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X-ray prohibited detection method based on anchor-aided and
granular level multi-scale features
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Abstract: Aiming at the current problems of occlusion, noise interference and low detection accuracy between
prohibited X-ray objects, a contraband detection model integrating anchor-aided training strategy and fine-grained
multi-scale features was proposed based on the YOLOv8s network. In the network, the C3_Res2Net module is used to
replace the C2f module. By integrating features at different levels to enhance multi-scale. the receptive field range of
the network layer is increased, and features at the fine-grained level are obtained to solve the problem of low detection
accuracy caused by occlusion between contraband items;the sliding average Slide Loss target category loss function and
the improved border loss function are used to try to assign higher weights to difficult samples, which reduces the
competitiveness of high-quality anchor frames while reducing the harmful gradients generated by low-quality examples.
At the same time, the focus is on anchor frames of ordinary quality to improve the overall performance of the detector
and make it have better anti-noise interference ability; in the early stages of training, the ATSS(Adaptive Training
Sample Selection) and Task-Aligned Assigner collaborative label assignment strategies are used, leveraging anchor-
based preset information to stabilize model training; in the later training stages, an anchor-aided training strategy
further enhances detection accuracy by exploiting the respective advantages of various anchor networks; the improved
model was trained and tested on the public SIXray and HiXray datasets, achieving mAP50 scores of 94.9% and
83.7%, and mAP50:95 scores of 73.1% and 52. 2%, respectively. The results demonstrate that the proposed model
offers high accuracy and stability in contraband detection.

Keywords: contraband detection; YOLOvVS8; granular level; sliding average; anchor-aided; collaborative training;
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GB, &+ 4 NVIDIA GeForce RTX3080Ti, i A B % K/
640X 640, Batchsize B # 24 16, A R HI B Il 25 A
Yk,
2.2 EMIERR

SEBG SR FHSF ¥ KS E # {H (mean average precision,

mAP) ., F ¥ ¥ B (average precision, AP), & ¥ &
(parameters) JT R EAE N LI 25 RTEN 5 bR . K00 &
(precision) F& /8 B BT (449 BT A B 7 v, T000 1F 6 Y L 41
HFRIKA N
T,

T T, F,

14 [ % (Recal D 3R7R8 FT A B 56 H Ar i 80 B0 GE 8 1
H 5 L i -

P Preci; sion ( 21 )

. TP
T, +Fy
Kr: Ty J& ToU T B E 0 4G 00 A 2508 o ] — 4> ELSEAE
THE K, Fp J2 ToU /N T 55 T B3 {4 1 F 00 AE 45 & ol o 2
Ao 3] 7] — A~ ELSEHE 19 22 R A IAE B R, Fy RIRA R
N L ) L SEAE P B
3 ok X A A 2 ) Y o RE R A R 2 Y P-R O£
Uy AT #5922 28 ) 1) - 20K5 BE (average precision, AP){H :

1
AP, = J P precision dR gecat (23)

0

A s R e 2 P-R ITZHYBEALHR » P precion & P-RITERAIIA
LEY
Xb N AN 2 5 5K F 3 {6 AT 45 B F 05 B2 2 {H (mean

average precision,mAP) , HLAZ N .

R Recall

22)

mAP = iZ}AP, (24)
N =

2.3 HEENSE

SIXray B46 4 10 & HA AR 3 5 Rf BE Y X 54k
SRSt il SNSRI E7g i85 LE7 i G &/ S )
1059 231 5k X B EE, Horp 8 929 SRIEMZEEXT 6 FhRs
[R5 9 # 47 F 3 #R I - Gun (W) | Knife (7). Wrench (3]
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94548 % W a

