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Abstract

This work introduces a coarse-to-fine optimisation ap-
proach for 3D Gaussian Splatting (3DGS) that constructs
a Level of Detail (LoD) hierarchy during optimisation.
By progressively adjusting resolution, the method reduces
computational costs and accelerates optimisation. Based
on the sampling distance, defined as the ratio between the
resolution at which the model was optimised and the reso-
lution at which it is viewed, a selective rendering approach
further reduces the number of processed primitives, miti-
gating aliasing errors, at the cost of increased GPU mem-
ory usage due to the storage of multiple LoD levels. The
approach is evaluated against 3DGS and EWA-Filtering
baselines on widely used 360° and aerial datasets, focus-
ing on low-resolution reconstructions and zoom-out tra-
jectories. Results show that the method accelerates opti-
misation and reduces the number of rendered primitives
— particularly in distant or low-resolution views — while
maintaining visual quality comparable to the baselines.
Although the technique requires additional GPU memory
during rendering, it offers a practical approach towards
large-scale scene rendering applications, such as remote
sensing.
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1 Introduction

3D Gaussian Splatting (3DGS) has emerged as a strong
representation for novel view synthesis due to its combi-
nation of high visual quality and real-time rasterisation-
based rendering [6]. However, the efficiency and fidelity
of 3DGS degrade as scenes become larger and viewpoints
move away from the distribution of the training images.
In such cases, a model optimised for one sampling regime
may be rendered under another, leading to oversampling,
aliasing artefacts, and unnecessary processing of primi-
tives. At the same time, large-scale reconstructions in-
crease optimisation time, memory footprint, and rendering
cost.
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These issues motivate optimisation strategies that ex-
plicitly account for scale. Coarse-to-fine supervision has
recently been shown to improve optimisation efficiency
and, in several settings, to reduce the number of primi-
tives needed to represent a scene. Likewise, anti-aliasing
methods for Gaussian splatting have highlighted the im-
portance of matching reconstruction frequency to the sam-
pling conditions of both optimisation and rendering. In
parallel, large-scale radiance-field systems increasingly
rely on level-of-detail (LoD) mechanisms to keep render-
ing tractable on limited hardware.

This paper studies whether coarse-to-fine optimisation
can serve not only as a training schedule, but also as a
direct mechanism for constructing an LoD hierarchy dur-
ing a single optimisation run. We progressively optimise
3DGS on an image pyramid, save the intermediate models,
and merge them into a multi-resolution representation. We
then propose a selective rendering strategy that chooses the
appropriate LoD according to the ratio between the sam-
pling distance at which a primitive was optimised and the
sampling distance at which it is currently viewed. This
avoids a separate post-processing stage for constructing
LoDs from a full-resolution model.

The resulting method builds on the standard 3DGS
pipeline, adds only two scalar attributes per Gaussian, and
leaves the underlying densification pipeline unchanged,
which adaptively splits and clones Gaussians based on gra-
dient magnitude. It offers clear benefits: progressive opti-
misation reduces optimisation time and model size sub-
stantially, while selective rendering improves behaviour
in low-resolution and zoom-out regimes by reducing both
aliasing and the number of rendered primitives.

Our contributions are:

* A coarse-to-fine optimisation schedule for 3DGS that
saves intermediate models and turns them into an
LoD hierarchy within a single training run.

* A sampling-distance-based selective rendering algo-
rithm that chooses the appropriate LoD at render time
using per-Gaussian metadata.

* An evaluation on standard novel view synthesis
benchmarks and larger aerial scenes, showing re-
duced optimisation cost, improved low-resolution be-
haviour, and fewer rendered primitives for distant
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Figure 1: The reconstruction is progressively constructed
using low- to high-frequency images as a supervision sig-
nal for the optimisation. Starting from low resolution,
the supervision signal is refined as the optimisation pro-
gresses. Before upsampling, the model that fits the lower
resolution is saved. Finally, the optimisation is supervised
at full resolution, and the models are merged.

