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Adaptive panoramic focusing X-ray image
contraband detection algorithm

Cui Liqun, Yang Yingying’, Jin Haibo, Wu Zhengwei
Software College, Liaoning Technical University, Huludao, Liaoning 125105, China

Abstract: Aiming at the problem of leakage and misdetection caused by the high percentage of sample overlapping
and occlusion, the difficulty of key feature extraction, and the large background noise in X-ray security images, an
adaptive panoramic focusing X-ray image contraband detection algorithm is proposed. Firstly, the foreground
feature awareness module is designed to accurately distinguish contraband and background noise by enhancing
the edge structure and texture details of the foreground target to improve the accuracy and completeness of feature
representation. Then, the multi-path two-dimensional information integration module is constructed by combining
the multi-branch structure and dual cross attention mechanism to optimize the feature interaction and fusion in the
channel and spatial dimensions, to strengthen the extraction capability of key features, and to effectively suppress
the background interference. Finally, a panoramic dynamic focus detection head is constructed, which dynamically
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adjusts the receptive field through frequency adaptive dilated convolutions to accommodate the feature frequency

distribution of small-sized contraband targets, thereby enhancing the model's ability to recognize small targets.
Trained and tested on the public datasets SIXray and OPIXray, the mAP@0.5 reaches 93.3% and 92.5%,
respectively, outperforming the other compared algorithms. The experimental results show that the proposed model

significantly improves the leakage and false detection of contraband in X-ray images with high accuracy and

robustness.

Keywords: X-ray images; contraband detection; foreground feature awareness; multi-path two-dimensional

information integration; frequency adaptive dilated convolution
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Fig. 1 Overall structure of algorithm

240286-3


https://doi.org/10.12086/oee.2025.240286

FEINAE, 25 O6HL T, 2025, 52(4): 240286

https://doi.org/10.12086/0ee.2025.240286

2.1 BUSHHERAIELR

Ry AR S AR G I e EA A T P A A Y
TEG R T BOR IS BEAMERY RS, A SO HH T SeREAE
B 0 AEER (foreground feature awareness module,
FFAM). MRS A 77 EH O ikt 25 5 H
FRAGIMIRRIE, S EABE B PEREE A, B &
PSR, 5 BRSSO i b H000 B AR AR
KRR SO ik i HR MR I SO 2 A i s
W ZJZURIE, A T R ER N, B TRAR X
HERATT I ERAERE S . FFAM ) EARZERanIA 2 fiw,
T SRR (edge aware module, EAM) FIZC
PRIBHIBEER (texture aware module, TAM) 4%,
2.1.1 AGRRAIBER

R A B AR SR A A S R B AR
B SNSRI AE N, B T I B R
ALY i SR ORI AL T AR S H AR IS4, BT
s HPRIVA G AR TN S BTG I, R B AR i
BRI 22 5, ARG T ERDHE AR il %
FEIE B BE

B, I Sobel 7 X A KIR X € ROV
(C F/RFHIE R BB IR, H A W 435 32 7R RRAE K] )
o BE A58 ) AT AR, FIHIZKF Sobel 57 X,
HITEE Sobel 57 X X H T HEREZRE, iHHEEME
R AR IEE, SRIBURIR A B ZRE . A2
SUE SEENED CRIE V)

Edge aware module

X = (X, = X0 + (X, X0,

K *FRRBIRIEH,

SRyt — AR A R IEAE 7 L, RRAIRTS S
T, &It T B S N AL E 27 23 (adaptive weight
learning block, AWLB), 1% 15 el i 4/ F ¥ 3th
1EP(Global-AvgPool), 1x1Conv F1 Sigmoid ¥4 I ¥
BT XA S X UEATAR B, LA A IE AL
H 18 WAL EE W, AT 2R A

W, = Sigmoid(Conv(Global-AvgPool(X))) . 2)

KOG, E ot B R AE B 58 (lattice feature
enhanced, LFE) 2544, | A & N A 5 B W, Fl W,
X AR X 5 i SR ] X FRAL, HEATRE
TE SR S AAE NS, DA SR A H ARl iy o8 2
PEFIESLYE, HIRAYREAE R T DT i A5 H AR 515 5t
Xk, [RIEIR TE T ST . TS s B
LIRS AR

