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Supplementary Material

A. Overview
In the supplementary material, we mainly provide imple-

mentation details and more experiment results. And we fur-

ther analyze the limitations of our method and outline sev-

eral promising directions for future work.

B. Implementation Details
Metrics. Following standard practice in Semantic Scene

Completion [1, 9, 17], we evaluate geometric accuracy us-

ing the intersection over union (IoU) and measure semantic

quality with the mean IoU (mIoU). IoU reflects how well

the occupied voxel structure is reconstructed, while mIoU

aggregates class-wise to quantify semantic consistency. The

mIoU is calculated by:

mIoU =
1

C

C∑

c=1

TPc

TNc + FPc + FNc
(1)

where TPc, TNc, FPc, and FNc are the true positives, ture

nagatives, false positives and false negatives predictions for

class c. Together, these two metrics provide a balanced

assessment of both shape completion and semantic predic-

tion, revealing how improvements in geometry and seman-

tics jointly influence overall performance.

Coarse Occupancy Generation Module. As depicted

in figure 1, the depth map predicted by MobileStereoNet is

the geometric source of the depth probability. We first esti-

mate continuous per-pixel depth, which is then discretized

into depth bins and smoothed to form a soft depth distribu-

tion. This probabilistic representation enables robust depth-

order and occlusion reasoning along camera rays, which

cannot be achieved using raw depth values alone.

2D-to-3D Projection Module. Our 2D-to-3D projection

module lifts image features into a voxel grid while inject-
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Figure 1. The illustration of Coarse Occupancy Generation.

ing depth-aware geometric cues. Given temporally aggre-

gated feature Fagg and the current frame depth map, the

module outputs a fused voxel representation Vagg . Specif-

ically, The Fagg is first reshaped to the target voxel Vagg

resolution using a lightweight convolution and upsampling

block, ensuring spatial alignment between image-plane fea-

tures and the voxel grid. The current frame depth map

are encoded through a compact convolutional module that

produces depth-wise weights, each corresponding to one

slice of the voxel depth dimension. These weights act as

geometry-aware guidance during lifting. The adapted Fagg

are expanded along the depth axis to size B × 192× 128×
128 × 16. Depth features are broadcast and used as mul-

tiplicative weights, allowing each depth plane to modulate

image features. Finally, a 3D convolution refines the fused

volume, enforcing local spatial consistency and producing

a coherent voxel representation.

C. Additional Quantitative Results

C.1. Results on SemanticKITTI Validation Set
Table 1 summarizes the quantitative results on the Se-

manticKITTI Validation Set. Our method achieves the

highest overall performance, reaching 49.10 IoU and 19.10

mIoU, clearly outperforming all existing baselines. Com-

pared with strong counterparts such as CGFormer and

HTCL-S, our model delivers substantial gains in both IoU

and mIoU, validating the effectiveness of our Spatial-

Temporal Consistency design. Beyond the overall metrics,

our approach ranks first or second across most semantic cat-

egories, showing particularly strong performance on static

classes such as road and building. This improvement stems

from our coarse multi-view occupancy reasoning, which

compensates for missing structural cues in these regions.

The consistent advantages across diverse categories high-

light the capability of our framework to capture fine-grained

geometry while maintaining robust scene-level understand-

ing.

C.2. Results with Monocular Depth
Table 2 summarizes the comparison against leading ap-

proaches under both stereo and mono depth settings. The
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LMSCNet[11]† 28.61 40.68 18.22 4.38 0.00 10.31 18.33 0.00 0.00 0.00 0.00 13.66 0.02 20.54 0.00 0.00 0.00 1.21 0.00 0.00 6.70

AICNet[8]† 29.59 43.55 20.55 11.97 0.07 12.94 14.71 4.53 0.00 0.00 0.00 15.37 2.90 28.71 0.00 0.00 0.00 2.52 0.06 0.00 8.31

JS3C-Net[15]† 38.98 50.49 23.74 11.94 0.07 15.03 24.65 4.41 0.00 0.00 6.15 18.11 4.33 26.86 0.67 0.27 0.00 3.94 3.77 1.45 10.31

MonoScene[1] 37.12 57.47 27.05 15.72 0.87 14.24 23.55 7.83 0.20 0.77 3.59 18.12 2.57 30.76 1.79 1.03 0.00 6.39 4.11 2.48 11.50

TPVFormer[3] 35.61 56.50 25.87 20.60 0.85 13.88 23.81 8.08 0.36 0.05 4.35 16.92 2.26 30.38 0.51 0.89 0.00 5.94 3.14 1.52 11.36

OccFormer[17] 36.50 58.85 26.88 19.61 0.31 14.40 25.09 25.53 0.81 1.19 8.52 19.63 3.93 32.62 2.78 2.82 0.00 5.61 4.26 2.86 13.46

VoxFormer-T[9] 44.15 53.57 26.52 19.69 0.42 19.54 26.54 7.26 1.28 0.56 7.81 26.10 6.10 33.06 1.93 1.97 0.00 7.31 9.15 4.94 13.35

HASSC-T[13] 44.58 57.23 29.08 19.89 1.26 20.19 27.33 17.06 1.07 1.14 8.83 27.01 7.71 33.95 2.25 4.09 0.00 7.95 9.20 4.81 14.74

Symphonies[4] 41.92 56.37 27.58 15.28 0.95 21.64 28.68 20.44 2.54 2.82 13.89 25.72 6.60 30.87 3.52 2.24 0.00 8.40 9.57 5.76 14.89