2 Related Work

3D Gaussian Splatting and anti-aliasing. 3DGS repre-
sents a scene as anisotropic Gaussians that are projected
and alpha-blended in screen space, enabling differentiable
optimisation and real-time rendering [6]. Its efficiency
has made it a widely used baseline for novel view syn-
thesis. However, because standard 3DGS evaluates pro-
jected splats at pixel centres, rendering a model outside
the sampling regime in which it was optimised can pro-
duce visible aliasing artefacts. Mip-Splatting addresses
this issue through world-space and screen-space filtering,
including an EWA-style screen-space filter that enforces a
minimum projected footprint [16, 17]. Analytic integra-
tion approaches anti-aliasing by evaluating splats over the
full pixel area, albeit at a higher computational cost [9].

Coarse-to-fine optimisation in Gaussian splatting.
Several recent methods exploit the observation that Gaus-
sian splatting tends to fit low frequencies first. Coarse-
to-fine strategies, therefore, begin with a reduced or
smoothed supervision signal and progressively increase
detail. Prior work has explored image-frequency modu-
lation, frequency-aware regularisation, and flexible LoD
construction during optimisation, showing that progres-
sive schedules can reduce model size and speed up conver-
gence while retaining competitive quality [3, 13, 2, 5]. Our
approach follows this line of work, but focuses specifically
on using the saved intermediate models as a practical LoD
hierarchy for rendering, rather than treating the schedule
only as an optimisation aid.

Large-scale reconstruction and LoD rendering. Scal-
ing radiance fields to large environments remains chal-
lenging due to optimisation and memory constraints. Ex-
isting systems address this either by partitioning scenes

into chunks or by building hierarchical structures that
can be rendered at different levels of detail. Chunk-
based methods can be effective, but require explicit post-
processing to assemble the final hierarchy [7, 11, 12, 15].
In contrast, our method constructs the LoD hierarchy di-
rectly from intermediate optimisation states and uses a
sampling-based selection rule at render time. The goal
is not to replace full hierarchical streaming systems, but
to provide a lightweight first step that already captures
substantial efficiency gains for low-resolution and distant
views.

3 Method

We build on the standard 3DGS pipeline and introduce two
additions: a progressive resolution schedule during opti-
misation, and a sampling-distance-based rule for selecting
the appropriate LoD during rendering.

3.1 Progressive LoD Optimisation

Let the full-resolution supervision images define the finest
level of an image pyramid. Instead of optimising 3DGS
directly at full resolution, we start from a lower-resolution
version of each image and progressively increase the su-
pervision resolution over the course of optimisation. In the
experiments of this paper, we use a five-level pyramid with
scales (%, %, %, %, 1) and upsample the supervision signal
at regular iteration intervals.

Our optimisation proceeds exactly as in 3DGS, except
that at iteration ¢ the loss is computed against the supervi-
sion image at the current pyramid level. Before each up-
sampling step, the current Gaussian model is saved. After
the final full-resolution stage, the saved models are merged
into a single point cloud that contains all levels of detail.
This yields a LoD hierarchy “for free” from one optimisa-
tion run.

The intuition behind our model is the following: Low-
resolution images contain lower spatial frequencies and
can be matched with fewer primitives. Early optimisation,
therefore, propagates gradients through fewer pixels and
typically produces more compact models. Later stages re-
fine the representation only where finer detail is needed.
The optimisation process is illustrated in Figure 1.

For each Gaussian, we store two additional scalar at-
tributes:

1. The sampling distance at which the primitive was ob-
served during optimisation.

2. The relative supervision scale (downsampling factor)
of the model in which the primitive was saved.

These attributes are sufficient to determine which LoD
should be used during rendering.
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3.2 Sampling-Distance-Based
Selective Rendering

Selective rendering is based on the observation that the
sampling distance of a surface patch depends on the image
resolution, focal length, and distance to the camera. Under
the pinhole camera model, the sensor sampling distance is

5=, ey

where r denotes image resolution. The world-space sam-
pling distance is then

S= s;, 2)
where d is the Euclidean distance from the camera to the
primitive and f is the focal length.

At render time, we compare the current sampling dis-
tance to the one under which a primitive was optimised.
With hats denoting optimisation-time quantities, the rela-
tive sampling distance becomes

e
S,zi?:A”. 3)
S dfyr

Intuitively, S, = 1 means the primitive is rendered under
the same sampling conditions as during optimisation. If
S, > 1, the current view corresponds to a coarser sampling
regime, and a lower-resolution LoD may be more appro-
priate.