Y, = ReLUX ® X; ® 6(W,)) + ReLU(X; & X @ 6(W>)) ,
3)
s ReLU(r) FoRAFLMMIE 8L ©FRBEILR
s @FRIRBICRICH: s ¢(-) 3R 1y I8 18 2 i
1) A
2.1.2 SO

SRR B 3 i XOBUE B R G (region

information aggregation, RIA)"" 15 s FEARAFI45R (lattice

®

(1

Element-wise
Texture aware module

multiplication
X, HEN . -
> 77 y @ Element-wise addition
> £ > Lattice feature
enhanced
X, == RIA Region information
| Conv BN RelLU aggregation
o) o)
o) w, 3
o Y, ] o Conv BN Sigmoid Y
= @ R Y
153 iEE | " ¢ 0
Z 0 E £ 0 E =
3 li= il | = mE S
G G ™ u
AWLB % AWLB EE B =)
2 W, &
——> RIA ——— Yr
B2 ARAFERL AL (FFAM) #9244

Fig. 2 Structure of foreground feature awareness module (FFAM)
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FH 52 )2 1 2R 2 S BURRAE B BRI RO, 4y
FREER, FENETERIN A NS A A B AR 5
CP IR I AT, AT 52 M D0 45 R P S A M R
PR AR SO0 23 TRAS AR A T PR A4k, A A% [ 3
N 23 ) 4 B (frequency adaptive dilated convolution,
FADC), Z5t9anlsl 6 fon, H AIE NG (adaptive
kernel). A5 R 4FFE 7 f# (frequency feature decompose)
N H 3&E W45 PR (adaptive dilation rate) =342 A% ;
FIZ AR DOk, 15502 5l SR AR

M3k (panoramic dynamic focus detection head,

PDF_Detect), Z5FUNE 7 FiR .

1) HiE W B (Adaptive kernel), B 56, FlH
4 Jat Ak (global pool) F2HURFAE KA 42 JRRFAE , -3
LA FATE RS Conv-ReLU-Conv-Sigmoid #f 4>
JRRFIE 73 it A AR E A = AURAALE o RS AEAT B T
PEWCA R R SUE R, R AR EA B TR 2
P R EY SN S I 1 RO 1V E £ AV E RSk o A\
B0 S B BRI PRT AR R AE AN = AURAALE , ) IR
AR R Wy, RS AT W XX PRI AARHIE A T A Rl 5
NI EESIN S B o2 AL O i O S & B Ve £ PAY 3 Bu iG]
NARATHNAL Z A A S AT AL R AL, REREARYE B
AR BB AS TR A, 385 B A [l 5
TERALERRE T o B & N BT AR W Rl KRl

W'=/1|WL+/1hWH P (18)
1 KxK
W, = W,
- KxKZi=1 L (19)
WH= W—WL

K KxKFRRGEEPRA; 1/ (Kx K)FRRX R
MERECFIM: Y W= 1.2, K) Bl
R B A Wl TSR A W3RSS5 R AL
=,

2) # R AL 43 f# (Frequency feature decompose).
B, il ad {8 B AR (discrete Fourier transform,
DFT)"" By A ERAE T X € RV IR 235 (7] ol 4o 30 47058,
THAERIRA N

1 H-1 W-1 ) ’
Xe(u,v) = 2o 3 Y X(hw)e ™ (0)
h=0 w=0
+1

W

H H H-1
ue -, S,
2 2 2
W W+l W-1
Vv E -, Sttt
2 2 2

K Xp e RPVEIR DFT % 5 Xe(u, v) 2R 5
AR 5 R AR DR 5 X(h, w) IR FHIE IR X AR BR
SRIG, K ARFE RN B AR, 7 55 A i 2]
AT A AN [ BERRAE PR (SRS M, 3 B A
AT A OCHE B IR R AT RO R

1, ¢ <max(lul,[v]) < ¢y
0, otherwise

@n

M,(u,v) = { (22)

