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Abstract

Creating 3D Gaussian splats of solely an object of interest (OOI) at the center of a scene is traditionally an ill-posed task, as
standard pipelines optimize for global photometric loss across the entire environment. This requires either labor-intensive man-
ual segmentation masks or computationally expensive pre-processing with foundational models to isolate the OOI [JMG24].
We present an intrinsically-informed pipeline that leverages the underlying distribution and density of Gaussians initialized from
Structure from Motion (SfM) to segment the OOI, including a prior-informed segmentation extension. This is to our knowledge
the first method that allows 3D Gaussian splatting (3DGS) reconstruction of a specific object without foundational models. We
evaluate this pipeline on a subset of the MiP-NeRF 360 [BMV*22] dataset, for which the ground truth segmentation masks
have been manually created.
The results demonstrate promising advances in isolating the OOI from the rest of the scene to reconstruct it in more detail. De-
spite challenges arising from the sparse nature of the initial SfM point cloud, the intrinsically-informed pipeline can effectively
separate an OOI that is the single prominent object in the majority of the input images. The prior-informed approach using
feature maps avoids the need for manual annotations but significantly increases computation time.

CCS Concepts
• Computing methodologies → Reconstruction; 3D imaging; Image segmentation;

1. Introduction

Current 3D reconstruction methods that aim to reconstruct solely an
object within a scene rely on a fully-reconstructed scene, on which
the object extraction is performed [GL24; YSG24]. This leads to
inefficient use of computational power and time since the entire
scene is reconstructed instead of only the object of interest (OOI).
Additionally, reconstructing the entire scene reduces the overall
reconstruction quality of the OOI due to the limited allocation of
Gaussians for its representation [BRMG25].

We present an intrinsically-informed segmentation pipeline, de-
signed to reconstruct an OOI within a 3D Gaussian splatting
(3DGS) scene without requiring external foundational models. Un-
like existing methods [FXZ*25] that first reconstruct entire scenes
and extract the OOI post-training, this pipeline leverages the inher-
ent spatial distribution and density of point clouds generated from
Structure from Motion (SfM) to isolate the OOI early in the pro-
cess. This work builds on the assumption that datasets focus on
single objects, similar to the datasets in Mip-NeRF 360 [BMT*21].
By focusing computational resources exclusively on the OOI, this
method reduces the processing time and enhances the fidelity of the
reconstructed target.

The intrinsically-informed pipeline involves isolating the OOI
within a point cloud and relies on the underlying distribution of

Gaussians in 3DGS. This distribution inherently reflects the den-
sity of points, with higher densities corresponding to regions of
greater detail, particularly around the OOI. SfM-generated point
clouds, such as the one in Figure 3, naturally exhibit this property
[SF16]. Firstly, SfM algorithms reconstruct 3D points by triangu-
lating corresponding features across multiple images. OOIs tend
to appear in a larger number of images and from various angles.
This increased coverage results in more feature matches and, con-
sequently, a higher density of reconstructed 3D points around the
OOI. Secondly, OOIs are typically captured from closer distances,
leading to higher image resolution and more detectable features
in these areas. The closer proximity also allows for better feature
matching across images, further increasing point density. Finally,
OOIs often have more distinct textures and features, which are eas-
ier for SfM algorithms to detect and match consistently across im-
ages. In contrast, background elements or less important areas may
be captured less frequently, from greater distances, or with less con-
sistent angles, resulting in sparser point reconstruction.

Additionally, we evaluate a prior-informed pipeline which is
an extension of the intrinsically-informed pipeline. The prior-
informed pipeline does not rely on segmentation masks to extract
the OOI. Instead, a single Gaussian is selected, the Reference Gaus-
sian (RG), by comparing the semantic similarity between the Gaus-

© 2026 The Author(s).
Proceedings published by Eurographics - The European Association for Computer Graphics.
This is an open access article under the terms of the Creative Commons Attribution License, which
permits use, distribution and reproduction in any medium, provided the original work is properly
cited.

https://orcid.org/0009-0001-1879-4801
https://orcid.org/0009-0004-1091-257X
https://orcid.org/0009-0009-7097-5894
https://orcid.org/0000-0003-3132-270X


2 of 10 Y. Dang, C. Amghane, V. Stenvers & P. Vangorp / Information-Guided 3D Gaussian Splatting

sians and a text-encoded vector representing the OOI. The under-
lying rationale is that Gaussians in close proximity often model the
same object, enabling efficient clustering into groups using meth-
ods such as k-means clustering. The prior-informed pipeline re-
quires distilling semantic feature-vectors into the 3DGS represen-
tation but alleviates the need to segment the OOI in all input views.

