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Abstract

3D Gaussian Splatting (3DGS) has emerged as a power-
ful technique for high-fidelity scene representation, offering
faster training times compared to Neural Radiance Fields
(NeRF). However, these representations often result in high
memory consumption and are computationally heavy for
downstream robotics applications such as collision check-
ing. To address this, we propose a ”Spatial Pruning” ap-
proach that exploits spatial information. Our method intro-
duces a spatially varying sparsity penalty and utilizes 3D
occupancy grids to guide pruning. We demonstrate that our
approach, specifically using 2D regularization and 3D oc-
cupancy grid-based pruning, achieves competitive visual fi-
delity compared to the original Gaussian Splatting on the
Tanks & Temples dataset while effectively reducing model
complexity to 0.71 times the original model size. '

1. Introduction

The representation of 3D scenes from 2D imagery has seen
a paradigm shift with the advent of differentiable render-
ing techniques. Early approaches relied on fully continu-
ous representations, such as Coordinate Multi-Layer Per-
ceptrons (MLPs) utilized in Neural Radiance Fields (NeRF)
[9]. These methods map spatial coordinates (x,y, z) to
color and density values (r, g, b, o), offering photorealistic
results but suffering from slow training and inference times
due to the costly volumetric ray-marching required. Con-
versely, fully discrete methods like voxel grids and surface
meshes offer speed but often lack the representational flexi-
bility to handle complex, semi-transparent scene details [2].

Bridging this gap, hybrid models such as KiloNeRF [10]
and tensor factorization methods have attempted to bal-
ance fidelity with speed. However, 3D Gaussian Splatting
(3DGS) [4] has recently established itself as a new state-
of-the-art by representing scenes as a cloud of millions
of anisotropic 3D Gaussians. This explicit representation

1+ indicates equal contribution

allows for rasterization-based rendering, which is signifi-

cantly faster than volumetric ray-marching.

Despite its success, 3DGS is not without limitations.
The standard optimization process is prone to over-
reconstruction, often placing thousands of small, redundant
Gaussians in flat, textureless regions to minimize photomet-
ric error, even when fewer primitives would suffice [1]. Fur-
thermore, the lack of explicit empty-space skipping leads to
the generation of “floaters”, artifacts in empty space that de-
grade visual quality and waste memory. For robotics appli-
cations, where collision checking and memory constraints
are critical, these inefficiencies render standard 3DGS mod-
els suboptimal.

To address these challenges, we introduce a method to
incorporate explicit spatial information into the pruning and
optimization loops. We observe that models waste compu-
tational resources in empty space. Therefore, we propose a
”Spatial Pruning” strategy that leverages:

1. Spatially Varying Regularization: A 2D gradient-
based penalty that enforces lower number of gaussians
in flat regions while preserving detail in textured areas.

2. Occupancy-Aware Pruning: Integration of NerfAcc
[7] to maintain a dynamic occupancy grid, allowing for
the aggressive removal of Gaussians in empty space dur-
ing optimization.

Our contributions demonstrate that it is possible to
achieve competitive visual metrics compared to the original
3DGS implementation (PSNR, SSIM, LPIPS) while having
a significantly lower model size.

Motivation: The Over-Reconstruction Problem. Stan-

dard 3DGS optimization densifies primitives based on po-

sitional gradients of the photometric loss. While effective
for detailed textures, this heuristic fails in flat or textureless
regions where gradients are dominated by high-frequency
noise rather than geometric signal. Consequently, the op-
timizer “over-reconstructs” these areas by spawning thou-

sands of minute, redundant Gaussians to fit the noise [1, 6].

Recent studies have empirically validated this inefficiency;

for instance, Trimming the Fat [1] demonstrates that up to

75% of gaussians in standard 3DGS models are redundant



and can be removed without visual degradation.