X: B R R B, X T B+ ANTIUE
1

S{E@ﬂbﬁ%lﬁ{ﬁ%é{o’¢h¢2’ e 7¢B—I7 E} 5 be {0, 1, ey

B— 1} IR b AT, BT X RN (@), ¢yt ) o

240286-8


https://doi.org/10.12086/oee.2025.240286

FRTNHE, 45, JGH T2, 2025, 52(4): 240286 https://doi.org/10.12086/0ee.2025.240286

Adaptive kernel
Low-frequency feature Low-frequency kernel

@
S .
\Kq,é‘ Conv-ReLU-Conv-Sigmoig ® BRI
&
2 D

Conv-ReLU-Conv-Sigmoid ®

Cx1x1

7
7
Global //

pool High-frequency feature High-frequency kernel // /

/
.

// /
S li /
ampling _ 6//
/

-~
N
Sympling ﬁ d
\
A& IS A
3 XN
O-'X\ ! \\ 0+
Frequency |
feature | \\ Output feature
decompose | \
—»< | \
Lo
Dilation !
Y\_,_\S rate=3 |
(v _ _ _, Dilation
Input feature rate=1
Adaptive dilation rate
CI+
Conv o~ o~ >
I Addition Multip ion !
\@ L ® uftiply @ Convolutlon//
Frequency feature decompose
B 6 % fiE s R AR (FADC) 44
Fig. 6 Structure of frequency adaptive dilated convolution (FADC)
Bbox loss
Conv2D  —— (CloU+DFL)
— FADC —— FADC
Conv2D — %Ecl;%s)s
H7 A%shARKEH4N % (PDF_Detect) &4
Fig. 7 Structure of panoramic dynamic focus detection head (PDF_Detect)
. . - . X, = F (M, X) , 24
SRR L RUHEEREILSTA, G, )X R RSB A 725 o= (M Xe) @4

AR AITRL, RIS R A ey, e Ao X )RR IR RR R B AR
s . ~ /—\ it ‘iﬁﬂ‘r\‘ ; b RH><W /_; /\/ﬁ} < s

A R R AT e o TR A, € RTTER b ABRA )

o — HEFEIA (selection map).

26 prIEAA 3) Hi#E %5 % (Adaptive dilation rate), HRIEEE

R = S A DX, o3 (EEEZEE, RN AR AR
= S, AR KB B IR RS B 5EREE . 15
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R I 0 25 R LA sz B, 7 e DX S )
2R A LI A ARE R R H R IE R T L8 p &b
HYRRIEY (p) (TR A

KxK

Y(p)= Y WxX(p+Ap:xD(p)),  (25)

i=1
X Ap FRtRB i, D) ER SR 2%,
i HA SR BRI TN, MR 102 BT
RF(p)'5 [ 6 IV 23 3R p(py i, I3 3 i 41 oy 3%
HP(p) B iR (5 B B2, AR S50, Hit
B LR N

6 = max (Z RF(p) - Z HP(p)) (26)
RF(p)=(K-1)xD(p)+1, (27)
HP(p)= )" X @[ 28)

e Hy 3R RS BT BRI JCTE AR A o B AR
By X, v)FoR R AR A B AR . S BRECA
RS R 3 D (p) MM, it PSR-
AR TSI RN ZH0, BRAL T AR

6, = maX[ Z D(p)- Z ﬁ(p)} , (29)

K. HP FoR @R RIERES; HPTRR
EATIRE R R RS

PDF_Detect AR 4 47 11 ) 451 258 43 A7 [ 3 7 b %6 ¢
IAEAZ Y, SRR 2 RUE . TR R E 1 BT
e )y, dE— R AR /N HAR R S R Be
A RO N RS AR SR 5 A s T i T b 5 TR
T

3 SEWAERSH

3.1 BIEEMLIING

STXray Zs 4" 17z I FH T B P A0 s A8 5 A6
ol HEGRE SEAR, el m il 52
st ZBARAEAL T 8920 TR AR MG, HMH 8:1:1
A ELBIBEAILIN 23 IR EE | S iE B AR , TG 5
2R 280 . gun (F8). knife (JJH). wrench (3R
F). pilers (H#IF) F scissors (BY /1), 43Jlfaifrky GU .,
KN. WR, PL #1 SC,

