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Abstract—To achieve photorealistic Virtual Reality (VR)
tours, a balance is required between visual fidelity,
responsiveness, and the strict runtime and memory
constraints of head-mounted displays. As a more recent
explicit view synthesis method, three-Dimensional Gaussian
Splatting (3DGS) has been proposed as a real-time
alternative to Neural Radiance Fields (NeRF). In this study,
we present an overview of 3DGS, demonstrating its
application to immersive VR tours, and propose a design
philosophy for its implementation on standalone headsets.
Specifically, we review state-of-the-art 3DGS variants with
respect to photorealism, scalability, efficiency, dynamics,
and semantics; analyze VR-specific constraints related to
latency, stereo stability, and thermal, memory, and
interaction requirements; collate VR style datasets which
are suitable for training and benchmarking 3DGS-based
pipelines; present case studies in domains such as museums,
real estate walkthroughs, and large-scale campus tours;
synthesize an evaluation framework that organizes metrics
for visual quality, performance, memory usage, and
interaction responsiveness. The evaluation framework has
four axes: visual fidelity, runtime performance, memory
footprint, and interaction responsiveness. Although more
recent accelerated NeRF-based systems (e.g., Instant-Neural
Graphics Primitives (Instant-NGP) and baked radiance
fields) directly reduce the performance difference between
3DGS and explicit methods, 3DGS still provides better
trade-offs in interactive tours, such as predictable latency
and instant editability. Finally, open challenges in
streaming, reflectance, semantics, and authoring ergonomics
are outlined, and future directions for 3DGS-based VR tour
systems are discussed.

Keywords—gaussian splatting, virtual reality, photorealistic
rendering, immersive tours, real-time graphics, evaluative
framework

I. INTRODUCTION

The immersion and photorealistic experience of
Virtual Reality (VR) is a powerful and increasingly
common way for individuals to engage with digital
content across many fields [1]. VR applications, such as
photorealistic VR tours, require not only high image
fidelity but also low latency to provide a realistic
look [2]. People have become accustomed to

Manuscript received September 10, 2025; revised November 18, 2025;
accepted December 23, 2025; published May 27, 2026.

doi: 10.18178/joig.14.3.387-402

387

experiencing interactivity in museums, cultural tourism
attractions, virtual real estate tours, and college campus
tours [3]. The shape of Head-Mounted Displays (HMDs)
places system-wide unaffordable latent requirements on
motion-to-photon latency (i.e., the time between moving
one’s head and the device showing the updated image),
twin correspondence, consistency across time, and
perceptible memory and thermal needs (i.e., the thermal
energy produced by the device during operation, which
affects comfort, performance, and stability) [4]. A Neural
Radiance Field (NeRF) is an efficient implicit model of
volumetric light transport in a scene [5]. Early NeRF
models required hours of training time and could not be
inferred at interactive frame rates, making them infeasible
for commercially available, thermally limited VR
headsets. Although recent faster NeRF models, such as
those using Instant-NGP multiresolution hash encodings
and prebaked radiance fields, have significantly reduced
the training time, they introduce new challenges in
predictably managing latency, memory usage, and
editability, especially in standalone devices. In this study,
three-Dimensional ~ Gaussian  Splatting (3DGS) is
presented as an explicit alternative to NeRF models. It
features a feed-forward rendering path and offers lifelike
control over the number and distribution of primitives.

The novelty of this study lies in its focus on 3DGS for
immersive VR tours. In contrast to previous surveys on
3DGS and neural view synthesis, our study focuses on
end-to-end pipelines, from capture and optimization to
packaging and in-headset rendering. It provides
VR-suitable evaluation guidance that correlates 3DGS
design choices with headset restrictions, dataset
characteristics, and VR-specific tour scenarios (e.g.,
museums, real estate, and campus).

VR in museums provides global access to heritage
objects by reconstructing galleries and expos in detail,
enabling visitors to observe these objects remotely [6]. In
the real estate business, potential customers can inspect
properties and tour an entire building virtually, as if
taking a walk around, without ever having to leave the
building [7]. VR tours are a powerful tool for preserving
cultural heritage, particularlly for at-risk sites. They allow
current and future generations to visit these places
virtually [6]. Colleges and campuses also use VR to
provide prospective students with interactive, guided
tours of their campuses, facilities, and student life [8]. At
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the center of these VR experiences lies presence: the
compelling feeling of being somewhere else [9]. This
degree of immersion requires high visual fidelity to
display scenes with realistic graphics and low
motion-to-photon latency to ensure that head movement
is reflected in the display in real time [2]. These
requirements are essential to avoid user discomfort,
minimize motion sickness, and maintain the illusion of
presence [4].

Current solutions to photorealistic VR rendering have
significant trade-offs in implementation in real-time,
mobile headsets in the wild. Although mesh-based
pipelines have the advantage of efficient rasterization,
they cannot recreate intricate view-dependent effects
without extensive manual modeling or high-quality
photogrammetry [10]. Although NeRF techniques enable
high-quality volumetric scene reconstruction [5], even
their accelerated variants (e.g., Instant-NGP and baked
radiance fields) can struggle to run predictably within the
strict latency, memory, and thermal constraints of
standalone VR hardware. Earlier point-based rendering
systems were flexible but lacked stable anisotropic detail
representation and exhibited aliasing with temporal
instability during fast head-tracked motion [11].

Comparison of NeRF and SL-DGS
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Fig. 1. Comparison of neural radiance fields and Structured-Light 3D
Gaussian Splatting (SL-DGS).
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The 3DGS system addresses these constraints by
describing a scene as a collection of anisotropic 3D
Gaussians. It employs tile-parallel splatting on modern
Graphics Processing Units (GPUs) and optimizes the
learned parameters for color, opacity, and shape [12, 13].
This explicitly feed-forward representation enables
deterministic real-time performance, predictability, and
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direct scene editing. Therefore, 3DGS is a good candidate
for immersive VR tours. However, its suitability in
interactive, resource-constrained VR environments is yet
to be systematically surveyed. This gap is addressed in
this study, which reviews the approaches for
understanding 3DGS techniques and splatting workflows
through VR tour writing and playback. Fig. 1 shows that
3DGS offers a clear and explicit alternative to implicit
radiance field NeRF-like models, inspiring them to use it
to render predictable and real-time VR tours.

