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Preface

This thesis grows out of my interest in understanding 3D scene representations using methods beyond
LiDAR-collected point clouds. At first, | worked with the CLIP model, attempting to embed semantic
information into 3D Gaussian Splatting. Later, | delved into the intrinsic properties of 3D Gaussian
Splatting, which surprisingly exhibited behaviours | did not expect at first. Perhaps that is the essence
of research: exploring things you might never have paid attention to.

During this journey, | would like to express my sincere gratitude to my supervisors, Liangliang Nan and
Martijn Meijers. In our bi-weekly meetings, they always provided valuable insights on my research and
helped clear away the confusions | encountered along the way.

Last but not least, | would like to thank my mom and dad for their support through this process. Without
your company, it would have been impossible for me to complete this project.

Xinya Bi
Delft, June 2026
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Introduction

3D scene reconstruction is an important task in Geomatics, enabling applications such as urban map-
ping (Herold & Hecht, 2018), infrastructure monitoring (Fathi et al., 2015), and cultural heritage docu-
mentation (Gomes et al., 2014; Llull et al., 2023). Traditionally, this has relied on LiDAR-based point
cloud, which provides accurate geometry but requires expensive hardware and time-consuming data
collection. Novel view synthesis offers a compelling alternative: using only photographs, it reconstructs
a scene and enables rendering from arbitrary viewpoints. 3D Gaussian Splatting (3DGS) (Kerbl et al.,
2023) has recently emerged as a state-of-the-art method, representing scenes as millions of Gaussian
primitives that can be rendered in real time at high quality. Its application to large-scale urban envi-
ronments has been demonstrated in recent work (Li et al., 2024; Y. Liu, Luo, et al., 2024; Miao et al.,
2025), showing promising results for scene reconstruction from image data alone.

Unlike LIDAR point clouds, where each point records only geometric position, each Gaussian primitive
in a 3DGS model carries a rich set of attributes: position, size, opacity, orientation, and appearance,
all of which are determined entirely by the photographs used during reconstruction. This means that
Gaussian properties do not only reflect the geometry and appearance of the scene, but also implicitly
encode how the scene was observed and, by extension, what the photographer chose to focus on.

This raises a natural question: Can this capture intent be recovered from the intrinsic properties
of a trained 3DGS model, without any external supervision? More specifically, these following sub
research questions guide this work:

1. Do the intrinsic properties of 3DGS primitives serve as meaningful indicators of visual saliency
and capture intent?

2. Do the recovered 3D saliency masks align with human visual perception as measured by 2D
saliency detection models?

3. Can 3D saliency derived from Gaussian properties generalize to unseen scenes and support
downstream tasks such as foreground extraction?

This thesis investigates these questions and proposes a method to do so. We extract a set of features
from the properties of each Gaussian primitive and train a machine learning classifier to distinguish
between the photographer’s primary subject and the background. Crucially, our method requires only
the reconstructed 3D model and camera parameters, no original photographs or external 2D foundation
models are needed at inference time.

We experiment on 16 annotated scenes from three datasets, including two self-captured scenes around
landmarks in Delft and demonstrates that the method successfully recovers the photographer’s region
of interest. The recovered 3D saliency shows strong alignment with human visual perception and gener-
alizes to unseen scenes. These results suggest that 3DGS models encode richer information than what
is strictly needed for rendering. This has direct implications for Geomatics workflows: as image-based
3D reconstruction becomes more accessible and cost-effective compared to LIDAR, understanding
what a scene captures and what it misses becomes increasingly important. Automatically recovering
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the photographer’s region of interest could guide more targeted data acquisition, prioritize high-saliency
regions for denser sampling, and enable perceptual quality-driven compression of large-scale urban
models.

This thesis is structured around a scientific article, supplemented by preliminary materials and an ex-
tended discussion. The four parts are organized as follows.

Part 1 (this chapter) provides a general introduction to the research for readers without a specialist
background in 3DGS and machine learning. It explains the research context, the high-level approach,
and the structure of the thesis.

Part 2 provides the technical background needed to understand the scientific article in Part 3. It is
organized into three chapters. Chapter 2.1 introduces 3D Gaussian Splatting, covering the represen-
tation and rendering pipeline. This background directly supports the Method section of the article.
Chapter 2.2 introduces visual saliency detection, explaining the concept of saliency, the distinction be-
tween bottom-up and top-down attention, and the deep learning models used as a 2D reference in
our evaluation. This background supports the Related Work and Experiment sections. Chapter 2.3
introduces the machine learning and statistical methods used in this thesis, including Random Forest,
cross-validation, and Cohen’s d effect size. This background supports both the Method and Experi-
ment sections. Chapter 2.4 introduces the relationship between photographer behaviour and 3DGS
optimisation, explaining how top-down capture intent is implicitly transformed into measurable bottom-
up geometric statistics during the reconstruction process. This background provides the theoretical
motivation for the approach presented in the article. Chapter 2.5 reviews existing approaches to scene
understanding in 3DGS, covering methods that integrate 2D foundation models as external semantic
supervision, and discusses their shared limitations. It further explains why using 2D saliency maps as
direct supervision for 3DGS is an ill-posed problem due to the view-dependent nature of 2D saliency
signals. Together, these two chapters establish the research gap this thesis addresses.

Part 3 is the scientific article, written in the style of a conference publication. It contains an abstract,
introduction, related work, methodology, experimental results, conclusion and limitations.

Part 4 provides a closing discussion that expands on the article. It reflects on the research process,
connects the work to the MSc Geomatics for the Built Environment programme, revisits limitations in
more depth, and outlines directions for future work.



Preliminary Materials

This chapter gives the background knowledge of 3D Gaussian Splatting, saliency detection, the used
machine learning method and research gap analysis.

2.1. Fundamentals of 3D Gaussian Splatting

3D Gaussian Splatting is an explicit radiance field based method that represents the reconstructed
scene using a large number of anisotropic 3D Gaussian ellipsoids (Kerbl et al., 2023). The main flow
chart is demonstrated in Figure 2.1

Camera | —p
/V Projection | \
. . I — |
.. - i £
* B Diff tiabl —p
ese, —P| Initialization | —» . T'II :enl e iR Image
. e nasierizer .

i e————
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SfM Points 3D Gaussians stk ol I T 1

Density Contro — Operation Flow » Gradient Flow

Figure 2.1: 3DGS flow chart

In the initialisation step, SfM reconstructs a sparse point cloud from the training views, which is then
used to initialise the Gaussians. Each Gaussian is defined by its mean (1), covariance (X), opacity («),
and spherical harmonics (SH). They are spatially modelled using a 3D Gaussian distribution:

Gla) = e~ Han2 (2.1)

The covariance matrix X can be further decomposed into rotation (R) and scaling (S) matrices:

¥ = RSSTRT (2.2)

During the optimisation process, for a given camera pose, a differentiable rasterizer renders a 2D
image by projecting all Gaussians observed from the camera pose onto the image plane. This process
consists of several sub-steps:

(1) 3D to 2D projection: Using the intrinsic and extrinsic camera parameters, the 3D Gaussians are
projected onto the 2D image plane. The covariance matrix is computed as

Y =JgwewTjt (2.3)

where J is the Jacobian matrix providing an affine approximation of the projective transformation,
and W denotes the view transformation from world coordinates to camera coordinates.
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(2) Depth sorting: For every 16 x 16 pixel tile of the image, the projected Gaussians that intersect
with the tile are sorted by depth in a front-to-back order.

(3) Colour and opacity accumulation: For each pixel, the final colour is computed by blending the
depth-sorted Gaussians that overlap with the pixel:

i—1
Co= Y cioi [J(1—ay) (2.4)
1EN) j=1

where N, is the sorted set of Gaussians overlapping pixel p, ¢; is the view—dependent colour
computed from spherical harmonics, and «; denotes the opacity of Gaussiani. T; = H};ll(l —ay)
represents the accumulated transmittance contributed by all Gaussians in front of Gaussian .