OPIXray a4 ML WAL LA N AT ThRlE,
HEME P AT R R B R ) A 2 B SR
8885 G il A% it 1%, i 7109 5K TR B 2%

1776 5k 3K . R BRI 28 514 straight knife
(H J]). folding knife (1 & JJ ). scissors (85 JJ ).
utility knife (3 T.J]) F1 multi-tool knife (2 H J]), 4
HfaiFx KR ST, FO, SC. UT fll MU,

SIS PRI N Ubuntu 20.04 #4F R 40, W F% %
& Intel Xeon Platinum 8358P 4L ¥ #5 A1—35 24 GB &
F£ NVIDIA GeForce RTX 3090 % . Bk {4F 3R 85 N
Python 3.8, &% > HE4L K Pytorch 1.11.0+CUDA
11.3, KM YOLOvSn 1E N FELRAAY W45 Il 2R
SGD flifb #% , w1 4f 2% 21 F K 0.01, FLE %W A
0.0005, zhiEZ%0N 0.937, epoch & 200, batch size
16,

3.2 {FEMIERR

A S K YRR (precision, P). {3 [M1R (recall,
R). VK5 % (average precision, AP). FEFDA I i
% (frames per second, FPS), % i& (params). FEAIj}
#Ht (GFLOPs). “F #8 [ # {6 mAP@O.5 (9 {4
ToU=0.5 5} 1 37 #4111 ) 1 mAP@0.5 : 0.95 (I {f IToU
M 0.5 %] 0.95 2, LL0.05s K, 4rlaEmEA
BT ARG R, I I 20KG B2 BBOT- 1) X s A
HATLEE VN . P R, AP, mAP Fl FPS (WiTHRIK
Ko

TP
P= , (30)
TP+FP
TP
R=——, 31
TP+FN (1)
AP = 1PRdR 32
= | PRar, (32)
1t
mAP= - ZL PRAR, (33)
Framenum
FPS = ——, 34
ElapsedTime (34)

K o FoRib M m SE R TP Rkl iE R
W H AR ;. FP AoRRIE ) HbREc s FN Foninks
M B REGE; Framenum 32/ BWiEL; ElapsedTime %
TR SFERT

3.3 HEAIE

R IE S T SCHEASEE ( nT AT S A R, AR
SCERIREE S HO B — B ATH T, L YOLOvSn fy
LRI, 7F SIXray BUHE4E DA TIHALSCES, L
g 1 R, Hp AL B C A IER/R AT SURRE
T (FFAM) BB | 22 B A2 SUAE 5 B AL A (MPTI) 5
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A1 AR SiXray #3EE0H AR FINE R

Table 1 Ablation experiment results of the improved algorithm in the SIXray dataset

No. YOLOv8n A B C Pl% R/% mAP@0.5/% mAP@0.5 : 0.95/% Params/M GFLOPs
1 J x x x 91.3 84.2 89.7 66.1 3.01 8.1
2 N \ x x 93.8 85.4 91.8 68.6 417 11.3
3 J x J x 92.0 84.0 90.6 66.2 2.48 6.2
4 V x x V 91.8 84.9 91.3 66.5 2.78 7.7
5 R \ \ x 94.1 86.3 922 69.4 2.86 7.8
6 J \ x V 94.7 86.7 92.6 70.7 3.59 9.4
7 V x V 94.3 87.3 91.9 68.6 2.65 6.8
8 J \ V 94.6 88.8 93.3 72.4 2.92 7.9