The incorporation of 3DGS into VR systems presents
domain-specific issues. First, latency and stability are
critical: motion-to-photon latency should be within 20 ms
to avoid user discomfort, and rendering must maintain
temporal coherence to prevent shimmering or popping
artifacts caused by head-tracked reprojection [2]. Second,
stereo consistency is essential: comfortable depth
perception requires accurate binocular disparity cues, and
even minor geometric inaccuracies on large planar
surfaces, such as walls and floors, can induce nausea [4].
Third, standalone VR headsets have strict thermal and
memory constraints due to small GPU memory and
power dissipation budgets, limiting models and real-time
frame rates [14]. Finally, VR experiences require constant
interaction: virtual tours typically involve annotations,
points of interest, and the possibility to stream new stage
pieces dynamically as users move forward [3]. Therefore,
a rendering technique should be viable with streaming
and  incremental  updates  without  obscuring
immersion [15].

This review presents the principles of 3DGS and
analyzes its viability for immersive, photorealistic VR.
Our literature review begins with an overview of
Gaussian-based rendering technologies, investigating
their speed, quality, and editability. Then, VR-specific
limitations, such as latency, stereo consistency, hardware
constraints, and interactivity, are analyzed, and the extent
to which 3DGS addresses limitations is evaluated.
Finally, we outline future directions for integrating 3DGS
into VR pipelines. These include hybrid rendering with
traditional rasterization, adaptive streaming techniques,
and perceptual optimization to improve user presence and
comfort.

The primary contributions of this study are as follows:
To the best of our knowledge, this is the first
survey focused on 3DGS for immersive VR tours.
It addresses both end-to-end pipelines (from
capture and optimization to packaging, streaming,
and in-headset rendering) and provides
VR-oriented evaluation guidance.

The development of a taxonomy of 3DGS
techniques related to photorealism, scalability,
efficiency, dynamics, and semantics.

A proposal of a structured evaluation framework
specific to VR requirements, including fidelity,
runtime performance, memory footprint, and
responsiveness.

[llustrations of design patterns with case studies
of museums, real estate walkthroughs, and
large-scale campus tours.
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Identification of open challenges and future
research directions for the deployment of 3DGS
in VR-ready systems.

The remainder of this paper is organized as follows:
Section II introduces radiance fields and outlines 3DGS
rendering and optimization with a particular focus on the
VR-specific constraints. Section III analyses the 3DGS
method families applicable in VR tours, such as
efficiency of data, realism of pictures, scale, dynamics,
and meaning. Section IV demonstrates an end-to-end
3DGS process of VR tour capture, optimization,
packaging, and in-headset rendering. Section V generally
provides a summary of datasets that are typically used in
VR-style benchmarking. In Section VI, the application
addresses methods of evaluation of visual fidelity,
do-not-responsiveness, memory footprint, and
in-responsiveness. Section VII gives typical VR tour
example studies and patterns of design. Section VIII is
about open challenges and research directions. Lastly,
Section IX is the final section of the review.

II. BACKGROUND

A. Radiance Fields

A radiance field describes the path of light passing
through each point in a space in any and every direction.
It measures the amount of light either emitted or reflected
at a point in a certain direction of view [16]. Radiance
fields can be represented in two forms: implicit or
explicit.

1)  Implicit radiance fields

An implicit representation, such as NeRFs, asks a
neural network to estimate the color and opacity of a
point upon request [17]. To render an image, rays exiting
the camera are shot into the scene, and the network is
integrated repeatedly along a ray. The outcomes are
combined to compute the final pixel color. This process
yields high-quality images at a high computational cost,
hindering real-time use, except on head-mounted VR
devices [18].
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2)  Explicit radiance fields

In the explicit approach, radiance data are stored in a
form that can be rasterized to the image plane or directed
into a splat data structure. 3DGS is such a method. It
presents a scene using many anisotropic Gaussian
kernels [19].
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Rendering occurs via projection into an ellipse on the
two-Dimensional (2D) picture plane of each 3D
Gaussian. A tile is only counted by the splats contained
within it (such as a 16x16 pixel block). Blending these
splats according to their depths triggers the sorting of the
splats, followed by orderly blending via alpha
compositing. This tile-parallel architecture implies that
every pixel within a tile has the same ordered splat list,
thereby enabling efficient GPU memory use. This enables
realistic, high-resolution, rendered graphics in real time,
even on common consumer-level graphics cards [20].

B.  Three-Dimensional Gaussian Splatting (3DGS)

1)  Rendering

When rendering a given camera pose, the pipeline
simply discards Gaussians of the camera pose that are not
in the view frustum. The other Gaussians are imaged on
the image plane. The Jacobian of the projection transform
transforms the 3D covariance matrix X of each Gaussian
into a 2D covariance matrix 2. It determines the form and
area of the ellipse that the Gaussian sweeps out in the
image space [19].
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2)  Optimization

The Gaussian parameters are optimized to produce a
scene model using calibrated multiview images. The L/
loss, typically combined with DSSIM, is commonly used
to optimize pixel precision and perceptual quality.
Because the optimal number of Gaussians and positions
cannot be known in advance, a density-control loop is

performed during training [21].

L=4W—m+@0$mdiq %

C. Virtual Reality Tour Requirements

VR headset rendering imposes stringent requirements
that do not exist in desktop view synthesis. Fig. 2
provides an overview of the major VR headset
limitations: latency/stability, binocular consistency,
memory/thermal limits, and interactivity, which have to
be taken into account when implementing 3DGS in
immersive tours.

Latency and stability: Headsets require a
motion-to-photon latency of less than approximately 20
ms. Any delay, shimmer, popping, or distortion becomes
obvious with constant head movement [22].
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Fig. 2. Components of VR headset performance.

Binocular and geometric consistency: The images
produced by the two eyes should have the right disparities
so that the sense of depth is natural. Even small geometric
errors are evident on large surface areas [23].

Memory and thermal constraints: As standalone
systems, VR devices are GPU memory and
power-constrained. Therefore, techniques such as culling
and Level-of-Detail (LoD) rendering are essential to
remain within these limits [24].

occasionally live editing. The manifestation of these
interactions can be accommodated because 3DGS is
explicitly represented, and the model does not need to be
retrained [25].