The optimisation process iteratively compares the rendered image with the training views. The Gaus-
sian parameters are optimised using stochastic, gradient descent optimisation. The loss function is
defined as:

L=(1-XNL+Ap-ssim (2.5)

L, denotes the mean absolute error between the rendered pixel colours and the ground truth, ensuring
colour accuracy at the pixel level. Lp_gsra represents the structural similarity (SSIM) based loss,
which helps maintain the structural and perceptual consistency of the reconstructed scene.
Optimisation is interleaved with adaptive density control, which densifies under-reconstructed regions
guided by gradient information and prunes Gaussians with low opacity, while also limiting oversized
splats based on screen-space radius.

2.2. Visual Saliency Detection

Definition of Visual Saliency Visual saliency is defined as the distinct perceptual quality that makes
certain parts of an image or environment, such as objects or regions, stand out from their surround-
ings (Itti et al., 1998). It is driven by two main factors (Connor et al., 2004; Zhang et al., 2025):

+ Bottom-up: A stimulus-driven signal that directs attention towards regions with distinct low-level
features, such as color contrast, sharp edges, or unusual textures.

* Top-down: A goal-driven signal that directs attention towards objects that align with the ob-
server’s internal goals, knowledge, or expectations.

Below are examples of bottom-up (Figure 2.2a) and top-down (Figure 2.2b) saliency signals.

The Advancement of Saliency Detection 2D saliency detection is fundamentally based on local
contrast within a single image frame. Early methods, such as Itti-Koch’s method (ltti et al., 1998), de-
composes an image into multiple spatial scales using Gaussian pyramids, extracting low-level features
such as color, brightness, and orientation. For each feature, local regions are compared against their
surroundings to identify distinctive areas, which are then combined into a single saliency map where
brighter regions indicate higher salience. This approach successfully models early primate visual pro-
cessing. Hou and Zhang (Hou & Zhang, 2007) propose an alternative approach that operates in the
frequency domain, extracting the spectral residual of an image’s log spectrum to identify statistically un-
expected regions as salient, offering a computationally efficient alternative to feature-based methods.

The emergence of deep neural networks has greatly advanced the field. Early deep learning methods
separate the input images into small regions then use multi-layer perceptrons to calculate each small
regions saliency score, but this method overlooks spatial relations between these regions (Dhara &
Kumar, 2025). DHSNet (N. Liu & Han, 2016) addresses this by combining both paradigms: it first
generates a coarse global saliency map from the entire image to capture global structure, then pro-
gressively refines local details through a hierarchical recurrent convolutional network. U2-Net (X. Qin
et al., 2020) further advances this direction with a two-level nested U-structure that captures both local
and global contextual information at multiple scales, achieving accurate saliency prediction with sharp
object boundaries.
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(a) The red bar catches attention effortlessly due to its distinct color, (b) The banana does not stand out unless the observer is actively
illustrating bottom-up saliency. looking for it, illustrating top-down saliency.

Figure 2.2: Two categories of visual saliency. Bottom-up saliency is driven by low-level stimulus features, while top-down
saliency is driven by the observer’s goals and expectations.

Though salient object detection utilizing deep neural networks has achieved high accuracy on bench-
mark datasets, several open problems remain in real-world scenarios. First, when a scene contains
multiple objects with similar visual properties, existing methods struggle to identify the true subject
of interest. Second, object occlusion is a common challenge: when the primary subject is partially
or fully occluded by other objects, current saliency detection methods often fail to correctly detect it.
Third, complex lighting conditions, such as strong shadows or specular highlights, can introduce local
contrast that misleads the detector towards irrelevant regions.

These challenges are further compounded in 3D scenes. A single 2D frame captures only one viewpoint
of the scene, and the salience of an object in that frame may not reflect its importance across all
viewpoints. An object that is partially occluded or poorly lit in one view may be the primary subject of
the scene. This information is only revealed through multi-view consistency. This limitation motivates
the use of 3D representations, where information from multiple viewpoints is aggregated, as a more
reliable basis for recovering the photographer’s capture intent.

2.3. Machine Learning and Statistics Evaluation

Random Forest Random Forest is an ensemble machine learning algorithm that builds multiple de-
cision trees on random subsets of the training data and random subsets of the features. Each tree
independently learns a decision boundary, and the final prediction is determined by majority voting
across all trees. This strategy reduces overfitting compared to a single decision tree, making Random
Forest particularly well-suited for small datasets where individual trees might otherwise memorize the
training data. The following image Figure 2.3 shows an example workflow of Random Forest.
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Figure 2.3: Random Forest mechanism

Several hyperparameters control the depth and complexity of the trees, directly impacting the trade-off
between overfitting and underfitting. In this thesis, grid search is used to find the optimal hyperparam-
eters on the validation scene prior to final model training.

Random Forest is chosen as the classifier in this thesis for three reasons. First, it handles small training
sets without overfitting due to its ensemble nature. Second, it provides feature importance scores that
reflect each feature’s contribution to classification decisions, offering interpretable insights into which
Gaussian properties are most discriminative for recovering visual saliency. Third, it is computationally
efficient at inference time, requiring only a single forward pass through the trained trees.

Cross Validation Cross-validation is used to assess how well a machine learning model generalizes
to unseen data while reducing the risk of overfitting. The simplest form is holdout validation, where
the dataset is split into a training set and a test set, and the model is evaluated on the test set after
training. The usual training test split ratio is 70:30, 80:20. The division depends on the dataset size
and problem type. While straightforward, this approach is sensitive to how the data is split, particularly
when the dataset is small. Other common strategies are k-fold cross-validation and leave-one-out cross-
validation (LOOCV). In k-fold cross-validation, the dataset is divided into £ equal-sized folds, the model
is trained on k£ — 1 folds and tested on the remaining fold, repeating this process k times. LOOCV is a
special case where k equals the total number of samples, meaning the model is trained on all samples
except one, which is used for testing. This is repeated for every sample in the dataset.

When the dataset is small, LOOCV is generally preferred over k-fold cross-validation because it maxi-
mizes the use of available training data. In this thesis, only 12 scenes are available for training, making
LOOCYV the appropriate choice. LOOCYV is applied within the training set to evaluate the stability of the
model across different scene types: a low standard deviation of F1 scores across folds indicates that
the model generalizes consistently rather than overfitting to specific scene characteristics.

However, LOOCYV alone cannot assess generalization to entirely new scenes, since all scenes used
in LOOCYV belong to the training set. A separate held-out test set of three scenes, unseen during both
training and LOOCYV, is therefore used to provide an unbiased estimate of the model’s performance
on new scenes. Together, LOOCV and the held-out test set answer two complementary questions:
whether the model is stable within the training distribution, and whether it generalizes in new cases.

Cohen’s d Cohen’s d is a measure of effect size that quantifies how well a variable separates two
groups. While statistical significance tests such as the p-value indicate whether a difference between
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groups is likely to be real, they do not convey how large that difference is. Cohen’s d addresses this by
expressing the separation between two group means in units of their pooled standard deviation:

_ My — M|

Opooled

d (2.6)
where M, and M, are the means of the two groups and opooled is their pooled standard deviation. Values
ofd <0.2,02<d<0.505<d<0.8,and d > 0.8 indicate negligible, small, medium, and large
separation respectively (Diener, 2010).

In this thesis, Cohen’s d is used to evaluate the discriminability of each Gaussian feature between
foreground and background primitives. This allows us to systematically identify which features provide
the strongest separation signal before training the classifier, providing a principled basis for feature
selection and ablation study design.

