GS-Occ3D: Scaling Vision-only Occupancy Reconstruction
with Gaussian Splatting

Supplementary Material

1. Prelimnary
1.1. 3DGS

3DGS [5] represents a 3D scene by a set of Gaussian Prim-
itives, each defined as:

G(x) = o (50— W= ) ) )
where z € R3*! is Gaussian’s 3D position in the scene,
p € R3*! is the mean vector, and X € R3*3 is the co-
variance matrix. To ensure positive semi-definiteness, 3 is
parameterized as ¥ = RSSTRT, where R € R3*3 is a
rotation matrix and S € R3*?3 is a scaling matrix.

To render an image, 3D Gaussians are projected onto a
2D plane, sorted by depth, and alpha-blended to compute
pixel colors:
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where n is the number of contributing 2D Gaussians, T;
is the transmission factor, and c; represents the spherical
harmonics-based color of the i-th Gaussian.

1.2. Scaffold-GS

Scaffold-GS [6] represents 3D scenes using anchor points,
decoding Gaussian properties (R, S, ¢, a) from the anchor
feature 7 € R? via multiple MLPs. The relative positions
of Gaussians with respect to the parent anchor center are
embedded in F, allowing for implicit encoding of Gaus-
sian components while utilizing the MLP’s fitting capabil-
ity. Gaussians are instantiated dynamically each iteration
and removed after updates, optimizing memory efficiency.

2. Loss Function

The overall loss is formulated as a weighted sum of five
components: RGB loss, geometry loss, object loss, ground
loss, and sky loss. It can be written as:

L= Lrgb+)\geoLgeo+)\objLobj +)\7‘oadLroad+)\sk:yLsky7

(3)

where Ageo, Aobj> Aroad> and Asgy denote the corresponding
weights.

As in 3DGS [5], we apply a combination of L1 loss and

D-SSIM loss to supervise the RGB reconstruction, form-

ing the RGB loss L,g,. For the geometry loss Lge,, we

introduce a surfel regularization term to flatten Gaussians
into surfels, along with geometry constraints from 2DGS
and GOF, which encourage the surfels to better conform to
the underlying scene geometry. To model dynamic objects,
we apply an entropy-based object loss Ly; following [9],
encouraging a clearer decoupling between foreground and
background within the object opacity map. For the road
surface, we introduce an smoothness 10ss L,,qq [2] to en-
sure the road remains flat and even. For the sky region, we
apply a binary cross-entropy loss Ly, [9] to the rendered
opacity.

The detailed geometry loss Lge, is composed of three
terms: the surfel regularization loss, depth distortion loss,
and depth-normal consistency loss, formulated as:

Lgeo = )\sLs + Ade + AnLna (4)

where \s, A\g, and A, are the corresponding weights for
each term.
The surfel regularization term L is defined as:

Ly =ALs+ ALy, (5)

where L is the flatten loss from Neusg [1], and L. is a ratio
loss. Ly is defined as:

Lf :H min(51352753) ||1a (6)

where s, so, and s3 denote the scale factors of the Gaus-
sian, and minimizing the smallest scale encourages surfel
flattening.

To mitigate the needle-like artifacts, we apply a ratio loss
ensures the Gaussian approximates a circular shape:

L, = (s1/s2+ s2/s1 — 2), @)

where s; is the longest scaling factor, and s» is the second
longest.

The depth distortion loss Ly and depth-normal consis-
tency loss L,, are defined as:

Ld:Zwiwj|di—dj|, (8)
‘7]‘
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The object loss L.y, is an entropy loss applied to the
opacity map of the decomposed dynamic objects Ogp,;. This
term encourages a clearer separation between foreground
and background:



‘Creg = — Z(Oobj log Oobj =+ (1 — Oobj) log(l — Oobj))~
(10)
For the road surface, we introduce an elevation smooth-

ness term to ensure the surface remains flat and even.

Z > Nz 5l3, (1n
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where z represents the z-coordinate of each road surfel, and
N (i) denotes its K nearest neighbors.