T # K

F) \Pilers(# F) . Scissors (87 J]) . Hammer CgEF) . fi H

F 1 SiXray #iEE T L LIS

PRI 8 929 TR IRIFR 3 72300 IR AE BGTE AL SL I Table 1 Comparative experiment on SiXray dataset %
HiXray $08 557 2 i b s i 23 it KK 2 8 I & 36 AP
B 5 A PR IR T 2020 66 FF B9 5 R X BB G Knife Wrench Pilers Seissors ™"
HAT 2R AR AR AR B R 8 KW WAMLIAEE L Faster RONNYY 90.1 80.0 79.3  85.3 88.3  84.6
LAYk POLCE B 7 5B i)\ PO2 (L - I HE ResNet50™)  90.6 87.8 63.6 84.8 57.4 76.8
D CWAGK) \LACEIE A i) . MP(FHD . TA CGE sSD B - . 89.9
B \COUktl i) (NLOUE 4@ FT kML) 3 45 364 5K BL5C RetinaNet™? 88.7 76.6 79.4 86.3 88.0 83.8
YigR ) X SR EMR, S 1T IR ER 3L 36 295 FCOS - — — _ 82.0
5k T BRI R 9 069 5K YOLOvA-tiny™” 88.3 80.1 60.3 66.9 48.5 57.3
2.4 Xftbsk YOLOv5s  98.5 88.6 89.1 93.3 92.3 92.4
A ST SRR SR A F bR AR EAT T R YOLOvSm  98.7 89.7 91.6 94.3 92.0 93.3
145 Faster R—CNN,SSD, RetinaNet ,FCOS,YOLO &% YOLOX-S"  90.4 84.7 77.9 85.4 80.0 69.7
SEBUR L PLRCBORT 945 YOLO Jefth b BClt i 5C F3E 2% ih i YOLOv7-tiny 98.8 86.9 85.3 90.0 88.6 89.9
AR DA T S — 2 36 B A SC T 4 A 0 of o 4 5 R AR YOLOv8s  98.8 91.6 90.6 93.7 92.3 93.4
I HAE SIXray, HiXray 8 25 1374l 2 58 JF X AN 7] 2% SUN 99.1 86.8 88.7 92.5 89.7 91.1
T 10 AP JE4F T 4057+ 11 mAP., 16 348 46 b 52 36 WANGE? 943 90.8 OL6 042 95.4 933
HRME 1R 2 PR, YOLOv9s™  99.2 92.1 92.1 94.8 94.2 94.5
1A 2 SR ER R MBI BARRIE yoLoviom™ 98.7 91.2 90.6  93.9 9.9  93.3
HUA L AT DL 2, 7E SIXray | ) SZ5G , AR SC AT HE AL 7 40 YOLOvilm 98.9 93.0 92.3 95.3 93.4 94.6
FIAMBLLL , IF A — L5 5] (Knife, Pilers il Scissors) 11X Ours 98.9 93.3 92.3 95.1 94.8 94.9
5T B UG HiXray & RYSZES L A SCHT SR AR T £E K
R 2 HiXray {IEEX L L
Table 2 Comparative experiment on HiXray dataset %
BT AP mAP;,
PO1 PO2 WA LA MP TA ) NL
SSD 87.3 81.0 83.0 97. 6 93.5 92. 2 36. 1 0.01 71. 4
FCOS 88. 6 86. 4 86. 8 89. 9 88. 9 88. 9 63.0 13.3 75.7
RetinaNet 73.5 76.7 76.2 82. 3 79. 8 81.5 50. 6 12.7 66. 7
YOLOVSs 95. 5 94. 5 93. 8 98. 1 98. 2 96. 5 63. 6 11.6 81.5
YOLOvSm 96. 0 95. 1 93. 4 98. 2 98. 2 96. 5 65. 5 18.7 82.7
YOLOv7tiny  95.8 94.9 92.9 97.0 98. 2 96.5 64. 2 1. 31 80. 5
YOLOVSs 95. 8 94. 1 94.5 98. 0 98. 2 96. 0 67. 1 11.2 81.9
SUN 96. 2 95.0 95. 4 97. 8 98. 1 94. 2 73.3 17.0 83.3
ZU0 96. 4 94.7 94. 2 97. 6 98. 6 96. 3 69. 2 15.7 82.9
YOLOVs 98. 1 97. 3 95. 1 95. 8 96. 3 93. 4 67. 8 10. 1 81.7
YOLOv1Om  98.3 97.9 93.9 95. 9 96. 9 94. 4 68. 6 12.5 82. 3
YOLOvllm  98.3 97.9 95. 6 95.8 96. 7 94. 4 69. 9 19.4 83.5
Ours 96. 6 95.7 94.5 97.9 98. 4 97.0 67.5 21. 8 83.7