Figure 2.4 illustrates the feature distributions of primary object and background Gaussians for a rep-
resentative scene. Features where the two distributions show little overlap are strong discriminators,
corresponding to a high Cohen’s d value. Features with heavily overlapping distributions contribute
less to separating the two classes.

Feature Distribution: Object vs Artifact — Bouwpub
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Figure 2.4: Feature distribution of primary object and background Gaussians in the Bouwpub scene (see Figure 2.5 left
column for a visual reference of the scene)

2.4. Capture Intent in Multi-view Reconstruction

As mentioned in 2.2, visual saliency can be broadly categorised into two mechanisms: bottom-up,
driven by low-level features such as colour contrast and edge density, and top-down attention, driven
by the observer’s internal goals and intentions (Connor et al., 2004). Bottom-up saliency is modelled
using computational approaches, early methods such as Itti-Koch extract features including colour, in-
tensity, and orientation to identify locally distinctive regions (Itti et al., 1998), Harel et al. (Harel et al.,
2006) propose Graph-Based Visual Saliency (GBVS), which treats the image as a Markov chain where
edge weights reflect feature dissimilarity between image patches, saliency emerges from the station-
ary distribution of a random walk over this graph, capturing global distinctiveness rather than purely
local contrast. Deep learning methods such as U2-Net (X. Qin et al., 2020) learn to predict salient
regions from datasets annotated by human labellers, capturing patterns of human visual attention with-
out requiring task-specific supervision at inference time. Top-down saliency is usually measured using
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descriptive and qualitative method by using eye-tracking machines or behavioural studies (Zhu et al.,
2014).

While top-down saliency has traditionally been studied through controlled behavioural experiments, it
also manifests in everyday photography. The photographer’s capture intent is a form of top-down atten-
tion: when composing a scene, the photographer makes deliberate, goal-driven decisions about which
subject to focus on, resulting in disproportionately dense viewpoint coverage of the primary subject in
the training image collection. When these photographs are used to train a 3DGS model, the optimisation
process transforms this top-down behavioural signal into bottom-up geometric statistics that are directly
measurable from the trained model. Regions with dense viewpoint coverage receive more gradient up-
dates during optimisation, and the adaptive density control mechanism densifies under-reconstructed
regions that are consistently observed across views. As a consequence, Gaussian primitives corre-
sponding to the primary subject differ from background primitives in their geometric properties, which
can be directly calculated from the trained model without relying on external supervision.

This observation suggests that multi-view reconstruction acts as a passive aggregator of top-down at-
tention signals, converting the photographer’s focus into measurable bottom-up geometric statistics.
Moreover, unlike 2D saliency methods that are susceptible to single-frame illumination bias and occlu-
sion, these 3D statistics reflect the photographer’s intent across all training viewpoints, making them
more robust to per-frame ambiguities.

To our knowledge, no existing work has systematically investigated whether bottom-up geometric statis-
tics implicitly encode top-down visual saliency, nor whether such saliency is recoverable without exter-
nal supervision. This gap motivates the approach presented in Chapter 3.

2.5. Scene Understanding in 3D Gaussian Splatting

3D Gaussian Splatting has demonstrated remarkable performance in novel view synthesis. However,
many downstream applications in robotics and geomatics require not only photorealistic rendering but
also an understanding of what is present in the scene (Bao et al., 2025; Wu et al., 2024). Scene
understanding tasks encompass a broad range of topics, include object segmentation, object editing
and salient object detection.

Existing approaches to scene understanding in 3DGS predominantly rely on 2D foundation models as
an external source of supervision. SAGA (Cen et al., 2023) and LangSplat (M. Qin et al., 2023) both ex-
plicitly embed learnable semantic features directly onto Gaussians. SAGA targets real-time, interactive
3D segmentation by distilling the capabilities of the Segment Anything Model (SAM). It attaches a learn-
able affinity feature to each Gaussian and optimises via contrastive learning against 2D SAM masks.
To address multi-granularity ambiguity, SAGA introduces a scale-gated mechanism that dynamically
adjusts features based on observation distance. Similarly, LangSplat constructs a 3D language field by
using a scene-wise autoencoder to compress high-dimensional CLIP embeddings into compact latent
vectors attached to Gaussians, enabling efficient open-vocabulary querying directly within 3D space.
More recently, GSsplat (Xiao et al., 2025) extends this direction by proposing a generalizable seman-
tic Gaussian Splatting framework that predicts semantic Gaussian parameters directly from multi-view
inputs without scene-specific retraining.

Among the scene understanding tasks listed above, salient object detection: the task of identifying per-
ceptually important regions that attract human visual attention is particularly relevant for applications
such as foreground extraction, scene compression, and content-aware rendering. Given the success
of 2D saliency detection methods in identifying visually prominent regions from single images, a natural
extension would be to use these 2D saliency maps (such as U?-Net) as supervision to identify perceptu-
ally important regions in 3DGS. However, this approach faces a fundamental challenge: 2D saliency is
inherently view-dependent. The same 3D region may appear salient in one viewpoint but be occluded,
poorly lit, or outside the frame in another. Aggregating inconsistent per-frame saliency signals into a
stable 3D representation is therefore an ill-posed problem. As shown in Figure 2.5, While the building
is the primary subject of the scene, U%-Net identifies the parked cars as the salient object in the second
viewpoint, part of the rooftop and dustbins as salient objects in the third viewpoint, demonstrating that
2D saliency predictions vary inconsistently across viewpoints.
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These limitations suggest that injecting external semantic supervision into 3DGS is constrained by the
quality of 2D signals. This motivates an alternative direction: rather than imposing external labels onto
Gaussian primitives, whether the intrinsic properties of the trained model already encode sufficient
information for scene understanding, which will be further invesitigated in Chapter 3

(b) Viewpoint 1 U2-Net prediction

(c) Viewpoint 2 original image (d) Viewpoint 2 U%-Net prediction

(e) Viewpoint 3 original image (f) Viewpoint 3 U%-Net prediction

Figure 2.5: lllustration of the view-dependency problem in 2D saliency detection on the Bouwpub scene. Left column shows
training images from three different viewpoints. Right column shows the corresponding U2-Net predictions.
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Recovering Visaul Saliency from Intrinsic Properties
of 3D Gaussian Splatting

Xinya Bi
Delft University of Technology

3.1. Abstract

3D Gaussian Splatting (3DGS) represents
scenes as collections of Gaussian primitives
whose attributes are shaped by multi-view
photographic supervision. This raises a natural
question: does the photographer’s visual focus
leave a measurable imprint on these intrinsic
properties?  While prior work has explored
segmentation and scene decomposition in
3DGS, no existing method has investigated
whether Gaussian attributes alone encode
visual saliency. We propose a mask-free, post-
hoc classifier that recovers the photographer’s
region of interest from Gaussian attributes,
requiring neither the original training images nor
any 2D foundation model. Trained on scenes
from Tanks and Temples and MipNeRF360, our
method achieves a mean LOOCV F1 of 0.957
and generalizes to unseen scenes with a mean
test F1 of 0.929. Projected 3D saliency masks
show strong alignment with U2-Net predictions
on original training images, confirming that
multi-view Gaussian intrinsic properties capture
a geometrically consistent, view-stable notion of
saliency that single-frame 2D methods cannot
provide. These properties make our method
applicable to automatic foreground extraction,
capture intent analysis, and perceptual quality-
driven compression for bandwidth-efficient
streaming.

