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Lightweight YOLOVS traffic sign detection algorithm
incorporating channel pruning
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Abstract: To address the challenges of high computational overhead and insufficient detection capability for small and
deformed targets when deploying existing traffic sign detection algorithms on edge computing devices, this paper proposes a
lightweight YOLOvS8-based traffic sign detection algorithm LTS-YOLO incorporating channel pruning. First, building upon
YOLOv8n, we design a feature fusion module combining noise suppression and deep semantic enhancement (NSSE) to
optimize multi-scale feature representation and suppress background interference. Second. we introduce a multi-scale channel
attention (MSCA) mechanism into the backbone network and integrate local deformation attention (LDA) before the detection
head, enhancing the model’s perception of multi-scale targets and robustness to geometric deformations, thereby resulting in a
high-precision model, TS-YOLO. Finally. to achieve model compression, we apply a BatchNorm scaling factor-based channel
pruning strategy to compress TS-YOLO, obtaining the final LTS-YOLO model. Experimental results on the TT100K and
CCTSDB datasets demonstrate that, compared to the baseline YOLOv8n, TS-YOLO improves mAP@50 by 2. 5% and 1. 8%
on TT100K and CCTSDB, respectively. After pruning, the resulting LTS-YOLO model maintains its accuracy advantage
while significantly reducing both parameter count and computational complexity, demonstrating the effectiveness and
practicality of the proposed method.
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Table 2 Comparative experimental results on the TT100K dataset

Rl ZHE/M HER/G OWE/% BREE/Y% mAP@50-95/%  mAP@75/%  mAP@50/%
YOLOv5n 2.51 7.1 74.5 66.5 55.7 65.0 73.7
YOLOv6n 4.30 11.8 63. 4 59.1 47.3 55.5 62.7
YOLOv8n 3.01 8.2 73.0 68. 4 56. 4 65. 8 74.3
YOLOv9t 1.98 7.6 79.2 65. 6 57.4 67.2 75. 8
YOLOv10n 2.28 6. 6 74.0 64.9 55. 8 65.5 73.2
YOLOvl11n 2.58 6.3 71.1 66. 6 54.9 64.6 71.6
YOLOv12n 2.57 6.3 71.5 63.0 53.8 62.7 70. 4
TS-YOLO 2.95 13.1 79.3 69. 2 58.7 70. 2 76. 8

LTS-YOLO 2.01 7.28 79.2 69.8 58.9 70.5 77.2

P 5~8 JE/R T AR ST i 5L AR YOLOvVS 1 it
FURG I T b 25 R . AR BRI 45 0 T G X S R
ORI, Ao A PR RE 22 . I 5 AT DA ER 3, K
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ALK pl60. pl50 Fl p26 43l 48 = P 28 pm20. pm55 Al
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Fig.5 Improvement of missed detection of obscured targets
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3.6 HEXKER
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Fig. 6 Improvement of misdiagnosis
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Fig. 7 TImproved misdetection of small targets at long range
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Fig. 8 Improvement of the lack of detection of small targets at long range
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Table 3 Results of model pruning comparison experiments on the TT100K dataset
e BHE/M O FEE/G O KIE/% ARE/N . mAP@50-95/%  mAP@T75/%  mAP@50/ %
1.0 2.95 13.1 79.3 69. 2 98. 7 70. 2 76.8
1.6 2.16 8.19 79.5 69.5 59.1 70. 3 76.9
1.8 2.01 7.28 79.2 69.8 58.9 70.5 77.2
2.0 1.92 6. 55 78.6 68. 4 57.4 69.5 75.9
2.2 1. 83 5. 95 77.3 67.2 55. 8 65.5 74.6
2.4 1.78 5.46 76.1 66. 6 54.9 64. 6 71.3
*4 RAFEYUHERBEEHRNE R
Table 4 Detection results after using different improvement strategies
X MSCA LDA NSSE mAP@50/ % SR /M HHAE/G

YOLOv8n 74.3 3.01 8.1
A N 75.1 3.23 9.3

B N 75.5 3.17 9.8

C N 76. 2 2.72 8.2

D N J 76.4 2.85 10. 4

E N, N, 76.3 2.76 11.2

F N N, N, 76.8 2.95 13.1

T~/ R R T B R SR
3.7 RBORFRMALITEE

AT S3 BT B RL By R B, AR BIF 5 R D
LayerCam"*"! i g4l 57 A %o 485 1Y o 55 o A2 30 47 7 % B 1 2
Bro ANl 9 BToR 3% 7 3l ik A A 7 T U 5 B AR Y 5G
1 S X

L ..

