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Traffic Sign Detection Algorithm with Attention Mechanism Incorporated

PENG Jie, YU Huijun
( School of Transportation and Electrical Engineering, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: In view of the flaws of low recognition accuracy and incomplete detection of traffic signs in existing
target detection algorithms, a traffic sign detection algorithm has thus been proposed with an attention mechanism
incorporated into YOLO!1In. Firstly, the convolution and attention fusion module (CAFM) is integrated with the
YOLOI11n backbone, so as to effectively model both global and local features of images by combining convolution
operations with attention mechanisms to enhance detection accuracy. Secondly, by incorporating the global attention
mechanism module into the YOLO11n neck, the model is enabled to extract semantic and positional information from
features more fully, thereby improving the feature expression ability of the model. Finally, a small target detection layer
is added to retain more shallow detail information to enhance the fusion of deep and shallow semantic information,
thus overcoming the incomplete detection of small targets. The experimental results show that the improved algorithm
is characterized with a good accuracy, recall, and mean average precision (mAP) of 83.9%, 70.7%, and 82.4%,
respectively, in the TT100K dataset. Compared with the original model YOLOI11n, it improves by 5.7, 2.7, and 6.3
percentage points, verifying the effectiveness of the improvement.
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Table 2 Results of ablation experiments
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Table 3 Results of comparison experiments
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KiHL P/%  RI% mAP@0.5/% mAP@0.5:0.95/% 4kt /10°
@ 854 69.0 76.0 473 2.59
@ 885 714 81.1 49.8 2.97

HIPEZE 2 AIAT, T 2EURIn GAM 1B I HLTI L
&, P. mAP@0.5 Ml mAP@0.5:0.95 73R 1 2.2%,
2.1%, 1.2%, R BHIZASEHL 0 RN (R X R R A A5 B 1Y
PEWCE Ry 74y, HEHE S T AR

4, W CAFM R NHLHIBEE, P R,
mAP@0.5 Fl mAP@0.5:0.95 ¥4 BT, ilide T
1.4%, 1.1%, 1.5%, 0.9%, AJ ULiZAE A I A$R T T H5
YRR E RE

e, WM/ B AR Z S (A SCRORD) |

M5 4 ] 41, 7E CCTSDB $#i4E A SCoi ik
M T AR YOLOlIn, P, R, mAP@0.5 Al
mAP@0.5:0.95, 43 B T 3.1%, 2.4%, 5.1%, 2.5%,
VLA A SO A E A —E iz AkRe .

3.5 ERIE

F£ TT100K $HE4E b EAT T 3l Am e 285 S v]
ALK, 253K 5 s, ER T A L,
A SRR B AT P 0 TR, R,
(R G T, AR B TS R R B A TR A, AS S



68 3 I D | 4

NS

2026 4F

S RS R B, HAR S Sk e
TR 4] T Aff e IO P 5238 ks A R 1 S
TEEIV XS L Hr, A5 A0 B 30 km/h 1) 52 38
PRIk 40 km/he ZR45 BB A BT 45 R T
A SO S OIS B, G T IR
ARG S 15 100

T T

Ri0.0.0

p19 0,69

e S = e
g) FIIVAY YOLOLIn A h) &IV el Sy Aai
B 5 WMKERTEE

Fig. 5 Comparison of visualization results

4 H5iE

ASCHEH —FR = LA YOLO11n AY5E
AR AT, AR T AN AR AR A 52
LR, e, 51 CAFM v L e i 5

TORHIE S 2 R E ARG, $REHSTRUR NG B K,
I GAM 13 2 I WU B S B R X R A AR
SR EAF BARBCE 7 &Ja, #m—A/h AR
RG22 DASE SRR 2 AR 2 R AR B RS, SR TSR
XN EHARIERAIRE Ty, 2 0 D DA AR A S5 17 100

SEE AR, AR SCH S IAAE TT100K 4
£ EP. R, mAP@0.5 Fl mAP@0.5:0.95 43 ik 2 T
83.9%, 70.7%, 82.4%, 62.9%, % YOLOI1ln J& £ %Y
Pm T 5.7%, 2.7%, 6.3%, 3.7%; & CCTSDB % tE
b, B 4ATPE RS R T 3.1%, 2.4%, 5.1%,
2.5%, AREUE T REARVIZ ALRE )y o AR SCRloE Bk
RERE A RSB R ASIE bR S AFTERER SRR . BRAG AN
R AE L, TS/ A i i s R A . TR SRk
AR RIS T PR B s, TR PR XA
R — AR

S 3k

[1] LIUPL, XIEZY, LIT]J. UCN-YOLOVS: Traffic
Sign Object Detection Algorithm Based on Deep
Learning[J]. IEEE Access, 2023, 11: 110039-110050.

[2] Ardg . REE ) B REHLER AN IS 5 I (M.
st A E TR, 2024 29-41.

YU Jianfeng. Deep Learning: Theory and Practice of
Intelligent Robot Application[M]. Beijing: Chemical
Industry Press, 2024: 29-41.

[3] W%k, DA, hDUN, 5. FEFUEEST MR
FIARAG I H2 AR 255 (0], vh B K S KB 24, 2022,
27(6): 1697-1722.

