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Self-supervised monocular depth estimation based on
convolution neural network hybrid transformer
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Abstract. Self-supervised depth estimation is a promising research area that enables training of models without the need to source
difficult real depth labels. The model usually uses two methods for feature extraction, convolutional neural network and Transformer,
the convolutional neural network can effectively extract local features, but lacks the limitation of global feature extraction due to the
small sensory field. While Transformer can ensure the extraction of global features, but the amount of computation is large. To
address this, a self—supervised depth estimation model combining convolutional neural network and Transformer is proposed for deep
feature extraction to ensure that the model can enhance global feature extraction without losing local features. The model is validated
on the KITTI dataset, and from the experimental results, it can be seen that the absolute relative error and the squared relative error
of the proposed model are reduced to 0.100 and 0.698, respectively, with an accuracy of 89.7% , which is a good improvement
compared with other state—of—the—art algorithms, and it has a good generalization in the Cityscapes dataset.
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Fig. 1 Network framework of self—supervised monocular depth estimation
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Fig. 2 Convolution neural network and transformer hybrid module
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Table 1 Quantitative comparison with prediction results of different depth estimation algorithms

B2 GBI AT ) G BE (B iy )
IS Tk I E sy
Abs Rel Sq Rel RMSE  RMSE Log & < 1.25 & < 1.25% & < 1.25°
Eigen split Monodepth2 '3 M 0.115 0.903 4.863 0.193 0.877 0.959 0.981
VC-Depth! ¢! M 0.112 0.816 4.715 0.190 0.880 0.960 0.982
HR-Depth['”) M 0.109 0.792 4.632 0.185 0.884 0.962 0.983
GCNdepth ™! M 0.104 0.720 4.494 0.181 0.888 0.965 0.984
VADepth! ') M 0.104 0.774 4.552 0.181 0.892 0.965 0.983
CADepth?] M 0.105 0.769 4.535 0.181 0.982 0.964 0.983
AR5 M 0.100 0.698 4.376 0.176 0.897 0.967 0.984
Improved ground truth/'*)  Monodepth2 M 0.090 0.546 3.940 0.137 0.914 0.983 0.995
CADepth M 0.080 0.452 3.649 0.125 0.927 0.986 0.996
VADepth M 0.078 0.430 3.593 0.121 0.931 0.988 0.997
AR SCTT M 0.077 0.395 3.472 0.118 0.933 0.988 0.997
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Fig. 3 Depth maps predicted by different models on KITTI dataset
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Table 2 Comparison of generalization in Cityscapes dataset

- RZE (RARRELT) R (R v AT )
Abs rel  RMSE log 8 <125 &< 1.25%

Monodept2 0.201 0.318 0.681 0.874

CADepth 0.186 0.307 0.714 0.881

A 0.178 0.289 0.732 0.893
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Table 3 Ablation analysis of networks

WRES R 2% (BRI AAT ) G (B ey AT )

CNN  Transformer SE Abs Rel ~ Sq Rel RMSE ~ RMSE log 6§ <125 §< 125 &< 1.25°

2 0.110 0.792 4.629 0.186 0.880 0.962 0.983

2 vV 0.103 0.735 4.469 0.179 0.890 0.964 0.984

vV 2 0.106 0.757 4.593 0183 0.885 0.963 0.983

v Y vV 0.100 0.698 4.376 0.176 0.897 0.967 0.984
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