(b) YOLOv8n

(c) LTS-YOLO

(a) Original images

El 9
Fig. 9
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LayerCam visualisation
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W7 4 Tf B AT I L T Y OLOv8n TU) H 3 Mg 37 3% 8 B Bk 25
PG, BBeLEBIGE T LTS YOLO il id £ R R 1E il &
FVE ) BL I S5 el gk , 5 3 4 5 T AR A8 ) IR R AR 1) JER
fie ) A B e 5 A RE AR G B A R I M me . 0T
WAL A B 78 2 it A B B Ak L — 2P iE S T LTS-YOLO 42
Fa 0 A B
3.8 ZHHEIEIE

KT VRS LTS-YOLO A5 8 76 R [R] £ 48 48 b 19 3% Nif
PE ARBESEAE CCTSDB #4 % E AT TiZALBe J1 30k, 4n
5 Fin, £ CCTSDB g4 I, BB A YOLOvSn 1Y
mAP@50 2 79. 8%, M Btk J5 i TS-YOLO #5% %1 i 3% |
T 81. 6% AT T A A B L AH S B i A A
B, RAKBRBEAER LTSYOLO 7545 T & ik
81. 4% mAP@50 (R A , I SR E 2. 14 M,
HHEEBFEZE 7.5 GFLOPs, 15 F YOLOvSn SE 8l T 2 2%
WL R AL, R I 7E RS B A A, 5 A B b A AR
YOLOvV5n, YOLOvIt 45 B3¢ th R B, LTS-YOLO 7E4- £
R S R R Y (R B  th F B R  BR i A PR RE . RS
RS UE T T 0 7 ik S R B0HE 4 Y B R R
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Table 5 Generalization experiment results on the CCTSDB2021 dataset
A SHR/M IHRE/G O KE/% AFE/Y% mAP@50-95/%  mAP@75/%  mAP@50/%
YOLOv5n 2.51 7.1 87.7 69. 6 49. 2 57.4 77.7
YOLOv6n 4. 30 11.8 85.7 70. 8 49.1 55.8 77.9
YOLOv8n 3.01 8.2 89. 2 69. 3 50.9 59.2 79.8
YOLOvI9t 1.98 7.6 86. 6 71.8 48.9 55.2 77.5
YOLOv10n 2.28 6.6 85. 4 70. 3 51.1 59.9 78. 4
YOLOvlln 2.58 6.3 90. 1 69. 6 50.9 58.9 79.1
YOLOv12n 2.7 6.3 88. 3 70. 4 51.6 61.0 78.8
TS-YOLO 2.95 13.1 90. 3 73.0 52. 4 62.1 81.6
LTS-YOLO 2.14 7.5 90. 5 73.1 52.6 61.8 81.4
e "E extreme weather [ ] ]. Electronic Measurement

A v Technology. 2025, 48(9) : 56-64.

AR T —Rh Al A B A R L YOLOV8 52 [2] XISRJR. AR, R, DTEYOLO: 2 YOLOv1Os
AR LTS YOLO, & 76 s BUA K 7 1 16 ¥¢ {3230 b s o T BB LT . TS HL AR S5 A 2025,
TR Z R4 b8 2B I iy 3 5 54 Kk B AR 5B 8 B bR 61C17):112.

K RE A R 8, R TREHSELEN YOLOVSn, LIUM CH, L1J,CHEN T W. DTI-YOLO :Improved
AW Se Ve T A4 M 75 40 4 5 % R S X 5 e YOLOv10s traffic sign detection model[J]. Computer
Ay B e NSSE, LA AL 2 2% 35 5T A0 3 R 35 4 il Engineering and Applications, 2025,61(17):112.