2. Related Work

Neural Scene Representations: The landscape of scene
representation is vast. Continuous methods [9] utilize neu-
ral networks to implicitly define geometry and appearance.
Discrete methods, such as pixel/voxel grids, offer direct ac-
cess to geometry but scale poorly with resolution. Hybrid
approaches like K-Planes [2] utilize tensor factorization to
decompose space and time, yet often retain high computa-
tional costs for training.

3D Gaussian Splatting: 3DGS replaces MLPs with ex-
plicit 3D Gaussians defined by position, covariance, color,
and opacity [4]. Rendering is performed via a differentiable
tile-based rasterizer. While faster than NeRFs, the unstruc-
tured nature of the point cloud makes density control chal-
lenging.

Pruning and Compression: Recent works have at-
tempted to optimize 3DGS models. "Trimming the Fat” [1]
focuses on post-training pruning, removing primitives that
contribute minimally to the final image. However, this does
not aid the optimization process itself. Uncertainty-based
pruning methods, such as PUP 3D-GS [3], utilize variance
metrics to guide pruning but can struggle with convergence
without strong priors. Probabilistic masking approaches
like MaskGaussian [8] attempt adaptive density control via
masking but often incur texture loss. In this work, we ac-
tively modify the loss landscape during training using spa-
tial priors and leverage occupancy grids for real-time geom-
etry validation.

3. Methodology

Our framework modifies the standard 3DGS optimization
pipeline in two key areas: the loss function and the densifi-
cation/pruning logic.

3.1. 2D Regularization via Gradient-Aware Maps

The standard 3DGS loss function is a linear combination
of L1 loss and D-SSIM term. We argue that the current
loss formulation encourages the model to overfit noise in
smooth regions. To counter this, we introduce a spatially
varying parameter A(; ).

Gradient Map Generation: We pre-compute a gradient
map based on the ground truth training images. For each
image, we convert it to grayscale and apply a Sobel filter
to extract gradient magnitudes. This gradient map is nor-
malized to the range [0, 1] and then inverted. The result is a
”Lambda Heat Map” where flat, smooth regions have high
values (strong regularization) and detailed edges have low
values (weak regularization).

Modified Loss Function: The objective function is aug-

Figure 1. Visualization of the spatial regularization components
on the Trucks scene at iteration 130. (a) On the left, we see Gradi-
ent Map extracted from the ground truth image, highlighting high-
frequency details. (b) The corresponding Lambda (\) Heat Map,
where Blue represents low values (A ~ 0, weak regularization) in
detailed regions, and represents high values (A ~ 1, strong
regularization) in flat regions. (c) The final Rendered Image on
the right, demonstrating how the adaptive regularization preserves
detail while smoothing flat areas.

mented as:
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By weighting the L1 term heavily in smooth regions, we
force the optimizer to rely on color consistency rather
than structural complexity, effectively “smoothing out” the
Gaussian distribution in those areas and facilitating the re-
moval of redundant small Gaussians during the pruning
phase.

3.2. Algorithmic Implementation and Adaptive
Densification

To enforce our spatial regularization strategy, we modify
the core densification logic of the 3DGS optimization loop.
The complete procedure is detailed in Algorithm 1.

Spatial Constraint on Densification (Line 14): A crit-
ical innovation in our approach is the conditional check in-
troduced at Line 15 of Algorithm 1: if Reg(p) < Treg. In
the standard 3DGS pipeline, any Gaussian exhibiting high
positional gradients (V,L > 7,) is a candidate for den-
sification (either cloning or splitting). This mechanism is
designed to add geometry where the reconstruction error is
high.

However, in flat or textureless regions, high gradients of-
ten arise not from missing geometry, but from the optimizer
struggling to fit noise or slight lighting variations using mul-
tiple small Gaussians. Densifying in these regions leads to
over-reconstruction and floaters.” [1][3]

Our added block acts as a spatial gatekeeper. The func-
tion Reg(p) queries the spatially varying regularization
map (the Lambda Heat Map described in Sec. 3.1) at the
Gaussian’s projected location.

