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Figure 1: SCGS generates large-scale 3D assets for a variety of virtual reality applications. Our approach enables experi-
encing a virtual environment captured by a continuous camera stream using a Gaussian Splatting representation. Using semantic
segmentation we can replace Gaussian Splats of different classes, e.g., “water”” for more interactive experiences.

ABSTRACT

Advancements in 3D rendering like Gaussian Splatting (GS) al-
low novel view synthesis and real-time rendering in virtual real-
ity (VR). However, GS-created 3D environments are often difficult
to edit. For scene enhancement or to incorporate 3D assets, seg-
menting Gaussians by class is essential. Existing segmentation ap-
proaches are typically limited to certain types of scenes, e.g., “cir-
cular” scenes, to determine clear object boundaries. However, this
method is ineffective when removing large objects in non-“circling”
scenes such as large outdoor scenes.

We propose Semantics-Controlled GS (SCGS), a segmentation-
driven GS approach, enabling the separation of large scene parts
in uncontrolled, natural environments. SCGS allows scene editing
and the extraction of scene parts for VR. Additionally, we introduce
a challenging outdoor dataset, overcoming the “circling” setup. We
outperform the state-of-the-art in visual quality on our dataset and
in segmentation quality on the 3D-OVS dataset. We conducted
an exploratory user study, comparing a 360-video, plain GS, and
SCGS in VR with a fixed viewpoint. In our subsequent main study,
users were allowed to move freely, evaluating plain GS and SCGS.
Our main study results show that participants clearly prefer SCGS
over plain GS. We overall present an innovative approach that sur-
passes the state-of-the-art both technically and in user experience.

Index Terms: Gaussian Splatting, Semantic Gaussian Splatting,
Novel View Synthesis, Virtual Reality.
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1 INTRODUCTION

Allowing people to explore virtual replicas of physical environ-
ments has captivated interest for years. There are countless inter-
esting places in the world worth capturing and exploring. Either
to experience them from afar, to archive and document them, or to
use them in applications for education or even games. However,
high-quality experiences usually require talented 3D artists or ex-
pensive equipment such as laser scanners. Recent advances in neu-
ral rendering and radiance fields enable the creation of 3D worlds
from photos alone e.g., neural radiance fields (NeRF) [33], Neural
Graphics Primitives (NGP) [35], or Gaussian Splatting (GS) [20].
These approaches can create high-quality representations of objects
or entire 3D scenes. GS especially reduces rendering time [20],
making it particularly suitable for virtual reality (VR).

By integrating GS in VR, users can experience nearly photo-
realistic environments. Novel view synthesis (NVS) enables the
generation of renderings from novel viewpoints without the need to
directly capture that specific part of the scene. This is particularly
of interest for VR, where users want to move freely. As Gaussian
Splatting (GS) builds on primitives (splats), also used in traditional
rendering, they can be seamlessly integrated with 3D modeled ob-
jects in Game Engines. This integration combines the strengths of
GS and Game Engines, allowing parts of the scene to be enhanced
or made more interactive by replacing them with the content of the
Game Engine.

For almost any editing of Gaussians and integration of 3D as-
sets, Gaussians must be separated into different classes so that
they can be individually edited, removed, or replaced. Current
approaches separating Gaussians primarily focus on “circling” or
forward-facing scenes [22, 60, 47, 32]. Moreover, existing datasets
concentrate on NVS evaluation rather than offering pleasing VR
experiences. Applying NVS to non-“circling” scenes introduces
unique challenges for GS segmentation. Non-“circling” scenes en-
able users to be surrounded by the 3D environment instead of view-
ing an isolated reconstruction. However, the splats are seen by less



camera views and the scene composition results in a different chal-
lenge when removing Gaussians. GS on scenes with individual ob-
jects captured in a circular motion of the camera can use conven-
tional classifiers and a convex hull to extract objects [60]. These ex-
tracted scene parts can be used in VR [57, 60]. When applying GS
to scenes captured in a forward motion, a simple convex hull or sim-
ilar envelope-based segmentation is not applicable. Using classic
removal approaches an object may contain neighbour splats of other
classes due to the different scene composition. Scenes recorded in
forward motion only provide selected views (e.g. the front view) of
parts of the scene. If object boundaries are not clear in this view, a
removal over classifiers and hulls tends to contain neighboring ob-
jects. For outdoor scenes, the similarity of features in the outdoor
environment (e.g., reflective water) makes segmentation increas-
ingly more difficult than segmentation of human-created scenes.

Controlling the Gaussians, via segmentation, therefore remains
challenging, as the individual class of the Gaussians is difficult to
assign. In this paper, we propose a novel Semantics-Controlled GS
approach (SCGS) that enables the precise segmentation of the ele-
ments of the scene. We leverage semantics-controlled Gaussians by
assigning a learnable ID. This semantic-controlled IDs allow edit-
ing of the scene by removing or replacing objects with other 3D
assets. Examples include replacing large scene parts, like static
reconstructed water or sky, with matching (dynamic) 3D assets, fa-
cilitating a more personalized experience, see Figure 1. Allowing
for the replacement of the sky, our approach can target inconsistent
or unwanted weather conditions that may occur using precaptured
images. Furthermore, replacing a cloudy sky with a clear blue sky
allows a more appealing VR experience.

