TP. 20240711. 1543. 007. html.

ZUO J, SHI Y Y, LU SH H.

prohibited  items method

Improved X-ray
detection based on
lightweight convolution blocks and SCAM attention

mechanism[ J/OL]. Journal of Frontiers of Computer

[15]

[16]

[17]

(18]

[19]

[20]

(21]

[22]

[23]

[24]

[25]

Science and Technology, 1-17 [ 2024-07-14 . http://
kns. cnki. net/kems/ detail/11. 5602. TP, 20240711. 1543. 007.
html.

CHEN J R, KAO SH H., He H, et al
walk: Chasing higher FLOPS for
networks [ CJ]. IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2023: 12021-12031.
LIUW Z, LU H, FU H T, et al.

upsample by learning to sample [ C].

Run, don't

faster neural

Learning to
IEEE/CVF
International Conference on Computer Vision, 2023:
6027-6037.

ZHANG H, ZHANG S, Shape-IoU: More accurate
metric considering bounding box shape and scale[ J].
ArXiv preprint arXiv:2312. 17663, 2023.
CHEN Y F, ZHANG CH Y, CHEN B,
Accurate leukocyte detection based on deformable-
DETR
diagnosis of blood diseases[ J]. Computers in Biology
and Medicine, 2024, 170: 107917.
BV, SR T YOLOVS 19 XD
MaE kLI
217-227.
ZENG H X, WEN ZH CH. X-Ray contraband
detection algorithm based on improved YOLOv5[]J].

et al.

and multi-level feature fusion for aiding

71—\‘111!:1*/\
R M T RSN, 2024, 60(16):

Computer Engineering and Applications, 2024,
60(16) . 217-227.
LI CH, ZHOU AO J, YAO AN B, Omni

dimensional dynamic convolution[J]. ArXiv preprint
arXiv:2209. 07947, 2022.

MIAO CJ, XIE L X, W F, et al.
inspection X-RAY benchmark for

Sixray: A large-
scale security
prohibited item discovery in overlapping images[ CJ.
IEEE/CVF Conference
Pattern Recognition, 2019:2119-2128.

WANG C Y, YEH I H, MARK LIAO H Y.
YOLOvVY: Learning what you want to learn using

programmable gradient information [ C ]. European

Cham

on Computer Vision and

Conference on Computer vision, Springer
Nature Switzerland, 2024 1-21.
WANG AO, CHEN H, LIU L
Real-time end-to-end object detection [ ] ].

preprint arXiv:2405. 14458, 2024.

ZHAO Y AN, LYU W Y, XU SH L, et al

beat YOLOs on real-time object detection[ C].

YOLOvV10:
ArXiv

H, et al.

Detrs
IEEE/
CVF Conference on Computer Vision and Pattern
Recognition, 2024. 16965-16974.

LEw, BT, R&E, & R m A E £ R R
fiE 1 X%TQJZIEH%( AR AR IILT ], B A I R,

« 175 -



948 & 2 F o

T # K

[26]

2024,43(4) :170-180.

MA CH S, PEI X F, ZHOU L, et al. Reverse
weighted fusion of multi-scale features for prohibited
object detection in X-Ray images [ J ]. Foreign
Electronic Measurement Technology,2024,43(4) :170-
18.

N, ELA2, IR, 55 A N5 2 RERAE
A X OGBSI T]. RN RS R
2024, 60(2): 96-102.

SUN J AO, DONG Y SH, GUOJ Y, et al. Detection

176 -

of X-Ray contraband by adaptive and multi-scale
feature fusion [ J ]. Computer Engineering and
Applications, 2024, 60(2) . 96-102.
EZ & v
BN BT A BRSO I O ER AL B
E-mail:1776190785@qq. com
ZHEE CRAGEE 1, R, EZOF 5 J7 10 A HLAS
) LR BE

E-mail ; lixinwei@hpu. edu. cn



