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X-ray Contraband Identification Based on YOLOVS8s

CHEN Guan-Hao, PAN Guang-Zhen
(School of Software, North University of China, Taiyuan 030051, China)

Abstract: The rapid growth of security inspection demand drives the development of intelligent security inspection
technology. Due to the unique characteristics of X-ray images, detecting small contraband items is challenging. This study
proposes an improved YOLOvV8s network for contraband recognition to address this issue. Firstly, the Focal L1 Loss
function is introduced to enhance CloU and optimize the position and aspect ratio of prediction boxes to improve the
network’s ability to identify contraband items. Improved deformable convolution is added to the shallow backbone
network to capture features of contraband items in different directions. LSKA is incorporated into the SPPF module to
expand the network’s receptive field, while the Swin-CS module captures global information and supplements
dimensional interaction. Finally, three stacked attention blocks are used for processing, enhancing the network’s
sensitivity towards small targets. The improved network achieves an average precision mean of 96.1% on the SIXray
dataset, a 5.4% improvement over YOLOvVS8s with mAP50-95 reaching 0.682, a 4.5% increase. Experimental results
indicate that the proposed model can accurately generate prediction boxes, effectively handle contraband detection in
complex scenarios, and validate algorithm effectiveness.
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LY P R mAP50 FPS
Faster R-CNN 0.773 0.692 0.774 10.5
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DenseNet 0.768 0.671 0.772 722
YOLOVS5s 0.902 0.821 0.899 94.9
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K6 HESLR

it P R mAP50  mAP50-95
YOLOVSs 0937  0.851 0.907 0.637
FC 0.933  0.846 0.91 0.668
FC+DCH 0.935  0.847 0.925 0.668
FC+DCH+SPPF-L  0.938  0.852 0.936 0.674
Ours 0.954  0.868 0.961 0.682

! P R mAP50 mAP50-95
YOLOVSs 0.937 0.851 0.907 0.637
Swin-CS 0.938 0.853 0.927 0.681
M Sk 0.931 0.855 0.91 0.669
Dyhead 0.941 0.849 0.917 0.673

zi B RTIR, Btk JE R 2% 40 A e v T B 2R OR
FRAESR IR /7, fE B8 1 5 T A B I & B 1, Re g
T 22 A S A A i TR R R S R O A A
3.6 BUAMRRERR

7 BT DU %% 3] ) 28 Sof A7 7E 38 47 i X sk ) K v
FERRRE, B 7 JEoR T et an (A2 A) Mgt e ()


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

http://www.c-s-a.org.cn

it E N RSN

HAEAMR 2 5T BT BT L. St AT i 7 1
i, AR AT IR 2 80 0 A RS Hh 2 FE B . it Je
AT R ) A b DI e

(a) BSCEERT (b) itk
7 SGkIE RS RS

K8 JEas 1 ekt Er (42 W) At e (O ) AR
X3/ B AR B ORTERE E, b e # A QR O R S
. W AR BIE R 2 SR A R, /N AR R
T, B R TR AT B S I,
111 53 S A TGS /I AR B DGV JBE W ik B v, 4 T A
WFI B 7RG AL .

(a) U R (b) et

B8/ ARG R 247

GG

ARSI T — Rt YOLOVSs [ 45 1 70 ) i 4%
sin WL P 4%, A St/ L A A R K 1 ) R AT T
S0k, f# F Focal L1 Loss BCik4i 2% pR BUOL AL TRMIAE. £
BE 5 () DCH A ERAE I 25 3% J2 3k B 30 AN [ 77 1) B iy i
A% L S BERR R B, L 2k SPPF LL K Swin-CS
BEHLAE M 46 1 M1 Neck #8204 BT 2R3 8, Bk
T FH A S RIS, (AR /N AR S UK, Sk fE
Dyhead tu 3k Z8& 2 J7 A5 Bk 0 H 1 B FriE 2
HBEAT T A AR R AN [ R4 e 1.7 A
I3 L, mAPSO $E 1 5.4 ANE 305, mAPS0-95 $E T

