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Abstract : In an automated driving system, recognizing range information is essential in order to understand the surrounding

environment. As a result, we proposed depth completion method, filling the area with depth information of point cloud,

which is projected onto the image plane, and high resolution color data from the image. The projected point cloud is placed
into the shift-convolution network which expands received sparse LiDAR data to the pixel level, and then it is inserted
synchronously into the convolutional neuron network(CNN) with image. Fully completed ground truth is formed by using

max and median filters sequentially, and it is taken as input of shift-convolution to make an expanded point cloud that

focuses more on completing an empty area than section the contour off. Finally, CNN uses point cloud to get the exact depth

information and image for separating objects along the outline. The system that uses expanded point cloud has approved

almost 9 % more than the system that does not.

Key words
completion(Z! ©] £+4d), Autonomous driving(AH-&5

Subscripts
P : point cloud
I : image
GT : ground truth

Shift-Conv = shift-convolution

E-Point = expanded point cloud
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Fig. 1 (a) DeepLabV3, Examples of Semantic Segmentation,”
(b) Mask R-CNN, Instance Segmentation®
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Fig. 2 (a) Example of PU(Point Upsampling)-Net®, (b) 3D
Semantic Segmentation”, (c) 3D Object Detection'”
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Fig. 3 Occlusion problem of the projected point cloud
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Fig. 4 Examples of the projected point cloud

Table 1 Distribution table of the projected point cloud

Number of pixels Ratio
Empty pixel 286,515.1 93.48 %
Valid pixel 19,984.9 6.52 %
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Fig. 5 Examples of (a) expanded GT and (b) original GT
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Fig. 6 Architecture of Shift-Conv. The green boxes mean
feature map, the light green pixels mean origin location,
and the yellow pixels mean shifted direction
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Fig. 7 Examples of the projected point cloud and E-point
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Fig. 9 Structure of the proposed network
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Fig. 10 Example of the results. (Top) is the input image, (Middle) shows E-point, and (Bottom) represents final result of

the proposed system

Table 2 KITTI depth completion benchmark

RMSE (mm) Runtime (s)
CSPN'® 1,019.64 1
DCd 3" 1,109.04 0.1
DFuseNet'? 1,206.66 0.08
Proposed Network 1,102.11 0.06
Table 3 Evaluations for ablation study
w/ Shift-Conv w/o Shift-Conv
RMSE 1,102.11 1,206.93
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