Finally, to constrain the sky region, we apply a binary
cross-entropy loss between the rendered opacity O, and the
predicted sky mask My :

Loky == »_((1 = Myy)log Oy + Mgy log(1 — O)).
12)
During training we set the weight of losses as follows:
Aobj = 0.1, Aroaqd = 0.003, Mgy = 0.05, Ay = 100.0,
Ar = 1.0, Ay = 100.0, and A,, = 0.01.

3. Detailed Experimental Setup

3.1. Geometry Reconstruction Experimental Setup

Implementation Details. To ensure fair comparison, we
align the training and densification schedules across all
methods. Training runs for 40,000 iterations, with densi-
fication concluding at 30,000 iterations. For our method,
the voxel size of the intermediate anchor grid is set to 0.02.
All experiments are conducted on a single NVIDIA A100
80GB GPU.

Metrics. We evaluate reconstruction quality across geom-
etry, rendering, and efficiency. For geometry, we follow
StreetSurf [3] to use Chamfer Distance (CD) bgtween the
reconstructed and original LiDAR point clouds G, G:
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For rendering quality, we report peak signal-to-noise ra-
tio (PSNR). For efficiency, we record storage requirements,

GPU memory usage, and training time.

3.2. 3D Occupancy Prediction Experimental Setup

Datasets. We conduct experiments on the Occ3D-Waymo
and Occ3D-nuScenes dataset. The spatial range is set to
[—40 m, 40 m] for both x and y axes, and [—1 m, 5.4 m]
for the z axis. The voxel grid size is (0.4 m, 0.4 m, 0.4 m),
resulting in a resolution of (200 x 200 x 16) for (H, W, Z).
Occ3D-Waymo is one of the most diverse and comprehen-
sively labeled open-source 3D occupancy datasets.

Figure 1. More Qualitative Results of Our Curated Labels.
Within the camera’s field of view, our geometry is comparable to
Occ3D’s, providing reliable, prior-free supervision for occupancy
model training. The metrics are slightly degraded because the lack
of a rear view prevents reconstruction behind the initial frame.

indicates the binary labels, while other colors represent the
Occ3D semantic labels.

. Geometry | Rendering
Method ‘ Variant ‘ D} ‘ PSNR 1
w/ Ground Gaussians 1.23 25.60
2bGS [4] ‘ w/o Ground Gaussians 1.32 ‘ 23.71
w/ Ground Gaussians 0.87 26.22
GVKF [7] ‘ w/o Ground Gaussians 0.91 ‘ 25.89

Table 1. Ablation for Ground Gaussians on the Waymo Static-
32 Split. We show the effectiveness of our Ground Gaussians.

Implementation Details. We train SOTA occupancy model
CVT-Occ [10] for 8 epochs using AdamW with a cosine an-
nealing learning rate schedule starting from 4 x 10~%. Train-
ing is conducted on 8 NVIDIA A100 GPUs with a batch
size of 1 per GPU. Input images are resized to 960 x 640
pixels.

4. Additional Visualization Results

Fig. 1 visualizes our curated labels on the Waymo. Our ap-
proach achieves geometry on par with Occ3D within the
camera’s field of view, ensuring accurate and consistent su-
pervision for occupancy model training without requiring
geometric priors. However, the inherent limitation of the
camera’s rear visibility prevents the effective reconstruction
of labels behind the initial frame of the scene. As a result,
regions outside the camera’s field of view receive insuffi-
cient supervision, leading to a slight decline in evaluation
metrics.

5. Additional Ablation Results

We also evaluate the effectiveness of our ground gaussians
on 2DGS [4] and GVKEF [7] using the Waymo Static-32 split
[8], averaged across all scenes. As shown in Tab. 1, incorpo-



rating ground gaussians significantly enhances both visual
and geometry reconstruction in both methods, demonstrat-
ing its effectiveness.

