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Abstract

Due to the rapidly increasing demand for accurate depth estimation and its applications, such as autonomous driving,
self-supervised monocular depth estimation based on deep learning has been actively studied in recent years. Existing methods rely
on the ground truth depth acquired through LiDAR sensors. In this paper, we propose a self-supervised learning method that
enables training without LiDAR-based ground truth that is vulnerable to bad weather. Specifically, our method utilizes
multiple-resolution image inputs to consider the overall geometric structure and regional boundaries of the depth map together, and
the proposed neural network architecture merges the potential features extracted from each resolution. Experimental results on the
benchmark dataset demonstrate that the proposed method can effectively improve the monocular depth estimation performance.
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Fig. 2. Relationship between the resolution of input images and depth maps (a): Input image (b): Depth maps of low-resolution(640x192)

input (c): Depth maps of high-resolution(1024x320) input
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Table 1. Performance comparison on the KITTI' eigen benchmark
Depth Error Depth Accuracy
Method Resolution Lower is better Higher is better
AbsRel SaRel RMSE Log RMSE | s6<1.25 §<1.25 §<1.25°
MonoDepth2™! 640x192 0.106 0.861 4.699 0.185 0.887 0.960 0.982
ManyDepth!'" 640x192 0.090 0.713 4.261 0.170 0.914 0.966 0.983
MonoViTt™ 640x192 0.099 0.708 4.372 0.175 0.900 0.967 0.984
SQLDepth!'™ 640x192 0.088 0.697 4175 0.167 0.919 0.969 0.984
MonoDepth2™”’ 1024x320 0.106 0.806 4.630 0.193 0.876 0.958 0.980
ManyDepth!'" 1024x320 0.087 0.685 4.142 0.167 0.920 0.968 0.983
MonoViTH™ 1024x320 0.093 0.671 4.202 0.169 0.912 0.969 0.985
SQLDeptht!™ 1024x320 0.082 0.607 3914 0.160 0.928 0.972 0.985
SQLDepth!™™ + Ours Both 0.082 0.594 3.853 0.159 0.928 0.972 0.985
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Fig. 3. Results of monocular depth estimation on the KITTI dataset™ (a): Input image (b): Depth maps of high-resolution(1024x320) inputs
by SQLDepth!" (c): Depth maps of low-resolution(640x192) inputs by SQLDepth!'" (d): Depth maps by the proposed method
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Fig. 4. Results of monocular depth estimation on the KITTI dataset™ (a): Input image (b): Depth maps of low-resolution(640x192) inputs by
MonoDepth2® (c): Depth maps of high-resolution(1024x320) inputs by MonoDepth2!® (d): Depth maps of low-resolution inputs by ManyDepth!'”!
(e): Depth maps of high-resolution inputs by ManyDepth!"” (f): Depth maps of low-resolution inputs by SQLDepth!""! (g): Depth maps of high-resolution
inputs by SQLDepth" (h): Depth maps by the proposed method
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