3.2. Introduction

Novel view synthesis aims to render new views
from a given set of input images and their respec-
tive camera poses (Mildenhall et al., 2020). It
has evolved from implicit neural representations
such as NeRF (Mildenhall et al., 2020), where
scene information is encoded in the weights of a
multilayer perceptron, to explicit representations
such as 3D Gaussian Splatting (Kerbl et al.,
2023), where scenes are modelled as discrete
Gaussian primitives with interpretable attributes,
such as position, shape and appearance. Unlike
implicit representations, these attributes can
be directly read, filtered, and analyzed without
inverting the network. Since they are determined

by multi-view image supervision during training,
their values reflect not only the geometry and
appearance of the scene, but also which parts
of the scene were consistently observed across
viewpoints, and by extension, where the photog-
rapher chose to focus.

Despite this potential, existing approaches to
scene understanding in 3DGS do not exploit
these intrinsic properties directly. They instead
inject external semantic supervision into the
representation by distilling features from 2D
foundation models such as SAM (Kirillov et al.,
2023) or CLIP (Radford et al., 2021), enabling
open-vocabulary querying (M. Qin et al., 2023)
and instance segmentation(Ye et al., 2023).
While effective, these methods require either the
original training images, a pre-trained 2D model,
or modifications to the training pipeline, and are
designed to address a different question: what
semantic category each region belongs to. A
complementary dimension of scene understand-
ing is visual saliency, which means identifying
which objects or regions attract human attention.
It has direct applications in foreground extraction
and perceptual scene compression. This prob-
lem has received comparatively little attention in
3DGS. No existing method has asked whether
the intrinsic attributes of Gaussian primitives
alone are sufficient to recover visual saliency,
without any external supervision or modifications
to the reconstruction pipeline.

We investigate this question and propose a
mask-free, post-hoc approach that recovers
the photographer’s region of interest using only
the intrinsic attributes of a trained 3DGS model.
Rather than injecting external supervision, we
treat Gaussian attributes as indicators of cap-
ture intent and show that they can be used to
recover 3D visual saliency directly. The resulting
saliency representation requires no training
images or 2D segmentation models at inference
time, and can be directly applied to tasks such as
foreground extraction. The main contributions of
this work are as follows:

* We demonstrate that the intrinsic proper-
ties of 3DGS primitives serve as meaning-
ful indicators of 3D visual saliency.
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» We show that projecting the recovered 3D
saliency onto 2D image planes produces
masks that align with human visual percep-
tion as measured by U2-Net saliency pre-
dictions.

* We demonstrate that 3D saliency derived
from Gaussian properties generalizes to
unseen scenes and can be applied to
downstream tasks such as foreground
extraction.

3.3. Related Works

This section reviews prior work on 3D Gaussian
Splatting, Gaussian primitive analysis, scene un-
derstanding in 3DGS, and 2D visual saliency de-
tection, highlighting the gap that motivates our
approach.

3D Gaussian Splatting 3D Gaussian Splatting
(3DGS) (Kerbl et al., 2023) represents scenes
as a collection of anisotropic 3D Gaussian
primitives, each defined by a mean position g,
covariance ¥ = RSSTRT, R and S are the
rotation and scale matrices, opacity «, and
spherical harmonics (SH) for view-dependent
appearance. During rendering, Gaussians are
projected onto the image plane and composited
via alpha blending, where the contribution of
each primitive is weighted by its opacity and
the accumulated transmittance of all primitives
in front of it. Parameters are optimised via
differentiable rasterization against training views,
interleaved with adaptive density control that
densifies under-reconstructed regions and
prunes low opacity primitives.

Original 3DGS relies on appearance-driven opti-
misation and lacks explicit geometric constraints,
which can lead to floaters and inaccurate surface
reconstruction. Several methods solve this issue
by introducing geometry-aware regularisation,
such as SUGAR (Guédon & Lepetit, 2024), which
incorporated regularised terms that encouraged
Gaussians to align with scene surfaces, while
PGSR (Chen et al., 2025) introduced unbiased
depth rendering for improved geometric accu-
racy.

In this work, we build upon PGSR as our recon-
struction backbone, as its depth regularization
helps to produce cleaner 3DGS models that are
more amenable to our analysis.

Gaussian primitive analysis Prior works
have investigated the intrinsic properties of
Gaussian primitives mainly for pruning and com-
pression. The core idea shared across these

methods is to estimate an importance score
for each Gaussian based on its contribution to
rendering quality, then discard low-importance
primitives. LightGaussian (Z. Fan et al., 2023)
uses opacity O; and normalized Gaussian
volume ~; to formulate the global significance
score then remove the Gaussians that are below
certain threshold. TrimGS (L. Fan et al., 2024)
uses alpha-blending weights as the importance
score measurement. TIDI-GS (Yang et al.,
2026) extends this idea in indoor scenes by
leveraging consistency across multi-views and
spatial isolation.

While these methods demonstrate that Gaus-
sian attributes carry meaningful signals about
primitive importance, they uniformly define
importance as rendering fidelity. We instead ask
whether these same attributes encode different
information: the photographer’s visual saliency.

Scene Understanding in 3DGS Existing meth-
ods for scene understanding in 3DGS primarily
rely on 2D semantic priors and can be catego-
rized into two paradigms: implicit semantic fields
and explicit semantic binding. FMGS (Zuo et al.,
2024) distills semantic features from 2D founda-
tion models into multi- resolution hash encodings
(MHE) to achieve open vocabulary object detec-
tion. In contrast to implicit semantic field, SAGA
(Cen et al., 2023) adopt an explicit binding strat-
egy by distilling the capabilities of the Segment
Anything Model (SAM), then attach a learnable
affinity feature to each Gaussian, which enables
interactive object segmentation in 3DGS. Gaus-
sianCut (Gilitschenski et al., 2024) feed user an-
notations to 2D segmentation models to gener-
ate coarse mask for foreground object isolation.

Despite their effectiveness, these methods share
a common limitation: they require either the orig-
inal training images, 2D foundational model or
modifications to the training process. In contrast,
our method operates purely on the intrinsic prop-
erties of a trained 3DGS model.

Visual Saliency Detection Visual saliency
detection aims to identify regions in an image
that attract human visual attention. Some of
its applications include background removal,
image and video compression, context-aware
rendering. Early methods relied on features
such as color, intensity and orientation (Itti et al.,
1998). Deep neural networks have advanced the
field: BASNet (X. Qin et al., 2021) introduces a
boundary-aware salient object detection network
that produces sharp foreground boundaries,
while U2Net (X. Qin et al., 2020) proposes
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a two-level nested U-structure that captures
both local and global contextual information for
accurate saliency prediction. These methods
are trained on datasets such as DUTS (Wang
et al.,, 2017), where ground truth masks are
annotated by human labelers to reflect visual
attention.

However, 2D saliency detection operates on
individual frames and cannot capture the pho-
tographer’s intent completely. A salient object
in a single frame may be a transient object that
is absent in most viewpoints. The true object of
interest is only revealed through multi-view con-
sistency. We hypothesize that this capture intent
is implicitly encoded in the intrinsic properties of
trained 3DGS models, and propose to recover it
without any 2D supervision.

3.4. Method

Our method consists of three stages: feature ex-
traction from Gaussian primitives, classifier train-
ing on annotated scenes, and inference on un-
seen scenes to recover the photographer’s re-
gion of visual interest. Figure 3.1 illustrates the
overall pipeline.

3.4.1. Gaussian Properties as Saliency

Indicators
The properties of a Gaussian primitive encode
information about how the scene was observed
during training, which motivates their use as
saliency indicators.  Specifically, we identify
three key observations:

(a) Multi-view visibility reflects photogra-
pher’s focus: Gaussians corresponding
to the photographer’s focus receive con-
sistent supervision across training views,
resulting in higher visibility counts. In con-
trast, background regions are observed
from fewer viewpoints, vyielding lower
visibility.

(b) Local density reflects geometric coher-
ence: The primary subject typically forms
a geometrically coherent surface with high
local point density, while background arti-
facts exhibit sparse neighborhoods.

