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LiDAR Image Segmentation using Convolutional Neural
Network Model with Refinement Modules
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Abstract: This paper proposes a convolutional neural network model for distinguishing areas occupied
by obstacles from a LiDAR image converted from a 3D point cloud. The channels of a LIDAR image
used as input consist of the distances to 3D points, the reflectivities of 3D points, and the heights of 3D
points from the ground. The proposed model uses a LIDAR image as an input and outputs a result of a
segmented LiDAR image. The proposed model adopts refinement modules with skip connections to
segment a LiDAR image. The refinement modules with skip connections in the proposed model make
it possible to construct a complex structure with a small number of parameters than a convolutional
neural network model with a linear structure. Using the proposed model, it is possible to distinguish
areas in a LiDAR image occupied by obstacles such as vehicles, pedestrians, and bicyclists. The
proposed model can be applied to recognize surrounding obstacles and to search for safe paths.

Keywords: LiDAR image, Segmentation, Convolutional neural network
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[Fig. 1] LiDAR image conversion from 3D point cloud
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[Table 1] Input and output channels of the 1* refinement module

Input channels Output channels
ConvA 512 128
ConvB 512 128
ConvC 256 256
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[Fig. 4] LiDAR image segmentation results using the proposed convolutional neural network model. Upper figure: RGB image for
reference, middle figure: LiDAR image (intensity channel) with ground truth labels, lower figure: LIDAR image segmentation result.
Blue, green and red colors represents vehicles, pedestrians and bicyclists, respectively
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[Fig. 6] LIDAR image segmentation results using the proposed convolutional neural network model contain incorrectly labeled areas.
Magenta boxes represent incorrectly labeled areas
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[Table 2] Label correctness of pixel

Class Label correctness of pixel
Car 0.977
Pedestrian 0.928
Bicycle/Bike 0.906
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