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Figure 1: GaussianNexus — A Mixed-Reality Telepresence System: A HoloLens AR user and a Quest VR user share a spatial
workspace through Gaussian Splatting-based 3D scene rendering and real-time object synchronization. The system enables: (1)
view-dependent 3D scene exploration, (2) a virtual avatar with live head and hand tracking, (3) interactive movable objects that
update the Gaussian Splatting scene in near real time, and (4) embedded, rectified 2D live video on physical surfaces.

Abstract

Telepresence systems with AR/VR immerse a remote user in a local
physical environment, enabling virtual travel, remote guidance,
and collaborative design. Contemporary systems typically rely on
360° video or RGB-D reconstruction—each with trade-offs between
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visual fidelity and spatial perception. Emerging rendering tech-
niques like Gaussian Splatting unify these strengths, offering photo-
realistic scene representations with spatial interactivity. However,
due to the long training times required, updating such scenes in
real-time is still largely infeasible. We present GaussianNexus, a sys-
tem that applies Gaussian Splatting to room-scale telepresence. Our
system uses Gaussian Splatting as the primary scene representation
medium, and a 360° camera to stream and track 2D and 3D dynamic
changes. For live 2D interaction, the system overlays rectified video
onto user-selected surfaces. For live 3D interaction, users identify
dynamic objects in the environment, which are then segmented,
tracked and synchronized as real-time updates to the Gaussian
Splatting environment, enabling smooth, low-latency telepresence
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without retraining. We demonstrate the utility oGaussianNexus
through 2 example applications and evaluate it in a usability test.

and real-time object tracking to eliminate the need for retraining
the scene on the y.GaussianNexusandles 2D and 3D content
updates separately. For 2D content (e.g., screens and whiteboards),
it overlays live, recti ed video captured by the 360camera onto
surfaces selected by the remote user. For 3D updadesissian-
Nexusintroduces a scene preparation phase, where the local user is
assisted in capturing and training Gaussian splats, identifying and
segmenting interactable objects, and creating movable Gaussian
Splatting cutouts. This preparation only needs to be performed
once per environment; objects will be tracked across telepresence
sessions even if they are moved in the interim. During telepres-
ACM Reference Format: ence, the system tracks these objects in real time as the local user
Xincheng Huang, Dieter Frehlich, Ziyi Xia, Peyman Gholami, and Robert interacts with them, and synchronizes their poses within the Gauss-
Xiao. 2025. GaussianNexus: Room-Scale Real-Time AR/VR Telepresencgan Sp|atting scene for the remote user. Our technique computes
with Gaussian Splatting. IThe 38th Annual ACM Symposium on User Inter-  motion updates continuously using a novel splat-rendering opti-
face Software and Technology (UIST '25), September 28-October 1, 2025, Buﬁﬁﬁer, which tracks object poses at about 2.33 fps. Combined with
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1 Introduction

Telepresence systems with AR/VR bring people together in a shared
space, enabling natural collaboration and immersive presence. Typ-
ically in such systems, a local user wears an AR headset and is
physically presentin their real-world environment, while a remote
user virtually joins them through VR. These systems hold great po-
tential for realistic shared experiences such as virtual travél32,

remote guidance [14, 18, 68, 78], and collaborative design [23, 50].

However, contemporary telepresence systems still fall short of
delivering fully immersive and realistic experiences. Common scene
representation approaches such as RGB-D reconstruction and®360
video struggle to achieve spatial interactivity and visual delity
simultaneously 6. While 360 video o ers high-resolution visuals,
it lacks depth perception and restricts user interaction due to the
inability to navigate the scenel, 56. In contrast, RGB-D recon-
struction enables spatial interaction and free scene navigation, but
at the cost of lower visual quality [66, 68].

Emerging neural rendering techniques, such as Neural Radi-
ance Fields (NeRP},[49 and Gaussian Splatting3d], o er photo-
realistic scene representations while allowing spatial interactivity
and free-viewpoint navigation combining the strengths of 360
video and RGB-D. However, these techniques are primarily de-
signed for static scenes and struggle to support dynamic updates
in real time, making their application to telepresence challenging.

Recently, SharedNeRB{ has attempted to bridge this gap by
using optical ow to detect scene changes and retraining Instant-
NGP (9 on the y. While e ective in small-scale settings, it relies
on users' head movements to collect training views limiting it to
tabletop scenarios and discretely updates the NeRF scene approxi-
mately every 5 seconds, combining it with a lower-quality point
cloud for real-time visuals. Therefore, real-time AR/VR telepresence
with neural rendering at room scale remains an open challenge.

