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Monocular image depth estimation of improved convolutional
spatial propagation network

Liu Anxu Li Xiangfeng Liu Jinchuan Wang Jianming Zhao Kang Zuo Dunwen

(College of Mechanical and Elcctrical Engincering, Nanjing University of Acronautic and Astronautics. Nanjing 210016, China)

Abstract: Monocular image depth estimation is a basic problem in the field of computer vision, convolutional spatial
propagation network (CSPN) is one of the most advanced monocular image depth estimation methods. Aiming at the
declormation problem ol some objects and the boundary mixing problem causced by the blurring of the edges between
objccts in the densc depth map predicted by the network, we have improved CSPN [rom the network structurc and loss
[unction respectively. The input sparsc depth map is downsampled three times with dillerent sizes and added to the
corresponding coding process and skip conncction part of the U-Net module, so that it can more accurately capturc the
structure ol objects with dillcrent scales, The original loss [unction is replaced by the improved loss [unction [ormed by
the weighted combination of depth crror logarithm, depth information gradient and surface normal. The experimental
results on NYU-Depth-V2 data sct show that compared with CSPN, the root mean squarc crror RMSE and avcrage
rclative crror REL of ICSPN arc reduced by 17. 23% and 28. 07% respectively, The ICSPN makes [ull usc of the input
sparsc depth map to reduce the delormation of the object structure in the predicted dense depth map. At the same
time, the loss [unction with gradient loss is used to monitor the training process, which reduces the edge position error
ol the object and the problem of boundary mixing.
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