Each saved model corresponds to a discrete supervision
scale S,. Given a merged LoD hierarchy, we clamp the
current sampling distance to the available range and keep
a primitive if

|So — clamp(Sy, Smin, Smax )| < 0.5. %)

To blend between two consecutive LoD, a blending ratio
b €[0,1] is used. When b > 0, Gaussians of two LoD can
overlap.

ISy — clamp(Sy, Smin, Smax )| < 0.5+0.5b 5)
The opacity of the Gaussians is adjusted by the factor o.

0— — S — clamp(S;, Smin, Smax) | i 0.5f

05 (6
5 b+ (6)

Primitives outside the selected level are culled before
rasterisation. In practice, this means that detailed Gaus-
sians are used only where the current viewpoint justifies
them, while coarser regions fall back to lower-resolution
models, as exemplified in Figure 2.

This strategy differs from screen-space anti-aliasing fil-
ters. EWA-style filtering smooths the projected footprint
of a Gaussian during rasterisation; our method instead
switches to a model that was actually optimised for the
appropriate sampling regime. The two are therefore or-
thogonal and can also be combined.

(a) Optimisation (%)

(b) Rendering (S)

(c) Reconstruction S, = %

Figure 2: Visualisation of three sampling-distance notions
(top to bottom) for two viewpoints (left, right). The op-
timisation sampling distance is approximated by the dis-
tance to the closest optimisation view from which a Gaus-
sian was optimised (Subfigure a). The rendering sampling
distance depends on the distance to the current view cam-
era, with nearby points seen at higher resolution (Subfig-
ure b). The reconstruction sampling distance is the ra-
tio between both quantities (Subfigure c¢). For views out-
side the optimisation distribution (left), parts of the scene
are reconstructed at lower resolution; for views close to
it (right), the sampling distance is more uniform, and the
scene is reconstructed at a single resolution.
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4 Results

We evaluate the method against the GraphDeco-Inria
3DGS baseline [6] and against EWA-Filtering as used in
Mip-Splatting [16]. For progressive optimisation, experi-
ments are conducted on all Mip-NeRF 360 scenes [1], two
Tanks & Temples scenes (Truck andTrain) [8], and two
Deep Blending scenes (Dr. Johnson and Playroom) [4].
Following common practice, every 8th image is used for
testing. Unless stated otherwise, models are optimised for
30k iterations and densified until iteration 25k. Render-
ings of the test sets are produced without blending. We
report PSNR (higher is better), SSIM (higher is better),
and LPIPS (lower is better) to assess perceptual quality
and structural similarity.

To analyse selective rendering under out-of-distribution
viewpoints, we additionally render zoom-out trajectories
on one Mip-NeRF 360 scene (Bicycle) and three larger
aerial scenes (Building [14], ArtSci [10], and Wolf an der
Au - internally captured). These experiments focus on two
questions: how reconstruction quality changes when ren-
dering at lower resolution, and how the number of ren-
dered Gaussians and frame time evolve as the camera
moves away from the scene.

4.1 Progressive Resolution Scheduling

Progressive resolution scheduling can be adjusted to bal-
ance faster optimisation of smaller models with higher-
quality models. As shown in Table 1, the schedule leading
to the highest quality in our study uses a five-level lin-
ear pyramid and early upsampling intervals. The smallest
model is obtained fastest with quadratic pyramid scaling
and late upsampling. Compromising between model size
and reconstruction quality, the linear pyramid scaling with
constant upsampling intervals is used for further compari-
son in this work.

A central question is whether progressive resolution
scheduling improves the optimisation trade-off between
quality, model size, and runtime. Across all benchmark
datasets, the answer is yes for efficiency, but not for final
full-resolution quality. These findings are summarised in
Table 2.

Relative to standard 3DGS, progressive optimisation re-
duces the average model size from 2.26 x 10° to 1.31 x 10°
Gaussians and shortens total optimisation time from 191.6
to 136.7 minutes. This corresponds to roughly half the
number of primitives and about two-thirds of the opti-
misation time. The cost is a small drop in reconstruc-
tion quality: average PSNR decreases from 27.63 to 27.28
dB, SSIM from 0.843 to 0.826, and LPIPS increases from
0.183 to 0.217. These results summarised in Table 3 indi-
cate that using progressive resolution is an effective model
reduction and optimisation speedup strategy, even though
in our experiments it does not improve the full resolution
image metrics over the baseline. The mean iteration time
is reduced because fewer gradients are backpropagated

from smaller images to fewer primitives. The progress of
the model size is shown in Figure 3. Our method should
be understood primarily as an efficiency-oriented optimi-
sation schedule that preserves comparable quality, rather
than as a universal quality-improvement method.
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Figure 3: Progress of the number of Gaussians and PSNR
measured against full resolution ground-truth during the
course of optimisation of the Stump scene. The PSNR on
the test set is drawn as a dotted line.