6. Detailed Experiment Results

Tab. 2 and Tab. 3 show detailed experimental results for the
different camera setup on the Waymo Static-32 Split. We
find that: (1) Unlike other methods that can degrade with
more views, our approach benefits from a 5-camera input.
(2) Directly reconstructing the point cloud is a more suitable
and scalable approach.
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CD-Point Cloud | CD-Mesh | PSNR 1
Sequence | Ours GVKF 2DGS PGSR | GVKF 2DGS PGSR | Ours GVKF 2DGS PGSR
003 051 0.84 0.73 5.14 1.53 1.77 541 | 2719 2578 2289 19.74
019 048 0.84 1.03 4.89 1.02 1.79 574 | 27.07 2491 2340 16.81
036 045 0.87 1.36 3.00 1.45 2.01 332 | 27.19 2722 2293 2215
069 064 097 1.78 4.84 1.26 291 5.17 | 27.16 27.62 25.18 18.04
081 049  0.90 1.08 3.74 2.16 3.76 572 | 2817 2543 2256 1945
126 039 0.56 0.83 1.87 1.01 1.86 2.14 | 29.23 2825 2830 2499
139 0.62 0.80 1.14 2.89 1.25 2.01 377 | 2523 25.64 23.11 19.27
140 054 0.72 1.37 2.73 1.08 1.83 3.49 | 2563 25.10 23.11 1823
146 0.70  0.70 1.37 2.76 0.97 2.41 470 | 2616 26.00 25.04 16.96
148 043  0.70 1.25 4.73 1.10 1.87 6.92 | 27.55 26.02 2420 19.99
157 045  0.73 0.55 1.57 1.05 1.19 1.82 | 2826 26.19 23.81 19.78
181 047  0.62 0.90 3.98 0.81 1.26 521 | 26,79 2577 23.61 19.92
200 0.81 1.05 1.27 3.00 1.18 2.18 272 | 2662 29.58 27.53 18.07
204 053 0.86 1.25 4.48 1.27 1.87 6.12 | 2744 2673 23.09 20.81
226 042 0.52 0.64 4.61 1.20 1.63 523 | 25.84 22.03 1943 18.56
232 040 0.87 1.01 4.40 1.06 1.25 596 | 2693 2545 23.06 20.90
237 0.95 1.41 1.97 4.68 1.42 2.79 5.69 | 25.14 2720 26.12 18.82
241 047 0.88 1.38 4.37 1.26 2.47 444 | 2848 2679 2350 19.16
245 066 092 1.00 3.06 1.04 2.03 4.12 | 26.87 2550 2334 16.38
246 0.60 0.98 1.45 3.87 1.46 2.44 432 | 2734 2595 2239 21.09
271 059 0.87 0.80 2.88 1.25 1.43 354 | 2641 2460 2336 16.95
297 0.62 0.87 347 3.05 1.48 3.57 330 | 27.53 2354 2151 1752
302 0.67  0.64 1.48 3.47 0.94 2.14 3.83 | 2515 2369 2235 18.20
312 0.61 0.59 1.20 3.53 0.95 2.80 4.05 | 24,57 2398 21.89 15.30
314 0.51  0.90 0.76 3.47 1.05 1.47 3.66 | 27.56 2470 23.01 16.28
362 0.75  0.69 1.40 3.32 1.08 1.92 477 | 26.54 2620 25.07 18.37
482 0.50 1.08 1.17 3.86 2.22 2.37 439 | 2830 2497 22.04 20.06
495 0.59 0.76 1.50 3.49 0.86 2.24 4.68 | 2946 29.69 2846 25.09
524 0.50 0.64 1.18 4.36 0.88 2.54 435 | 2485 25.03 21.88 19.73
527 049  0.81 0.96 1.89 1.16 2.11 3.28 | 2811 2638 2393 1835
753 046 0.74 1.19 3.37 1.01 2.28 4.15 | 26.65 26.80 2407 19.36
780 0.53 1.04 1.66 4.96 1.51 2.37 5.02 | 2499 2512 2127 19.35
Average | 0.56  0.82 1.25 3.63 \ 1.22 2.14 441 | 26.89 2587 2342 19.18

Table 2. Detailed Experimental Results for the 5-Camera Setup on the Waymo Static-32 Split.