(c) Scale and anisotropy reflect sur-
face structure: Gaussians in  well-
reconstructed regions tend to be compact
and planar, while background Gaussians
are often large and needle-like with high
anisotropy.

These observations motivate the construc-

tion of a feature representation that embeds
intrinsic Gaussian properties and local neighbor-
hood information. The detailed feature vector
construction is described in Section 3.4.2.

3.4.2. Feature Extraction
We compute an 8-dimensional raw feature vector

[ = [Vi, Smax, Oi, SH;, Br;, An;, Neighbor;, Dist;]

for each Gaussian primitive ¢, grouped into four
categories: visibility, geometry, spatial, and
appearance. Each feature is defined as follows.

Feature Computation

(a) Visibility: Visibility count (V;) measures
the number of training views in which a
Gaussian projects onto the image plane
with a non-zero screen-space radius,
serving as a proxy for multi-view coverage:

M

v¢221[rf>0] (3.1)

k=1

where M is the total number of training
views and ¥ is the screen-space radius of
Gaussian i in view k.

(b) Geometry: Maximum scale (S,...) cap-
tures the spatial extent of a Gaussian along
its dominant axis:

max — max(s?, s}, 57) (3.2)

? (R A 2

S

where s, s}, s? are the log-scale parame-

1%

ters of Gaussian «.

Anisotropy (An;) quantifies the elongation
of a Gaussian by comparing its largest and
smallest axes:

max

B exp(s7™)
% =181 <exp<s;“in> 5) e

where ¢ is a small constant for numerical
stability. Background Gaussians tend to ex-
hibit large anisotropy values, correspond-
ing to needle-like or flat shapes.

(c) Spatial: Neighbor count (Neighbor;)
measures local point density by counting
the number of Gaussians within a radius r:

ni=j#i:llpi—pilla<r}  (3.4)

where p; € R? is the position of Gaussian
i, and the radius is set adaptively as r =
5 - median(exp(s™®)).

Distance to subject (Dist;) measures the
spatial distance from each Gaussian to
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Figure 3.1: Overview of the proposed pipeline

the high-density region, normalized by the
adaptive search radius r to ensure scale
invariance:

= minjes |[ps — pjlle

d - (3.5)

r

where S = {j : n; > median(n)} denotes
the set of Gaussians with above-median
neighbor counts, and r is the adaptive
search radius shared with neighbor count.

(d) Appearance: Brightness (Br;) is com-
puted from the zeroth-order spherical
harmonic (DC) coefficients following the
ITU-R BT.709 standard:

b; = 0.2126 R;+0.7152 G;+0.0722 B; (3.6)

where (R;, G;, B;) = clip(f3-Cy+0.5, 0, 1)
and Cy = 0.2821 is the zeroth-order SH co-
efficient.

SH complexity ratio (SH;) measures the
relative energy of higher-order spherical
harmonics compared to the DC com-
ponent, reflecting view-dependent color
variation:

_ Xso I

SR

Opacity logit (O;) is the raw opacity param-
eter before sigmoid activation:

@i

o; = logit(a;) = log 1 (3.8)

where «; € (0, 1) is the opacity of Gaussian
i.

Feature Normalization All features are stan-
dardized using a standard scaler. For each
feature dimension, the normalized value is:
fi = fi—n (3.9)
g
where 1, and ¢ are the mean and standard devia-
tion computed across all Gaussians in the scene.

Feature Analysis and Classifier Motivation
Figure 3.2 illustrates the distribution of each
feature for primary object and background
Gaussians in one of the scenes. While features
such as visibility count, neighbour count, and dis-
tance to subject show clear separation between
the two classes, no single feature provides a
clean linear decision boundary sufficient for
classification.

3.4.3. Machine Learning Classifier
The features described in Section 3.4.2 capture
diverse cues of Gaussian primitives, but their in-
teractions are complex and difficult to model with
hand-crafted rules. We therefore train a super-
vised classifier to learn which Gaussian attributes
are predictive of visual saliency directly from an-
notated data.

Model Selection We adopt Random Forest
(RF) as our classifier for three reasons: it
handles small training sets without overfitting,
it provides feature importance scores that of-
fer interpretable insights into which Gaussian
properties are most discriminative for capturing
saliency, and it is computationally efficient at
inference time.

Training Protocol Ground truth foreground la-
bels are obtained through semi-automatic anno-
tation. We first estimate a coarse bounding box
around the primary subject in 3D space to pro-
vide an initial selection, followed by manual re-
finement in SuperSplat to further remove floaters
and correct boundary errors. Foreground is con-
sistently defined as geometrically coherent sur-
faces of the primary subject, excluding distant
background and floaters.

Our dataset comprises 16 fully annotated
scenes, split into 12 training scenes, 1 inde-
pendent validation scene, and 3 held-out test
scenes. Class imbalance is addressed using
balanced class weights. To evaluate cross-
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Figure 3.2: Feature distribution of foreground and background Gaussians in the Barn scene. While features such as visibility
count, neighbour count, and distance to subject show clear separation between the two classes, no single feature provides a
clean linear decision boundary sufficient for classification.

scene generalization, we perform leave-one-out
cross-validation (LOOCV) within the 12 training
scenes. The validation scene is subsequently
used to tune and freeze the optimal hyperpa-
rameters. Finally, the model is trained on all 13
training and validation scenes combined, and
evaluated on the 3 held-out test scenes to report
the final F;-score and qualitative results.

Inference At inference time, only the trained
.ply file and camera parameters are required.
The classifier predicts a per-Gaussian fore-
ground probability, which is thresholded at 0.5,
corresponding to the default decision boundary
of the Random Forest posterior probability and
not tuned on the test set. No segmentation
masks or retraining are needed.

3.5. Experiments

3.5.1. Experiment Setup

Datasets We evaluate our method on three
datasets spanning 16 diverse scenes in total.
Tanks and Temples (Knapitsch et al., 2017)
contains large-scale outdoor environments; we
utilize 8 scenes from this dataset, including Barn,
Caterpillar, and Ignatius. MipNeRF360 (Barron
et al., 2021) spans both unbounded indoor and
outdoor scenes at varying scales, from which
we select 4 scenes (e.g. Bicycle, Bonsai, and

Flowers). Finally, our self-captured dataset con-
sists of two scenes captured around landmarks
in Delft, Netherlands (House1 and Bouwpub),
demonstrating applicability to casually captured
real-world data.

For the experimental split, 12 scenes from Tanks
and Temples and MipNeRF360 comprise the
training set, while Lighthouse is selected as the
independent validation scene. The remaining 3
scenes (the 2 self-captured scenes along with
Courthouse from Tanks and Temples) are held
out as the independent test set to report our final
quantitative and qualitative evaluation.

Implementation Details All 3DGS models are
reconstructed using PGSR (Chen et al., 2025)
with 30,000 training iterations. Other hyperpa-
rameters follow the default PGSR settings. All
training is conducted on an NVIDIA A40 GPU.
For saliency alignment evaluation, we use the
pretrained U2-Net (X. Qin et al., 2020) to gener-
ate saliency maps on the original training images.

Evaluation Criteria We evaluate our method
along three dimensions corresponding to our
research questions. Feature discriminability is
assessed using Cohen’s d and random forest
feature importance, which measure the stan-
dardized mean difference between object and
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artifact distributions for each feature. 3D-2D
saliency alignment is measured by projecting the
retained Gaussians onto each training viewpoint
and comparing the resulting binary mask against
U2-Net saliency predictions using pixel-level loU,
precision, and recall. Foreground extraction
is evaluated at the Gaussian point level using
precision, recall, and F1-score, where a Gaus-
sian is considered a true positive if it is correctly
classified as foreground. To assess cross-scene
generalization, we report leave-one-out cross-
validation (LOOCV) F1 across all training scenes
and held-out test F1 on unseen scenes.