We demonstrate and evaluate our novel approach using our chal-
lenging non-“circling” outdoor dataset. Examples for the various
challenges posed to NVS are small leaves or reflections in the wa-
ter. Specifically, we provide a technical evaluation, showing that
our approach outperforms the state-of-the-art in 3D separable GS.
Our segmentation performance is on par with other semantic NVS
approaches on the established 3D-OVS dataset. We also explore
the advantages and disadvantages of combining our large-scale 3D
asset generation technique with 3D assets from a Game Engine,
where a significant and consistently dynamic element is replaced
by an asset from the Game Engine. With respect to user experi-
ence, we compared video-based scene experience, plain GS, and
SCGS bound to the camera capture path in an exploratory study. In
our main study, we then compared plain GS and SCGS. Therein,
the user was allowed to move freely and was thus able to take a
closer look at the environment.

Our work makes the following contributions:

* A state-of-the-art approach for Semantic-Controlled Gaussian
Splatting, namely (SCGS), surpassing existing work.

* A novel publicly available and challenging outdoor NVS
dataset with semantic labels'.

* A comprehensive technical evaluation of our approach.

* A user study evaluating the user experience and user percep-
tion of SCGS in two phases.

Overall, our work is particularly relevant when using GS to gen-
erate large-scale virtual environments beyond individual objects,
such as 3D reconstructions, which can be used for cultural and envi-
ronmental purposes. The scope of application ranges from histori-
cal sites or regions threatened by climate change to exploring VR as
a sustainable alternative to physical tourism, enabling users to ex-
plore destinations from the comfort of their own space. Moreover,

lProject Page: https://hannahhaensen.github.io/SCGS/

our work generally contributes to the rapidly progressing improve-
ments of GS with potential applications extending beyond content
generation for VR such as films, or games.

2 RELATED WORK

Experiencing, creating, and exploring a virtual space can either be
done classically, using video replay [4], panorama images [54, 52],
single-image-based depth enhancement [3, 36], or in 3D using clas-
sic 3D reconstruction [13, 43] or radiance fields [20, 33].

2.1 Virtual Reality Scene Content

Panoramas are a widely used approach for exploring static VR con-
tent [52, 4, 64, 54]. Plain panoramas lack immersion as they miss
depth information [6, 5]. Bertel et al. [6] optimize this using 3D
proxy fitting. Ajisa et al. [3] propose inpainting to view an indoor
or outdoor scene based on a single panorama image, thus limiting
the area of movement in the scene.

Other approaches for enriching outdoor photographs [49, 31, 7,
14] do not directly address VR. Freer et al. [14] separate people
in front of sightseeing attractions and utilize neural rendering to
inpaint the area. Zhao et al. [7] integrate the capture of one person
in sight and extrapolate it using online data.

Apart from simply replaying a scene, advances in deep learning
allow the generation of neural content for VR. Campos et al. [8]
utilize procedural content generation based on agents and decision
trees to enable a unique user experience. Large language models
(LLMs) [1, 59, 61] and other foundation models [9] have advanced
content generation, enabling the creation of assets from simple text
to 3D [59, 61]. While standard LLMs are challenged to create VR
scenes, Yin et al. [61] propose Text2VRScene, generating synthetic
non-photorealistic, but content aware VR scenes.

2.2 Novel View Synthesis

Classically, radiance field-based approaches do not directly target
large-scale scene extraction for VR. Scenes created with radi-
ance fields can be used for virtual content [12, 26, 17, 40] and
multiple mixed reality (MR) devices allow to generate such vir-
tual content [42]. However, using radiance field-based rendering
in VR/extended reality (XR) challenges include scene representa-
tion and the underlying data structure. For example, changing 3D
scene content may prove difficult as editing a NeRF is not triv-
ial [10, 55, 58]. ClipNeRF [55] addresses this by adapting an ex-
isting NeRF in a separate training. Although NeRF works well
for NVS, its real-time rendering capacity for VR has been outper-
formed by GS [20].

GS, is an explicit scene representation, allowing easier adapta-
tion compared to the implicit NeRF representation. GS starts with
a sparse point cloud. Using photometric loss as well as densifi-
cation and pruning steps for refining. The initial GS representa-
tion can be challenged by large simultaneous localization and map-
ping (SLAM) like scenes [20, 21]. To overcome this, Kerbl et
al. [21] introduce hierarchical GS, enabling a block-wise optimiza-
tion depending on the camera location at rendering time.

For VR, Jian et al. propose VR-GS [17] for indoor scenes. VR-
GS integrates inpainting in the GS training process, using mesh ex-
ports and manual post-processing for each object. Thus, the objects
are movable in VR. Chen et al. [10] reconstruct dynamic urban
scenes using Gaussian scene graphs. Each graph holds information
about individual parts of the scene.

Another approach, besides separating a scene into statics and dy-
namics, is semantic GS. Semantic GS enables extracting parts of a
scene as 3D assets. Feature 3DGS [63] utilizes Segment-Anything
(SAM) embeddings to improve NVS quality. Similarly, Gaussian
Grouping (GG) [60] introduces semantic features into a GS struc-
ture, proposing identity encoding allowing to group 3D Gaussians.
This outperforms LangSplat [37] building upon CLIP embeddings.
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Figure 2: Architecture of SCGS. We first extract images from our continuous panoramic stream. Using COLMAP to estimate the camera
positions, we obtain the sparse point cloud for the initialization of GS. To enable 3D filtering, the data is preprocessed with a segmentation
model. During 3D Gaussian training, we use CE-loss, L1-loss and SSIM-loss to fit our scene into the RGB and segmentation space. The final
3D representation can be viewed in the viewer, or individual parts of the scene be extracted and used in VR.