R4 S s S BN (PDF_Detect);  “N” F/nfili
FHBGHRmS, <7 FRoRAME,

1R, FOPRAINET SRR (FFAM) B
I, HERRRIEE 2.5%, mAP@O.5 #2755 2.1%, 1]
FFAM REZIE SRR 1 5% HARM R AERE T SHRIER
FNE, R R A R R T AR H AR . X
BN 2 PR AUAESR BRES (MPTI) BRI, R A4
# 0.7%, mAP@O0.5 #£5: 0.9%, ZHEIW/ 0.53 M,
GFLOPs [ 1.9, W] MPTI 3 5o 4 Ak 18 38 F11 2 1)
AEFEMRHIESC LSRG, ARSI SRR 42 )5y 1T 3
TRV OC R A HERE T, [RIR A 8080 T A
RURTHE A A B o AU I 4 55t Bl 38 IR AR A Mk
(PDF_Detect) i}, A M4 5 0.7%, mAP@O0.5 #& &
1.6%, ZHE0E/0 023 M, GFLOPs [%1% 0.4, i
PDF_Detect BE % AR H5 55 AiF 19 491 5 43 A 38 L7 Hh % P
USRI, TR R 58S FITRTUA
Ha g T RIARDE /N AR S HERIYTRIEE )

TE5IA FFAM B3EaE LS in MPTI BLE, fERGR
P21 2.8%, mAP@O.5 & T+ & 92.2%, Z % /b

0.15 M, GFLOPs [&1ik 0.3, #F—32 0w 7R 6
DUPAS BE A0 o [RlEE 5] A FFAM il PDF_Detect
i, HERRIETIE 94.7%, mAP@0.5 275 2.9%,
mAP@0.5 : 0.95 1 4.6%, A REET; T IR A
PERE, FEIRImAER . [FBF5] A MPTI Al PDF_Detect
M, MERRIEE 3.0%, mAP@O.5 $25 2.2%, S%L
HIH/> 0.36 M, GFLOPs F#AIL 1.3, 742 s i 28 ik
TNAE 2 () ) s R AIG T AR TR AT B 2R B . TRk
FFAM. MPTI 1 PDF_Detect 5k, BIA SCRskE Lk,
HHEL YOLOV8n, HEBIREER) 3.3%, A4 4.6%,
mAP@0.5 5% 93.3%, mAP@0.5 : 0.95 ik % 72.4%,
SRR/ 0.09 M, GFLOPs A% 0.2, o 8R4 #r
AL, AR SO AR RS R A SRR 515 )
TREFRF, AR T X SR KIS b AR5
(ARG R AG ), S8AIE T B AR AR (7 R

B/ i s 70 G U B 2 iUV O BN R 0RU L= A L0y A U
AR SCAE SIXray FUOHE 4 b HE A7 fil 5250 2k XoF 452 51
YRGB AP, SEERS5 IR WNEE 2 PR . s s,
GU. KN, WR. PL #il SC 1) AP {43 %135 %] 99.4% .

%2 /éj%é%gﬁ\‘gé‘ézﬂy}%}ixj'kbgg%

Table 2 Comparison results of the accuracy of ablation experiments by category

AP/%
No. YOLOV8n A B c - N R - s mAP@0.5/%
1 N x x x 97.8 86.5 87.6 94.5 84.8 89.7
2 \ v x x 98.5 87.8 90.5 95.3 87.4 91.8
3 V x V x 98.2 86.9 88.6 95.1 85.2 90.6
4 v x x \ 98.4 87.4 88.4 94.6 87.9 91.3
5 v v v x 99.2 88.4 90.7 96.0 86.5 92.2
6 V d x J 99.1 88.2 92.1 95.8 86.8 92.6
7 N x J 98.7 86.8 92.6 95.6 85.8 91.9
8 \ v J 99.4 89.0 93.5 96.4 87.1 93.3
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89.0%. 93.5%. 96.4% K1 87.1%, #EIHELAEI /3
T 1.6%. 2.5%. 5.9%. 1.9% f12.3%, HIHCEEH
i, U BT R AR N T X G AR A A
W R HL =R

3.4 3ftbscow

JIT PR SO A B B SSD'Y L Faster R-
CNN". YOLOv5n., YOLOv6"'. YOLOv7-Tiny™",
YOLOv8n, YOLOV9™ F YOLOv10n"™" 7 SIXray %%
e LA TPEREMIR, X SRR AN 3 iR,