In summary, VR tours require high performance and
high-quality rendering at low latency in a stable,
interactive  environment  with  narrow  memory
requirements. The explicit, parallelizable nature of 3DGS
is suited to this need. However, it requires careful
consideration of optimization, geometry accuracy, and
resource cost to create a comfortable and compelling
experience [20].

D. Literature Survey

During our literature review, we also conducted a
citation audit to select 3DGS methods and VR/graphics
sources that are relevant to immersive tours. This process
ensured that our reference specifically addresses headset
constraints, presence, and VR assessment, superseding
tangential or generic work.

Interactivity: VR tours commonly involve 3D
definitions, teleport stations, audio tours, and
TABLE I. TAXONOMY OF 3DGS METHODS FOR VR TOURS
Work (Year) Category Core idea Relevance to VR tours Key limitation for tours Ref.
Millions of learnable . . Memory footprint increases
. . . . Real-time rendering enables . . S
Baseline anisotropic 3D Gaussians + o ... with scene size; aliasing and
3DGS (2023) . . ; o comfortable navigation; explicit ] . [19]
representation differentiable splatting; tile- . . reflections require further
o representation eases editing.
based parallel rasterization. research.
Structurcaware/ Sparse grid of anchor points;
Scaffold-GS local Gaussians tied to Better scalability for room- Extra complexity;
Memory . . . . . [25]
(2023) . anchors; pruning by gradient scale and multiroom scenes. dependence on SfM quality.
efficiency policies
Compression/ Quantize Gaussian attributes Reduces download time and Quantization may introduce
CompGS/EAG . . . . DR
Vector into codebooks to shrink device memory for standalone small artifacts; training time [26]
LES (2024) oot DO0KS ¢
quantization storage with minimal loss. VR headsets. overhead.
LichtGaussian/ Prune insignificant
& Pruning and Gaussians; octree-based LoD View-dependent LoD keeps LoD transitions can cause
Octree-GS L & ! ) hioh as th o if h [27]
(2024) oD to feed only necessary sp ats FPS high as the user moves. popping if not smoothed.
to rasterizer.
. Approximate pixel integral . .
Analytlc/Multsc Photorealism/ analytically; represent the Sharpe.r details without More complex kernels;
ale splatting e . . shimmering across headset . . [28]
Antialiasing scene at multiple Gaussian . potential runtime overhead.
(2023, 2024) scales resolutions.
Photorealism/ Shading models and normal . Extra
. S Improves realism for glossy - N
GaussianShader ~ Reflectance and regularization; decompose supervision/assumptions;
LS floors, glass, and metals S . . [29]
/GS-IR (2024) Inverse lighting to handle specular PR visibility/occlusion handling
. . commonly found in interiors. A
rendering materials. remains difficult.
Frequency-based Heavier regularization
FreGS/GeoGaus Optimization densification and geometry- Crisp walls/furniture; fewer . gwanzation
. Lo . tuning; good initialization is [30]
sian (2024) and Geometry aware regularization to floaters in walkable areas. . .
still required.
preserve structure.
VR . Lo Practical HMD guidance; Engine-specific tweaks;
SPlat (2025) Data efficiency VR-tuned 3DGS pipeline. stability. limited public VR. [31]
GS . L
SLAM/Photo Tracking and Use. Gaussians fgr dense On-device mapping, drift Dynamllc objects and non-
: mapping and hybrid features . Lambertian surfaces remain [32]
SLAM (2023, mapping T reduction across a long tour. -
2024) for localization. challenging.
VastGaussian/L Divide and conquer training GPU memory peaks during
. . Large-scale . . . Scales to campuses, museums, S .
oD hierarchies and hierarchical rendering of training; consistency across [33]
scenes . and outdoor parks.
(2024) city/estate scale spaces. cells.
DrivingGaussia Model motion with
n/4DGS/Defor Dvynamics/4D deformable or 4D Gaussians Animated elements (fountains, Temporal artifacts and 34]
mable GS Y and learned deformation crowds) without re-meshing. runtime costs; motion blur.
(2024) fields.
w Feature . Distill 2D foundation Clickable points of interest; Feature drift across views;
3DGS/Langua Semantics and features or compress . o
. . . . multimodal search within a storage overhead for [35]
ge‘augmented Interaction language embeddings into .
. tour. embeddings.
GS Gaussians.
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3DGS techniques for immersive tours can be
categorized into six groups: baseline models,
efficiency-driven  methods, compression methods,

photorealism-driven methods, geometry refinements, and
semantic or dynamic extensions. This taxonomy
highlights the trade-offs between scalability, quality, and
interactivity.

As shown in Table I, 3DGS techniques for VR tours
have distinct categories, including baseline, efficiency,
compression, photorealism, geometry, dynamics, and
semantics. Baseline models are used to produce high
memory and real-time rendering. Scalability is enhanced
by efficiency and compression techniques, whereas
quality is improved by photorealism and geometry
techniques. Interactivity is provided by dynamic and
semantic extensions at the expense of cost. Therefore,
hybrid pipelines are essential because no single category
is sufficient alone.

E. Mapping Three-Dimensional Gaussian Splatting
(3DGS) Families to VR Constraints and Datasets

To make the taxonomy feasible, the 3DGS families

(Section II. D) are related to VR constraints (Section II. C)

and dataset types (Section V). Variants based on 3DGS
and photorealism are largely focused on visual fidelity
and temporal stability, typically evaluated on challenging
room/building and orbit datasets (Section V. A and B).
Compression-based and efficiency-driven approaches
focus on memory, storage, and streaming constraints on
individual headsets and should be assessed on large
multiroom, forward-facing, and outdoor datasets
(Section V. A, C and D). Geometry-based techniques are
well-suited for real estate and campus touring because
they excel with planar geometry and stable parallax.
Furthermore, the organized, architectural nature of these
datasets provides adequate benchmarks (Section V. A and
D). Dynamic/4D GS variants are content motion-focused
and can be most effectively evaluated using dynamic and
driving-style data (Section V. B and D). Semantic and
interaction-oriented 3DGS extensions assist in search and
annotations and narrative experiences and provide the
advantages of semantics-rich datasets with either labels or
text (Section V. A—C). This mapping between 3DGS
families, predominant VR constraints, and indicative
datasets is summarized in Table II.

