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Introduction

O Dense Occupancy Prediction

Construct dense 3D voxel features by backward projection
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BEVFormer: Learning Bird’s-Eye-View Representation from Multi-Camera Images via
Spatiotemporal Transformers (ECCV 2022)
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Introduction

O Occupancy Sparsity

Occupancy in Occ3d-nuSc
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Introduction

O Sparse Occupancy Prediction

Filter out empty voxels according to previous decoder classification
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SparseOcc: Fully Sparse 3D Occupancy Prediction (Arxiv)

Complicated manual 3D space model !!!
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Methods

0 Overall Architecture
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Methods

0 Overall Architecture
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Methods

0 Overall Architecture

3. Update Occupancy predictions

Initialization
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Methods

O Training Strategy

Having a O(n3) time complexity and a O(n2) space complexity,

the Hungarian algorithm 1s unable to tackle tremendous voxels.

Table 4: Comparison of Hungarian algorithm and our label assignment scheme.

Number Time (ms) GPU (Mb)
of Points | Hungarian Algorithm  Ours | Hungarnan Algorithm  Ours
100 0.52 0.12 39 14
1,000 78.34 0.13 81 14
10,000 24.216.35 1.25 2,304 15
100,000 - 28.85 - 39
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Methods

O Training Strategy

prediction P P ground-truth

Chamfer %
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Methods

O Training Strategy

prediction P e ground-truth

aligned semantic labels

6
Lops = CDg(Po, P?) + ) "(CDr(P;, P?) + FocalLoss z(C;, CY')),
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Experiments

O Compare with SOTA

Table 1: Occupancy prediction performance on Occ3D-nuScenes [31]. "8f" and "16f" denote models
fusing temporal information from 8 or 16 frames, respectively. Baseline results are directly copied
from their corresponding papers or the SparseOcc [19]. FPS results are measured on an A100 GPU.

Methods | Backbone  Image Size mloU | RayloU, ~ RayloU,, RayloU,, | RayloU | FPS
RenderOcc [28] Swin-B 1408 x 512 245 13.4 19.6 25.5 195 -

BEVFormer [13] R101 1600 x 900  39.3 26.1 329 38.0 324 3.0
BEVDet-Occ [7] R50 704 x 256  36.1 23.6 30.0 35.1 29.6 2.6
BEVDet-Occ (8f) [7] R50 704 x 384 393 26.6 33.1 38.2 32.6 0.8
FB-Occ (16f) [7] R50 704 x 256  39.1 26.7 34.1 39.7 335 10.3
SparseOcc (8f) [19] R50 704 x 256 - 28.0 347 394 34.0 17.3
SparseOcc (16f) [19] R50 704 x 256  30.6 29.1 358 40.3 35.1 12.5
OPS-tiny (8f) R50 704 x 256  30.6 29.6 36.7 41.4 359 24.9
OPS-S (8f) R50 704 x 256  31.2 31.0 38.1 428 373 23.7
OPS-M (8f) R50 704 x 256  31.7 317 388 434 38.0 14.7
OPS-L (8) R50 704 x 256 324 32.7 39.7 443 389 3
OPS-L (16f) | RS0 704 x 256  33.1 | 337 40.9 455 | 400 | 56
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Experiments

O Compare with SOTA

FB-Occ (16f) SparseOcc (8f) OPS (8))
mloU=39.1, RayloU=33.5 mloU=29.6, RayloU=35.0 mloU=31.7, RayloU=38.0

ground-truth

mloU cannot reflect the real quality of occupancy prediction!
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