3.5.2. Feature Discriminability

To identify which intrinsic properties of 3DGS
serve as meaningful saliency indicators, we em-
ploy two complementary metrics. First, Cohen’s
d measures the standardized mean difference
between object and artifact distributions for each

feature:

dzw (3.10)

Opooled
where d > 0.8, 0.5 < d <0.8,0.2 < d < 0.5, and
d < 0.2 indicate large, medium, small, and negli-
gible separation respectively. This metric is com-
puted per scene and averaged across all scenes
to assess cross-scene consistency.

Table 3.1 reveals a clear hierarchy of feature
discriminability. Visibility achieves large separa-
tion in all 16 scenes, confirming that multi-view
coverage is the most reliable indicator of capture
intent. Spatial features (neighbor count and
distance to subject) also show consistently
large separation in 14 and 13 out of 16 scenes
respectively, reflecting that the photographer’s
focus tends to coincide with geometrically coher-
ent, high-density regions. Geometry features
(maximum scale and anisotropy) show moderate
discriminability, with 9/16 and 1/16 large sepa-
rations respectively, as background Gaussians
tend to be larger and artifacts tend to be needle-
like. Appearance features (opacity, brightness,
and SH ratio) contribute minimally across most
scenes, suggesting that photometric properties
are not reliable indicators of capture intent.

Second, we report the random forest feature im-
portance, which reflects each feature’s contribu-
tion to classification decisions across all training
scenes. As shown in Figure 3.3, visibility and
spatial features (visibility count, neighbor count,
and distance to subject) account for the majority
of the importance at 0.8349. Geometry-related
features (maximum scale and anisotropy) con-
tribute 0.1033, while appearance features (bright-

ness, SH complexity ratio, and opacity logit) con-
tribute 0.0618. The Cohen’s d results and fea-
ture importance scores are consistent with each
other, and jointly guide the design of our ablation
study in Section 3.5.5.
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Figure 3.3: Feature importances of the final model.

3.5.3. Saliency Alignment Evaluation

To validate our hypothesis, we compare our pro-
jected 3D saliency masks against U2-Net (X. Qin
et al., 2020) predictions as a 2D reference, ac-
knowledging that this proxy is reliable when the
primary subject is visually dominant but may fail
under occlusion or complex spatial layouts.

To project the 3D saliency onto 2D image planes,
we render the pruned Gaussian model from each
training viewpoint using the differentiable Gaus-
sian rasterizer. All preserved Gaussians are as-
signed a white color (¢; = 1), with a black back-
ground (Cyy = 0). For each pixel z, the rendered
value is computed via front-to-back alpha com-
positing:

N
C(x) = Zai(:r) - Ty(x) (3.11)
n = [[1-a@) (342

where «;(z) is the effective alpha of the i-th
Gaussian at pixel x, combining its learned opac-
ity o; and its 2D projected extent. The resulting
grayscale image is thresholded at = = 0.5 to
produce a binary 2D saliency mask Mj3p, which
is then compared against the U2-Net prediction
Msp for the same viewpoint using pixel-level
loU, precision, and recall.

The qualitative results are shown in Figure 3.4.
Our projected 3D saliency masks Ms3p generally
maintain strong alignment with the U?-Net pre-
dictions Msp, demonstrating that the proposed
feature set successfully captures the primary
subject areas. As shown in Figure 3.4a, while
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Table 3.1: Cohen'’s d effect size for each feature across all annotated scenes. L = Large (d > 0.8), M = Medium
(0.5 < d<0.8),8=8mall (0.2 < d <0.5), -= Negligible (d < 0.2).
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the core regions overlap significantly, the pro-
jected 3D mask exhibits a less smooth boundary
around the rooftop compared to the U2-Net
predictions. This is a natural consequence of
the 3D representation: unlike 2D image pixels
that form continuous boundaries through spatial
convolutions, Gaussian primitives have physical
sizes and shapes, and their projection via alpha
compositing produces a rougher, non-linear
silhouette at object boundaries.

Courthouse (Figure 3.4b) illustrates a case
where 3D saliency outperforms 2D prediction.
Local illumination contrast causes U2Z-Net to
produce disconnected holes in the building
facade, while our multi-view aggregation main-
tains a complete and continuous mask. These
comparisons show that our 3D saliency is not
a replication of 2D labels, but a geometrically
consistent representation that complements
single-view 2D predictions.

Ignatius (Figure 3.4c and Bonsai (Figure 3.4d)
represent cases where the 3D saliency masks
show strong agreement with U? -Net predictions.
In both scenes, the primary subject is clearly sep-
arated from the background, demonstrating con-
sistent saliency estimates across both 3D and 2D
methods.

Table 3.2 reports the quantitative alignment
between Msp and Msp across all scenes. The
high mean recall of 0.9474 indicates that our
3D saliency maps successfully capture most

regions deemed salient by U2-Net. The relatively
lower precision reflects a fundamental difference
in scope: U2-Net predicts saliency from a single
frame’s local contrast, while our method aggre-
gates information across all training viewpoints,
resulting in a broader but geometrically con-
sistent foreground region. This is not a failure
mode; it reflects that 3D saliency captures the
complete subject structure, while 2D saliency
responds to single-frame visual prominence.

Scene-level variation in loU reflects the clarity of
capture intent. Scenes with a single dominant
subject clearly separated from the background
(e.g., House1, 1oU=0.7214; Bonsai, loU=0.5582)
achieve strong alignment. Stump vyields the
lowest loU (0.1065) and recall (0.7181), as the
scene contains multiple visually and geomet-
rically similar elements: the primary stump is
surrounded by other stumps and vegetation with
comparable appearance and spatial distribution,
making it difficult for both methods to agree on a
single salient region.

Beyond quantitative alignment, the comparison
also reveals a fundamental limitation of 2D
saliency detection. As shown in Figure 3.5,
U2-Net is biased by local contrast, focusing on
the foreground picnic table while missing the
main building behind it. In contrast, our method
leverages multi-view consistency to successfully
capture the complete 3D structure of the primary
building. This demonstrates that 3D saliency de-
rived from Gaussian properties provides a more
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Figure 3.4: Qualitative comparison of saliency alignment across four representative scenes. Within each subfigure, the layout
displays: the 3DGS rendered image from our pruned model (top-left), the original input training image (top-right), our projected
3D saliency mask M3 p (bottom-left), and the corresponding U2-Net 2D saliency mask prediction M, (bottom-right).

complete and view-consistent representation
of capture intent than single-frame 2D saliency
detection.

3.5.4. Foreground Extraction

The leave-one-out cross-validation (LOOCV)
results demonstrate strong cross-scene general-
ization, achieving a mean F1 of 95.7% across 12
scenes (Table 3.3). The low standard deviation
(3.5%) indicates that the classifier generalizes
consistently rather than overfitting to specific
scene characteristics. Bonsai achieves the
highest F1 (99.7%), benefiting from a clearly
defined subject with strong background contrast.
Train yields the lowest F1 (86.9%) with notably
low recall (78.7%), which we attribute to two
factors: the metallic surface introduces strong

view-dependent appearance variation that
destabilizes appearance-based features, while
the surrounding environment exhibits geometric
and spatial statistics similar to the foreground
subject, reducing feature discriminability.