TABLE II. MAPPING 3DGS FAMILIES TO VR CONSTRAINTS

GS Family Strengths

VR Constraints Addressed

‘Weaknesses/Caveats

Baseline 3DGS High FPS, explicit, editable

Low latency, stable rendering

High memory footprint for large tours.

Efﬁcwncy/Prérélng/Scaffold— Fewer splats, scalable

Memory limits on standalone HMDs

Quality drops in reflective or thin

geometry.
Compression . . . Quantization artifacts may appear in VR
(CompGS/EAGLES) Smaller assets, faster loading Storage + streaming constraints stereo.

Photorealism-focused GS

(Mip, Multiscale, GS-IR) Better edges, fewer shimmer

Stereo comfort, temporal stability

Slightly higher compute per frame.

Geometry-consistent GS Clean walls, stable parallax

Avoids nausea from geometric

More regularization tuning.

(FreGS/GeoGS) inconsistencies

4D/Dynamic GS Handles motion Crowds, fountains, trees Difficult to maintain temporal stability.
Semantic/Language GS Interactive annotations, search Enhances VR POlIs, narratives Feature drift; increased memory.

(Feature3DGS)

III. METHODS RELEVANT TO VR TOURS

A. Data Efficiency

Comprehensive imagery capture from all possible
angles of a view may not be possible in some VR tour
projects due to temporal, financial, and spatial
constraints. Field acquisition normally requires some
photos of each room or scene, posing a basic problem in
generating accurate geometry and realistic textures [36].
This shortcoming can be addressed by two
counterbalancing measures.

The first strategy is depth regularized optimization,
which introduces geometry priors during training by
exploiting ground-truth depth maps or depths calculated
using monocular or stereo images [37]. This procedure
shrinks the set of solutions that result in floating artifacts
and enforces structure compatibility even when using the
optimization in underconstrained regions by constraining
the optimization based on depth information. The second
strategy uses pretrained prior-based initialization, where
pretrained training on massive data learns a mapping to
an initial Gaussian set based on minimal input
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imagery [38]. This initialization provides a good
opportunity for further optimization and reduces the
required number of iterations and computation.

Although both approaches provide obvious benefits in
minimizing the on-site capture time and subsequent
processing time, they are sensitive to scenes with high
frequencies of specular surfaces (e.g., mirrors and glass)
or repeat patterns. In such cases, the learned priors can be
incompatible with scene-specific data, resulting in
reconstruction errors. These problems can be avoided
using postprocessing regularization, which imposes
planarity or smooth surface constraints on the
surface [39].

Table III is a survey of specific 3DGS techniques of
particular importance in VR tours, including baseline

splatting, anti-aliasing using less memory,
scaffolding/pruning, dynamic (4D) extensions of
splatting, interactive editing, and Simultaneous

Localization and Mapping (SLAM)-style online mapping.
These approaches are taken together to put emphasis on
the practical VR trade-offs that are visual stability and
runtime/memory cost versus the capability to support
interaction and dynamic content.
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TABLE III. 3DGS METHODS RELEVANT TO VR TOURS

Method (Year) Key Idea Speed/Memory Photorealism VR Relevance Ref.
3DGS (2023) Explicit 3D_Ga1_1551ans + Real-time (> 100 FPS on High W}th SH and Basel;ne_ for [19]
rasterization scenes) densification photorealistic tours.
Mip Splatting Mipmaps/anti-aliasing for Efficient multiscale . Reduces shimmer in
(2023-2024) 3DGS splats Sharper far field detail walkthroughs. [26]
. . Lower memory, fast Maintains quality with Lighter assets for
Scaffold-GS (2023) SfM guided scaffold pruning training fewer splats standalone VR. [29]
4DGS (2024) Extends 3DGS to time with o ive 4D rendering ~ Good dynamic fidelity ~ SUPPOTts dynamic VR 55,
4D covariance tours.
Basis motion fields for Compact motion Physically plausible Stable moving
DynMF (2024) 3DGS representation trajectories elements in tours. [40]
GaussianEditor/Point’n Intera(.:tlve' se.lectlon + Real-time cditing View consistent edits Content cleanup for [41]
Move (2024) inpainting tours.
GS SLAM/SplaTAM . . Online mapping at VR Consistent scene Authoring and live
(2023-2024) 3DGS mapping for tracking rates updates capture. [42]

B.  Enhancing  Photorealism in  Virtual — Reality
Environments
Photorealism is essential for user immersion,

especially in VR, where stereo displays exaggerate visual
imperfections compared with conventional flat-screen
monitors [43]. Even minor artifacts, e.g., temporal
shimmer and geometric distortion, can severely affect the
perceived quality of the experience. Three closely related
improvement areas are essential to enhance realism.

First, anti-aliasing and resolution control should be
employed to avoid undersampling artifacts appearing as
flickers on head motion. Techniques where splatting is
performed over a pixel footprint, or those using a
multiscale ~ Gaussian  representation, have been
demonstrated to de-alias fine structure and reduce
temporal aliasing [44]. Second, shading-aware models are
necessary to accurately render presented reflections and
non-Lambertian surfaces such as polished floors, metallic
railings, and glass. Rougher bidirectional reflectance
distribution function models, combined with constraints
on smooth normal fields, can enhance the realism of
highlights only seen in the screen space [45]. Finally,
geometry consistency on large texture-less surfaces (e.g.,
ceilings and walls) should be maintained, because
inaccuracy  results  in  deformation  artifacts.
Frequency-progressive densification  plans and
plane-aware constraints ensure structurally stable outputs
and clean parallax effects, which are critical for
comfortable VR viewing [46].

C. Memory Optimization and Scalability

Millions or tens of millions of Gaussian primitives are
typically used in large-scale VR tours, resulting in
optimization-inhibitive ~load times and memory
consumption. Three major approaches address this
scalability challenge.