4.2 Selective Rendering

The second question is whether the saved intermediate
models can serve as an effective LoD hierarchy for render-
ing. Here, the answer is clearly positive for low-resolution
rendering and zoom-out trajectories.

When a full-resolution 3DGS model is rendered at re-
duced output resolution, characteristic oversampling arte-
facts appear: thin structures become too thick and overly
bright, as can be seen in Figure 5. Selective rendering mit-
igates these artefacts by switching to a model optimised at
a more appropriate scale.

In the quantitative comparison across output resolu-
tions, the baseline quality decreases steadily as the ren-
der resolution is reduced, while selective rendering main-
tains markedly better low-resolution behaviour. The com-
bined variant (EWA-Filtering + selective rendering) per-
forms best overall at low resolutions, showing that the two
approaches are complementary.

At the same time, selective rendering reduces the num-
ber of processed primitives. The standard 3DGS and
EWA-filtered baselines keep approximately the same num-
ber of visible Gaussians across resolutions, whereas se-
lective rendering decreases the count as resolution drops.
In our experiments, selective rendering already uses only
about 40% of the Gaussians of the baseline at full resolu-
tion, with an even larger advantage at lower resolutions, as
shown in Figure 4.
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EWA- Upsampling  Resolution PSNR{ SSIM{ LPIPS | Size | Duration |

Filtering

constant linear 27.04 0.82 0.22 1.41-10° 137.29

constant quadratic 26.73 0.81 0.24 1.32-10° 129.23

early linear 27.25 0.83 0.20 1.70-10° 149.45

early quadratic 27.13 0.83 0.21 1.62-10° 143.18

late linear 26.68 0.80 0.25 1.02-10° 128.14

late quadratic 2591 0.77 0.29 7.56-10° 117.83

v constant linear 26.84 0.81 0.23 1.72-10° 148.64
v constant quadratic 26.62 0.80 0.25 1.44-100 128.45
v early linear 27.05 0.83 0.22 2.17-10° 161.47
v early quadratic 26.92 0.82 0.22 2.04-10° 151.10
v late linear 26.39 0.79 0.26 2.25-10° 154.57
v late quadratic 25.74 0.76 0.29 1.37-10° 123.23

Table 1: Comparison of the reconstruction quality for different 5-layer pyramid resolutions and upsampling intervals with
and without EWA-Splatting. Upsampling intervals are either constant (6k, 12k, 18k, 24k), early (2k, 5k, 11k, 19k), or late
(11k, 19k, 25k, 28k). Downsampling factors in the image pyramid are linear (1, 2, 3, 4, 5) or quadratic (1, 2, 4, 8, 16).

Dataset Progressive PSNR{ SSIM1 LPIPS| ModelSize| Duration [min] |
Deep Blending 29.7 0.91 0.24 1.96 - 10° 29.93
Deep Blending v 29.77 0.91 0.24 1.22-10° 23.16
MipNeRF 360 27.95 0.83 0.17 2.53-10° 138.43
MipNeRF 360 v 27.48 0.81 0.21 1.47-10° 96.73
Tanks and Temples 24.15 0.86 0.17 1.36-10° 23.26
Tanks and Temples v 23.88 0.84 0.2 7.22-10 16.76

Table 2: Average error metrics, model size and total optimisation time for each dataset. Reconstruction quality is slightly
lower when optimising with progressive resolution, while the model size is smaller and optimisation is faster.

Method PSNR1 SSIM*T LPIPS| ModelSize | Duration[min] |
3DGS 27.634 0.843 0.183 2260313 191.6
Prog. Schedule 27.275 0.826 0.217 1314356 136.7
EWA-Filtering 27.429 0.837 0.198 2933159 198.7
EWA-Filtering + Prog. 27.159 0.820 0.232 1763174 150.2

Table 3: Average error metrics, model size and total optimisation time aggregated over all datasets. Progressive resolution
scheduling slightly decreases qualitative metrics while significantly reducing model size and optimisation time.