52 ik SSD il Faster R-CNN A [, Skia
209 mAP@O.5 43 B T 13.7% 1 7.8%, EERME
MR (FPS) 43 MR TE T 2 2 4540 4 1%, £ERGI: RE
WP Ty R T W AR IeAh, MRS
B AR LR EREAL, AR08 TR TR,
WG EHEEHRARXKS L. 55 a1
YOLOvSn A Lt Bloth 53 76 W (o in S5kt Fiit 53
s, ARG 10.1%, mAP@O.5 & il
5.4%, FPS it 24.9; %FF WR, PL Il SC =245
F18) G 0 3 T AROR e W, L AP 43 S 42 T
10.9%. 5.9% M 7.4%. 5 YOLOv6 Fll YOLOv7-Tiny
FHEE, Sk A HERR 220 il e s 7.2% F 8.0%, 13
o] % B 6.7% F1 7.5%, mAP@O.5 & 5.1% il
6.6%, ZHES /ST 1.31 M fil 3.1 M, GFLOPs
FEART 3.9 A1 5.3, el B i 76 I 1k 8 RN AR50
ZEE T B4, 5 YOLOVY #il YOLOv10n
FHEL, SR A HERR 220 0l i 3.2% F 4.5%, 13
[l = m 6.3% F 3.1%, mAP@0.5 & i 3.2% Fi
1.9%, FPS & 14.4 F1 9.6, GFLOPs 43 3l I /> T
0.3 F1 0.5; BGHEIETEAIE AR - BE A 1l

T, SEBLT BRI B AT AR RE . ZE G
SERECE AT A, PR AEA DU R A TSR Ty Il
BATOUMAE , X X 52 IR a2 ot 4G I 2 AT B 5 Y
FENEPE AR I A PR HE R R

Ry it — 25 B UE AR SO 1 PR A A, 7R
OPIXray Hia 5 FXf oA S ARG I e, S d0 4
m 4piw ., M 4nH, FridfkE Po RA
mAP@0.5 F545 L3Rk EI T 93.2% . 89.4% F192.5%,
FPS {H°/123.8, HA&ZEHIEEE S HAR RIS B30
FHAXS L, SRR R R R, I
MO A TR AR SR DA 55 v LA R AT I R R
.

[ 8 J@/R T AL 5 YOLOVSn B3k e I kit
FEPEPENFEARIIIRZNT FUIB B, v EDWHLE Y, et
LRI Precision, Recall, mAP@0.5 il mAP@0.5 :
0.95 ZEFE R T IR PR YOLOVSn, 3% I sir i 5
R AT TSR A SiRE T FTE ASUE ARSI M RE, ABUE T
IINER R R0 B AR A H R o

F1 5050 (F) A2 HERG A 1R 10 8 FF- 2448,
SR AR R MERf PR A A TR . Fl-curve H TR
F1 73 800 B 5 B S (A2 Ak iy ka3, HIBUE Vi B
[0,1] Z ], OF/RMAIVERE 22, | MifELRB.
MO AT DA UM, SRR A 25 200 F Y
TR YOLOv8n, HAKI 7, YOLOv8n fF
¥IF N 0.84, Tk AL AL R F iR E] 091, 3
W Rk A A S B i 1 A 2R AR A R IS B, A
RO T IR ARG AR, TSR T TR A
Rtk

B4R B AE VI ZE (train) FIEGIELE (val) bAgH
FHERR (box_loss), 722K (cls_loss), 434Uk

£ 3 SlXray #4% aftb £ R

Table 3 Comparison experiment results on the SIXray dataset
AP/%
Model U N WR oL s Pl% RI% mAP@0.5/% FPS Params/M GFLOPs
SSD 91.6 74.8 69.8 80.9 83.4 83.5 70.8 79.6 60.4 26.28 62.7
Faster R-CNN 89.2 79.4 80.1 86.4 84.2 87.9 751 85.5 31 136.72 369.8
YOLOv5n 98.7 88.2 82.6 90.5 79.7 92.7 78.7 87.9 101 2.50 71
YOLOv6 97.1 83.7 87.0 92.2 81.1 87.4 82.1 88.2 121.6 4.23 11.8
YOLOv7-Tiny 97.7 82.6 85.0 89.8 78.7 86.6 81.3 86.7 94.5 6.02 13.2
YOLOv8n 97.8 86.5 87.6 94.5 84.8 91.3 84.2 89.7 108.6 3.01 8.1
YOLOv9 98.4 86.6 88.0 92.9 84.8 91.4 82.5 90.1 111.5 2.27 8.2
YOLOv10n 98.3 87.5 90.2 95.8 86.0 90.1 85.7 91.4 116.3 2.71 8.4
Ours 99.4 89.0 93.5 96.4 87.1 94.6 88.8 93.3 125.9 2.92 7.9
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% 4 OPIXray $# £ 3t b 3625 R

