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Abstract : To ensure safe autonomous driving, understanding the environment around the vehicle is essential. Point cloud

semantic segmentation is an efficient task for understanding surrounding scenes. However, performing semantic

segmentation with a single LiDAR sensor has limitations in terms of sparsity and absence of color/texture information. In
order to address these limitations, the camera-LiDAR fusion-based network is actively evaluated. Existing sensor
fusion-based networks project multi-sensor data onto each 2D plane. Regarding the epipolar geometry problem, the existing

methods cannot have the 1:1 matching of pixel-point during feature map fusion. Therefore, in this paper, we apply a

backbone network that utilizes 3D data as itself. We propose a fusion module based on voxel-pixel matching for accurate
feature map fusion. For verification, we used the SemanticKITTI dataset, and the performance improved by 2.7 % compared

to when a single LiDAR is used.
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(b) Spherical projected point cloud/image

Fig. 2 Image resolution degradation due to spherical projection
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Camera-LiDAR Fusion-Based Point Cloud Semantic Segmentation through Voxel-Pixel Matching for Autonomous Driving
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Table 2 Ablation study
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