« If the Gaussian resides in a high-detail region (e.g., edges,
texture), Reg(u) is high, allowing standard densification
to proceed to capture fine details.

* If the Gaussian resides in a smooth, flat region, Reg(y) is
low. The condition fails, and we strictly block the splitting
or cloning of Gaussians in this area.



Algorithm 1 Optimization and Adaptive Densification

Require: w, h: width and height of training images
1: M < SfM Points;
2: S, C, A + InitAttributes();
3: 14+ 0;
4: while not converged do
5 V, I+ SampleTrainingView();
6: I < Rasterize(M,S,C, A, V),
7: L < Loss(/, f);
8:  M,S,C, A<+ Adam(VL);
9:  if IsRefinementlteration(i) then
10: for all Gaussian (u, 3, ¢, ) do

11: if < e or IsTooLarge(u, >) then
12: RemoveGaussian();

13: end if

14: if V,L > 7, then

15: if Reg(1) < Treq then

16: if ||S|| > 75 then

17: SplitGaussian(u, 2, ¢, @);
18: else

19: CloneGaussian(u, 2, ¢, @);
20: end if

21: end if

22: end if

23: end for

24:  end if

25: 11+ 1;
26: end while

By suppressing densification in low-frequency regions, we
force the existing Gaussians to optimize their parameters
(scale and opacity) to fit the region, rather than spawning
new primitives. This effectively creates a scenario where
only essential geometry remains, leading to a sparser repre-
sentation without explicit post-hoc pruning.

3.3. Occupancy Grid-Based Pruning

A major limitation of vanilla 3DGS is its blindness to global
geometry; it only sees what is projected onto the camera
view. To resolve this, we integrate an explicit volumetric
prior using NerfAcc [7].

Occupancy Grid Estimator: We initialize an Oc-
cupancy Grid Estimator with a resolution of 128, i.e.,
(128 x 128 x 128 voxel grid), covering the scene’s bounding
box. This grid acts as a coarse proxy for scene geometry
based on whether a particular voxel in the grid is occupied
or not. Intuitively, a voxel being marked empty implies that
the surrounding region of the voxel has low opacity, and
vice-versa.

Density Querying and Update: The grid must be up-
dated dynamically as the Gaussians move and change opac-
ity. Every few iterations, we query the density of the scene.

Scenario 1: Keep Gaussian Scenario 2: Prune Gaussian
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Figure 2. The pruning heuristic visualized using a simple exam-
ple. A Gaussian is marked for pruning if none of the points on
its boundary overlap with the occupied voxels from the occupancy
grid.

Since 3DGS does not have a continuous density field, we
approximate density by stochastically sampling Gaussians
and using a weighted combination of the opacity of the
neighboring Gaussians for a given grid voxel. This allows
the grid to learn which voxels are occupied (dense) and
which are empty.

Pruning Heuristic: We implement a strict pruning logic
based on grid occupancy. For a given Gaussian ellipsoid
defined by mean x4 and covariance :

» We first represent each Gaussian ellipsoid using a finite
set of points (depicted by the red points in Figure 2). For
our experiments we chose these points to be on the bound-
ary, and the mean point.

* If all sample points fall into voxels marked as “empty” by
the occupancy grid, the Gaussian is classified as a floater
or an artifact and is immediately pruned.

* If at least one sample point falls into an occupied” voxel,
the Gaussian is retained.

This pruning workflow is also illustrated in Figure 2.

Phased Optimization Schedule: To prevent premature
pruning of valid geometry that has not yet converged, we
divide training into two phases:

1. Early Phase (0 — 15k iterations): The model undergoes
standard adaptive density control (densify and prune) to
build up the scene structure. Simultaneously, the oc-
cupancy grid is updated and used for pruning, ensuring
only informative Gaussians are added.