Building on SAM-DEVA [11], Contrastive GG [47] extends the
idea of GG by omitting the tracking step in pre-processing and
identifying consistence labels through a contrastive learning step.
Disadvantageously, when interacting in 3D and especially when ex-
porting the scene content to VR not all approaches concentrate on
integrability with Game Engine plugins.

2.3 User Experience of Reconstructed Environments

NVS has been explored in XR, specifically for MR [34, 41] with
screen-based applications, and in VR with individual 3D recon-
structed parts of a scene [23].

Sakashita et al. [41] visualize a point cloud and NeRF using a
head-mounted camera and a PC for shared interactions. The PC
displays the point cloud overlaid on the NeRF. In a preliminary
user study, they found a preference for NeRFs combined with point
cloud overlays over video or pure point cloud visualization.

The use of 3D assets for task execution planning benefits from
3D assets generated with signed distance field (SDF) based ap-
proaches [23, 27]. Kleinbeck et al. [23] create a digital twin of
operating rooms in VR. Using SDF-based mesh reconstruction of
the scene, an accurate mesh is created. Manual post-processing of
scene parts enables a VR experience for participant exploration.

2.4 BResearch Gap

Recreating the real world through cameras achieves high realism [3,
52, 51], but 3D reconstruction offers greater freedom in VR. An
approach is needed that processes GS for VR while providing a
dataset supporting a pleasant VR experience and NVS evaluation.

SCGS addresses limitations in semantic GS for VR and NVS, as
existing methods focus on “circling” camera setups [24, 60, 47, 37],
relying on feature-based separation [60, 47] or language guid-
ance [37]. These approaches work well in controlled environments
with low similarity of features. However, outdoor scenes in a non-
“circling” camera setup with similar features pose challenges to
feature-based editing for VR.

With SCGS and our NVS dataset, we bridge this gap, enabling
accurate large-scale scene editing with semantics-controlled GS in
a) a forward-moving camera setup and b) complex environment
with homogeneous features. Our dataset captures immersive out-
door scenes in a non-“circling” setup, supporting VR experiences.

Moreover, our user experience measurements provide insights in
the user perception on GS.

3 METHOD

Our approach, SCGS, separates Gaussians into segmentation
classes, directly assigning the respective segmentation class. This
enables the editing of the scenes via semantic-controlled Gaussians.
To achieve this, we alter the Gaussian rasterization process. This al-
lows the classification of 3D Gaussians in the 2D image space and
3D Gaussian space at almost equal quality, which is advantageous
in non-“circling” setups. The direct class assignment of SCGS en-
ables the removal of complete classes at a large-scale, while omit-
ting feature similarity?.

3.1 Semantics-Controlled Gaussian Splatting
3.1.1 Preliminary 3D Gaussians

3D GS [20] represents an explicit scene representation initialized
from a (sparse) point cloud. For the Gaussian representation X’
represents the 2D rasterized Gaussians, J is the Jacobian of the
affine approximation, W is the world-to-camera transformation ma-
trix and X is the 3D representation [20].

Y =gwrwT T )

Each Gaussian G is represented by its 3D center position (x) and
a 3D covariance matrix (X) that can be denoted as a rotation matrix
and scaling matrix [20]. To represent colors and scene appearance,
each Gaussian holds a density value (o) and spherical harmonics
(SH) coefficient to encode RGB information. To retrieve the color
(c) of each pixel, alpha () blending is used [20].

RGB =Y Tioic; with T; = H (1-o 2)
ieN Jj=1

For RGB, the differentiable rendering pipeline first converts SH
into RGB values, which are then splatted onto the 2D image plane.

2Project Page: https://hannahhaensen.github.io/SCGS/
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Figure 3: Images of our dataset. Tree, Open Sea, Picnic, Outback, and Kayak (from left to right).

3.1.2 3D Gaussian Segmentation

We enhance the GS representation by integrating semantic infor-
mation, extending the conventional RGB rasterization process to
support semantic rendering, see Figure 2. This adaptation allows
us to reformulate the segmentation problem within the Gaussian
parameter space, facilitating the direct assignment of class IDs to
each Gaussian in 3D space. We introduce a new learnable param-
eter similar to SH. This results in a segmentation ID per Gaussian
which can be expressed as class IDs using argmax activation. i de-
notes the number of Gaussians and ¢ the number classes:

ID = [s¢,,...50,)" (3)

For the semantic map (s), we adapt the parallel rasterization pro-
cess [60], where the SH components are set to zero, instead of
rasterizing feature maps we effectively isolating the semantic at-
tributes.

Our approach diverges from traditional classification [60, 63],
which typically requires a separate classifier. Instead, we assign
class IDs consistently during training, using cross entropy (CE).
Our IDs derive from the image space and get assigned via differ-
entiable rendering. This addresses feature space similarities, espe-
cially in outdoor scenes with significant reflections. The 3D seg-
mentation is projected on a 2D map using alpha blending (c):

SEGMENTATION = Y Tjse, )
ceC

i denotes the number of Gaussians and ¢ the number classes in
the segmentation map s.