CAO Jiale, LI Yali, SUN Hanqging, et al. A Survey on
Deep Learning Based Visual Object Detection[J]. Journal
of Image and Graphics, 2022, 27(6): 1697-1722.

[4] HRAEAR, 5k B, W, % ETREEIN

YOLO H AR £33k [J]. 1 515 B 244, 2022,
44(10): 3697-3708.
SHAO Yanhua, ZHANG Duo, CHU Hongyu, et al.
A Review of YOLO Object Detection Based on Deep
Learning[J]. Journal of Electronics & Information
Technology, 2022, 44(10): 3697-3708.

[5]1 AhEA. TFE B E AT 25 B S . BT
PyTorch[M]. db5t: (b= ol thifikt, 2024: 131-173.
SUN Yulin. Computer Vision from Entry to Advanced
Combat: Based on PyTorch[M]. Beijing: Chemical
Industry Press, 2024: 131-173.

[6] ¥E K, FEHUR . SSD(Single Shot MultiBox Detector)
FIBR A0 55 3% i T 505 Sk 0], ol F il oS AL,
2019, 32(4): 103-105.

WANG Song, FEI Shumin. Research and Improvement
of SSD(Single Shot MultiBox Detector) Target Detection



55 3 1 2N, & BUATER L B S bR A 69

Algorithm[J]. Industrial Control Computer, 2019, [14] 3k 7%, Bo%sR, 2k, % . Tk YOLOVT 1Y

—_—

32(4): 103-105.

LIANG TJ, BAO H, PAN W G, et al. Traffic Sign
Detection via Improved Sparse R-CNN for Autonomous
Vehicles[J]. Journal of Advanced Transportation,
2022(1): 3825532.

HOWARD A, SANDLER M, CHEN B, etal. Searching
for MobileNetV3[C]//2019 IEEE/CVF International
Conference on Computer Vision (ICCV). Seoul: IEEE,
2019: 1314-1324.

£, EROE . EEHLRLER (31, SRV,
2021, 41(3EF]1): 1-6.

REN Huan, WANG Xuguang. A Summary of Attention
Mechanism[J]. Journal of Computer Applications,
2021, 41(S1): 1-6.

RERLAS, TkoRTF, XIFa, . mm @R i
Ghost-YOLOVS #1l 5 3% [3]. 155 0L T 22 45 1% .,
2023, 59(20): 200-207.

XIONG Enjie, ZHANG Rongfen, LIU Yuhong, et al.
Ghost-YOLOvV8 Detection Algorithm for Traffic Signs[J].
Computer Engineering and Applications, 2023,
59(20): 200-207.

EE, ZE 2 FF SC-YOLOVS 158 3 ki A6l
BRI (], TR A, 2024, 47(15): 117-124.
YAN Shiyang, LUO Suyun. Research on Traffic Sign
Detection Algorithm Based on SC-YOLOVS[J]. Electronic
Measurement Technology, 2024, 47(15): 117-124.
ALKHAMMASH E H. Multi-Classification Using
YOLOvVI11 and Hybrid YOLO11n-MobileNet Models: A
Fire Classes Case Study[J]. Fire, 2025, 8(1): 17.

[13] HUS, GAOF, ZHOU X W, et al. Hybrid Convolutional

and Attention Network for Hyperspectral Image
Denoising[J]. IEEE Geoscience and Remote Sensing
Letters, 2024, 21: 5504005.

e LR DX TR AR 53 (], RN Rl (T
ff), 2025, 46(5): 1-8.

ZHANG Zhen, XIAO Zongrong, LI Youhao, et al.
Construction Vehicles Recognition Algorithm Based on
Improved YOLOV7 in High Risk Areas[J]. Journal of
Zhengzhou University (Engineering Science), 2025,
46(5): 1-8.

ZHU Z, LIANG D, ZHANG S H, et al. Traffic-Sign
Detection and Classification in the Wild[C]//2016 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR). Las Vegas: IEEE, 2016: 2110-2118.

LI C, LI L, JIANG H, et al. YOLOvV6: A Single-
Stage Object Detection Framework for Industrial
Applications[J]. Arxiv Preprint, 2022, Arxiv:
2209.02976.

o, S, WAL, SF . Ut YOLOVS 333k
(9 52 AR /N HARKR I (9], BUACH FHOAR, 2024,
47(20): 141-147.

ZHAO Huipeng, CAO Jingsheng, PAN Dijing, et al.
Traffic Sign Small Target Detection Based on Improved
YOLOv8 Algorithm[J]. Modern Electronics Technique,
2024, 47(20): 141-147.

TANG Y, HAN K, GUO J, et al. GhostNetv2:
Enhance Cheap Operation with Long-Range Attention[J].
Advances in Neural Information Processing Systems,
2022, 35: 9969-9982.

[19] ZHANG L L, YANG K, HAN Y C, et al. TSD-

DETR: A Lightweight Real-Time Detection Transformer
of Traffic Sign Detection for Long-Range Perception of
Autonomous Driving[J]. Engineering Applications of
Artificial Intelligence, 2025, 139: 109536.

(=R, & 4))



