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[ Abstract |

describe the geometric features of the target and laser reflectance intensity that characterizes the material’s reflectivity. The application

Laser 3D scanning technology rapidly acquires point cloud data of target surfaces, including spatial point coordinates that

of automatic semantic segmentation techniques for 3D point clouds in geological exploration research lays the foundation for depicting
regional geological features. To demonstrate the recent advancements of 3D laser scanning technology in large-scale semantic
segmentation within geological scenarios, firstly, photogrammetry and LiDAR as two methods for acquiring 3D point clouds were
compared, highlighting the advantages of LiDAR in terms of accuracy, versatility, and insensitivity to lighting conditions. By
elucidating the principles of lithological semantic segmentation, a comprehensive review and summary of recent methods based on
geometric or intensity features were provided. Common large-scale point cloud datasets and evaluation metrics were introduced, and the
segmentation performance of different algorithms was compared. Finally, the limitations of existing methods were summarized, and
future research directions for lithological semantic segmentation tasks were outlined.
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Table 2 Accuracy evaluation results of unsupervised clustering point cloud segmentation method

[34-39,41,44]

S3DIS Semantic3D ScanNet( v2) Sem.
Ay E T Area5 Area5 6-fold 6-fold Sem. Sem. red. red. OA ol KITTI
(OA) (mloU) (OA) (mloU) (OA) (mloU) (OA) (mloU) (mloU)
ST SqueezeSegV3 3] 82.5  52.8 — — — — — 80.1  40.9  40.9
MFFNet %) — 58.1 — — 68.6 — — — 48.0  68.6
- SEGCloud°] — 48.9 — — — 88.1  61.3 — — —
VV-Net 37! — — 87.8  78.2 — — — — — — —
PointNet ! — 41.1 78.6  47.6 — — — — — — 14.6
g PointNet + + ?91 — — 81.0 54.5 857  63.1 — — 84.5  33.9  20.1
’ PointSIFT!! — — 88.7  70.2 — — — — 86.2  41.5 —
DAC-SNet #! 75.1 69. 1 — — — — — 80.6  72.5 —

7T . AreaS F1 6-fold 2 S3DIS éﬂt?}ﬁﬁ%ﬁ‘ﬁ Sem. "M semantic-8 ﬁ%ﬁ red. "N reduce-8 ﬁ%f‘i 0A 'ﬁﬁ?Ff“ mloU -3 38 B
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Fig. 9 Single-band laser point cloud lithology semantic

segmentation results!™’
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