S B TE T 4% 5 R I S BT 4 R B LA £ R RS SE T [3]  ®&. 28 PMM-YOLO: £ B £ 1F fill A 1 58 38 A%
RS MSCA 58303 45 1 85 J7 LDA, WL T 25 8 %t ) MR L] P ENL TR S, 2025, 61(4);
I 05 S 5 LA P2 A 5 0 e DA A T R T 2627271

B TS-YOLO, )5 % 5 F BatchNorm 47 it ZHAO L, LI D. PMM-YOLO: Traffic sign detection
T 1 5 3 T S WS X TS-YOLO HEAT FE 45 . 15 31 4% It {b i algorithm with multi-scale feature fusion [ ] ].
I LTS-YOLO 75 2 [ {16 K5 700 4 2 18 14 7 1 352 BRL B Computer Engineering and Applications, 2025, 61 (4):
BT Kb B 262271
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S R LTS YOLO BT 7 5 45 75 45 1 (1 [ i ) multi-scale attention traffic sign detection method
%miﬁ 33% d+%;%§ﬂiﬁ?g Eiﬁm Tnz;@gf; ped o YOLOVE LD Nonchang: Sanchane
¥ L W E fE 1. 78 CCTSDB 2 . LTS YOLO pversiy,
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- K. iAﬁ:EFﬁJ’s‘ 20go, ?4(6): 17?—18%.
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S & Lk technology of traffic signs in complex scenes [ D].
[1] Z#WH,k=i,BEE2%.%. LT RT-DETR W% Wuhan: Wuhan Polytechnic University, 2024.
Ui KT S AR A I 7 i LT ] i A AR, 2025, (7] 91 BRI, ZEE. B YOLOVT EE &G R T M

48(9) :56-64.
QINL M, ZHANG Y Q. CUTH Y. et al.
RT-DETR based method for traffic sign recognition in

Improved

o 248

AC 3 A kA ;é;/im HE YL T, 2025.51(2)
335-343.
XU M, QU T P, JIANG Y J. Improved YOLOV? traffic



¥R E. RSB ETHMEZEEIN YOLOVS il 47 &4

55 1

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

scenarios [ J .
Computer Engineering, 2025, 51(2): 335-343.

B bk, ZSE bR B AW 5 2 KRB LR D] R
Lk, 20109.

YANG W L. Research on traffic sign detection and
classification algorithm [ D]. Shenyang: Northeastern
University, 2019.

ft e, ke, MG, . BT RT-DETR Mgt
o5 38 AR A A W [T, BE Ok 2%, 2025, 46 (2):
300-308.

XIE H L,ZHANG X L,WEI P X,et al. Lightweight
traffic sign detection based on RT-DETR[]]. Journal
of Applied Optics, 2025, 46(2): 300-308.

P, B, a8, % 9t YOLOvSn R
A Ar kR I B e (1], ot 5ot m + 5 iF i,
2025,62(12) :422-433.

LUO XL, LYUW X, SHI ZH Y, et al. Improved

traffic

sign detection algorithmin complex

lightweight sign detection algorithm for
YOLOv8n[]J]. Laser & Optoelectronics Progress.,
2025,62(12) :422-433.

. 3T YOLOvS 1 52 5 1k 52 3 A & 4 0 59 3% AF
FELD]. e r - LB T RS, 2024,

HE X. Research on lightweight traffic sign detection
algorithm based on YOLOv5 [ DJ]. Huainan: Anhui
University of Science and Technology,2024.
EEH L BUAR R SR BT MOMP-YOLOVS 58
AR AR AT R LT ] T AR, 2025, 46 (9)
1385-1394.

WANG H R, HE C L., ZHU G F. Research on traffic sign
detection algorithm based on MOMP-YOLOvS8[]J]. Acta
Metrologica Sinica, 2025,46(9) :1385-1394.
FRZ.HEEM. T RT-DETR A5 AL A2 bk & A
MAEELT] AR 7R, 2025,48(18) :57-64.
WANG Z X, LEI X M.
detection algorithm based on RT-DETR[]J]. Modern
Electronic Technique, 2025,48(18) :57-64.

WANG L CH, AI Q, SHEN X L. Multi-scale lightweight
algorithm for UAV aerial target detection[J]. Engineering
Letters, 2024, 32(12) . 2324-2335.

W B B BT BRI, R T YOLOVS 9/ H AR 28
R R ISk [ ], 3 R0, 2025, 45 (SD)
239-244.

LI M,TAO Q T,KE X ZH. Detection algorithm for small-
target traffic signs based on improved YOLOv5 []J .
2025, 45 (S1):

Lightweight traffic sign

Journal of Computer Applications,
239-244.

AR L R T T R Y /) B bR A T bR R I AR
WrFE[J ). A7 I k4 R . 2025,48(6) : 28-37.

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

HAN D X, XIE Y F. Research on improved small
targe traffic sign detection algorithm[J]. Electronic
Measurement Technology, 2025,48(6) :28-37.
SOHAN M, SATR T, RAMI R C V. A review on
YOLOvS8 and its advancements [ C ]. International
Conference on Data Intelligence and Cognitive
Informatics,2024 : 529-545.