2. Late Phase (15k — 30k iterations): We disable the stan-
dard densification to freeze the general structure. We
then enable NerfAcc-guided pruning every 1000 itera-
tions. This removes only a few Gaussians since the
guided pruning during the early phase ensures that only
useful Gaussians are retained. This observation is fur-
ther bolstered by the results in the top left plot in Figure
5.
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Figure 3. The 3D pruning pipeline using occupancy grids.
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Figure 4. Occupancy grid for the train image set from the tanks
and temples dataset.

[1].

Figure 3 illustrates the overall training and pruning
pipeline. The process begins by initializing the models and
the underlying grid, after which the algorithm enters the
main iteration loop. In each iteration, the grid is updated,
a render pass is performed, and gradients are backpropa-
gated. Depending on the current training phase, different
pruning strategies are applied: during the early phase (less
than 15k iterations), standard densification and pruning are
used, whereas in the late phase the system switches to a
nerfacc-guided pruning scheme executed periodically. The
red-circled blocks highlight the modules where our pro-
posed modifications are introduced, specifically affecting
initialization, per-iteration grid updates, and the nerfacc-
guided pruning stages.

4. Experiments and Results

Dataset and Preprocessing. We evaluate our method on
the Tanks and Temples dataset [5], specifically utilizing the
“Train” scene from the 3DGS-30K. This scene captures a
diesel locomotive in an outdoor environment, presenting a
challenging mix of large, texture-less surfaces (the metal
cabin) and high-frequency geometric details (vegetation,
and tracks).

The standard input consists of calibrated images and an
initial sparse point cloud (~1 million points) generated via
Structure-from-Motion. We employ a train/test split con-
sistent with the original gaussian splatting paper. For the
“Train” scene, every 8" image from the sorted sequence
is held out for evaluation, resulting in a test set compris-
ing approximately 12.5% of the total views. The remaining
images serve as the training set for optimization. All re-
ported quantitative metrics (PSNR, SSIM, LPIPS) are com-
puted on these unseen test views whereas the plots are that
of training.

4.1. Implementation Details

We implemented our method using the PyTorch-based
3D Gaussian Splatting framework, integrated with the
nerfacc library. All experiments were conducted on a
H200 GPU cluster from PACE-ICE. The optimization ran
for a total of 30,000 iterations.

4.2. Quantitative Evaluation

We compare our proposed method against the original
3DGS implementation and three state-of-the-art pruning
baselines: "Trimming the Fat” [1], "PUP 3D-GS” [3], and
”MaskGaussian” [8]. We report Peak Signal-to-Noise Ratio
(PSNR), Structural Similarity Index (SSIM), Learned Per-
ceptual Image Patch Similarity (LPIPS) and Compression
Ratio.

Analysis: Table | summarizes the performance of sev-
eral pruning and regularization strategies across PSNR,
SSIM, LPIPS, and compression ratio. Although some base-
lines obtain more aggressive compression, for example,
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Figure 5. Quantitative metrics for experiments performed for pruning during the training scene. (Top left) plots the number of Gaussians
with iterations. We can observe that during the proliferation stage, the first 15k iterations, the cloning of Gaussians is more controlled for
the Occupancy grid (nerfacc) and 2D-based pruning methods. (Top right) PSNR metrics vs. Number of gaussians for the two pruning
methods and the original Gaussian splatting algorithm. (Bottom left) SSIM vs. No. of gaussians for the two pruning methods and the
original Gaussian splatting algorithm. (Bottom right) LPIPS vs. No. of Gaussians for the two pruning methods and the original Gaussian

splatting algorithm.