We evaluate both pipeline variants using a manually masked
dataset based on the Mip-NeRF 360 dataset [BMV*22].

This paper makes the following contributions:

• An information-guided segmentation pipeline, leveraging the
variation in point cloud density where objects typically coincide
with high density regions and background or noise with sparse
regions.

• An optional prior-informed segmentation extension for the
aforementioned pipeline, selecting Gaussians belonging to the
OOI based on feature maps.

• A Mip-NeRF 360-based dataset of manually masked images, en-
suring correct coverage of the ground truth, available at https:
//doi.org/10.17605/OSF.IO/5ZX8E.

2. Related Work

Techniques such as neural radiance field (NeRF) and 3DGS have
proven to be capable of photorealistic 3D scene reconstruction. The
information about the viewpoints, i.e. camera poses, of the input
images is required to train these models. The camera poses are not
always known a priori and sometimes have to be estimated using
photogrammetric techniques. Structure from Motion (SfM) [SF16]
is a photogrammetric technique to create 3D reconstructions and
estimate camera parameters from a set of images. SfM is based on
the principle of motion parallax, where objects in a scene appear
to move differently based on their distance from the observer. The
output of the SfM process is a dense 3D point cloud and the corre-
sponding camera pose for each image, providing a solution when
camera poses are unknown. However, even if the camera poses
are known, ray-tracing based 3D reconstruction methods such as
NeRF are computationally intensive due to the large number of vol-
umetric scene elements that need to be accumulated for each pixel
[GKJ*21].

Addressing the computational performance drawback of NeRF,
Kerbl et al. proposed 3D Gaussian splatting [KKLD23], which con-
tributes threefold: introduction of 3D Gaussians as a high-quality
unstructured representation of radiance fields, optimization method
of 3D Gaussian properties with adaptive density control, and a fast
differentiable rendering approach for the GPU. Many parameters
involved in the optimization method of the 3D gaussians are de-
termined experimentally and based on heuristics. These heuristics
are used to determine whether Gaussians should be added or re-
moved. The performance of these heuristics depends on having a
high-quality initial point cloud.

Kheradmand et al. [KRS*24] propose a new approach where
3DGS is reimagined as Markov Chain Monte Carlo (MCMC) sam-
ples drawn from an underlying probabilistic distribution that is pro-
portional to how faithfully the Gaussians reconstruct the scene.
Stochastic Gradient Langevin Dynamics (SGLD) is used to ex-

plore the scene and update the Gaussians in the densification pro-
cess. This method renders the heuristics involved in the densifica-
tion process (densifying, pruning, and resetting opacity) unneces-
sary. Gaussians serve as samples for MCMC, with their locations
explored through SGLD updates. Changes to the set of Gaussians
can be reformulated as deterministic state transitions. Kheradmand
et al.’s improvements eliminate the dependency on a good initial
point cloud, as the assumed underlying distribution is modeled by
the Gaussians themselves.

Unlike the original 3DGS implementation [KKLD23], which dy-
namically adjusts the number of Gaussians in each scene, 3DGS
Markov chain Monte Carlo (MCMC) [KRS*24] provides the abil-
ity to set a maximum number of Gaussians explicitly. This will
make it easier to control and compare our proposed method with
existing approaches, as the number of Gaussians used for recon-
structing the OOI can be precisely defined.

2.1. Segmentation

Other works focusing on segmenting 3D reconstructions use large
neural networks such as CLIP [RKH*21] to extract feature vec-
tors for the images, which are then distilled into the neural radi-
ance field [KKG*23]. In [KWK*24], the Segment Anything Model
(SAM) [KMR*23] is used to extract semantic masks for the input
views which are then used to learn a scaled affinity-field resulting
in multi-view consistency on various scales. In [ZCJ*24], Gaus-
sian Splatting is used as the scene representation. It utilizes feature-
maps generated by SAM and distills these features into the gaussian
scene. The segmentation relies on feature vectors or segmentation
masks generated by models such as CLIP and SAM.

