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Improved SegFormer network-based line laser segmentation and
center extraction method

Han Jiaxin' Wang Shenghuai’ Zhong Ming® Chen Zhe* Zhang Wei'
(1. School of Mechanical Engineering, Hubei University of Automotive Technology,Shiyan 442000, China;
2. Wuhan Dream Technology Co. , Ltd. , Wuhan 430000, China)

Abstract: The extraction of the centerline from multi-line structured light is a critical technique in three-dimensional
measurement technologies. Reflectivity and other environmental factors on the surface of the object being measured
commonly result in low accuracy and instability in extracting the centerline. This thesis proposes an enhanced laser
centerline extraction method. It begins by harnessing global features from line laser images, extracted through the
Transformer backbone branch within the encoding layer of the SegFormer network. Additionally, the method
integrates the Vggl6 backbone branch to capture shallow contour details from the line laser images. The incorporation
of the MSASPP module significantly refines the model” s ability to segment linear targets, thus elevating the
segmentation accuracy within the laser stripe area. This refined SegFormer network model supplies a superior image
source for subsequent centerline extractions, utilizing the Steger method to achieve precise detections. Experimental
evidence indicates a 42% enhancement in computational speed over the Steger algorithm, with a notable increase in
extraction accuracy by approximately 0. 3 pixel. This method proves effective in diverse and complex environments,
satisfying industrial demands for precision and stability in inspections.
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Table 2 Evaluation metrics of different networks
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Fig.9 Comparison of segmentation results
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Table 3 Comparison of segmentation performance

Base Vggl6 Maspp mloU mPA  mPrecision
N X X 0.851  0.942 0.871
N N X 0.897  0.951 0.914
N/ NG N 0.907  0.953 0. 933
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Table 4 Comparison of algorithm times S

FA A Steger Ak ik R O
1 0.253 0. 361 0.582 0.029
2 0. 257 0. 364 0.598 0. 031
3 0. 266 0. 391 0. 626 0.032
4 0. 285 0.424 0.693 0.034
5 0.334 0.453 0.773 0. 037
SEHy 0,279 0.398 0. 654 0.033
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Table 5 Std of different extraction algorithms px

F Al AL Steger 4 ik W BE LIk
1 1.28 1. 56 5.98 2.97
2 1. 29 1. 58 6. 84 3.11
3 1. 21 1.53 5. 83 2.93
4 1. 30 1. 61 6.91 3.21
5 1. 27 1. 58 6.13 3.06
-1y 1. 27 1. 57 6. 34 3.06
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