Table 3.4 reports performance on three held-out
test scenes unseen during training, achieving a
mean F1 of 92.9%. House1 achieves the highest
F1 (94.1%) with balanced precision and recall, re-
flecting clear foreground-background separation
in this architectural scene. Bouwpub achieves
near-perfect precision (99.5%) but lower recall
(84.3%), suggesting that the classifier correctly
identifies foreground when confident but misses
some boundary regions. Courthouse, despite its
complex architectural structure spanning a large
area, still achieves a competitive F1 of 93.5%,



3.5. Experiments

19

(a) Training image

(b) 2D Saliency Mask (M2 p)

(c) Projected 3D Mask (M3p)

Figure 3.5: Comparison of 2D and 3D saliency under single-view ambiguity. U2-Net is biased by local contrast, focusing on the
foreground picnic table while missing the main building. Our method leverages multi-view consistency and successfully
captures the complete 3D structure of the primary building.

Table 3.2: Per-scene loU, Precision, and Recall between
projected 3D saliency mask Msp and U2-Net prediction
My p (mean over all training viewpoints).

Scene loU Precision Recall
Barn 0.4822 0.4848  0.9851
Bonsai 0.5582 0.5819 0.8972
Bouwpub 0.3608 0.3654 0.9689
Caterpillar 0.3463  0.3477  0.9900
Courthouse 0.2991 0.3022  0.9541
Family 0.4405 0.4430 0.9887
Francis 0.4373 0.4395 0.9871
Horse 0.3787 0.3862 0.9546
House1 0.7214 0.7242  0.9871
Ignatius 0.2800 0.2809 0.9896
Kitchen 0.1724 0.1730 0.9873
Train 0.3905 0.3962 0.9057
Truck 0.3315 0.3342 0.9803
Flowers 0.4643 0.4866 0.9174
Stump 0.1065 0.1079 0.7181
Average 0.3847 0.3902 0.9474

Table 3.3: Leave-One-Out Cross-Validation (LOOCV)
results across all 12 training scenes. Each row reports the
performance when that scene is held out as the test scene.

Metrics (%) are computed on the object class. Bold
denotes the best value per column.

Scene F1 (%) Precision (%) Recall (%)
Barn 98.0 994 96.6
Caterpillar 98.1 96.8 99.4
Truck 97.6 954 100.0
Ignatius 95.6 91.6 100.0
Family 93.5 87.9 100.0
Francis 94.9 90.7 99.5
Horse 97.5 96.8 98.2
Train 86.9 97.0 78.7
Bonsai 99.7 100.0 99.5
Kitchen 90.8 84.3 98.3
Stump 98.1 97.5 98.8
Flowers 97.5 95.2 99.9
Mean 95.7 94.4 97.4
Std 3.5 4.6 5.7

consistent with its large Cohen’s d for visibility
count, which provides strong discriminative sig-
nal even in complex scenes.

Table 3.4: Test-set performance on three held-out scenes
unseen during training or LOOCV. Metrics (%) are
computed on the object class. Bold denotes the best value

per column.
Scene F1 (%) Precision (%) Recall (%)
Courthouse 93.5 93.9 93.1
Bouwpub 91.2 99.5 84.3
House1 94.1 93.0 95.2
Mean 92.9 95.5 90.9

The qualitative results in Figure 3.6 further illus-
trate the classifier’s ability to isolate the primary
subject across diverse scene types, including
outdoor scenes (Figures 3.6a and 3.6c) and
an indoor scene (Figure 3.6b). Our method
accurately preserves fine details of the target
objects, and the extracted foregrounds exhibit
strong multi-view consistency across viewpoints.

3.5.5. Ablation Study

To evaluate the contribution of each feature
group, we conduct an incremental ablation study
across three configurations. The three configu-
rations are designed to reflect the four feature
categories identified in Section 3.4.2, grouped
by their expected discriminability as suggested
by the Cohen’s d analysis: visibility and spatial
features form the base as the strongest indica-
tors, geometry and basic appearance are added
next as moderate contributors, and high-order
appearance features are added last as the
weakest group.

» Base (3 features): Visibility count, neigh-
bor count, and distance to subject.
* + Geometry & Brightness (6 features):

Extends the base set with maximum scale,
anisotropy, and brightness.
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(c) Barn (Tanks and Temples)

Figure 3.6: Qualitative foreground extraction results across three diverse scenes. For each scene, we show the original 3DGS
point cloud and the extracted foreground from two viewpoints. Our method successfully isolates the primary subject across
both indoor and outdoor scenes.

» + High-order Appearance (8 features,
Full Model): Further adds SH complexity
ratio and opacity logit.

The results are summarized in Table 3.5. The
base setting already yields a mean F1 of 0.899,
confirming that visibility and spatial features
provide a solid foundation. Adding geometry
and brightness boosts the mean F1 to 0.924, in-
dicating that geometric structure is important for
separating the primary subject from background
artifacts. The full 8-feature model achieves the
highest mean F1 of 0.930, demonstrating that
SH complexity ratio and opacity logit offer com-
plementary information that further improves
performance despite their modest individual
contribution.

Table 3.5: Ablation study on feature set size. Results report
F1-score on the three test scenes for each feature

configuration.
Scene 3 features 6 features 8 features
Courthouse 0.903 0.928 0.935
Bouwpub 0.857 0.906 0.912
House1 0.937 0.939 0.941
Mean F1 0.899 0.924 0.930

3.6. Conclusion and Future

Work

3.6.1. Conclusion

This work investigated whether the intrinsic
properties of 3DGS primitives encode the pho-
tographer’s visual saliency and capture intent.
We designed an 8-dimensional feature vector
covering visibility, spatial, geometric, and ap-
pearance properties of each Gaussian primitive,
and trained a Random Forest classifier on anno-
tated scenes. Evaluated on Tanks and Temples,
MipNeRF360, and a self-captured dataset, our
method achieves a mean LOOCV F1 of 0.957
and generalizes to unseen scenes with a mean
test F1 of 0.929. Projected 3D saliency masks
show strong alignment with U%-Net predictions,
confirming that multi-view Gaussian statistics
capture a geometrically consistent, view-stable
notion of saliency that single-frame 2D methods
cannot provide. These results demonstrate that
3DGS primitives encode information beyond
what is essential for rendering, opening new
possibilities for capture intent analysis, auto-
matic foreground extraction, and perceptual
quality-driven compression.

3.6.2. Limitations and Future Work

Several limitations of this work point towards di-
rections for future research. First, the classifier
was trained and evaluated on 16 scenes of rela-
tively small scale. Validating performance on city-
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scale datasets would test whether these features
generalise to more complex urban environments.
Second, the definition of foreground is inherently
subjective and may vary across annotators, par-
ticularly in scenes with multiple competing sub-
jects. Future work could explore probabilistic la-
belling approaches that model annotation uncer-
tainty explicitly. Third, our method relies on the
quality of the PGSR reconstruction, scenes with
significant floaters or incomplete surfaces may
yield unreliable feature values, degrading classi-
fication performance. Incorporating depth priors
could partially address this dependency.
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Conclusion

4.1. Reflection on the Research

This thesis investigated whether the intrinsic properties of 3D Gaussian Splatting primitives encode the
photographer’s visual saliency. This problem was investigated from three perspectives. First, regard-
ing which intrinsic properties encode visual saliency, visibility count, neighbour count, and distance
to subject emerged as the three most discriminative indicators, jointly accounting for 83.49% of the
Random Forest feature importance. Second, when projected onto 2D image planes, the recovered 3D
saliency masks show strong alignment with U2-Net predictions, confirming consistency with human per-
ceptual saliency. Third, when applied to downstream tasks such as foreground extraction, the method
achieves a mean LOOCYV F1 of 0.957 and generalizes to unseen scenes with a mean test F1 of 0.929,
demonstrating strong cross-scene applicability.

