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Lightweight traffic sign recognition algorithm based on FMS-YOLOVSs

Cao Li  Kang Shaobo
(Electrical Engineering &. Automation, Xiamen University of Technology, Xiamen 361024, China)

Abstract: A lightweight traffic sign recognition algorithm based on YOLOv5s algorithm is proposed for the current road
traffic sign model with the disadvantages of slow detection speed, large model and many parameters. Firstly, a
lightweight FasterNet network is introduced, and the FasterNet Block structure in the network is fused with the C3 of
the original backbone network to form a new C3Faster structure. Then the loss function of the original network is
modified to MPDIoU to improve the accuracy and efficiency of the bounding box regression. Finally, the efficient and
lightweight SA attention mechanism is combined to improve the generalization ability and stability of the model. The
experimental results on the CCTSDB 2021 dataset show that compared with the original network, the number of
parameters, model size, and GFLOPs of the improved model have been reduced by 17.5%, 17.5%, and 20%,
respectively. Meanwhile, mAP@0.5, mAP@0. 75, and mAP@0. 5.0. 95 have been improved by 2.3%, 3.4%, and
2.49%, respectively. And comparing with other algorithms such as YOLOv3—tiny, the proposed algorithm has obvious
superiority and can meet the real-time demand of mobile in various scenarios.
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Focus slicing operation
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Table 1 Comparison of lightweight models

TR 2 R S/ (X10°) mAP@0.5/% mAP@0. 5:0. 95/ % 77 580/ GFLOPs

YOLOVS5s 7.01 77.6 49. 8 15. 8
MobileNetv3 1.38 41.7 21. 17 2.3

PP-LCNet 2.96 53.8 28.6 5.9
EfficientNet 3.5 60. 7 33.2 7.5

GhostNet 5.85 64. 8 37.3 12. 4

FasterNet 5.78 74.4 46 12.6
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Table 2 Loss function comparison experiments

kB B @o. ¢
hziﬁ /(’jfi) mAf;;O' ® mAP@O0. 5:0.95/%
CloU 5.78 74.4 16
EloU 5.78 75.6 46. 8
MPDIoU  5.78 78. 4 48.9
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Fig. 7 Loss function convergence graphs
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Table 3 Comparative experiments on attentional mechanisms
1L 2 SRR/ (X10%) mAP@0.5/% mAP@0. 5:0. 95/ % 7% 54/ GFLOPs
FM-YOLOv5s 5.78 80. 3 51.9 12. 6
FM-YOLOv5s-EMA 5.82 77.6 49.7 13.7
FM-YOLOv5s-SA1 5.78 80. 3 52.1 12.6
FM-YOLOv5s-SA2 5.78 80. 4 52.1 12.6
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Table 4 Comparison results of ablation experiments
BRI Z B FasterNet MPDIoU  SA  mAP@0.5/% mAP@0.75/% mAP@O0.5:0.95/% %jﬁﬁ e
/(X10°)  /GFLOPs

YOLOv5s X X X 78 59. 2 50. 5 7.01 15. 8

A < X X 76. 2 52. 1 46. 4 5.78 12. 6

B N X N 79. 8 62 52. 4 5.78 12. 6

C V J X 80. 3 60. 6 51.9 5.78 12. 6

D N N N 80. 4 60.7 52.1 5.78 12.6
4.5 5HMmEEILE 1 YOLOvA-tiny #F 17 X} H 92 56, 92 56 245 S & 5 fr

b B T o NIV < s = R R L = P = A 1 = R
TREARFREELE ., ACEMH SSD, YOLOv3-tiny

N W AR AR N B ORI BB /N  m AP BRI
iz,

x5 SHMEEIEELE
Table S Compared with other algorithms
AW B BRI, mAP@0.5/%  mAP@0.5:0.95/% Wi /Ips {%Eﬁ
/(X10%) /MB /GFLOPs
SSD(VGG) 26. 28 91. 6 29. 81 11.7 28 62.74
YOLOv3-tiny 8.67 16. 6 70. 2 39. 9 120 12.9
YOLOv4-tiny 5.88 22.4 53. 87 24.5 131 6.8
YOLOVS5s 7.01 13.7 78 50. 5 99 15. 8
AR SCR 5.78 11.3 80. 4 52.1 102 12.6
Z iy SSD M 4% mAP@O. 5 353 T 29. 81 % . 7EHG W T 2.4X10° VR SBIEALT 3. 2 GFLOPs, mAP®@0. 5

AR AL 7 T #R A R AR SO B SR . AR
YOLOv3—tiny M % mAP@0. 5 iK% T 70. 2% , i A SCHI
PR 5 H A B, S 80 R U > 2. 89 X 10°, mAP@
0.5 i 10. 156, ¥ 88084 T 0. 3 GFLOPs, YOLOv4-
tiny M4 mAP@O0. 5 3538 T 53. 87% , A Ry sk vk 5
LA L, B AR TR ANVE S HCE T4 %, A mAP@0. 5 & i
26.43% ., S BUH WAL T 0.1 X 10°, &5 5 EEN
YOLOvSs P AH L . S8 ik 2> 7 1. 23 X 10° AL ALK /)N
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Fig. 8 Visualization of detection result
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