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Abstract

Accurate perception of 3D environment is important in various fields such as autonomous driving and robotics.
However, in real-world scenarios, variations in weather conditions, sensor configurations, and geographical factors can
significantly alter data distributions, often leading to a decline in the performance of 3D perception neural networks.
To overcome this limitation, domain adaptation techniques have been proposed. These techniques effectively utilize the
abundant training data from the source domain to enhance performance in the target domain, where labeled data is
limited. In this paper, we first explain the fundamental concepts of LiDAR perception neural networks and domain
adaptation. Then, we categorize domain adaptation techniques and provide detailed insights.
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(Task: SemSeg - Semantic Segmentation, Detect - Detection, Datasets: K - KITTI, W - Waymo, N - nuScenes,
SK - SemanticKITTI, NL - nuScenes-lidarseg, P - PreSIL, SP - SemanticPOSS)

Table 2. Categorization of domain adaptation methods for point cloud learning

(Task: SemSeg - Semantic Segmentation, Detect - Detection, Datasets: K - KITTI, W - Waymo, N - nuScenes,
SK - SemantickITTI, NL - nuScenes-lidarseg, P - PreSIL, SP - SemanticPOSS)

Paper \ Approach \ Task \ Datasets \ Conference or Journal
Domain Invariant Method (Section 3.1)
Complet & Label Data Generation 3D SemSeg SK, NL, W CVPR
SPG Data Generation 3D Detect W ICCV
3D-VField Data Generation 3D Detect K, W, custom CVPR
SRDAN Feature Extraction 3D Detect N, K P CVPR
Domain Mapping Method (Section 3.2)
SSDA3D Data Augmentation 3D Detect W, N AAAl
PolarMix Data Augmentation 3D SemSeg NL, SP NeurlPS
MLC-Net Feature Consistency 3D Detect K, W, N ICCV
DTS Feature Consistency 3D Detect K, W, N CVPR
SF-UDA3D Psudo Label 3D Detect K, N 3DV
ST3D Psudo Label 3D Detect K, W N, L CVPR
ST3D+ Psudo Label 3D Detect K, W, N, L TPAMI
CL3D Psudo Label 3D Detect K, W, N AAA|
Other Method (Section 3.3)
The Norm Must Go On | Batch Normalization 2D Detect K CVPR
SN Object Regularization 3D Detect K, W, N, L CVPR
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