2.2. Meshing

A point cloud of a 3D scene consisting of various objects has a
varying degree of information density. Some regions of the point
cloud contain a large number of points compared to other regions
of the point cloud. Density-Based Spatial Clustering of Applica-
tions with Noise (DBSCAN) [EKSX96; SSE*17] operates on the
principle of density-based clustering where clusters are defined as
dense regions of points separated by areas of lower point density.
The separation of points in lower density regions is ideal for remov-
ing noise and outliers from a point cloud. In [Par62; DLP11] Kernel
Density Estimation (KDE) estimates the probability density func-
tion of a random variable by placing a kernel function (typically a
Gaussian distribution) at each data point and then summing their
contributions in order to create a smooth and continuous estimate
of the underlying density. Random Sample Consensus (RANSAC)
[FB81] is a robust iterative method for estimating parameters of a
mathematical model from a set of observed data that contains out-
liers. The method iteratively selects a random subset of the data
and estimates the underlying model which is then compared to the
entire dataset. The RANSAC method is also capable of fitting 2D
planes in the dataset, making it highly applicable for wall and floor
detection in human-made 3D environments. However, the iterative
sampling approach is a limitation in large point clouds.

The Poisson Surface Reconstruction (PSR) [KBH06] method for
generating watertight 3D surfaces from point cloud data formulates
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the problem as a Poisson equation. Its key strengths lie in its abil-
ity to handle noisy data and produce smooth, closed surfaces, ef-
ficiently handling large datasets and capturing fine details in point
cloud with high density. PSR is effective at filling holes and com-
pleting missing data, which makes it robust to incomplete scans or
sparse point clouds. However, this hole-filling property can some-
times lead to oversmoothing of sharp features or the creation of
spurious surfaces in areas with sparse data.

2.3. Airplane Reconstruction

To accelerate aircraft inspections, the industry increasingly relies
on semi-autonomous drones that fly around the airframe and cap-
ture high resolution images which are then processed into a re-
port. While this method can reduce inspection time by up to 75%
[Mai24], there are some limitations:

• Lack of Depth Information: Scratches or punctures in the hull
have different severity levels, depending on the depth of the dam-
age. Single images do not provide any depth information, mak-
ing it difficult to assess the extent of the damage.

• Single Viewpoint Constraint: The inspection is limited to the
angle from which the image was taken, potentially missing is-
sues visible from other perspectives.

• Human Validation: Since each image corresponds to just one
part of the aircraft, it is challenging for a human inspector to
assess the aircraft as a whole. Stitching these images together
often lacks coherence and fails to provide a seamless experience.

To summarize, NeRF and 3DGS are promising techniques for
3D reconstruction. In order to be useful for aircraft inspections the
level of detail of the aircraft should be high enough to identify small
cracks, dents and ruptures. One possible way to achieve this is to
focus all reconstruction effort on the OOI and ignore the informa-
tion in the periphery. This requires segmenting the 3D reconstruc-
tion to separate the OOI. Current work related to segmenting 3D
reconstructions relies on large neural networks to infer information
such as feature-vectors and segmentation masks which is used in
the training process of the 3D reconstruction methods. This pro-
cess is time consuming, requires manual input and is sensitive to
the performance of neural networks such as CLIP. To overcome this
limitation, we propose utilizing density information already present
by nature in the point clouds to extract the object of interest and
synthesize a high detail 3D reconstruction.

3. Naive Segmentation

In order to evaluate the efficacy of isolating an object of interest for
3D Gaussian splatting, we first compared a naive approach to object
segmentation for 3DGS with a full scene reconstruction. The naive
approach to creating a 3DGS reconstruction of solely the OOI is to
create masks for the OOI in the input images and set the loss for
all regions outside the OOI to zero. This approach was tested on a
custom dataset [Stu22] to serve as a proof of concept and trained
for 30,000 iterations. Figure 1 illustrates the difference in detail be-
tween the reconstruction with segmentation masks (a), where the
background loss is set to zero, and the reconstruction without any
modifications (b). It is evident that the detail on the reconstructed
cup is visibly higher using the naive segmentation approach com-
pared to the original method without modifications.

(a) Background removed

(b) Full scene reconstructed

Figure 1: 3D reconstruction of a custom scene with a cup [Stu22].
(a) Improved reconstruction quality with clear details on the cup
when the background is not reconstructed. (b) Blurred or missing
details on the cup when the full scene is reconstructed.