AR, L. BT YOLOvVSn (9 JE AL H A5
B[y ], THEHLR SN, 2024, 33(7): 139-148.
SHEN X L, WANG L CH. UAV aerial photography
target detection based on YOLOv8n[]J]. Computer
Systems & Applications, 2024, 33(7); 139-148.
REDMON J, DIVVALA S, GIRSHICK R, et al.
look Unified,
detection[ CJ. IEEE Conference on Computer Vision
and Pattern Recognition,2016:. 779-788.

LIU W, ANGUELOV D, ERHAN D, et al.
detector [ C 1.
Conference on Computer Vision. Cham:
International Publishing., 2016: 21-37.
REDMON J, FARHADI A. YOLO9000:
faster, stronger[CJ. IEEE Conference on Computer
Vision and Pattern Recognition, 2017 7263-7271.
FARHADI A, REDMON J. YOLOv3: An

incremental improvement [CJ]. Computer Vision and

You only once: real-time object

SSD:

Single shot multibox European

Springer

Better,

Pattern Recognition, 2018. 1-6.
BOCHKOVSKIY A, WANG C Y, LIAO H 'Y M.
YOLOv4: Optimal speed
detection [ J ]. ArXiv
10934, 2020.

LAW H, DENG J. Cornernet: Detecting objects as
paired keypoints [ C J.
Computer Vision(ECCV), 2018. 734-750.
DUAN K W, BAI S, XIE L X, et al

Keypoint triplets for object detection[ C]J.

and accuracy of object

preprint arXiv: 2004,

European Conference on
Centernet:
IEEE/CVF
International Conference on Computer Vision, 2019:
6569-6578.

TIAN ZH., SHEN CH H, CHEN H., et al.
Fully convolutional one-stage object detection [ CJ.
IEEE/CVF
Vision, 2019: 9627-9636.

WANG C Y, BOCHKOVSKIY A, LIAO H Y M.
YOLOv7: Trainable bag-of-freebies sets new state-of-
the-art for real-time object detectors[CJ. IEEE/CVF

Vision and

Fcos:

International Conference on Computer

conference on Computer Pattern
Recognition, 2023: 7464-7475.
WANG C Y, YEH I H, LTIAO H'Y M. YOLOVY:

Learning what you want to learn using programmable

e 249 -



949 % v 7o ¥ o3 A

gradient information [ C]. European Conference on Information Sciences, 2022, 12, DOI. 10.22967/
Computer Vision. Cham: Springer Nature Switzerland, HCIS. 2022. 12. 023.
2024 1-21. [34] JIANG P T, ZHANG C B, HOU Q, et al

[29] WANG AO, CHEN H, LIU L H, et al. YOLOv10: Layercam: Exploring hierarchical class activation
Real-time end-to-end object detection [ J]. ArXiv maps for localization[ J]. TEEE Transactions on Image
preprint arXiv:2405. 14458, 2024. Processing, 2021, 30: 5875-5888.

[30] TIAN Y, YE Q, DOERMANN D. YOLOvl2: 1EE®/NT
Attention-centric real-time object detectors[J]. ArXiv B LW -E ST A, T EHE ST 5 Ak I s B R L 2
preprint arXiv:2502. 12524, 2025. Kb R

[31] WOO S, PARK J, LEE J Y, et al. CBAM: E-mail:aiqiang@stu. ghnu. edu. cn
Convolutional block attention module[ CJ. European sk 2, F B, = HF ST 5 1Ak R 5 Ak T R RO
Conference on Computer Vision(ECCV), 2018: 3-19. N

[32] ZHU ZH, LIANG D, ZHANG S H, et al. Traffic- E-mail :5179554@qq. com
sign detection and classification in the wild[C]. IEEE FRB.H+, FTEWHRE TN IEGESHEEERTE .
Conference on Computer Vision and Pattern N ot ESN
Recognition, 2016: 2110-2118. E-mail :20241035@lise. edu. com

[33] ZHANGJ, ZOU X, KUANG L D, et al. CCTSDB EMMRGEEEE), B E5, TEPFE 5 M oy 5 20 W 4%

2021: A more comprehensive traffic sign detection

benchmark [ J ]. Human-centric Computing and

250 -

K H T
E-mail:2013040@qhnu. edu. cn