CD-Point Cloud | CD-Mesh | PSNR 1
Sequence | Ours GVKF 2DGS PGSR | GVKF 2DGS PGSR | Ours GVKF 2DGS PGSR
003 0.68  0.67 0.74 3.11 1.14 1.51 4.19 | 28.63 2622 25.19 2222
019 055 092 1.32 3.14 0.79 2.01 3.04 | 2791 2504 23.63 24.18
036 049  0.68 0.93 2.69 1.18 1.32 239 | 28.78 27.77 27.44 2488
069 070  0.85 1.21 4.20 0.94 2.04 3.53 | 27.65 2823 2772 2549
081 0.62 0.94 1.12 3.16 2.06 3.55 4.67 | 27.55 2535 2557 21.17
126 047 0.5 0.95 1.69 0.97 1.51 1.77 | 3048 28.62 30.14 27.60
139 0.78 1.06 1.35 3.10 1.31 1.76 287 | 2556 25.78 2498 19.92
140 0.59  0.69 1.32 2.36 0.99 1.66 205 | 25,70 25.68 2572 23.73
146 062 097 1.45 3.12 1.11 2.05 2.9 2537 2644 2642 20.15
148 047 0.58 1.07 3.26 1.06 1.23 353 | 2880 2647 2569 23.92
157 055 0.67 0.55 1.44 1.05 1.41 1.60 | 27.44 26.63 2580 21.98
181 051 0.82 0.87 3.84 0.66 1.04 3.99 | 25.07 2571 2474 23.39
200 0.82 1.38 1.67 2.43 1.52 2.64 223 | 27.00 30.01 2934 22.71
204 0.60 0.75 1.13 2.72 1.12 1.53 284 | 2812 2698 26.73 25.53
226 044 049 0.62 3.17 0.78 1.20 348 | 2534 2222 2138 1941
232 051 0.62 0.84 4.03 0.83 1.43 441 | 27,54 2586 2489 22.19
237 1.09 1.88 2.19 2.69 0.91 2.38 244 | 2511 2731 26.77 25.36
241 0.56 0.88 1.16 3.53 0.66 2.59 3.19 | 28.08 2738 2499 21.44
245 0.81 1.29 1.39 2.04 1.05 222 201 | 2640 2595 2520 19.72
246 1.01 1.04 1.47 3.65 0.78 2.46 379 | 27.22 2645 24777 24.03
271 071 095 0.87 1.91 1.21 1.25 2.00 | 27.13 2478 2522 20.50
297 0.95 1.00 3.48 4.11 1.34 3.63 420 | 25.94 24.15 2430 20.21
302 0.64 0.68 1.49 2.71 0.73 1.66 2770 | 2422 2392 2358 20.55
312 072  0.61 1.01 2.33 0.83 1.87 249 | 24.84 24.14 2400 22.03
314 089 091 0.60 2.33 0.71 1.35 270 | 28.14 2495 2510 19.24
362 077 0.84 1.75 2.56 1.11 2.06 272 | 2636 2673 2633 24.12
482 0.74 1.00 0.91 3.33 1.24 1.34 391 | 2737 25.16 2345 22.28
495 0.57  0.65 1.27 3.00 0.67 1.73 3.12 | 2834 29.85 29.6 2641
524 0.55  0.66 1.05 2.86 0.65 2.07 3.08 | 2445 2558 23.82 23.36
527 070 094 1.08 1.62 1.17 1.66 1.93 | 29.04 27.00 26.51 21.37
753 0.51 0.70 1.02 2.27 0.97 1.39 247 | 2735 27.06 27.16 24.01
780 0.60 0.90 1.39 4.27 1.23 1.77 460 | 2591 2550 2293 2046
Average | 0.66  0.87 1.23 2.90 \ 1.02 1.85 3.03 \ 2696 2622 2560 22.61

Table 3. Detailed Experimental Results for the 3-Camera Setup on the Waymo Static-32 Split.
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