4. Intrinsically-Informed Segmentation Pipeline

This work builds on the assumption that datasets focus on single
objects, similar to the datasets in Mip-NeRF 360.

A more adaptable method to isolate the OOI in 3D scene recon-
struction involves clustering techniques. A 3D scene from SfM is
represented as a point cloud, where higher detail corresponds to
denser point regions. By using this property, clusters of high den-
sity can be identified, with the OOI expected to reside in one of
these clusters.

This method serves as a preprocessing method for both the input
images and the initial point cloud that is fed into any 3DGS method.
It also offers advantages over feature-based 3DGS approaches such
as Feature 3DGS [ZCJ*24] and SAGA [CFY*25], as it avoids re-
liance on complex foundational models. Since the underlying prob-
ability distribution is proportional to the faithfulness of the Gaus-
sians reconstructing the scene and does not need to be modeled
explicitly [KRS*24], this method can also work on 3DGS methods
that do not rely on the initial SfM point cloud initialization.

An overview of the segmentation pipeline is shown in figure 2.
The first three stages are responsible for extracting only the points
belonging to the OOI. They were designed to gradually decrease
the size of the point cloud, first removing larger chunks that are ir-
relevant to the OOI and, lastly, going to the finer points around the
OOI, which are noisy points due to inaccuracies from the SfM pro-
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cess. The following meshing stage creates a surface reconstruction
of the resulting OOI point cloud, essentially a 3D model of the OOI.
This stage then allows projecting the mesh onto the input images to
create masks of the OOI. The resulting masks and point cloud can
subsequently be used as input images for any 3DGS method, fol-
lowing a similar approach to the naive approach outlined in Section
3.

The pipeline is intentionally designed in a modular fashion, with
no strong dependencies between successive stages. Each stage ex-
poses a well-defined input and output (a point cloud, a mesh, or a
set of binary masks), so any individual stage can be substituted with
an alternative technique without affecting the rest of the pipeline.

4.1. Density Clustering

Building on the inherent density-based distribution of points in
SfM-generated point clouds, this initial stage of the pipeline aims
to drastically downsample the scene. This is done by maximizing
point removal while ensuring that all points belonging to the OOI
are preserved, therefore maintaining the object’s representation in
the point cloud.

A Monte Carlo Kernel Density Estimation (KDE) approach is
employed to quantify point density and enable OOI extraction. In-
stead of applying density estimation to the entire point cloud, which
can be computationally expensive for large datasets, this method
uses random subsampling. Multiple subsets of the point cloud are
sampled, and a KDE model is fitted to each subset using a Gaussian
kernel. The densities for all points in the original dataset are then
estimated for each sampled subset, and the final density is com-
puted as the average of these estimates.

Background objects, although having low-density values, often
comprise a large number of points due to their extensive presence in
the background of the scene. Therefore, filtering them out provides
a solid base for a peak finding algorithm. The estimated density
values are filtered to remove low-density regions, allowing a peak-
finding algorithm to isolate the OOI correctly. The lowest 30% of
density values are discarded, a threshold determined through exper-
imental evaluation.

Through further experimentation, we found that filtering out the
points before the first peak leaves the OOI intact and filters out the
non-OOI points that are further away from the high-density region
(the OOI and its immediate surroundings).

4.2. Floor Detection

The previous step does not completely remove the area around the
OOI, leaving parts of the surrounding surface, such as the floor or a
table, still present. These surfaces are not essential for reconstruct-
ing the OOI, but removing them can be challenging. If not done
carefully, parts of the OOI close to the surface might also be re-
moved, affecting the reconstruction’s completeness. To address this
challenge, the process is divided into three substages: detecting the
floor, analyzing the model’s orientation, and removing the floor.

The process of floor detection employs a Random Sample Con-
sensus (RANSAC)-based algorithm to fit a plane model to the point

cloud. Initially, a random subset of three points is selected to ap-
proximate the plane of the floor. The distance threshold, which
defines the maximum allowable distance a point can be from the
model to be considered an inlier (part of the floor), is then de-
termined dynamically. The algorithm chooses the ideal distance
threshold by trying 50 different thresholds and choosing the opti-
mal threshold by the minimum value of the second derivative of the
ratio between inliers and the total points. This threshold represents
the transition where adding points provides minimal new informa-
tion about the floor while minimizing the inclusion of extraneous
points.

