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Semi-supervised monocular depth estimation framework
based on data augmentation

ZHAO Hong—wei,ZHOU Wei—min
(College of Software,Jilin University , Changchun 130012, China)

Abstract: To address the problem of requiring a large amount of labeled data for supervised learning in
monocular depth estimation, a semi-supervised depth estimation framework AugDepth was proposed
based on a teacher—student model. It operates by perturbing the data and training the model to learn depth
consistency before and after the perturbation. Firstly, the smooth random intensity enhancement method
was used to sample the intensity from the continuous domain. Multiple operations were randomly selected
to increase the randomness of the data, and the output was enhanced by mixing the strength and weakness
to prevent excessive disturbance. Then, considering the varying training difficulties of different unlabeled
samples, while improving the model's inference of global information through Cutout, the Cutout strategy
is adaptively adjusted based on the confidence level of unlabeled samples to enhance the model’s
generalization and learning abilities. The experimental results on the KITTI and NYU Deeph datasets
show that AugDepth can significantly improve the accuracy of semi supervised depth estimation and exhibit

good robustness in situations where labeled data is scarce.
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Fig.2 Adaptive cutout augmentation
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Table 2 Quantitative results on the Eigen split of the KITTI dataset
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Table 3 Quantitative results on the NYU-Depth Table 4 Ablation studies on our AugDepth
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Table 5 Comparison of data augmentation effects

ik AbsRel S,
RandAugment 0.066 0.951
Cutout 0.065 0.951
RandomAugment + Cutout 0.064 0.953
A 0.065 0.950
A, 0.064 0.952
A +A 0.062 0.954
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