First, computations of Gaussian contributions via
reconstruction error measurement prune and remove
Gaussians with little influence on the rendered
image [47]. Second, compression saves disk storage and
runtime memory requirements with a reduction in the
data size by quantizing Gaussian parameters, encoding
them in compact codebooks, and maintaining perceptual
quality [48]. Finally, LoD rendering with streaming
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dynamically adds or removes scene detail based on users’
current viewpoint, optimizing the resolution accordingly.
Divisions of scenes into streamable cells and
introductions of smooth LoD transitions adequately
address artifact stalling (popping), enabling real-time
navigation in large spaces [49].

D. Dynamics and 4D Gaussian Splatting

Most VR tours are static, which limits their realism
and engagement. This can be significantly improved by
introducing dynamic environmental elements, such as
wind-swayed vegetation, flowing water, and moving
groups of people. This improvement is achieved in
dynamic four-Dimensional (4D) Gaussian splatting,
which leverages a thin representation of the deformation
field to unify motion and space [50]. This approach must
overcome technical challenges such as achieving
temporal smoothness (to eliminate jitter), incorporating
motion blur (to prevent sharpness loss), and handling the
memory demands of long-term or repeating animation.
Data compression is an important consideration in
improving real-time performance without impairing scene
quality [51].

E. Semantics and Interaction

To enhance visual verisimilitude, VR tours are
increasing their semantic content through richer narrative
and interactive experiences. Features extracted by 2D
foundation models can be used directly for
general-vocabulary search (e.g., “find the Monet
painting”) or repurposed for scene editing, such as
recoloring or occluding objects. This enables
progressively detailed interactions, accelerating the
execution of natural language requests such as “recolor
that car” or “hide that cup” [52].

Although the wusability of these features has
significantly improved, this advancement introduces new
challenges: The storage demands of semantic metadata
and the need to control feature drift, which occurs when
semantic consistency diminishes across different views.
This drift can be addressed via multiview semantic
alignment and confidence-weighted feature fusion [53].
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IV. 3DGS WORKFLOW FOR VR TOURS

A. Scene Capture

When creating a 3DGS-based VR tour, the capture
process must be carefully planned to cover as many
spatial areas as possible. In room-scale spaces, the
recommended method is to sweep the camera over walls
and floors with various heights, achieving coverage of
both vertical and horizontal surfaces efficiently [54]. In
orbit-type scenes, e.g., 360° capture around a statuary or
any object of focus, there should be no change in the
camera-to-topic distance, whereas the difference between
elevations should be minimal to achieve the resultant
balanced angular coverage [55]. Fig. 3 shows a general
layout of the end-to-end VR tour-development process
with the use of 3DGS, including capture and calibration,
all the way to packaging and in-headset rendering.

Initial data acquisition

Improving performance and
stability

Preparing for deployment

Rendering in the
Headset

Displaying the VR
environment

Interactivity
&
Authoring
Loops

Enhancing user engagement
and content creation

Fig. 3. VR development process.

Doorway and portal shots enable space interconnection
because the shots provide frames of space upon scene
stitching. Exposure and white balance must be fixed
across the dataset to avoid illumination and color
disparities. To retain the microstructural fidelity of fine
surface details, such as carpets, paintings, and textures,
they should be captured using close-range non-flash
imagery. Where available, LiDAR or time-of-flight
sensors should be used during reconstruction to capture
sparse depth maps, which provide precise geometric
constraints [56].

B. Calibration and Initialization

Proper camera pose estimation is essential for
high-quality scene reconstruction. This is generally
achieved using Structure-from-Motion (SfM) algorithms,
e.g., those provided in COLMAP [57]. When the
captured data is continuous video, structure-aware
capture techniques use temporal continuity that may be
helpful [58].

After pose estimation, the first Gaussian can be
calculated using point clouds in SfM or a learned
prediction model. When captures lie in the
low-view-count regime, incorporating depth- or
normal-based regularization early in the optimization
process enhances optimization stability. Content can have
less impact on VR realism than sparse coverage [59].
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C. Optimization and Regularization

The optimization stage further adjusts the spatial
placement, scale, opacity, and color of each Gaussian to
reduce the difference between the rendered and captured
images. The most commonly used loss function
combination balances the L1 reconstruction error and the
Structural Similarity Index Measure (SSIM) [60].

A densification algorithm multiplies or splits
Gaussians into areas of low details, whereas pruning
removes those that have insignificant influence on
reconstruction quality. Geometry-specific simplifications,
e.g., the enforcement of planarity on walls and floors,
normal regularization on smooth surfaces, and
frequency-progressive densification in gradual detail
addition, are implemented to verify structural reality [61].
Regarding reflective or refractive surfaces, view
dependency can be rendered less expensively in terms of
cost using shading-consistent Gaussian models or inverse
rendering methods.

D. Packaging for Runtime

The process following optimization is dataset
preparation to ensure efficient loading and playback
during VR runtime. This process entails an end
convolution surgery of eliminating superfluous Gaussians
and attribution slims to save memory. A LoD hierarchy is
built such that geometry that is far away is described
using fewer and simpler Gaussians, resulting in more
efficient rendering [62].

At the large scale, on-demand streaming is supported
by partitioning the space into cells, which are aligned
(usefully) with architectural partitions such as rooms or
visibility clusters. Interactive metadata, such as points of
interest, captions, and safety boundaries, can be
embedded in the structure. Furthermore, versioning such
metadata enables updates to a scene package without
completely regenerating it [63].

E. Rendering in Headsets

Runtime stability and speed are paramount. This is
achieved using techniques such as frustum culling, which
culls out objects beyond the user frustum, and portal
culling, which culls occluded parts in the scene, e.g.,
behind closed doors. The LoD is dynamically adapted
based on the projected Gaussian dimensions in the picture
plane [64].

Appendage-free kernels and depth-sorted splatting,
which are resistant to flicker and popping effects, are
used to reduce those effects. Foveated rendering saves
computation power by rendering only a central area of the
vision at full pixels, and asynchronous reprojection
prevents a smooth motion caused by varying frame rates.
Predictive cell streaming streams the next portions of a
scene in advance, and cache prewarming during
teleportation prevents the loading process from stalling
mid-experience. Using stereo disparity checks on large
planar sections is useful to avoid discomfort caused by
binocular inconsistencies [65].
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F.  Authoring and Interactivity: Feedback Loops

Beyond simple static playback, VR tour systems are
increasingly accommodating interactive and diagnostic
tools that can be used directly within headsets. Park and
Kim [66] may alter the Gaussians or regions of the scene,

allowing real-time concealment, colorization, and
semantic validation through the headset interface.
Automated diagnostics detect potential quality

problems, e.g., oversampled splats, low-sampled areas, or
noisy surface normals, and make specific capture or
constraint advisories. Such iterative loops during
authoring reduce full pipeline reprocessing needs, thereby
accelerating the refinement process and supporting
additional nimble production cycles [67].