Orientation analysis of the detected floor plane is needed to en-
sure proper separation. The normal vector of the floor plane is com-
puted to identify its orientation in the 3D space. Points above and
below the plane are then segregated. Given that no part of the OOI
should exist beneath the floor, the region with the fewest points is
discarded. This ensures that only the points corresponding to the
OOI remain, free of any extraneous points from the floor or the
surrounding area.

Figure 5 shows a view of the OOI before and after removing the
floor. Note that due to a non-optimal floor thickness, part of the
OOI was removed as well. The resulting point cloud consists of the
OOI, with the majority of the floor points removed.

4.3. Noise Removal

Feature extraction and matching in SfM pipelines are inherently
imperfect and often introduce noise into the generated point cloud.
As a result, noisy points in proximity to the OOI may remain in the
dataset, complicating surface reconstruction on the point cloud and
potentially degrading the quality of the reconstructed model.

To address this issue, the DBSCAN algorithm is employed to re-
fine the filtered point cloud, grouping points into clusters based on
their spatial proximity. DBSCAN also identifies outliers as noise,
effectively removing isolated points that do not belong to any clus-
ter. This dual capability makes it particularly suitable for noisy
datasets. Following clustering, the resulting clusters are evaluated
to determine the one most representative of the OOI. Typically, the
largest cluster defined by the highest number of points is assumed
to correspond to the OOI, as it reflects the region of greatest spatial
coherence within the filtered point cloud.

Another noise removal method, statistical outlier removal, was
also tested for this purpose. While this method mostly removes the
noisy points around the OOI, similar to DBSCAN, some smaller
clusters not part of the OOI still remain. A comparison with
DBSCAN is shown in Figure 6.

The resulting point cloud can be used instead of the original SfM
point cloud for initializing the Gaussians.

4.4. Meshing

To generate segmentation masks, the OOI point cloud must first be
meshed into a continuous surface. The mesh is only used to pro-
duce the per-view masks consumed by 3DGS and is never exposed
as a final output, so any closed-surface mesher works here and the
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Figure 2: Pipeline for intrinsically-informed segmentation.

(a) (b)

Figure 3: (a) Point cloud generated from SfM is used as the input
for the pipeline. (b) Zoomed in on the area around the OOI.

Figure 4: Extracted points from the OOI based on density, where
low-density regions have been omitted.

choice reduces to robustness and convenience. We therefore ex-
plored simple, widely available methods rather than the most re-
cent ones: ball-pivot algorithm (BPA), Delaunay triangulation, and
Poisson Surface Reconstruction (PSR). Of these, PSR proved the
most suitable due to its robustness in handling noisy data.

Both BPA and Delaunay triangulation are sensitive to noise and
require dense or highly uniform points [BTS*17; KA16], making
them unsuitable for this task. By integrating smoothing into the
reconstruction process, PSR effectively mitigates noise, although
this comes at the cost of potentially losing finer geometric details.

However, a key limitation of PSR is its reliance on point normals.
SfM point clouds often lack precomputed normals; meaning an ad-
ditional preprocessing step to estimate them is necessary, which,
especially for sparse point clouds, can yield incorrect normals.

The normals are estimated using Open3D’s [ZPK18]
estimate_normals function. This function uses a k-d

(a) (b)

Figure 5: (a) Point cloud of OOI with floor, where the detected
floor is colored red. (b) Same point cloud after floor removal. Note
that the bottom of the tracks on the bulldozer has also been mostly
removed.

(a) (b)

Figure 6: Noise removal from the OOI after floor separation, using
(a) DBSCAN or (b) statistical outlier removal.

tree to identify the set of neighboring points for each point in the
point cloud. The KDTreeSearchParamHybrid parameter
controls how this neighborhood is determined: it considers all
points within a given radius and ensures that at most max_nn
neighbors are selected. A smaller radius captures fine local details
but can be more sensitive to noise, while a larger radius smooths
the normals over a broader area, which is beneficial for noisy or
sparse data. Through experimentation, we found that the parameter
choice did not affect the resulting normals for the scenes evaluated
in this work. This is likely due to the point cloud of the OOI being
dense enough.