Scene Selective  SSIM  PSNR LPIPS Duration Model Size Visible
Bicycle 0.75 24.56 0.21 44.20 1.13-107 1.73-10°
Bicycle v 0.66 22.77 0.31 23.88 2.25-107 5.23-10°

Building 0.67 21.23 0.41 57.61 4.25-10° 4.34.10°
Building v 0.64 20.93 0.43 50.47 1.62-107 3.58-10°

ArtSci 0.56 20.95 0.51 44.52 5.21-10° 1.24-10°

ArtSci v 0.54 20.89 0.52 45.02 2.01-107 1.02-10°
Wolf an der Au 0.39 18.56 0.44 45.31 8.02-10° 8.87-10°
Wolf an der Au v 0.36  18.30 0.47 39.03 2.29.107 5.85-10°

Table 4: Comparison of the reconstruction quality metrics, optimisation duration in minutes, and model size in number of
primitives of the large-scale scenes with and without using selective rendering.
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Figure 4: Comparison of the average PSNR and number
of Gaussians per view at different fractions of the orig-
inal resolution. The quality of the baseline decreases at
lower resolutions, while it increases with selective render-
ing. For selective rendering, the number of primitives de-
creases with resolution and is generally lower than with
3DGS and EWA-Filtering, where the number of primitives
remains constant across resolutions.

The same effect becomes evident along zoom-out tra-
jectories. As the camera moves farther from the scene,
larger parts become visible, and the raw number of visible
Gaussians initially increases. However, once parts of the
view are better represented by coarser levels, selective ren-
dering switches away from the finest model, reducing both
the number of rendered primitives and the average frame
time, as shown in Figure 6. This behaviour is visible for
the Bicycle, Building, Wolf an der Au and Art Sci scenes
and supports the claim that the method is particularly use-
ful for large scenes viewed from afar. Images along the
camera trajectories are shown in Figure 7.

These benefits come with some trade-offs. Hard switch-
ing between LoDs can produce visible seams at LoD
boundaries when the camera is moving. Blending between
levels reduces these seams, but also increases the num-
ber of rendered primitives, especially at high-resolution
viewpoints, thereby weakening the efficiency benefit. In
addition, because all saved levels are merged into a sin-
gle representation, the full hierarchy occupies more GPU
memory than a single-resolution level model.

5 Conclusion

We presented a simple way to turn coarse-to-fine 3DGS
optimisation into a practical LoD construction mechanism.
By progressively optimising on an image pyramid and sav-

ing intermediate models, we obtain a multi-resolution rep-
resentation in a single run. By storing per-Gaussian sam-
pling metadata, we can then render the merged model se-
lectively according to the current sampling regime.

Empirically, the method provides a useful trade-off be-
tween efficiency and quality. Progressive optimisation sig-
nificantly reduces optimisation time and model size while
maintaining comparable reconstruction quality. Selective
rendering further improves behaviour in low-resolution
and zoom-out settings by reducing aliasing and lowering
the number of rendered primitives. The strongest gains,
therefore, appear not at the original training resolution, but
in scenarios where the viewing conditions differ from the
optimisation distribution.

The main limitations are the increased memory required
by the merged hierarchy and the potential for seams at
LoD boundaries. Future work could address both issues
through more compact storage, streaming of LoD levels,
and smoother cross-level transitions. More broadly, the re-
sults suggest that sampling-aware optimisation and render-
ing are a promising direction for scaling Gaussian splatting
to larger scenes and more diverse target devices.
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Figure 6: Number of rendered Gaussians and the time a
frame takes to render in milliseconds versus the camera
movement distance in a sequence of images when zoom-
ing out. Selective rendering reduces the number of ren-
dered Gaussians and takes less time to render a frame
when the scene is viewed from far away compared to the
3DGS implementation.

(d) ArtSci

Figure 7: Renderings using selective rendering of two
scenes on a zoom-out trajectory at four distances. The four
images, from left to right, are taken at 0%, 16%, 33%, and
66% of the trajectory.

Selective Rendering Full Resolution

(a) Wolf an der Au

Selective Rendering Full Resolution

(b) ArtSci

Figure 8: Side-by-side comparison of selective render-
ing (left) against the full resolution 3DGS baseline (right)
showing a far view of the Wolf an der Au (a) and ArtSci b
scenes. Enlarged regions highlight areas of interest.
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