HBAF SN AT A AR,

TiAk TN Y YOLO £ 30 Bl 45 A0 v, SCaik 16
16 YOLOvVSs 28 A58 v i A Al B5 v 55 7 o £ w8 I 246 X 8
A 7 BN BE 75 SCHRL17JHE YOLOv8s P 4% 15 70 (1)
Backone H &S 015 115 (] 138 58 5244 AL ) #0060 35 5 48 S
ik s SCHRC37 ]9 #E YOLOv8m B 1 5] A Soft-NMS(non-
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maximum suppression JE i K HlD Sk HE BT A 75 38 4 1) 1%
WL o B HR W3 AT TR SEAS SCRE B T R AR A

TR, 2 1 mAP,, E BT, T8 R
M T HiXray 5 456 T COUdL i) 5 NLOE 4 J8 47k
B B P A5 K B i 2D W A AR A TR B mAP,, B
R (198



RAEM S . A TS mEE % RERIEL 52 LA

i 8 1

2.5 IRKFEEE C3_ResNet( & EE ) S 5

AR /N 38 3 S 5 I S [ 1 0 E R R bR Rk 15 B
HE A5 2% oA A P 5 B O [ S S AR B B Y
K/NKKAE C3_Res2Net M HE .,

43R 483 2 R A5 A A A AL R N B A 1 AE 4 G o
P o o FHAS TR) 199 320 M358 2 o 00 2 XoF o) 445 455 2 ) 28 B = A
W, SZE 4R B SR CloU Loss, A A 8098 B £ & 8w
CloU Loss & Inner-IoU, JTGIE B IH T £ R MY CloU Loss
A Inner-IoU.H Ik L JH B ZE W CloU Loss A Inner-
ToU , 4 Foh 175 150 A AR 55 B30 220 A [ ) i HEE 488 2 R 500 o8] 246 A5 72
P BE A9 BT ) A S, 5 SR A0 3 iR, Hoh o RBER
fd1 P AE B B B i 8k, B A8 # ToU+inner IoU, Time H
RITE 2 787 SIS IE4E 1% b A4 SF 35 25K M B R], FPS N
700 5 T i Ak TR A L 5 2550 LA T ) 8% ) 3 B S b

RI BHABERKEHER

Table 3 Results of improved border loss function

Component mAP;,/% mAPs.:/% Time/ms FPS
CloULoss 93.4 71.5 4.3 233.1
aCloULoss 93.7 71. 6 4.2 237.1
ClouLoss+p3 93.6 71.2 4.3 233.2
aCloULoss+p 93.9 72.1 4.3 234.3

3 FEW . HEE 2 F BT CloU Loss #4725
) 246 A5 TR0 3R A5 5 0 A AG 0 1k BB . 3K R A T P R B R R
£ 2805 Inner-IoU A9 CloU Loss 814 o8 50 30 00 H 321 AE
A7 P O 0 A I B % /D A R T 00 A A S E 22 ()
B 25 5, R A SO A T i) CloU Loss, LAk 25
4 A ) 2

Res2Net i 18 % 5 4 FUR 1 4 B R /N 23 X A58
B R 7 2E S MR B AR N X 26 2 B0 RT L B i A A R A
KBEH B S REREM S HRE S5 E S ZE R,
R0 B R (138 B S . AR S Res2Net #3838 &1 43 4
B B T W5 B R/ 3T 45 1 BE 052,
Res2Net Al il B B0 4.5.6, 38 3 Ao, IF H &R
BT E ] 3X 3.5 X5 Fll 7X 7 AR AT S0 45 S
FA PR, F 4o N BRI E A Kernel b8 A
T BT KN . GELOPs A8 70 ir 45 ¥ 538 S0 8L