V. DATASETS FOR VIRTUAL REALITY STYLE EVALUATION

The development of successful VR tours requires data,
as shown in Table IV, that capture the conditions users
experience when immersed in the environment.
Consequently, the dataset design should account for
headset navigation limitations and incorporate plausible
scene coverage, varied navigation styles, and various
spatial setup patterns. Common VR viewing tasks involve
indoor room-scale exploration, forward-looking paths,
full 360° orbit capture, and outdoor traversal
sequences [68]. Fig. 4 visualises the vast scale difference
in the dataset (log scale), and it highlights the importance
of scene count and capture diversity on benchmarking
conclusions.

TABLE IV. COMMONLY USED DATASETS FOR VR STYLE

Dataset Samples _or_Scenes Views Type VR Relevance/Notes Ref.
Mip-NeRF 360 9 ) 360 ' Videos Unbounded indoor/outdoor scenes; standard for NVS in VR-like [69]
viewpoints flythroughs.
Plenoptic Video 6 21 views Videos Dynamic real-world multlvula\\;{/ ssequences; used widely for 4D [70]
DyNeRF dataset 6 20 views Videos Time-synchronized & calibrated multiview dynamic scenes. [71]
NVOS 7 ‘20—62 fmages Novel view object segmentation; front-facing real scenes with (72]
images masks.
SPIn-NeRF 10 100 images Tmages Multiview segmentation and (?b]i)elcrtlyamtmg dataset (with/without 73]
LERF 13 — Videos Language-embedded radiance ﬁelds; long-tail household scenes. [74]
ActorsHQ 16 160 views Videos 12-MP multiview human s?r?:eilsces; useful for VR character (75]
TensordD 4 1/4/12 views Videos Efficient dynamic 4D decomposition; small set of synchronized [76]
captures.
. . Large-scale real-world scenes at 4K; strong benchmark for
DL3DV-10K 10,510 variable Videos NVS/VR tours. [77]
SceneSplat-7K 7,916 — si?:gess Indoor 3DGS scenes aggregated across sources. [78]
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Fig. 4. Dataset size (scenes/samples)—log scale.

The choice of the dataset directly affects the evaluation
outcomes because the geometry of the capture, or spatial
resolution, and scene variability influence constancy,

reconstruction complexity, and apparent realism [79]. To
enable valid comparison across studies, it is essential to
use carefully selected, replicable datasets as Table V.
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TABLE V. CURATED DATASETS FOR VR TOURS

Dataset Description and VR Relevance Sources
Replica 18 photorealistic indoor scenes with. high geometry density, HDR_te)fAtures, semantic labels, and glass/mirror [80]
reflectors, making them suitable for room/building scale VR tours.
Mip-NeRF 360 Orbit, no horizon display, open scenery, designed for immersive, 360° navigation around central objects. [81]

A. Room/Building Datasets

The Indoors dataset is essential for evaluating
room-scale VR tour systems. This dataset generally
exhibits good geometrical structures, sharp textures, and
an interrelation of a few rooms.

The Replica dataset offers photorealism, fine meshes,
and accurate geometry, along with abundant in-depth
texture maps for various indoor environments [82]. The
lifelike lighting and multiple layouts of this dataset are
suitable for large-scale building tours. Similarly,
Matterport3D has several training characteristics with
many proliferating interior scenes, both commercial and
residential [83]. The diversity of architectural styles and
materials necessitates generalization testing across
various dataset layouts. The Indoors and Replica datasets
are useful for approaches that require exact structural
geometry and high-textured surfaces and for evaluating
multiroom navigation performance.

B. Orbit and 360° Datasets

Some VR tours use an orbit form of viewing in which
a user moves around a central object or place while
varying the user’s elevation and line of sight. Such a
presentation is widely used in museum displays and
cultural heritage exhibitions.

The Mip-NeRF 360 dataset offers a complete 360°
view of objects and scenes, enabling the assessment of
the stability of rendering and its consistency in the
context of progressive shifts in viewpoints [84].
Heritage360 records high-resolution 360° scans of
culturally relevant artifacts and sites, enabling the
creation  of  high-fidelity (object-based) VR
experiences [85]. These datasets can also be used to
validate methods that capture all-angle, accurate
view-dependent reflectance while preserving fine
geometric and material details.

C. Forward-Facing Datasets

In most VR applications, such as real estate
walkthrough or street walking, the user tends to move
mostly in a forward direction without a complete
rotational orientation. This type of navigation expects
datasets with forward-facing capturing geometry.

Structured forward-facing captures are available in the
Local Light Field Fusion (LLFF) dataset. Thus, this
dataset can be used to measure “3-DoF+” experiences,
where lateral motion and depth are available but
restricted [86]. The RealEstatelOK dataset consists of
tens of thousands of video frames obtained based on real
estate announcements. This dataset provides various
architectural and lighting styles and interior designs [87].
The LLFF dataset is particularly useful for pretraining
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and evaluating the robustness and performance of
constrained-path navigation systems.

D. Driving and Outdoor Datasets

In the case of VR tours with large outdoor scenes,
including campus and city tours, the dataset needs to
support extended range sizes, changing lighting, and
different geometry complexity levels.

The Tanks and Temples dataset comprises very
detailed and rich models (indoors and outdoors) of
complicated buildings and structures suitable for
evaluating geometric precision [88]. The KITTI dataset
was initially designed for autonomous driving studies. It
consists of stereo imagery and depth data in the form of
long driving routes [89]. The extensive motion sequences
of the KITTI dataset are particularly interesting for
investigating streaming capabilities, LoD control, and
streaming stability during constant movement.