Our approach modifies the rasterization process to facilitate
backpropagation of the segmentation map, similarly to how RGB
values are handled. After the rasterization step, each Gaussian is
associated with a class segmentation ID that is splatted onto the 2D
image plane. This enables the application of CE loss to supervise
the 3D GS segmentation through a 2D loss function.

The loss function for semantic segmentation is defined as

LCE =— ZiZsci log$e, (5)
C

where s, is the ground truth segmentation for class ¢ at pixel i,
and §, is the predicted probability for class ¢ at pixel i.

Additionally, the assigned class ID allows for the selective re-
moval of one or more sets of 3D Gaussians at a large-scale, enabling
targeted modifications of the 3D scene.

3.1.3 3D Gaussian Separation

We utilize our direct ID segmentation class assignment to re-
move/seperate 3D Gaussians from the complete set of 3D Gaus-
sians (“new). Given the desired object class or object classes to re-
move (c,—1.,), our approach enables removing one or more classes
per scene. Since each Gaussian class has a direct identifier, no
additional post-processing, as e.g. creating a convex hull [60], is
required. Moreover, our approach allows to remove directly large-
scale object using the semantic-controlled Gaussians, see Figure 2.

The assigned segmentation class ID also allows for the selective
removal or modification of one or more sets of 3D Gaussians.

gnew(X;E) = g(X;Z) . I(sic ?é Cr:l..n) (6)

where I is the indicator function, ensuring only the Gaussians
not belonging to the removed class ID are retained.

3.2 Large-Scale Outdoor 3D Asset Dataset

Existing semantic NVS datasets focus on indoor scenes [28, 60, 22]
following a circling camera path. Our dataset provides challeng-
ing outdoor scenes containing reflective surfaces, similar features
and challenging structures (trees, leaves, water). It is captured us-
ing Insta360 cameras (X1, X2 and X3). The camera is positioned
in front of individuals engaged in outdoor activities, like kayak-
ing. Employing a panoramic setup, we derive multiple camera
poses from the resulting forward moving video stream. Example
images can be seen in Figure 3. By combining forward-facing im-
ages with those angled £60/430° to the left and right and +10°
up and down, we achieve comprehensive coverage of the scene.
For privacy, the setup excludes the individual experiencing the ac-
tivity. After extracting images from the video stream we retrieve
segmentation masks using DPT [38]. Our outdoor recordings fea-
ture known classes. Therefore, we use the ADE20K labels [38].
Afterwards, the camera poses of the image set are retrieved [45].

We divide our dataset into pure NVS (images at the angle
+60°/£30°) and a set where we add the complete 360° video. This
allows to compare 360° videos and NVS in VR. We create a stacked
video for the 360° images using 360° monodepth [39, 3].

4 TECHNICAL EVALUATION

SCGS can extract Gaussians from large-scale scene via semantics-
controlled IDs. Since SCGS aims to separate the 3D Gaussian’s, we
compare it on our dataset with identity encoding, namely GG [60].
On 3D-OVS, we assess segmentation quality and compare it with
other state-of-the-art NVS segmentation approaches building upon
language supervision [37, 22] and contrastive learning [47].

4.1 Metrics

To compare the rendering quality of the novel views, we report peak
signal-to-noise ratio (PSNR), similarity index measure (SSIM) [56]
and learned perceptual image patch similarity (LPIPS) [62]. For the
segmentation performance, we report mIoU.

4.2 Implementation Details

We used ffmpeg to retrieve images from the video. For camera
poses and sparse reconstruction we leverage COLMAP [45].

SCGS is implemented in Python with PyTorch and CUDA, trains
all scenes on a single RTX4090 with 24GB VRAM, while compar-
ison methods use an A100 with 40GB VRAM. The loss function is:
L=0.8xLj(image,gt)+0.2x (1 — ssim(image, gt))+0.2% Lcg. We
train for 30k iterations with an initial position learning rate of 1.6e-
4 and a final one of 1.6e-5. For opacity we use 0.05, for scaling
0.05, for rotation 0.001, and for features 0.0025.
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approach (with our ADE20K labels). The outback scene (right) shows the challenges of the water and the kayak scene (left) shows the
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Table 1: Technical evaluation. We report PSNR, SSIM, LPIPS and mean Intersection over Union (mloU) (only when using the same labels).
The best results are highlighted in bold. Best results for NVS within a range of 4+ 0.5 dB are highlighted in light-green and above 0.5

improvement in - Results worse than 1.0 compared to our approach are highlighted in orange .

Gaussian Grouping [60] Gaussian Grouping
Approach SAM DEVA (original) our labels OURS
PSNR SSIM LPIPS | PSNR SSIM LPIPS mloU | PSNR SSIM LPIPS mloU
Tunnel 20.54 0.654 0379 2329 0.792 0403 9190 | 23.11 0.727 0316 88.11
Lake 20.80 0.703 0329 2159 0.734 0306 9423 | 21.71 0.735 0.303 93.10
Kayak 18.61 0576 0448 2151 0.662 0.406 91.29 0.681 0.386 90.14
Open Sea 27.82 0837 0352 27.81 0831 0.358 9144 0.842 0.352 96.31
Short Ride | 18.67 0.635 0374 1951 0.678 0336 82.78 0.694 0.324  82.60
Outback 21.18 0.700 0.408 2480 0.781 0.320 85.44 0.799 0.299 8091
Picnic 2396 0.795 0.241 2490 0.811 0225 88.53 | 2497 0805 0.215 84.22
Tree 2329 0792 0403 2540 0.814 0358 69.84 | 25.83 0.802 0.357 77.60
Mean | 21.86 0712 0367 2351 0761 034 8693 | 23.86 0.761  0.31 86.62

Table 2: Convergence example on the our outdoor dataset. Re-
sults on our outdoor dataset for NVS quality after 1K/7K iterations.