For PSR, the depth parameter indirectly controls the level of de-
tail in the final mesh. A higher depth allows for more detailed sur-
faces, but it also increases noise and computational demands. To
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balance detail preservation and noise suppression, a default depth
value of 9 has been experimentally selected for all scenes. This
depth provides sufficient detail to capture the geometry of the OOI
while maintaining a degree of smoothing to address noise com-
monly present in SfM-generated point clouds.

As illustrated in figure 7, the mesh generated by the PSR method
shows its robustness against noise. Specifically, the reconstructed
surface effectively disregards the residual noisy points. Contrasting
this, the BPA method produces a less consistent and noisy surface.

(a) (b)

Figure 7: Resulting meshes of the denoised OOI point cloud with
(a) PSR and (b) BPA.

4.5. Masking

By applying meshing, a 3D segmentation of the OOI is effectively
achieved. The meshed representation of the point cloud ensures
consistency across all viewpoints, which can then be used to gen-
erate segmentation masks for the input images.

To achieve accurate mask generation, the positions and orienta-
tions of the original cameras must be replicated. Using the cam-
era extrinsics and intrinsics derived from the SfM process, virtual
cameras are placed in 3D space to precisely emulate the locations
and orientations of the real-world cameras that captured the dataset.
The meshed OOI is then rendered from the perspective of each em-
ulated virtual camera, producing binary masks that delineate the
OOI’s silhouette as viewed from those angles.

During the meshing process, small gaps may arise in the recon-
structed surface due to the inherent characteristics of PSR, such
as smoothing or insufficient point density in certain areas. These
gaps can result in incomplete coverage of the OOI in the generated
masks. To address this, a morphological closing operation with a
fixed kernel size, applied uniformly across all images and scenes,
fills small isolated holes inside the silhouette without altering the
mask boundary. This step is a minor convenience rather than a crit-
ical component of the pipeline.

The result of the masking process is shown in figure 8. The gen-
erated masks can subsequently be used as input images for 3DGS.

4.6. 3D Gaussian Splatting

To reconstruct solely the OOI, we integrate the generated masks
into the 3DGS optimization pipeline. Specifically, we apply a pixel-
wise binary mask to the photometric loss (comprising L1 and
LSSIM), effectively zeroing the loss contribution from background

Figure 8: Projected mask on the input viewpoint to create a seg-
mentation mask of the OOI.

regions. This prevents the model from allocating Gaussians to the
environment and ensures the optimization is strictly confined to the
OOI’s geometry.

Additionally, the point clouds produced in Section 4.3 can be
directly used for the Gaussian initialization and replace the SfM
point cloud. This approach provides the advantage that the initial-
ized Gaussians are constrained exclusively to the OOI and absent
from the background.

5. Prior-informed Segmentation

Manually segmenting the OOI for all the input views is a time con-
suming process. We therefore opt for an approach utilizing seman-
tic feature-vectors distilled into the Gaussians. The masking pro-
cess is then reduced to selecting the OOI from only one viewpoint
for each scene since the semantic feature-vectors are lifted from 2D
to 3D.

However, this approach requires selecting a single Gaussian,
the reference Gaussian (RG), that represents the OOI within a 3D
Gaussian Scene. The RG is defined as the Gaussian with the high-
est semantic similarity to a text-encoded vector that represents the
OOI. The RG acts as a reference point identifying all Gaussians
that belong to the OOI. This method allows segmentation of the
OOI using user inputs such as text descriptions or point prompts
(similar to approaches like SAM [KMR*23]), standardizing the se-
lection process and ensuring consistency across scenes.

Additionally, even if the similarity between the text vector and
the most similar Gaussian is low, normalizing all comparisons rela-
tive to the RG allows the use of a fixed threshold for selecting OOI-
related Gaussians. This normalization step ensures the method’s
robustness regardless of the scene’s variability or the number of
training iterations.

We leverage these advantages by expanding our existing pipeline
with feature maps produced using the semantic similarity between
the Gaussians and the text vector of the desired OOI. First, the text
description of the OOI is encoded into a feature vector using CLIP
[RKH*21], a model designed to connect visual and textual fea-
tures by embedding both images and text into a shared semantic
space. Then, since the Gaussians’ semantic features are also based
on CLIP, it is possible to compare the Gaussian’s features to the
text feature. The cosine similarity between the Gaussian and the
text feature is calculated for each Gaussian. The Gaussian with the
highest cosine similarity to the text feature is chosen as the RG, en-
suring that the RG is the Gaussian most semantically aligned with
the OOI. Finally, the Gaussians corresponding to the OOI are iden-
tified. This is done by comparing the Gaussians’ features to the RG
using the cosine similarity. This allows us to use a fixed threshold
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to identify all Gaussians belonging to the OOI, as cosine similarity
is not transitive, and all comparisons are normalized relative to the
RG.

