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Unsupervised Monocular Depth Estimation with P’Net Incorporating Residual Upsampling Structure
LIU An-Xu, LI Xiang-Feng, LIU Jin-Chuan, ZHAO Kang, LI Gao-Yang, ZUO Dun-Wen

(College of Mechanical and Electrical Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract: Monocular depth estimation is a fundamental problem in computer vision, and the patch-match and plane-
regularization network (P’Net) is one of the most advanced unsupervised monocular depth estimaqftioﬁ methods. As the
nearest neighbor interpolation algorithm, the upsampling method adopted by the ‘depth predictionnetwork of P*Net, has a
relatively simple calculation process, the predicted depth maps have a poor geﬁeration quality. Therefore, the residual
upsampling structure based on multiple upsampling algorithms is constructed in this study to replace the upsampling layer
of the original network for more feature information and.higher int‘egfity of the object structure. The experimental results
on the NYU-Depth V2 dataset reveal that compared with the original network, the improved P*Net based on the
transposed convolution, bilinear interpolation, and PixelShuffle can reduce the root mean square error (RMSE) by 2.25%,
2.73%, and 3.05%, respectively. The residual upsampling structure in this study improves the generation quality of the
predicted depth maps and reduces the prediction error.

Key words: depth estimation; unsupervised; patch-match and plane-regularization network (P*Net); residual upsampling

structure; deep learning
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