Best results are highlighted in bold.

1K Iterations 7K Iterations
Gaussian Grouping Gaussian Grouping
(our labels) ‘ OURS (our labels) OURS
| PSNR SSIM | PSNR  SSIM | PSNR SSIM | PSNR  SSIM
Tunnel 18.92 0.561 0.588 | 21.24 0.657 0.665
Lake 17.63 0.535 0.572 | 19.93 0.641 0.378
Kayak 0.496 0.555 | 19.94 0.571 0.455
OpenSea 21.82 0.747 0.750 | 25.45 0.811 0.818
Short Ride | 17.85 0.440 0.488 | 19.17 0.603 0.642
Outback 19.49 0.602 0.613 | 23.18 0.715 0.706
Picnic 0.494 0.691 | 23.62 0.764 0.766
Tree 20.53 0.601 0.731 | 24.61 0.705 . 0.777
Mean | 19.70 0590  [N2W90N 0.663 | 20.17 0.636  |22H90 0.651

4.3 Novel View Synthesis Quality

Our ID-based training improves convergence and enhances NVS
quality, see Figure 4, Table 2 and Table 1. In our scenario, continu-
ous labels are available a priori, allowing us to conduct a direct and
fair comparison with GG [60]. As highlighted in Table 1, we out-
perform GG with their initial SAM DEVA [11] labels on all scenes

in NVS quality. Comparing the segmentation maps of GG with
ours reveals a clear quality difference, see Figure 4. As shown in
Figure 4 continuous labels lead to better results for our use case.

Consequently, for a fairer comparison, we updated the segmen-
tation maps for the GG comparison with our labels denotes as
GG. We retrained GG using our labels. In Table 1, Figure 4 and
Figure 6, the improved labels strongly enhance the NVS perfor-
mance. Nevertheless, SCGS outperforms GG on all scenes and
GG using our labels on seven out of eight scenes on our outdoor
dataset. Moreover, we outperform it on five scenes in SSIM and
on all eight scenes in LPIPS. The NVS quality improvement is
also visible when comparing the images in Figure 4. Additionally,
our approach outperforms GG using our labels early in the training
process, see Table 2, potentially due to a lower training load>.

4.4 Segmentation Performance

We distinguish segmentation performance into object-removal im-
pact and classic segmentation performance measured by mloU.

38CGS renderings available at: https://osf.io/s9uvy/
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We compare the feature space which is later classified for the seg-
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4.41 Large-Scale Object Removal

The benefit of SCGS becomes even clearer through post-processing
removing Gaussians. Although our mloU is not higher compared to
GG using our labels, our semantics-controlled removal can better
remove objects from the 3D space. As shown in Figure 6, our ID-
based semantics-controlled object removal shows clearer bound-
aries between the objects compared to GG. While GG, which is
feature-based has the tendency to assign the same features (color
in Figure 6) to the water as the surrounding, their the 3D segmen-
tation quality, lacks under these similarities as GG uses the clas-
sifier trained on 2D feature maps to remove objects from the 3D
space. Therefore, the removal of objects appears more challeng-
ing. Through our ID-based assignment, the splats remain their ID
consistently during training, and feature similiarty as no impact
on them. Even when using our labels, the achieved performance
in object removal is not on par with our approach using ID-based
semantics-controlled object removal, see Figure 5. We even tested
our direct removal in Figure 5 for the baseline using our labels.
Still, our approach shows a better result. As shown in Figure 5,

Table 3: Evaluation on the 3D-OVS dataset [28]. Following [47],
we report mloU per scene and overall.

Approach | Bed Bench Room Sofa Lawn | Mean
LERF [22] 735 532 46.6  27.0 737 54.8
GG [60] 973 737 79.0 68.1 96.5 82.9
LangSplat [37] 343 8438 563 677 958 67.8
Contrastive Grouping [47] | 95.2 96.1 86.8 67.5 91.8 87.5
Ours | 944 898 732 92.6 89.0 | 87.8

occlusion of Gaussians leads to jittering at the borders between
classes. Nevertheless, an almost precise removal is possible.

SCGS can remove individual classes and shows noticeably
clearer and better boundaries to other objects/classes in the outdoor
scenes. This leads to a higher-quality scene which can be integrated
into Game Engines, see Figure 7. As can be seen in the top line in
Figure 5, the sky and the tree are too connected when using a con-
vex hull. Since we do not use a classic circular capturing setup, a
convex hull may not be the best way to remove unwanted objects.
Therefore, we propose direct removal by class. As shown in the
comparison in Figure 5, our approach better distinguishes the indi-
vidual classes and removes large-area parts directly and accurately
also when using the same direct removal technique.