Once the RG is identified, the labeled Gaussians segment the
OOI. We adjusted the 3DGS Gaussian pruning function to remove
not only low-opacity Gaussians but also those not labeled as part
of the OOI. After a pruning step, the 3DGS model only consists of
Gaussians belonging to the OOI.

Although semantic segmentation qualitatively isolates the OOI,
optimizing against the original ground-truth images introduces
boundary artifacts, such as dilated Gaussians at the edge of the
OOI. To mitigate this, pixels in the ground-truth image not cov-
ered by the OOI mask are replaced with their corresponding values
from the current render. By aligning the ground truth with the ren-
dered background, the resulting gradients for background regions
are zeroed, preventing them from influencing backpropagation.

However, this approach is limited by the inherent spatial extent
of Gaussian primitives. Since each Gaussian represents a contin-
uous distribution, its influence exceeds its mean position. When a
Gaussian is classified as part of the OOI based on its center but its
volume overlaps the background, the resulting boundary artifacts
degrade the quality of the reconstruction along the edges of the
OOI. This issue can be resolved by relying on segmentation masks
derived directly from the input images rather than using rendered
images. However, this approach ties the quality of the reconstruc-
tion directly to the accuracy of the input segmentation masks.

6. Manually Masked Dataset

We utilized the Mip-NeRF 360 [BMV*22] dataset to evaluate our
segmentation pipeline. This dataset was chosen due to its compli-
ance with a key requirement of the method under consideration:
it must capture a complete 360-degree rotation around the OOI.
While other datasets, such as Tanks and Temples [KPZK17], also
provide 360-degree scenes, they are primarily designed for larger-
scale environments.

However, to evaluate both OOI extraction from the point cloud
and mask generation, ground truth data for the point cloud and seg-
mentation masks are essential. While Liu et al. [LHTT24] eval-
uated their method using Mip-NeRF 360 by randomly selecting
approximately 10 views and refining the generated masks with
CascadePSP [CCTT20], this approach is insufficient for com-
prehensive evaluation. The generated masks, derived from semi-
supervised algorithms, do not constitute true ground truth data, as
they are still algorithmically created and may lack the accuracy
needed for reliable benchmarking.

To address this limitation, we applied a more rigorous approach
to the Mip-NeRF 360 dataset. Specifically, the kitchen scene has
been fully manually masked for all 279 images to provide high-
quality ground truth segmentation. For other scenes, 20 represen-
tative views have been selected and similarly manually masked.
This ensures that the evaluation of mask generation is based on
true ground truth data, significantly enhancing the reliability of the
assessment.

To achieve accurate OOI representation by the point clouds,

we manually removed extraneous or noisy points from the SfM-
derived point clouds and refined the point clouds to only include
the points belonging to the OOI. The resulting point clouds pro-
vide a robust baseline for evaluating OOI extraction and point cloud
quality.

7. Results

Garden

Bonsai

Kitchen

Bicycle

Figure 9: Point cloud results of each scene with the corresponding
mesh results.

Our evaluation shows that relying on segmentation masks in con-
junction with feature maps does not improve reconstruction qual-
ity. In fact, it introduces inefficiencies. While the reported quality
scores for both methods are virtually the same, as shown in Table 1,
the time it took for the feature map to finish its 30k iterations was
significantly longer. The feature map-based approach was almost 3
times as slow as using only the segmentation mask.

Additionally, the quality of the reconstruction is ultimately con-
strained by the accuracy of the segmentation masks to select all
Gaussians belonging to the OOI. Incorporating (threshold-based)
clustering of the feature maps introduces even more uncertainty and
room for error.
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A comparison of both methods is shown in figure 10. The metrics
of the resulting masks from the intrinsically-informed segmentation
pipeline in Table 2 suggest that while the intrinsically-informed ap-
proach is viable, its reliability remains tied to the geometric com-
plexity and isolation of the target object. The sparse nature of the
initial SfM point cloud makes it easy for background points to get
trapped within the silhouette of objects with complex shapes.