A28 SR A] UL AR B S 0k T N (R A R
SRR bl NN R D NITE /X =T B OB B
MR 6 HEREF GRS 7 X7 I BRI A e fh i
K4 fE . mAP,, {HIXE] T 94. 3%, 3% Hd W 5 48 i i
B 3 KB BT T 006 B . BE A5 4 T 19 45 X R AF 19 42
HRUBE i HL 2% ) B 50 20 R W MO RRAE R 3k, 1 I 4R 1 A
MRS . BEAh BFRA TR KM & L RES L &
) 0 B L 3 T R R 1 A R TT LA A Rk 3z BT
PETARY A R AR SR AN BE Fy . BROAR NGl TE RS KB

x4 AEABEFMNERBRKNNIRER
Table 4 Experimental results with different channel

numbers and convolution kernel sizes

mAPso/ mAP:w;s/

>

Parameter GFLOPs Time

Kernel

% %
4 3X3 93.0 71.0 § 549 462 22.0 1.81
4 5X5  93.6 72.1 10 212 422 26.2  8.40
4 7TX7  93.8 72.5 12 706 862 32.4 7.80
5 3X3 93.5 72.4 9 872 754 25.3  6.70
5 5X5 93.8 72.5 13 231474  33.7 9.20
5 TXT7 94.0 73.3 18 269 554  46.3  9.60
6 3X3 93.7 72.6 11 795 930  30.0  7.90

HFWNETREZSHINEER 2 80 515, A R
26 LY 1 32 B S B M (8 AT R R R S B R B K, Oy
T AR RE RN S B 2 [ R TA  AS SRR EBCR 5.5
BETMERE N 5X5,

RAZ B AE H AR R DU S0 8R4 32 56 i, IE A0 A Y L B —
FE %S BT A B 1 2 35 B 0T 2 AT A R E TR Y R
Bl 40 RS FBIAR /N IR 2 B2 0 45 B2 R T B9 R R .
JEB KR Z B, I8 2 56 T LAGRAS 0 2 1 & )7 5 8., i 3
AT S JR T F W, A SO T U FE Res2Net B
Herpr 3 U T 19 8 B KN 78 R0 32 B 1 52 ), 76
EAHS BB RSB T M 32X 3.5 X5.7X7
BRRHE 3 BB M IEAT SR BN 5 R, ¢ Rk
BT 1 35 i R AR TP R A PEGORE DG DX e Y L 4]
1 2 787 sk MK SE R L AL BRI 50 5K E% . 3 B 455 2
1024X1 024 IR/,

x5 AEEBRZEAEHHHFER =M
BWNEGEXXE SR F LI R
Table 5 Experimental results of the ratio of different
convolution kernels at different output feature

center points and input image related area points %

ERE =20% r=30% t=50% t=99%
5—3X3 4.1 6.5 13.9 90. 5
5—5X5 1.6 7.3 15.9 97.2
5—7X7 5.4 8.7 18.7 97. 8

AT DL I BE & A5 TR T B 45 BB 09 34 R, B8 0 A e
J R T O 2 A A TSR AR S X3 5 B L BB A 3
PLIPNES Y 2R WG SN () i s TR N -
BUZAE ST CNN B 58 SUIE 55 v i A 2k, B 7 D Rk
WP A AL A T
2.6 HBLINIS

R T R 2 A 5 it SR Ko A AR (1 T AR L A SR AR
YOLOv8s BRI ZE A/l A 45 A4~ B ik 5 mg 1545 1 ml S2 56
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Fig. 7 Heat map of convolution kernel receptive field

JFAE SIXary BiE4E LT RAE, SRS RINE 6 fin, i
FAA R B 45 & ATSS Al Task-Aligned Assigner # & Il
SRAL AT 2 43 BE 0 7 W6 W48 AT AR AL A B ) mAP;, 32
FHT 0. 7% s mAPs,0, $EFT 0. 7%, 7 F i 65 5l Bh 3R s 72

I EHET 854 AT Anchor M4 H L #H, ot — 15
HELFD [ K I KG BE , ATSS il Task-Aligned Assigner #3[a]Il
FHLRIARZ Y BECH T Anchor-based %5 B . 3 i 3k
FFaE BRI G0y B Y s B0k i 320 HE 38 2% oR 4005 4 K B2k
PR AT B 45 1) mAP;, $2FF T 0.5%, mAP; 2T+ T
0. 6 %6 » 156 B 3 300 AE F53 2K R 25011 75 455 78 1 G 3 3], ok
e B AR ST 0] R, S0 P G 28 B 2k R S R R O 1
8 7 3 5 R P AE IT LR AN TIZ AR RE AN R B ) L 12
TAERLGE A X G ARE T L A RE 5 AR R (RS I g 5 A AT
S AT A IR IR 6 C2f BEHL R 2 C3_Res2Net fHJ5
AL AL T mAP,, $F T 0.4% . mAP, $F T
1. 1%, BiB] C3_Res2Net BEHLZERHE 2 N B0 2E 1T 2 RE 1Y
LA I AN ) SR 32 BT O Gt A R AN A FEE () PR A0 T