4.4.2 Segmentation Quality on 3D-OVS

We compare SCGS with GG [60], LERF [22], LangSplat [37] and
Contrastive GG [47] on 3D-OVS [28]. The classes per scene are not
the same. We follow previous work [47] and use the same scenes.
Following [47], we report mIoU per scene and on all scenes. As re-
ported in Table 3, we outperform existing work in one of five scenes
and perform competitively in all other scenes. The improvement in
the “Sofa” scene shows that we can outperform the existing work
in the overall mloU. We report 93.04 for the joy-con, 91.88 for the
uno cards, 97.71 for the sofa, 80.00 for Gundam, 96.45 for Pikachu
and 97.63 for the XBOX controller. As shown by these insights we
achieve a high mloU per class on this scene.

4.5 Use Cases

SCGS has broad applicability in Game Engines. The primary ob-
jective, extracting large-scale scene parts via semantic-controlled
Gaussians, addresses the needs of diverse VR environments. This
can be particularly valuable for games or virtual experiences in
fields like virtual tourism, where specific assets, such as nature,
sports fields, or famous statues, need to be seamlessly integrated
into virtual worlds. As shown in Figure 7, single classes (e.g., sky)
or multiple classes (e.g., sky and water, or sky and buildings) can
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Figure 7: Use Cases. Our approach enables large-scale scene re-
moval across various cases: sky replacement (first, second, last
row), scenes outside our dataset like sports fields or fountains (sec-
ond and third row), and smaller objects like brick cars (fourth row).

selectively be removed via semantics-controlled Gaussians. SCGS
enables the incorporation of new assets from Game Engines, allow-
ing novel viewpoints and more dynamic scene rendering.

5 USER STUuDY

To investigate user perceptions of plain GS and SCGS (SCGS com-
bined with 3D assets) in VR, we conducted an exploratory and a
main user study using a within-subject (repeated measures) design.
The ethical approval of the participating institutions was granted.

5.1 Apparatus

We used an Oculus Quest 3 head-mounted display (HMD) con-
nected via Oculus Link to a workstation powered by an NVIDIA
RTX 4090. Rendering was done on the workstation in Unreal En-
gine using the Lumalab plugin [29] for GS and custom scene setups.

5.2 Procedure

After welcoming participants and obtaining consent, they com-
pleted a questionnaire on demographics and VR experience. Fol-
lowed by familiarizing them with the HMD. Then they experienced
the conditions in a randomized, balanced order, filling out a ques-
tionnaire after each one. At the end, they ranked the conditions.

5.3 Analysis Strategy

All analyses of the user studies were performed using RStudio Ver-
sion 4.4.1. We evaluated the study using one-way repeated mea-
sures ANOVA where suitable (three conditions), a paired samples

Consent, Demographics
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. VR Setup and Acclimatization -
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Figure 8: User Study Procedure Diagram.

t-test (two conditions), and Tukey’s post-hoc analysis with Bonfer-
roni correction where suitable. Our significance level is set to 0.05.
We applied the Shapiro-Wilk test to test for normal distribution.

5.4 Explorative Study

According to the literature [51], 360° panorama images/videos en-
hance users’ sense of presence, but research on perceived realism
and presence in GS is limited. In our preliminary study, we focused
on these aspects using 360° RGB-D video as a baseline.

As existing work on GS provides image metrics or VR examples
without specific user feedback, the perceived presence in a GS en-
vironment is so far unknown. The goal of this explorative study is
to establish a frame of reference within which we will operate in
our main study in which we give the user more freedom.

Conditions The original 360° video was recorded in a seated
kayak scenario, which we replicated by adding a virtual kayak to
both GS scenes. Our baseline was a 360° panorama video with
generated depth (condition 1) [39, 3]. The other two conditions
were: plain GS without dynamics (condition 2) and SCGS with
added water dynamics (condition 3). Throughout the experience,
the user followed the camera path at the center of a river while
seated in a (virtual) kayak.

Measures To measure perceived presence in VR, we used the
igroup presence questionnaire (IPQ) [44, 53]. Participant prefer-
ences were assessed through environment ratings and a final condi-
tion preference question.

Participants We recruited 24 participants (14 male, 9 female,
1 non-binary) through announcements, notice boards and word-to-
mouth. The participants had an average age of 22.42+4.93).

Results and Discussion We found a significant difference in
“realism” when comparing video with plain GS and video with
SCGS, see Table 4. Applying Tukey’s post-hoc analysis and pair-
wise t-tests with Bonferroni correction, we reveal a significant dif-
ference between video and GS (p < 0.028) and video compared to
SCGS (p < 0.016).

SCGS ranked second for first preference and highest for second
preference. The video condition ranked first, while plain GS scored
lowest in user preference. We found a significant difference when
comparing the video condition with both GS and SCGS. This is rea-
sonable as the video, where users follow the original camera path,
naturally looks more realistic in terms of image quality. SCGS per-
formed similarly to plain GS, which is supported by similar median
and stndard deviation (SD). Our approach ranked second in prefer-
ence, following the video condition, while plain GS ranked last.



Table 4: Results of the IPQ for the explorative study.