E.  Benchmarking Recommendation

VR tour evaluation studies are recommended to
explicitly define the dataset(s) used, capture the
geometry, and align the data with the intended VR
experience [90]. The integration of data that consider
indoor, orbit style, guard-facing, and outdoor modalities
enables a holistic evaluation of 3DGS-based VR
methods, including their advantages and limitations
across various functionality areas [91].

VI. EVALUATION METHODOLOGY

This survey evaluates 3DGS-based VR tour systems
across four axes: visual fidelity, runtime performance,
memory footprint, and interaction responsiveness. This
section explains in detail the metrics and protocols that
can be used to determine each axis during headset-based
immersion [92]. Fig. 5 shows the steps of evaluation of
3DGS-based VR tour solutions, starting with rendering
and along representative motion paths and moving on to
profiling the runtime, memory, and the latency of
interaction.

<«
S\ \
\
Guarantees consistent '\ \
performance without
crashes

Measures efficiency and
speed of execution

<

Objective Im;l:c{
Quality

Ensures visual accuracy
and clarity

| Interaction Latency
Assesses responsi
and user experience

Fig. 5. Evaluation stages for 3DGS-based VR tour solutions.

A. Visual Fidelity

Visual fidelity evaluation uses objective image quality
metrics combined with VR-related stability simulations.
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It uses three traditional quantitative measures: Peak  for asset retrieval and shader compilation. The latency of
Signal-to-Noise (PSNR) for pixel-scale reconstruction  streaming across the cells in space is logged to measure
accuracy; SSIM for luma and structure preservation;  the availability of the asset on constant navigation [100].
Learned Perceptual Image Patch Similarity (LPIPS) for To prevent performance overestimation, testing is
perceptual  similarity based on deep feature  conducted not only on mainstream desktop GPUs but also
embeddings [93-95]. on headset-level hardware, which is subject to mobile
To assess temporal stability, which is vital to the = memory  bandwidth  constraints and  thermal
headset sound, the video is always rendered along camera  throttling [101].
paths simulating head motion, including jittered,
sinusoidal, and other resonant tracks. Artifacts such as
shimmer, popping, and rolling-shutter distortions are Response time is a critical component for assessing
quantified [96]. Reflective and refractive surfaces are systems that use semantic querying or in-headset
examined in terms of view consistency, evaluating the authoring. A labeled collection of interest and freeform

correlation of the positions of the specular lobes with  text retrieval tasks (e.g., “find the Monet painting™) can

C. Interaction Responsiveness

small shifting parallaxes [97, 98]. be used to test the accuracy of open vocabulary retrieval
) ) in terms of both precision and recall [102]. Edit latency
B. Runtime Performance and Memory Footprint measurements are used in everyday authoring tasks,

The key runtime performance metrics are median FPS  including region visibility toggle, color changes, and
and 1%-low FPS, measured on representative head  textually driven recoloring.
motion sequences. These capture the overall and These responsiveness measures are essential for
worst-case frame rates of the system [99]. The memory  evaluating the feasibility of 3DGS-based VR platforms in
usage of the GPU in a steady state is measured to ensure  creative and production environments. Table VI
compliance with standalone VR headset limitations. quantifies how latency impacts narrative tasks, impedes

Load time analysis measures the latency between scene  real-time interactivity, and degrades the overall user
selection and the first rendered frame, including the time  experience [103].

TABLE VI. TYPE SIZES FOR FINAL PAPERS

Dimension Metrics Method VR Relevance
Visual Fidelity PSNP, SSIM, LPIPS; stability checks Head motion paths; §h1mmer/popp1ng Maintains immersion, prevents
detection. sickness.
. FPS (median/1%-low); GPU memory; Frame-rate logs; GPU usage; Smooth navigation on limited
Runtime and Memory .
load/stream times load/stream tests. hardware.
Interagtlon Query accuracy; edit latency Retrieval and editing tasks in headset. Supports real-tlme inaction and
Responsiveness authoring.

Fig. 6 illustrates that VR-tour assessment is commonly  scores, and motion-to-photon  latency  targets:
conducted through a tradeoff between a triangle of  approximately 15 ms for PC VR, 20-22 ms for
antithetical objectives: visual fidelity, runtime/memory  standalone headsets, and 25-28 ms for mobile VR. The
performance, and interaction responsiveness, which are = proposed methodology integrates existing objective

limited to headset capacities. visual quality measures, time evolution integrity tests,
runtime execution profiling, and interaction lag metrics to
Interaction Responsiveness provide a comprehensive assessment of 3DGS-based VS

tour systems. This multimodal solution strategy ensures
both high reconstruction accuracy and smooth,
comfortable, and responsive user experiences that are
within the operation constraints of target VR
platforms [104].

Evaluation
Framework VII. CASE STUDIES AND DESIGN PATTERNS
A.  Museum Gallery (Multiroom Indoor)
This case study aims to create a walkable, six
Visual Fidelity Runtime & Memory Degrees-of-Freedom (6-DoF) VR tour of a museum
Fig. 6. Triangle of evaluation for GS-based VR tours. (Figs. 7 and 8), focusing on challenging surfaces such as

glass showcases and shiny floors, which are difficult to
render due to their reflective nature [105].

Table VII provides a summary of the advised capture
Presence and headset comfort cannot be measured  strategy, 3DGS approach selections, anticipated issues,

using objective measures alone. Therefore, we augment  4nd workaround solutions to museum gallery VR tours.
PSNR/SSIM/LPIPS with subjective measures. These

include presence ratings, simulator sickness questionnaire

D. Summary of Evaluation Framework
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Fig. 7. Impact of VR on museum experiences: Visitor immersion and
experience consequences. (a). VR tour main page; (b). Virtual museum
view; (c). Artifact Ul interaction; (d). Dual-channel interaction; (e).
Artifact text & audio details; (f). Artifact gallery interaction [105].

(¢) User Experience in Mobile-VR Environment
(©)

Fig. 8. Impact of VR on museum experiences: Visitor immersion and
experience consequences. (a) Exterior view of the virtual museum; (b)
Interior virtual room with interactive artifacts; (c) User experience in
mobile-VR environment [105].

