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Research on track recognition algorithm based on UNet model
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[ Abstract] With the continuous upgrading of track recognition issues, it is required to greatly improve the accuracy of track
recognition, and traditional track recognition methods are significantly affected by environmental changes. In recent years, deep
learning methods have also achieved good results in track recognition. This article proposes a race track recognition method based on
Keras’s UNet model for race track recognition. This method segments the race track image based on the training results of the UNet
model, and uses a thinning algorithm to identify the centerline for determining the next behavior of the car. Finally, through actual
comparative experimental testing, the new method has average recognition timeliness and high recognition accuracy.
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Fig. 1 Structure diagram of VGG16

FIHI VGGI16 1R HUR BB FUZ MR Rtz , &
2 BB B RAR S |, 3RAT 5 020 B A A%
FHIE)Z

B2 BRHEETEE

Fig. 2 Schematic diagram of the effective feature layer
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Fig. 3 Dataset image of the original image and labels
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Fig. 4 Dataset enhancement
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Fig. 5 Recognition rendering
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Fig. 6 Aging analysis
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Tab. 1 Comparison table of identification bias results
i IEH G e G
B fGgkiRzs WiR%/  ERKRE/ WkiRE/  BSkR%/ FikiRz/
1%z %z 1%z 1%z 1%z %z
1 47 25 5 5 41 21
2 47 24 3 5 45 21
3 16 15 3 3 15 14
4 47 22 11 8 45 19
5 45 23 9 9 35 19
6 29 19 6 14 10
7 16 7 12 6 21 7
8 41 24 3 7 31 20
Y 2= 36 17.7 5.8 5.4 30.9 14.6
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