PQ | Myigeo  SDvideo Mgs SDgs  Mscgs — SDsccs F )4

General Presence 3.83 1.37 338 170 3.42 1.63 0.595  0.554
Spatial Presence 3.68 1.14 342 1.11 3.39 1.14 0.189  0.828

Involvement 3.35 1.32 327  1.24 3.26 1.29 0.009  0.991
Realism 2.86 0.92 205 087 2.02 0.95 5.145  0.008
Overall | 337 0.95 298 0.85 2.96 0.92 0.921 0.403

Table 5: Results of the IPQ from the main study.

IPQ | Mgs SDgs Mscgs SDsces t(df) p
General 4.00 1.40 4.50 1.03 -3.378(29) 0.002

Spatial 350 094 4.00 0.82 -3.062(29)  0.005
Involvement | 2.75  0.75 3.38 1.70 -1.586(29)  0.120
Realism 1.63  0.90 2.75 0.84 -6.755(29)  <0.001
Overall | 264  0.90 3.47 0.86 -4.015(29)  0.007

The IPQ does not reflect all feedback, as participants expressed
a desire for free movement and described the 360° video as flat
and resembling 2D content. Plain GS was criticized for lacking im-
mersion. In contrast, comments like “The moving water in the river
had a huge impact, it felt so realistic.” suggest positive feedback for
SCGS, particularly regarding the added dynamic assets like flow-
ing water and reflections. These findings highlight the benefits of
SCGS and suggest exploring it further in the main study, where
participants can move freely instead of sitting in a virtual kayak.

5.5 Main Study

Our main study investigates the effect of SCGS in combination
with 3D assets compared to plain GS. In our preliminary study,
we received feedback that self-directed movements would be
appreciated (N = 10). Thus, the user could now move freely in
the virtual world by teleportation. We explored whether SCGS
enhances the presence with free user movement. Our hypotheses
based on previous indications and literature [48, 50] are:

HM1: The addition of 3D assets into GS using SCGS will in-
duce significantly higher spatial presence in users than plain GS.
Given that the quality of GS in terms of accurate reflections is de-
creasing with varying viewpoints, we assume that the 3D assets, i.e.
water, can improve realism and sense of presence, as the reflections
adapt to the viewpoint of the user.

HM2: We hypothesize that SCGS is more graphically pleasing
and visually coherent than plain GS. Considering, the relevance
of the captured camera trajectory for GS and NVS in general, we
expect a higher rate for visual coherence in SCGS, as 3D assets
have the potential to enrich the consistency of the overall 3D scene.

5.5.1 Study Setup

Measures We measured presence with IPQ [44]. Participants
again rated their favorite experience, commenting if wanted.

Building on the explorative study, we added questions on graph-
ical appeal, visual coherence, presence, and environment behavior,
from 1-strong disagreement to 10-strong agreement, see Table 6 for
details. Inspired by Mal et al. [30], we created these questions to
analyze the perceived quality of the 3D environment.

Participants We recruited 30 participants (16 male, 14 female,
0 non-binary) with no overlap to the participants from the explo-
rative study. The participants had an average age of 26.97+3.37).

Design We used the same setup as the exploratory study, en-
hancing the experience with free movement within a predefined
space. To ensure comparability across participants, we selected
three locations marked by rocks and teleportation indicators, see
Figure 9. With free user movement, we excluded the 360° video

Figure 9: Plain GS (left) and our SCGS (left) on VR. In the main
study, we examine the effect of adding 3D assets with dynamic fea-
tures (e.g., water, water currents) on user experience when moving
beyond the camera path.

Table 6: Preference rating. Result of median M and standard devi-
ation SD reported from the three locations in the VR environment.

| Mgs SDgs Mscgs SDsccs 1(df) P
How present do you feel
in the environment? 5.33 1.66 6.58 1.42 -4.016(29)  <0.001
How ... is this location
... graphically pleasing ... | 550  1.59 6.11 1.55 -3.610(29) 0.001
... visually coherent ... 4.67 1.67 6.11 1.55 -5.587(29)  <0.001
The water was a
plausible part. 550 225 8.18 1.39 -6.965 (29)  <0.001
The reflection
in the water matched. 550 240 7.98 1.40 -6.781(29)  <0.001
. 7/, GS —— SCGS (ours)
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Figure 10: IPQ results of the main study.
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Figure 11: Results of the individual preference questions from
the selected spots.

and compared only GS and SCGS. The participants explored the
VR scene freely before teleporting to designated rocks, where they
looked around for 20 seconds and answered questions.

In contrast to the exploratory study, each user received a tele-
portation tutorial before the actual conditions started. We then fol-
lowed the same procedure as in the exploratory study.

5.5.2 Results and Discussion

In our main study, participants experienced the same VR scene with
the ability to move freely. This new interaction revealed significant
improvements in General Presence, Spatial Presence, Realism, and
Overall Presence, indicating higher participant engagement in the
SCGS-generated scene, see Table 5 and Figure 10.

The overall ranking indicates a strong preference for SCGS,
with 28 out of 30 participants favoring it. Across individual crite-
ria (visual coherence, graphical appeal, and reflection) SCGS con-



sistently received higher ratings. Moreover, SCGS significantly
scored higher for presence, which is consistent with the IPQ. Fur-
thermore, visual coherence and realism in terms of reflections also
achieved a higher scoring when using SCGS.

Several participants commented positively on SCGS and the 3D
asset (flowing water): “The movement of the water made the expe-
rience more realistic” and “Water effects and spatial layout were
very presence-provoking.” .

