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Abstract: In autonomous driving scenarios, vehicle-mounted LiDAR point clouds are characterized
by large scale and sparse, uneven distribution. To address the problems of high neighborhood search
overhead, heavy voxel attention computation load, and easy loss of local geometric details of key
objects in existing point cloud Transformer networks, a 3D adaptive pooling point cloud segmentation
network (3DAPT-Net) is proposed. First, 3D adaptive pooling is utilized within non-overlapping
voxel windows to compress key-value sequences and aggregate multiscale context, thereby reducing
the attention computation overhead for large-scale point clouds. Second, a point attention branch is
adopted to aggregate point-level features, supplementing the fine-grained geometric information of
road boundaries, pedestrian contours, and distant sparse objects. Finally, point-level features and

voxel features are fused to construct a point cloud segmentation network that balances both accuracy
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and efficiency. The proposed network achieves mean intersection over union (mloU) scores of

67.5% and 87.4% on the SemanticKITTI and ShapeNet datasets, respectively; compared with the

Point Cloud Transformer network,

it has the inference latency reduced by 54.9%.

The results

indicate that 3DAPT-Net achieves a favorable balance between segmentation accuracy and

computational efficiency.
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Fig. 3 Complexity comparison of O1 and Oz under different

window sizes
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Fig. 4 Visualization results of semantic segmentation for outdoor autonomous driving scenes on the SemanticKITTI" dataset

using 3DAPT-Net
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