Table 1. Quantitative comparison on the Tanks & Temples dataset (Train scene) on the held-out evaluation set

Method PSNR SSIM LPIPS(l) Compression ratio
3D Gaussian Splatting [4]  22.14  0.802 0.218 1.0
Trimming the fat [1] 22.51 0.761 0.319 0.08
Pup 3D-GS [3] 21.03  0.7600 0.296 0.09
Probabilistic Masking [8] 22.01 0.812 0.214 0.37
2D Regularization (Ours)  22.31 0.794 0.212 0.9
3D Pruning (Ours) 2212 0.794 0.217 0.71

Trimming the Fat[1] and Pup 3D-GS[3] reduce the model
size to 0.08 and 0.09 of the original, respectively however
this comes at a notable cost in reconstruction quality, as re-
flected by their lower SSIM and higher LPIPS scores. In
contrast, our methods are not designed to be the most ag-
gressively compressed representations; their compression
ratios (0.9 for 2D Regularization and 0.71 for 3D Prun-
ing) are more conservative compared to the pruning-focused
baselines. However, despite applying much milder com-
pression, our approaches achieve some of the best percep-
tual fidelity in the table. The 2D Regularization variant de-
livers the lowest LPIPS (0.212) and a competitive PSNR.
At the same time, the 3D Pruning method preserves im-
age quality close to the original Gaussian Splatting (PSNR

22.12 vs. 22.14) but still offers a meaningful reduction in
model size.

Overall, while our methods do not target state-of-the-art
compression ratios, they provide a favorable balance be-
tween fidelity and compactness, making them attractive in
scenarios where reconstruction quality is prioritized over
extreme compression.

Convergence Behavior: We analyzed the number of
Gaussians over iterations. Our occupancy grid-based prun-
ing (Late Phase) results in a stable reduction in primitive
count after 15k iterations, whereas the baseline continues to
accumulate unnecessary primitives.
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Figure 6. (a) Reconstruction using original Gaussian splatting. (b)
Reconstruction using 2D pruning. (c) Reconstruction using 3D
occupancy grid based pruning. Moving from (a) to (c) we see
that the fidelity of faraway points of the tree leaves becomes lower
which is expected.

4.3. Qualitative Evaluation

We present visual comparisons in Figure 6.

Artifact Removal: The original 3DGS model often pro-
duces “floaters” in the sky or empty background regions.
Our 3D Pruning method, guided by the occupancy grid, ef-
fectively identifies and removes these artifacts, resulting in
a cleaner background.

Surface Smoothing: In flat regions, such as the side of
the train cabin, the 2D regularization enforces smoothness.
The original model renders these areas with high-frequency
noise due to overlapping small Gaussians. Our result shows
a more coherent surface texture that accurately reflects the
material properties.

5. Conclusion

In this work, we presented a comprehensive framework for
Spatial Pruning in 3D Gaussian Splatting. By identifying
the limitations of standard densification in empty and flat
regions, we introduced a dual-pronged approach: 2D spa-
tial regularization to penalize over-densification in smooth
areas and 3D occupancy grid pruning to eliminate geo-
metric artifacts. Our extensive evaluation on the Tanks &
Temples dataset demonstrates that this approach not only
compresses the scene representation but also effectively en-
hances visual fidelity, outperforming the current state-of-
the-art 3DGS baseline.

Future work will focus on integrating depth priors from
monocular estimation networks to further refine the initial

sparse point cloud, potentially allowing for even faster con-

vergence in few-shot scenarios.
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6. Additional results

In this section we present additional qualitative results for
the spatial pruning in 3D gaussian splatting.

Figure 7. (from left to right), original gaussian splatting, 2d prun-
ing, and 3d occupancy grid based regularization. In each image set
the top row is a reconstruction from a particular camera view and
the bottom row is a zoomed in view highlighting the differences
in reconstruction between the three algorithms. We can conclude
that compared to original gaussian splatting, the two pruning algo-
rithms provide similar reconstruction.



(b)

Figure 8. (from left to right), original gaussian splatting, 2d prun-
ing, and 3d occupancy grid based regularization. In each image set
the top row is a reconstruction from a particular camera view and
the bottom row is a zoomed in view highlighting the differences
in reconstruction between the three algorithms. We can conclude
that compared to original gaussian splatting, the two pruning algo-
rithms provide similar reconstruction.
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