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Abstract: In the field of traffic sign detection, challenges arise due to the small area coverage of distant traffic
signs in the scene and the diverse scales of the signs. To overcome the above challenges, this paper presents an
improved YOLOv8s-based traffic sign detection algorithm, YOLOvV8s-REMN. First, the method introduces the
RFAConv into the backbone network to enhance the receptive field and feature extraction capability of the
network. Second, the EAGFM module is added to the neck network to optimize multi-scale feature fusion. Then,
the MSDEF module is incorporated into the detection head to increase the small object detection head, improving
the detection of small targets. Finally, the NWD loss function replaces the CIOU loss function to optimize the
bounding box regression and improve the precision of small object localization. Experimental results show that
YOLOV8s-REMN achieves significant performance improvements on the TT100K dataset. Compared to the
original YOLOv8s, mAP@0.5 increases by 6.6%, mAP@0.5:0.95 increases by 5.1%. The effectiveness of the
algorithm is also validated on the Chinese Traffic Sign Detection dataset, CCTSDB2021, where YOLOv8s-REMN

outperforms YOLOv8s with a 2.9% increase in mMAP@0.5, a 2.9% increase in mMAP@0.5:0.95.
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Table 3 Ablation experiments

A P(%) R(%) mMAP@0.5(%) mMAP@0.5:0.95(%) SHFE(M) FPS GFLOPs
YOLOV8s 84.3 73.8 83.9 65.9 11.14 116.28 28.5
YOLOv8s+RFAConv 88.3 75.5 85.9 67.3 11.19 104.17 29.1
YOLOV8s+EAGFM 84.9 75.0 85.1 66.6 13.33 108.70 32.7
YOLOv8s+MSDEF 88.9 78.4 88.6 69.6 11.30 100.00 56.9
YOLOV8s+NWD 87.5 76.5 86.1 67.3 11.14 103.09 28.5
YOLOV8s-REMN 89.9 81.1 90.5 71.0 13.55 72.99 61.5
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W% 291, HEFEGEFERSEEZE 104.17FPS,
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Fig. 7 Partial detection results
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Table 4 Comparison of different feature
fusion methods (mAP@0.5)

x5 BHEEMAENHERmMAP@I.S)
Table 5 Performance comparison of various

algorithms (mAP@J0.5)

Rt mMAP@0.5(%)
YOLOV8s 83.9
YOLOV5s 73.6

YOLOV5s+BiFPNR9 74.0
YOLOv8s+0DLB30! 84.5
YOLOv8s+RFBIU 86.0

YOLOV10s 82.4
YOLOv8s+MSDEF 88.6

P mAP@0.5(%)
SSDtel 76.3
SSD+AlignedMatching(2l 84.7
Faster R-CNNI6] 69.5
TSP-RCNN([22] 81.2
Sparse R-CNNI23] 82.0
Deformable DETR[24 77.1
AIE-YOLOI3! 84.8
YOLO-SGI26] 75.8
EDN-YOLO!10! 79.1
CR-YOLOvSI1] 86.9
YOLOv8s-DDAI[27] 87.2
YOLO-BS!12] 90.1
ASCE 90.5

MEHFTTCIE ), ¥ MSDEF 5] A\
YOLOv8s M5, H mAP@0.5 £ =
88.6%, TEFTA X EH RN . 55
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A SCHE 23 FF A7 0 080 4 v [ 22 i
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PETF T4 21.77%, T XS 4 HE FE (FPS)
M 178.57 %57 128.21, GFLOPs M\ 28.4
BNz 61.3.

% 6 CCTSDB2021 #iii 4 fr) 86 45 SR
Table 6 Experimental results on the CCTSDB2021 dataset

A P(%) R(%) mAP@0.5(%) mAP@0.5:0.95(%) ¥ (M) FPS GFLOPs
YOLOVSs 88.0 75.4 50.0 11.12 178.57 28.4
YOLOV8s-REMN 91.1 76.6 58.7 13.54 128.21 61.3
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