F6 SiXray BiEE LHHMIIEHR
Table 6 Ablation Experimental Study on SIXray Dataset

PRl mAP,, /% mAP:, o/ % Parameter GFLOPs
Baseline 93.4 71.5 11 127 906 28. 4
Baseline+C3_Res2Net 93.8 72.5 13 231 474 33.7
Baseline+ Loss 93.9 72.1 11 127 906 28. 4
Baseline+ i HE i B + ATSS 94.1 72.2 11 105 460 56. 4
Baseline+ ## HE 4 B + ATSS+ Loss+ C3_Res2Net 94. 9 72.9 13 294 372 68. 2

il C3_Res2Net BB (A) B 1 2% s $(B) |
I G SR B W (C) L ATSS Fl Task-Aligned
Assigner Y[R I ZRHLHIF5 25 53 FL SR 0 (D) (3 J2 B4, 52 46
RN 7 BTN LR R M BE S TR T mAP,, [HIRTHE
94. 9% smAP;, s ITFE 72. 9% RFIAKERE T 1.5%
N 1. 4 %0, 3 i B AR S HE A A 20 R W T LA SCHR v T 4
P,

®7 ESXrayHEE LZREHAER
Table7 Layer-by-layer ablation experiments on the
SIXray dataset

A B C D mAP,,/% mAP;.s/% Parameter GFLOPs
X X X X 93.4 71.5 11127 906 28.4
JOX X X 93,7 71.2 13 294 372 68.2
J X X 94,0 71.6 13 294 372 68.2
VNV NOX 944 72.2 13 294 372 68.2
VN NN N 949 72.9 13294 372 68.2

N E LR 7R BT B AR B AT 2P L 18] 8 R T JEUAn A A
5 Pl BRI SiXray %O 4R BB S5 R AT 1 AT A Xt
Foo 20 147 R LA A R AG I 45 58 L 5 2 A7 IR D ek ) Y
A5 2R L 2k (LU M ZT ERE 73 5 37 TE B L DR AG A T A
T o G 1) Xk B R R L A ST B B A R A A M R e T
BRI X 3 4 e P RS DM BB T3 4 R 1) DR AG R T ) R —

* 162 -
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Fig. 8 Visual comparison of the model before and after improvement

3 & i

LI YOLOvSs P25 Jg R M 70, o Cof B B 4 g
C3_Res2Net 100 B 0 E R oR Z2 RUBE HEAE , I3
T A 0 45 2 14 B B R O R =2 I A A A 3 P )
RO S BORE R 1 BRAG B 42 5 76 H bR 25 1 45 2k o 45 b 4l
HT 13 F Y Slide Loss 2 o $i fili 75456 80 0 2 3G 7[R
SERE AR, 78 S AE (91 U5 953 2% oR 505 | A Al R SR A R 50 i Bl
THE e 5 1 AR 5 R s 081 77 A K A R B T ELSR RN T
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BT 77 AL A8 7 AS 2 388 o HC e S50k B 48 v A5 R ) B e S
PEAE 1 5 SR A 4l B SR s 38 0 & ¥ T A El Anchor £ il
D53 WA B 4R T T OB AL B A B L A8 B R I R AL R B 2
SYTCAR TR R 5 Btk S T 5 B b A U AR A A
TR0 7 2 5 T T LA R v M R L iR A
SIXray.HiXray #3417 T2 5K, 3 5 Faster R-
CNN,SSD, FCOS, RetinaNet, YOLO £ 31 % H 5 # ] £
RUHEAT T X b, B2 T TR AR B Y 1 M B L S 0 45 R R L
R B2 T 24 w043 AR A AR A
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