H2GFormer-T[14] 44.69 57.00 29.37 21.74 0.34 20.51 14.29 6.80 0.95 0.91 9.32 27.44 7.80 36.26 1.15 0.10 0.00 7.98 9.88 5.81 14.29

BRGScene[6] 43.34 61.90 31.20 30.70 10.70 24.20 22.80 2.80 3.40 2.40 6.10 23.80 8.40 27.00 2.90 2.20 0.50 16.50 7.00 7.20 15.36

CGFormer[16] 45.99 65.51 32.31 20.82 0.16 23.52 34.32 19.44 4.61 2.71 7.67 26.93 8.83 39.54 2.38 4.08 0.00 9.20 10.67 7.84 16.87

HTCL-S[7] 45.51 63.70 32.48 23.27 0.14 24.13 34.30 20.72 3.99 2.80 11.99 26.96 8.79 37.73 2.56 2.70 0.00 11.22 11.49 6.95 17.13

Ours 49.10 67.57 35.69 24.28 1.42 28.76 34.85 25.23 2.09 1.47 11.88 32.99 13.8 43.49 3.39 2.74 0.00 9.15 14.01 10.06 19.10

Table 1. Quantitative results on the SemanticKITTI validation set. † represents the results obtained when these methods use RGB inputs,

which are implemented and reported in MonoScene [1]. The best results are in Bold.

reported numbers of previous methods are taken from their

original papers. Our method consistently achieves the high-

est IoU and mIoU in all settings. In the stereo-depth regime,

our approach improves upon the strongest single frame

method CGFormer [16] by +2.89 IoU and +2.23 mIoU, in-

dicating a more reliable geometric reconstruction. When

settting to monocular depth known to be more challenging

due to scale ambiguity, our model still surpasses all com-

petitors with substantial margins. These improvements con-

firm that our method generalizes well across varying depth

qualities and remains highly competitive in both settings.

C.3. Ablation Study for Backbone Networks

Table 3 presents the effect of different backbone networks

on semantic occupancy performance. Using ResNet50

[2], our method achieves the highest results among all

ResNet50-based models, reaching 49.10 IoU and 19.10

mIoU, outperforming Symphonies [4], HASSC [13], SGN

[10], and SOAP [5]. When switching to the more power-

ful EfficientNet-B7 [12] encoder, our approach again de-

livers the best performance (48.28 IoU and 19.58 mIoU),

surpassing all current state-of-the-art methods. These re-

sults demonstrate that our method consistently enhances se-

mantic occupancy prediction across diverse backbone archi-

tectures, exhibiting strong generalization and robustness re-

gardless of the underlying image encoder.

Method Stereo Depth Mono Depth
IoU(%) mIoU(%) IoU(%) mIoU(%)

VoxFormer 44.15 13.35 38.08 11.27

OccFormer - - 36.50 13.46

Symphonize 41.92 14.89 38.37 12.20

SGN 46.21 15.32 41.87 12.91

CGFormer 45.99 16.87 41.82 14.06

Ours 49.10 19.10 44.26 16.67

Table 2. Comparison on the stereo and monocular settings on the

SemanticKITTI validation set.

Method Image encoder IoU(%)↑ mIoU(%)↑
Symphonies ResNet50 41.92 14.89

HASSC ResNet50 44.58 14.74

SGN ResNet50 46.21 15.32

SOAP ResNet50 48.12 18.80

Ours ResNet50 49.10 19.10

OccFormer EfficientNetB7 36.50 13.46

HTCL-S EfficientNetB7 45.51 17.13

CGFormer EfficientNetB7 45.99 16.87

SOAP EfficientNetB7 47.24 19.21

Ours EfficientNetB7 48.28 19.58

Table 3. Ablation Study for Backbone Networks on the Se-

manticKITTI validation set.



D. Additional Qualitative Results

D.1. More Analysis of the Occupancy Change
We further visualize the occupancy differences before and

after applying our coarse occupancy module, as shown in

Fig. 2. The resulting change map highlights the regions

updated by our coarse occupancy generation, showing that

incorporating additional coarse occupancy provides richer

structural cues for semantic prediction. In addition, we

compare our results with those of HTCL-S. The compari-

son demonstrates that introducing coarse occupancy yields

noticeably more complete and structurally coherent seman-

tic reconstructions.

D.2. More Comparison with Other Methods
In Fig. 3, we present additional qualitative compar-

isons against the state-of-the-art methods VoxFormer-T and

HTCL-S. Our approach consistently delivers more coher-

ent global structures and reconstructs fine-grained details.

In addition, the predictions exhibit improved environmen-

tal consistency and stronger semantic awareness, leading to

more reliable and visually plausible occupancy results.

E. Limitations and Future Work

Despite the notable improvements of the proposed method

over existing approaches, several limitations remain. As

indicated by the parameter–performance analysis, adopting

a larger backbone (e.g., replacing it with a EfficientNetB7

network) can yield substantial performance gains, but at the

cost of significantly increased FLOPs and parameter counts.

Designing more efficient architecture strategy that scale to

higher input resolutions without incurring excessive com-

putational overhead would further enhance performance.
Finally, although our method has been evaluated on

widely used benchmark datasets, real-world deployment
presents additional challenges, such as sensor synchro-
nization errors and dynamic lighting conditions. Extend-
ing our experiments to more diverse real-world datasets
and improving robustness under open-set conditions—as
well as implementing the method within multi-view percep-
tion pipelines—represent promising directions for future re-
search.
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Figure 2. Comparison between the ground truth occupancy and coarse occupancy changes. The change map shows the difference before

and after applying our coarse occupancy generation.
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Figure 3. More qualitative comparisons on SemanticKITTI validation set.