In terms of criticism, the water current and depth were mentioned
by N = 4:“I feel more realistic, but it would be better if the ground
of the water gets deeper.”. A comment possibly pointing to future
work was: “It is an environment where sounds are expected, that
felt like a reminder that it was not real.”. This is consistent with
feedback from the exploratory study. While the focus of our current
work was on the visuals, spatial sound could be part of future work.

With regards to our two main hypotheses, a higher sense of pres-
ence is measured using IPQ when comparing plain GS and SCGS.
We found significant differences in general presence, spatial pres-
ence, realism, and overall presence, confirming HM1, see Figure 10
and Table 5. At the individual spots participants were asked a gen-
eral presence question related to the current location. There, we
found no statistical significance, see Figure 11. However, the mean
and median show a higher indication as well as less standard de-
viation when using SCGS. According to the evaluation on visual
coherence and graphical pleasing, we can confirm HM2.

6 GENERAL DISCUSSION

We present SCGS, semantics-controlled GS for 3D scene editing in
large-scale environments. Our method is showcased on our novel
outdoor dataset, additional captures, and 3D-OVS, complemented
by two user experience evaluations.

6.1 Technical Aspects

SCGS enables the segmentation and removal of large scene parts,
outperforming the state-of-the-art in image quality and, as shown
in Figure 5, in object removal.

Existing semantic 3D GS approaches typically focus on scenes
where a camera circles around a single object [24] or multiple ob-
jects [60, 28] but show limitations in their ability to remove large
parts of the scene. As shown in Figure 5 and Figure 7, our approach
can not only handle smaller and larger objects, it is additionally
capable of successfully removing large scene parts via semantics-
controlled Gaussians. This is enabled by directly assigning the class
IDs to the Gaussians. With the adapted rasterization process, our
approach can handle more diverse datasets.

To validate SCGS, we propose a rather complex dataset, cap-
turing large outdoor scenes with a forward motion. The dataset is
captured in a different setup compared to existing work [60] posing
new challenges to separable GS and NVS. The forward motion of
the camera in our dataset results in a few frames per spot, challeng-
ing both GS approaches as well as preprocessing. As depicted in
Figure 5, SCGS can better handle this new dataset and is able to
remove parts of the scene without affecting remaining parts. More-
over, as shown in Table 1, our approach leads to improvements in
NVS quality on this dataset.

6.2 User Evaluation

Participants generally responded positively to SCGS, particularly
when they were allowed to move freely. When tied to the camera-
path users preferred the original panorama video which is conclu-
sive with previous research [51] on other 3D reconstruction ap-
proaches. In our main study, we found significant differences for
enhanced realism and presence in the scene generated with SCGS
compared to plain GS. Criticism of the SCGS-generated scene fo-
cused on the water’s depth and current, with N = 4 participants
suggesting improvements. Our findings support our hypotheses:

HM1: The addition of 3D assets into GS using SCGS will induce
significantly higher spatial presence in users than GS alone..

HM?2: We hypothesize that SCGS is more graphically pleasing
and visually coherent than plain GS.

The questions at individual locations and the IPQ confirmed that
free user interaction enhanced realism, visual quality, coherence,
and presence in SCGS compared to plain GS. Preference ratings
reinforced this: 28 of 30 participants favored SCGS, while the few
preferring plain GS favored the stillness of the scene.

6.3 Limitations

Our approach depends heavily on predefined labels, posing chal-
lenges with inconsistent labeling in new scenes. Furthermore, it is
limited to static scenes and does not support dynamic GS.

Our study investigates the advantage of using our large-scale
scene parts together with 3D assets from a Game Engine. A large,
regularly dynamic part is replaced by a 3D asset. We assume that
when parts of a 3D scene that are less influenced by the environ-
ment are replaced, e.g., a car or concrete of the street, the effects in
presence or preference could be lower.

6.4 Future Work

From a technical and user perspective, future work could look at
floating splats far outside the camera path where the 3D position
is not accurately learned. Removing these could be beneficial for
users who move freely. Moreover, our dataset offers potential for
further improvements, for example, object removal and NVS qual-
ity for large outdoor scenes.

Future work in VR could incorporate user interactions, such as
rowing [16, 46, 18] in water environments, or walk-in-place for hik-
ing areas [15, 2]. Participants noted that sound would enhance real-
ism, but for comparability, we focused solely on visuals and inten-
tionally omitted sound, as it can influence presence [19, 25].

7 CONCLUSION

Overall, we present a novel approach for 3D asset generation based
on semantics-controlled GS, alongside a new dataset featuring chal-
lenging outdoor scenes that pose various difficulties for NVS.

In summary, SCGS introduces an enhanced GS approach for
generating large-scale 3D assets for VR. We evaluated SCGS from
both a technical and user perspective. In the user study, we set a
baseline for presence on our scenes. Therein, SCGS was compared
to plain GS, with results demonstrating that SCGS significantly out-
performs plain GS in terms of presence and perceived quality when
users move freely within the environment. From a technical per-
spective, we outperform the state-of-the-art in object removal and
scene editing on our new dataset. For segmentation quality we pro-
vide state-of-the-art results demonstrating that SCGS can handle
a variety of different scenes. Additionally, we showcased our ap-
proach for other use cases outside of its purposed dataset, showing
promising results fostering VR research.
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