Table 4 Comparison experiment results on OPIXray dataset

AP/%
Model Pl% RI% mAP@0.5/% FPS Params/M GFLOPs
ST FO SC uT MU
SSD 33.5 734 89.5 64.1 80.8 70.5 62.8 65.7 53.2 26.28 62.7
Faster R-CNN 68.3 88.7 90.0 82.5 89.4 89.0 82.7 84.8 25.4 136.72 369.8
YOLOv5n 72.6 924 98.5 85.1 93.3 87.8 83.9 88.4 109.8 2.50 71
YOLOv6 78.6 92.0 98.3 87.1 94.6 89.2 86.1 90.1 119.5 4.23 11.8
YOLOv7-Tiny 65.7 91.6 97.9 84.0 84.0 90.7 81.4 86.4 102.9 6.02 13.2
YOLOv8n 76.9 94.3 98.0 85.3 93.8 90.5 85.5 89.7 116.8 3.01 8.1
YOLOvV9 75.0 91.6 98.6 83.0 93.5 88.5 85.2 88.3 11.7 2.27 8.2
YOLOv10n 68.9 93.8 97.4 81.8 934 88.3 81.5 84.9 108.5 2.71 8.4
Ours 79.4 95.9 99.2 88.5 96.1 93.2 89.4 92.5 123.8 2.92 7.9
1.0 - 09
09 r 08}
0.8 07}
0.7 } 06| |
€ 0.6 !
k) 505¢ |
S 0.5 | b oalf
& 04| e "
0.3}
0.3 — Ours ozl —Ours
0.2 alr
‘ ——YOLOV8n [ YOLOvén
0.1 ¢ 0.1
0 : : : ; 0 : : : ,
0 50 100 150 200 0 50 100 150 200
Epoch Epoch
0.8
— 07t
0.6 |
&
s 05}
2 0.4
S 04+t
2
<03+
£ ]
—_ 0.2+
Ours J" —Ours
—— YOLOV8n 0.1+ ——YOLOv8n
0 I 1 L ) 0 4 1 1 1 ]
0 50 100 150 200 0 50 100 150 200
Epoch Epoch

B8 YOLOV8N & At AR i A48 47 1 ]

Fig. 8 Comparison of evaluation indicators between the YOLOv8n and improved model

J % (dfl_loss) LA & Precision, Recall, mAP@0.5 AR, Precision, Recall, mAP@0.5 FlmAP@0.5 : 0.95
I mAP@O.5 : 0.95 P ShZe <l 10 Fin. T E  SE4EindRBLE B IS, Hihg s imE i
WEH, Ry loss i W FREEE, £ /N WSERERN, fFERfREsEEEBTRE ., &
WIRSRITE AW D TR 22 5 S0 TR AT loss ik KIS, Freside st 4or i, R RAFAIL
WS B EARREI G TR, R BIRIAE D ANE SRR, E— IR T AR AR SR 55 B A L
T AN B ARSIy R BRSSPSR E .
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Fig. 9 F1-curve comparison diagram between the baseline model YOLOv8n (left) and improved model (right) on the SIXray dataset

Train/box_loss Train/cls_loss

Train/dfl_loss

Metrics/precision(B) Metrics/recall(B)

—— Results
Smooth

N A O
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Fig. 10 Convergence curves of the improved algorithm on the SiXray dataset