45 MHI R

o0

10

11

B
Girshick R, Donahue J, Darrell T, et al. Rich feature
hierarchies for accurate object detection and semantic
segmentation. Proceedings of the 2014 IEEE Conference on
Computer Vision and Pattern Recognition. Columbus: IEEE,
2014. 580-587.
He KM, Gkioxari G, Dollar P, et al. Mask R-CNN.
Proceedings of the 2017 IEEE International Conference on
Computer Vision. Venice: IEEE, 2017. 2980-2988.
He KM, Zhang XY, Ren SQ, et al. Spatial pyramid pooling
in deep convolutional networks for visual recognition. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2015, 37(9): 1904-1916. [doi: 10.1109/TPAMI.2015.
2389824]
Ren SQ, He KM, Girshick R, ef al. Faster R-CNN: Towards
real-time object detection with region proposal networks.
Proceedings of the 28th International Conference on Neural
Information Processing Systems. Montreal: MIT Press, 2015.
91-99.
Girshick R. Fast R-CNN. Proceedings of the 2015 IEEE
International Conference on Computer Vision. Santiago:
IEEE, 2015. 1440-1448.
Bochkovskiy A, Wang CY, Liao HYM. YOLOv4: Optimal
speed and accuracy of object detection. arXiv:2004.10934,
2020.
Li CY, Li LL, Jiang HL, et al. YOLOvV6: A single-stage
object detection framework for industrial applications. arXiv:
2209.02976, 2022.
Wang CY, Bochkovskiy A, Liao HYM. YOLOvV7: Trainable
bag-of-freebies sets new state-of-the-art for real-time object
detectors. Proceedings of the 2023 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Vancouver: IEEE,
2023. 7464-7475.
Liu W, Anguelov D, Erhan D, et al. SSD: Single shot
multibox detector. Proceedings of the 14th European
Conference on Computer Vision. Amsterdam: Springer,
2016. 21-37.
Woo S, Park J, Lee JY, et al. CBAM: Convolutional block
attention module. Proceedings of the 15th European
Conference on Computer Vision (ECCV). Munich: Springer,
2018. 3-19.
Ren Y, Zhang HG, Sun HX, ef al. LightRay: Lightweight
network for prohibited items detection in X-ray images
during

inspection. Computers and Electrical

108283. [doi: 10.1016/.

security
Engineering, 2022, 103:
compeleceng.2022.108283]


https://doi.org/10.1109/TPAMI.2015.2389824
https://doi.org/10.1109/TPAMI.2015.2389824
https://doi.org/10.1016/j.compeleceng.2022.108283
https://doi.org/10.1016/j.compeleceng.2022.108283
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

12

13

14

15

16

17

18

Zkn, WARTL-A¥b. Bk YOLOVT 1y X I 42 B (G i 2%
SERFREIN. THENLLAR S A, 2023, 59(12): 193-200.

FRF 1A, 5K K. YOLO-C: & T Hf Be k2% (1) X Ot R %%
AR Ot 506 R T2t e, 2021, 58(8): 0810003.
45300, BRAT, W, 2. ik YOLOVS 1 XOt B 48 i
Rl By, THENL LR S R, 2023, 59(16): 170-176.
Jocher G, Chaurasia A, Qiu J. Ultralytics YOLO (Version
8.0.0). https://github.com/ultralytics/ultralytics. [2023-12-
14].

Zhang YF, Ren WQ, Zhang Z, et al. Focal and efficient IoU
loss for accurate bounding box regression. Neurocomputing,
2022, 506: 146-157. [doi: 10.1016/j.neucom.2022.07.042]
LiuZ, Lin YT, Cao Y, et al. Swin Transformer: Hierarchical
vision Transformer using shifted windows. Proceedings of
the 2021 IEEE/CVF International Conference on Computer
Vision. Montreal: IEEE, 2021. 9992—-10002.

Lin TY, Goyal P, Girshick R, et al. Focal loss for dense
object detection. Proceedings of the 2017 IEEE International
Conference on Computer Vision. Venice: IEEE, 2017.
2990-3007.

19

20

21

22

23

Gevorgyan Z. SloU loss: More powerful learning for
bounding box regression. arXiv:2205.12740, 2022.

Zhu XZ, Hu H, Lin S, et al. Deformable ConvNets V2: More
better of the 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach: IEEE, 2019. 9300-9308.

Lau KW, Po LM, Rehman YAU. Large separable kernel
attention: Rethinking the large kernel attention design in
CNN. Expert Systems with Applications, 2024, 236: 121352.
[doi: 10.1016/j.eswa.2023.121352]

Dai XY, Chen YP, Xiao B, ef al. Dynamic head: Unifying
object detection heads with attentions. Proceedings of the
2021 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Nashville: IEEE, 2021. 7369-7378.

Miao CJ, Xie LX, Wan F, et al. SIXray: A large-scale

security inspection X-ray benchmark for prohibited item

deformable, results. Proceedings

discovery in overlapping images. Proceedings of the 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach: IEEE, 2019. 2114-2123.

(B e 5K EER)


https://github.com/ultralytics/ultralytics
https://doi.org/10.1016/j.neucom.2022.07.042
https://doi.org/10.1016/j.eswa.2023.121352
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 YOLOv8网络模型
	2 YOLOv8模型改进
	2.1 使用Focal L1 Loss优化预测框
	2.2 改进的可变形卷积模块
	2.3 融入LSKA结构的SPPF模块
	2.4 优化小目标检测

	3 实验
	3.1 实验环境
	3.2 评价标准
	3.3 对比实验
	3.3.1 损失函数改进对比
	3.3.2 改进的可变形卷积实验
	3.3.3 SPPF改进对比
	3.3.4 小目标检测实验

	3.4 不同模型对比实验
	3.5 消融实验
	3.6 改进效果展示

	4 结束语
	参考文献