TABLE VII. DESIGN PATTERNS FOR MUSEUM GALLERY TOURS

Aspect Details
Tight image sweeps (wall-to-wall, floor-to-ceiling);
Capture additional passes in glass cases and on metallic
Strategy surfaces; detailed image sweep of corridors and
doorways [106].
Geometry-sensitive regularization; shading-aware
Methods 3DGS; portal culling; LoD; semantic labels on
Artworks for guided tours and annotations [107—-110].
Mirrored rooms with duplicate geometry; repeat
Challenges textures; occluded corners lose detail.
Mitigation Use laser-based depth scanning; increase viewpoints

on reflective surfaces [111].

397

B.  Real Estate Apartment Fast

Turnaround)

(Medium  Scale,

The case study implies a rapid creation of a VR tour of
a multi-IT room apartment (Fig. 9) with adequate lighting
reproduction [112].

A summary of capturing assumptions, preferred 3DGS
methodologies, frequent failure modes (e.g., texture-less
walls and mixed lighting), and mitigation strategies of
fast-turnaround real-estate VR tours is summarized in
Table VIII.

TABLE VIII. DESIGN PATTERNS FOR VR REAL ESTATE TOURS

Aspect Details
Capture 1-2 images per room, with smooth doorway transitions
Strategy and consistent illumination [113].
Depth regularized optimization; frequency-progressive
Methods  densification; aggressive pruning and compression for
efficient storage and fast loading [114-116].
Texture-less walls distort geometry, mixed lighting
Challenges results in uneven colors, and large windows create
overexposed areas.
Mitigation Apply planarity-constraint, white balance calibration,

and sky probes for lighting correction [117].

Fig. 9. Online VR apartment tour demo in the browser using 360°
images (on smartphone) [118].

C.  Outdoor Campus Quad (Large Scale, Walkthrough)

This state of affairs presupposes a wide-ranging
open-air VR tour (Fig. 10), with free movement within
with  facilities,

open areas trees, and people

(Fig. 11)[119].

]

(c) Edit a hotspot

Create hotspots in a scene

(b)
Fig. 10. The scene manager UI [120].

(a)Add contents to a scene
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=gy
N2

c)Hotspots and holographic streamed videos. (d) VR Tour Floor Map

Fig. 11. Walkthrough demonstration of the KSU VR tour system [120].

Table IX establishes an overview of the end-to-end
design patterns of VR tours of campuses on a large scale,
such as capture strategy, scalable training/LoD render
processes, common artefacts, and solutions.

TABLE IX. DESIGN PATTERNS FOR VR CAMPUS TOURS

Details
Path-based video capture using LiDAR scanning for
accurate geometry; primary walkways, quads, and
landmarks covered [121].
Divide and conquer training by scene subdivision;
octree-based LoD rendering; deformable Gaussians
for dynamic objects (trees, flags); navigation graph
for preloading assets [122—-125].
Flickering/ghosting from dynamic crowds; visible
LoD transitions in long sightlines.
Hierarchical LoD control; smooth switching policies;
masking and time-based blending of moving objects
[126].

Aspect

Capture
Strategy

Methods

Challenges

Mitigation

VIII. CHALLENGES

A. Streaming and Multi-User Scale

Large-scale VR tours require streaming architectures
for prefetching and prioritizing assets ahead of
unpredictable user movements. Motion prediction is
critical to minimize stalling [127]. Multi-user editing in
the same space remains an unresolved challenge, limited
by latency, bandwidth constraints, and the difficulty of
synchronizing annotations and interactions [126].

Visual Inconsistencies
Noticeable rendering artifacts in
VR‘F

|
Streaming Challenges | =5 -
Delivering assets in advance of =
movement. @ ‘
Edits across users are not
Privacy Concerns C‘I - synchronised.
Protecting sensitive content in VR a8
tours. . E Authoring Bottlenecks
Long feedback loops in content
Standardisation Absence | % creation.
Lack of standardised asset | '™ '

containers.

Fig. 12. Challenges in photorealistic VR tours.

In Fig. 12, a brief summary of the key open challenges
to photorealistic VR tours streaming, reflectance, privacy,
ergonomics, and standardisation discussed in this section
is shown.
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B.  Lighting and Reflectance

3DGS pipelines are sensitive to mixed illumination,
reflective surfaces, and transparency. Visual artifacts
from reflections and refractions are magnified in VR,
which breaks immersion. Future work should investigate
inverse rendering methods for physically accurate
material and visibility reasoning under complex lighting
conditions [126].

C. Safety and Privacy

VR tours may include sensitive content, such as
recognizable people, valuable artwork, and private places.
Protecting user and content privacy requires automatic
masking, blurring, or access control. Semantic
segmentation in 3DGS pipelines can support redaction
and visibility based on content type [127].

D. Ergonomics

Current authoring pipelines include lengthy capture,
processing, and review cycles, making the iterative
processes slow. In-headset diagnostics for coverage gaps,
alignment errors, and reflective surface artifacts may
reduce feedback loops. Improved ergonomics will
facilitate faster and more reliable content creation [128].

E.  Standardization and Benchmarks

There is no cohesive asset container for 3DGS that
integrates geometry, appearance, semantics, and LoD
compression. The lack of standardized formats makes it
challenging to create interoperability between existing
tools. Portable benchmarks and standard datasets are
essential for comparing performance and facilitating
content exchange [129].

IX. CONCLUSION

3DGS is redefining the potential for photorealistic VR
tours by combining explicit scene representation,
real-time rendering, and direct editability. Most neural
view synthesis models are computationally expensive in
both training and inference, particularly when deployed
on mobile VR platforms. 3DGS is a feed-forward
implementation, capable of supporting high frame rates,
and its latency can be controlled, which is particularly
advantageous in HMDs.

This survey demonstrates the unique advantages of
3DGS, such as shading-aware splats, anti-aliasing
techniques, hierarchical LoD engines, pruning strategies,
and learned priors, which reduce capture requirements.
Collectively, these advances facilitate the creation of
scalable and immersive workflows for museums, real
estate, and campus environments.

Key challenges remain in streaming, reflective
surfaces, ergonomics, privacy, and multi-user scalability.
Addressing these issues via inverse rendering, semantic
integration, compression, and standardization will
improve performance and interoperability. With the rise
of shared datasets and authoring toolchains, 3DGS is
poised to be the building block for scalable, efficient, and
high-quality VR tour systems.
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