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Abstract: Aiming at the problems of low efficiency in binocular vision measurements based on feature
point detection and high computational complexity of neural networks, a binocular vision localization and
measurement method was proposed based on a lightweight HRNet. The lightweight HRNet was built upon
the original HRNet by replacing the convolutional modules to reduce the number of parameters, introducing
Transformer to extract global image features, and employing a multi-level upsampling fusion strategy to
capture the multi-scale feature information. Compared with the original HRNet model, the lightweight
HRNet reduces model parameters by 95.40% . while computational loads and normalized mean errors are
decreased by 94.27% and 6.25% respectively. In terms of 3D measurement. the relative errors of the
method combining lightweight HRNet with binocular vision reache 0. 256 % , enabling high-precision detec-
tion on hardware with low computational power.

Key words: binocular vision; high resolution net (HRNet) ; lightweight; landmark detection; mea-
surement
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Fig.1 General framework for positioning

and measurement
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Fig.6 Depth separable convolution schematic
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Tab.1 Performance evaluation and comparison of
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Fig.10 Experimental visual results
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Tab.2 Measurement results of cuboid continuous
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