PSNR ↑ LPIPS ↓ SSIM ↑ Time (h:mm) ↓

Feature Map 23.05 0.102 0.75 1:42
Segmentation Mask 23.12 0.091 0.81 0:35

Table 1: Comparison of peak signal-to-noise ratio (PSNR),
LPIPS, structural similarity index measure (SSIM), and run-
time metrics for the prior-informed/feature map and intrinsically-
informed/segmentation mask approaches.

Scene IoU ↑ Precision ↑ Recall ↑ Dice Coeff ↑

Bicycle (20 images) 0.5549 0.5696 0.9592 0.7123
Bonsai (20 images) 0.6932 0.7205 0.9484 0.8175
Garden (20 images) 0.7706 0.7865 0.9728 0.8694
Kitchen (all images) 0.8646 0.9059 0.9501 0.9273

Average 0.7208 0.7456 0.9576 0.8316

Table 2: Binary segmentation mask metrics for Bicycle, Bonsai,
Garden, and Kitchen scenes.

(a) (b)

(c) (d)

Figure 10: (a) Input image. (b) Segmentation mask. Rendered views
of the 3DGS scene (c) with only selecting Gaussians belonging
to the OOI via feature maps or (d) using the segmentation mask
directly, without feature maps. Prior-informed segmentation using
feature maps (c) does not improve over using masks directly (d).

8. Conclusion and Future Work

We presented an approach to segmentation within 3D Gaussian
splatting, focusing on an intrinsically-informed method to perform
object-specific reconstructions without reliance on pre-segmented
data. Despite challenges arising from the sparse nature of the ini-
tial SfM point cloud, the results are promising: the object of inter-
est was effectively separated from the rest of the scene and used

to create a 3DGS reconstruction. Additionally, we investigated a
prior-informed approach using feature maps. This approach signif-
icantly increased computation time, proving to be a slower proxy
for directly using segmentation masks.

While the results demonstrate promising advances in isolating
OOIs using density-based clustering, challenges remain in achiev-
ing full reconstruction coverage of the OOI.

One downside of our approach is its reliance on the OOI being
the single prominent object in the majority of the input images.
Datasets that focus on an OOI but do not capture it from all an-
gles, such as forward-facing scenes in [MSO*19], are likely unsuit-
able for this method. A possible direction for future work could be
to leverage the symmetrical properties of objects to mitigate these
challenges.

The use of primarily sparse point clouds generated from SfM re-
sulted in certain details of the OOI not being captured, as they were
absent in the initial SfM point cloud. For instance, as shown in Fig-
ure 7b, the surface reconstruction using the BPA method results in
a mesh with significant gaps. A denser point cloud would allow for
a more complete surface reconstruction of the OOI while avoiding
over-construction.

To address this limitation, future work could focus on incorporat-
ing the proposed segmentation and reconstruction methods directly
into the Gaussian Splatting training loop. For example, a warm-up
phase could be introduced, during which additional Gaussians are
iteratively added to the scene, resulting in a denser point cloud. This
adaptive approach could enhance the detail and fidelity of the re-
construction, ensuring that finer features of the OOI are adequately
represented.

The current floor detection approach, based on RANSAC, may
fail to align the detected plane with the actual floor. This misalign-
ment can cause parts of the OOI to be incorrectly classified as floor
inliers or can cause sections of the floor to be treated as outliers.
A more robust floor detection method could mitigate these chal-
lenges. Techniques such as multi-plane RANSAC [LYLZ24], adap-
tive thresholding, or context-aware segmentation [WXYJ22] could
improve the alignment and accuracy of the detected plane. Ensur-
ing proper floor separation would significantly reduce the risk of
erroneously removing parts of the OOI near the floor.

The current implementation of noise removal using DBSCAN
is applied only once, which can leave residual noise that obstructs
subsequent stages, such as meshing. Future improvements could
involve adopting an iterative noise removal process with a dynamic
stopping criterion or statistical outlier removal. By refining the
noise removal step through successive iterations, the process could
adapt to the dataset’s characteristics, gradually eliminating more
noise without compromising the integrity of the OOI. This iterative
approach would likely result in cleaner point clouds, improving the
quality of the final surface reconstruction and overall segmentation
performance.
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