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Background & Problem Statement

e 3D Semantic Occupancy Prediction (SOP) aims to predict
per-voxel semantic labels for a 3D scene, enabling a dense and
structured understanding of the environment for applications like
autonomous driving and robotics.
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Background & Problem Statement

e 3D Semantic Occupancy Prediction (SOP) aims to predict
per-voxel semantic labels for a 3D scene, enabling a dense and
structured understanding of the environment for applications like
autonomous driving and robotics.

e Existing 3D SOP methods focus on spatial fusion while
overlooking temporal information; limiting their ability to leverage
historical context.
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Contributions

e We introduce S2TPVFormer, which features a novel temporal
fusion workflow for TPV representation and utilizes CVHA to
enhance spatiotemporal information sharing across planes.
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Contributions

e We introduce S2TPVFormer, which features a novel temporal
fusion workflow for TPV representation and utilizes CVHA to
enhance spatiotemporal information sharing across planes.

e S2TPVFormer achieves a +4.1% mIOU improvement over
TPVFormer on the nuScenes validation set, showcasing the
strong potential of vision-based 3D SOP.

Unified Spatio-Temporal Tri-Perspective View Representation for 3D Semantic Occupancy Prediction | Machine Learning for Autonomous Driving (ML4AD) Workshop at AAAI 2025 | Philadelphia, Pennsylvania, USA



Architecture

Virtual View Transformation (VVT)
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Architecture

Spatial Cross Attention (SCA)
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Architecture

Temporal Cross View Hybrid Attention (TCVHA)
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Experiments

Comparative Results for 3D SOP
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TPVFormer 520 596 263 77.6 741 309 475 41.8 202 449 678 863 545 555 546 475 44.0

S2TPVFormer (Base) 56.1 60.1 16.5 85.9 743
S2TPVFormer (Small) 434 543 17.2 66.0 69.5
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3D SOP results on the nuScenes validation set

+4.1% improvement to mloU accuracy compared to SOTA
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Experiments

Comparative Results LiDAR Segmentation
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MINet LiDAR 563 546 82 62.1 76.6 23.0 58.7 37.6 349 615 469 933 564 63.8 648 79.3 78.3

LidarMultiNet LiDAR 814 804 484 943 90.0 71.5 872 852 804 869 748 97.8 67.3 80.7 76.5 92.1 89.6

UniVision LiDAR 723 72.1 34.0 855 89.5 593 755 693 658 842 714 96.1 674 719 65 779 71.7

PanoOcc LiDAR 714 825 323 88.1 83.7 46.1 76.5 67.6 53.6 829 69.5 96.0 663 723 66.3 80.5 77.3

OccFormer LiDAR 70.8 72.8 299 879 85.6 57.1 749 63.2 535 83 67.6 948 619 70.0 66.0 84.0 80.5

TPVFormer-Small’  Camera 59.2 65.6 15.7 75.1 80.0 45.8 43.1 443 26.8 72.8 559 923 53.7 61.0 592 79.7 75.6
TPVFormer-Base' Camera 694 74.0 27.5 86.3 855 60.7 68.0 62.1 49.1 819 684 94.1 595 66.5 63.5 83.8 799

S2TPVFormer (Base) Camera 604 61.2 182 80.6 78.1 552 57.6 415 264 76.1 613 89.8 494 56.6 58.0 793 764

LidarSeg results on the nuScenes test set.
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Visualization
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Prediction Summary
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Relative mloU Gain
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