N B S R BT SR BRGSO, I =2 A
[l St ARSI 5 RS LEIRL, Anfel 11 frzn e BAIEL 11 26
—ATIESER T A, fEEEEM R, PHRAL
REAS LU e B ARG RS B 001 Hh S 2 s 25 AR, 3%
W BT S 5 ik A RO . T RS H AR i RO E
RES SRS i L FUN R E (o B P B 28 A H s . A
BT S ZATRIS R AT AR, /N FAREEAS, BT
RPN ol ey A S L RS B R Rl PR
ARAR IR A TG AR AR, R TR
AR FARR R ARRE T, AR T/ A A
TER G5 N Ik SR Ol . KL 11 55 =17/

SURNTLAE L, SR T MZ UL AR, ik
SVARENS B AT A I H A R )OS B A A AR, .
A B RO R R, R PR RIA R v X
FEAE AL FAR-S S, AR S

i Lk, ASCRRES e Z I e 5P
RO U AR i FAR, SRBLH B SR 92 AL RE T A
WARE R AR IPERE, BE— DRI T HAE X SRR
A A U A S BRI FHAN (AN 25
R

R XS 2 PG A i ARG PP 77 A ) T S A
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Faster R-CNN

YOLOvV5S

B 11
Fig. 11

DRGNS, AR SCHE Y —Fif [ 3 B 4 SR A X AR I
BB AR AR IR . i TR B i B 3
i, REHGREOR AT HARARFERIARE S, SEB
X EL A s R AR FARAOR R . 2 AERL
A5 B A GG 1 (I P 22 RO R A3 10 A JBE 2
VAR BE Y3 HL S8, IR X SRR IE A U1 BE
Jy, RRIRERS FIBCE F R . A BT SUE R
S B A IR ARG I Sk A 5 AR i iy 25 3 4 A
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Adaptive panoramic focusing X-ray image
contraband detection algorithm

Cui Liqun, Yang Yingying’, Jin Haibo, Wu Zhengwei
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Overview: X-ray image detection of prohibited items plays a crucial role in various fields, including public
transportation, logistics, and customs inspection. It is a key technology in image processing and object detection, with
the primary task of accurately identifying the category and location of prohibited items within complex background
environments to ensure the safety of human life, property, and goods transportation. Unlike natural images, prohibited
item images are generated using X-ray imaging technology, where the targets exhibit diverse categories and varying
shapes. Moreover, these images are often affected by challenges such as target stacking, occlusion, low contrast, and
complex backgrounds, making it difficult to accurately identify the correct targets, thereby leading to missed and false
detections. Consequently, achieving precise identification of prohibited items and improving detection efficiency have
become critical challenges and focal points in current research. To address the issues of target overlap and occlusion,
difficulty in key feature extraction, and missed detection of small-sized contraband in X-ray images, this paper proposes
an adaptive panoramic focus X-ray contraband detection algorithm based on the YOLOv8n model. This algorithm
incorporates several novel components designed to enhance detection accuracy and efficiency. First, a foreground
feature awareness module (FFAM) is proposed to significantly enhance the model's ability to represent the features of
foreground targets, enabling accurate identification of contraband objects in overlapping and occluded scenes. Second, a
multi-path two-dimensional information integration (MPTI) module is designed to enhance the model's ability to
recognize key features by optimizing the interaction and integration of multi-scale features across both channel and
spatial dimensions, enabling the extraction of more comprehensive and richer contextual information. Finally, a
panoramic dynamic focus detection head (PDF_Detect) is introduced. By incorporating frequency-adaptive dilated
convolutions and a dynamic focusing mechanism, the model can adaptively select the optimal receptive field size based
on the frequency distribution of features. This enhances the model's ability to focus on small-sized contraband targets,
effectively improving the detection of small targets and reducing both missed and false detections in complex scenes.
Experiments were conducted on the public datasets SIXray and OPIXray. The experimental results show that the
proposed method achieved mAP@0.5 values of 93.3% and 92.5%, representing improvements of 3.6% and 2.8% over
the baseline model, respectively, and outperforming other comparative algorithms. These results demonstrate that the
proposed algorithm significantly reduces missed and false detections of contraband in X-ray images, exhibiting high
accuracy and robustness.

Cui L Q, Yang Y Y, Jin H B, et al. Adaptive panoramic focusing X-ray image contraband detection algorithm[J]. Opto-
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