An important turning point in the research was an empirical observation made during data exploration.
The initial direction of this project focused on leveraging multi-view semantic consistency for geometry-
aware 3DGS pruning, following existing approaches that inject external semantic supervision DINOv2
model (Oquab et al., 2023) into the representation. However, while visualizing reconstructed scenes in
SuperSplat, a different pattern emerged: spurious Gaussians consistently exhibited needle-like shapes
and sparse spatial distributions, in contrast to the compact, planar Gaussians that formed the primary
subject surfaces. This observation suggested that the intrinsic geometric properties of the Gaussians
themselves already carried discriminative information about the scene structure, without requiring any
external semantic input. This insight led to a fundamental shift in research direction, from semantic
feature embedding to intrinsic property analysis, and ultimately to the core contribution of this thesis.

Reflecting on the research process, the most challenging aspect was feature selection, as no existing
work has systematically investigated Gaussian attributes as saliency indicators. The high-dimensional
nature of 3DGS also means the feature combination space is substantially larger than for traditional
LiDAR point clouds. We addressed this by evaluating each feature using Cohen’s d effect size before
training the classifier, which provided a solid foundation for feature design and ablation studies.

4.2. Relation to MSc Geomatics for the Built Environment
This research connects to the MSc Geomatics for the Built Environment programme in several ways.

Data Acquisition and Capture Planning Traditional terrestrial laser scanning workflows follow a
manual paradigm: an operator performs an initial scan at fixed positions, identifies regions that are in-
sufficiently mapped, and manually decides where additional scans are needed. This problem is closely
related to active reconstruction, a subfield of robotic perception in which an agent autonomously de-
termines where to move next in order to maximise the quality or completeness of an ongoing 3D re-
construction (Feng et al., 2024). Rather than following a pre-planned trajectory, an active system
continuously updates its acquisition strategy based on what has already been observed, selecting the
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next best view according to an information gain criterion. Information gain is typically defined in terms of
reconstruction uncertainty — for instance, by computing the entropy of volumetric weight distributions
along rays (Lee et al., 2022), modelling depth rendering variance within neural implicit representations
(Feng et al., 2024), or quantifying Fisher Information over radiance field parameters (Jiang et al., 2023).
However, these approaches treat all scene regions as equally worthy of reconstruction effort, ignoring
any notion of perceptual importance.

Our findings suggest that the intrinsic properties of 3DGS primitives can serve as a perceptual prior,
automatically identifying regions that align with the operator’s capture intent. This allows active re-
construction systems to deprioritise geometrically incomplete but perceptually unimportant regions,
concentrating the acquisition budget where it matters most. Crucially, unlike 2D saliency methods
which produce view-dependent predictions that vary with camera pose, our 3DGS-derived saliency is
grounded in 3D space and remains stable across viewpoints. This view-stability is essential in prac-
tice: saliency estimates derived from an initial coarse scan must remain consistent when predicting the
importance of regions observed from entirely new scan positions.

Since our classifier assigns each Gaussian primitive a binary label, the saliency map is represented as
a sparse set of flagged primitives in 3D space. For a given view candidate v, the saliency score S(v)
can be computed as the proportion of visible Gaussians classified as foreground:

Sw) = — 3" 1[g, = tg. (4.1)

‘gv‘ 9€G,

where G, denotes the set of Gaussians visible from view v. This score can be directly integrated into
any uncertainty-based next-best-view utility function:

g(v) = Uuncertainty(v) : S(U)v (42)

where Uyncertainty (v) denotes any conventional uncertainty-based information gain (Feng et al., 2024,
Jiang et al., 2023; Lee et al., 2022). Under this formulation, only view candidates that observe geomet-
rically uncertain and perceptually important regions are prioritised, with no additional hyperparameters
required.

In practice, a lightweight image-based 3DGS reconstruction could serve as a low-cost pre-survey step,
producing a saliency prior that informs a subsequent high-accuracy terrestrial laser scanning. This
hybrid workflow combines the accessibility of photogrammetric reconstruction with the geometric accu-
racy of laser scanning, concentrating the expensive LiDAR capture budget on the regions that matter
most.

Bandwidth-Efficient 3D Data Delivery Large-scale 3D scene representations pose significant chal-
lenges for storage and streaming in geomatics applications. In traditional urban data formats such as
CityJSON and CityGML, Level-of-Detail (LoD) is defined geometrically: coarser levels represent build-
ings as simple block shapes, while finer levels progressively add architectural details such as rooftop
structures and facade elements. This approach treats all regions of equal geometric complexity as
equally important.

Recent work on 3DGS-based urban reconstruction has explored similar strategies for real-time render-
ing, generating different levels of detail through Gaussian compression and selecting the appropriate
level based on viewing distance (Y. Liu, Luo, et al., 2024). Our method offers a complementary percep-
tual dimension: rather than treating all Gaussians within a LoD level uniformly, saliency scores could
guide non-uniform compression. Primitives with low saliency scores could be aggressively compressed
or discarded, while high-saliency regions are preserved at full quality regardless of viewing distance.
For applications such as web-based urban visualization, where bandwidth is limited, a saliency-aware
streaming pipeline could prioritize the transmission of perceptually important primitives first, ensuring
that the primary structures of interest are always rendered at the highest fidelity even under constrained
network conditions.



4.3. Limitations Revisited 26

4.3. Limitations Revisited

The scientific article identified several limitations at a high level. Here we expand on these in more
detail.

Annotation Subjectivity The definition of foreground is inherently subjective and dependent on the
annotator’s interpretation of the photographer’s intent. In our dataset, foreground was consistently
defined as geometrically coherent surfaces of the primary subject, excluding distant background and
floaters. However, in scenes with ambiguous capture intent, where multiple visually similar objects com-
pete for salience, different annotators might produce conflicting labels. This was observed in scenes
such as Stump, where the primary subject is surrounded by visually similar objects, resulting in the low-
est loU in our saliency alignment evaluation. Future work could investigate inter-annotator agreement
studies or probabilistic labeling that model annotation uncertainty explicitly, rather than enforcing hard
binary labels.

Dependence on Reconstruction Quality Our method operates on a trained 3DGS model and its per-
formance is therefore coupled to the quality of the underlying reconstruction. In scenes where PGSR
produces floaters or incomplete surfaces, such as regions near the boundary between the sky and the
primary subject, visibility counts may be unreliable for the affected primitives. This was reflected in the
Train scene, where the metallic surface introduced strong view-dependent appearance variation that
destabilized appearance-based features. This dependency could be partially addressed by incorporat-
ing additional depth priors or using more robust reconstruction backbones that better handle reflective
and transparent surfaces.

Scale of the Dataset The classifier was trained and evaluated on 16 annotated scenes. While the
LOOCV results demonstrate consistent generalization, a larger and more diverse dataset would be
needed to validate performance across different scene types, capture conditions, and camera setups.

4.4. Future Work

Several directions are worth addressing in future research.

Integration with Semantic Understanding The current method operates without any semantic la-
bels, classifying Gaussians purely based on geometric and photometric attributes. Combining 3D
saliency with semantic scene understanding could enable object-level capture intent analysis, where
the system not only identifies where the photographer focused but also what category of object it be-
longs to. This would allow more fine-grained applications, such as automatically tagging salient object
by building type.

Extension to Dynamic Scenes The current method assumes a static scene, as 3DGS models are
optimized on a fixed set of training images. Extending the approach to dynamic urban scenes (Fischer
et al., 2024) would introduce new challenges: a salient object in one frame may be absent in others,
and the notion of capture intent becomes time-dependent. Addressing this would require adapting the
feature extraction pipeline to account for temporal consistency across frames.

Extension to Larger and More Diverse Datasets Validating the method on city-scale datasets (Y.
Liu, Guan, et al., 2024) would test whether these features generalize beyond the relatively small-scale
scenes used in this thesis. Collecting a larger annotated dataset with diverse scene types, capture
conditions, and camera setups would also further ensure the robustness of the results.
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