We presentGaussianNexys room-scale real-time AR/VR telep-
resence system utilizing Gaussian Splatting, combined with live
video, to provide high visual quality and full navigability the re-
mote VR user can freely stand or walk anywhere within the re-
constructed local environment while retaining photorealistic scene
quality. Our system combines Gaussian Splatting, 3D segmentation,

smoothing-induced delay and hardware (e.g., camera/network) pro-
cessing delay, we achieve an end-to-end latency of on average 0.95
second with commodity hardware. We demonstra@@ussianNexus
across 2 example application scenarios: tabletop remote instruction
with planar objects, and collaborative room layout planning. We
further validate the system's usability and potential in a user study
with 9 participants. To our knowledgezaussianNexus the rst
system to combine real-time scene updates, room-scale navigability,
and high visual delity from any viewpoint, marking a signi cant
step toward hyper-realistic telepresence.

2 Related Work

The prior work most closely related t@aussianNexusvolves
research on immersive telepresence and remote collaboration us-
ing AR/VR 21, 23 51, 66 6g. Such systems typically reconstruct
the physical environment of a local user and virtually teleport a
remote user into this shared space. The most common approaches
for reconstructing and representing physical environments in telep-
resence include 36Wideo [21, 56 66 and RGB-D-based recon-
structions, such as point cloud{ 26 6§ or textured spatial
meshes 29 65 78. More recently, emerging neural rendering
techniques such as NeRFH 46 49 and Gaussian Splatting3{ 34

have enabled photo-realistic 3D scene representations, demonstrat-
ing great potential as media for immersive experiences and remote
collaboration. Here, we review prior telepresence systems leverag-
ing these media to contextualize our contributions.

2.1 360 Video Telepresence

Rendering 360video in virtual reality allows a remote user to
omnidirectionally view a space from a rst-person perspective.
With commodity 360 cameras capable of streaming at 6 8K resolu-
tion, telepresence systems using 36@leo achieve relatively high
visual realism R1, 56. Previous studies have applied 380deo
telepresence in virtual tourism3Z], remote guidance of physical
tasks b3 54, and collaborative prototyping23. However, while
360 video creates the illusion of immersive 3D space, it inherently
remains a 2D texture, limiting richer spatial interactions such as
free navigation and scene augmentation.
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In traditional 360 telepresence, the remote user's viewpoint is
xed at the camera position. Systems with stationary camera se-
tups [21, 56 constrain the remote user's viewpoint and mobility.
To mitigate this, previous research mounted 36@meras directly
onto local users 5 67]. For instance, JackinHea®2 placed a
camera on the local user's head, enabling remote users to share the
local user's perspective. Teo et abf 67 further allowed users to
visualize each other's real-time viewpoints, enhancing collaborative
awarenesd, 16 64. Some systems have explored hand-held°360
cameras$4), allowing the local user to guide a remote collaborator
for close inspection and instruction. However, mounting cameras
onto the local user's body introduces inconsistencies between phys-
ical and perceived motion for the remote viewer, potentially causing
simulator sickness17, 19 33 70, while limiting the remote user's
independent exploration. Alternatively, mounting 366ameras
onto robotic platforms B( o ers mobility but is expensive and
cumbersome for general use.

Prior research emphasizes maintaining mutual awareness be-
tween collaborators through a shared reference spaéef4.
Consequently, 36Qelepresence systems have implemented syn-
chronized interaction techniques, including hand-rays and annota-
tions [23 56 67]. However, the lack of binocular depth perception
in monocular 360video restricts richer interactions, such as ma-
nipulating shared virtual assets. VirtualNexug3 renders virtual
objects monocularly along with the 380ideo, albeit at the expense
of accurate depth perception during interaction.

2.2 RGB-D Reconstructed Telepresence

Compared to 360video, RGB-D reconstructions such as point
clouds p6 51, 77] and textured spatial meshe29, 65 7§ are in-
herently 3D, allowing remote users to freely explore environments
with accurate depth perception. KinectFusio8q rst demon-
strated RGB-D reconstruction using consumer-grade hardware.
The asymmetrical collaboration system Volumetric Mixed Reality
TelepresenceZq streams real-time point cloud reconstructions of
local workspaces, supporting remote guidance for physical tasks.
Loki [6§ integrates similar remote guidance systems with addi-
tional interaction methods like annotations and recorded playback.
Extending this approach, Irlitti et al.74] proposed symmetrical
remote collaboration by merging real-time point clouds from two
physically separate but identical environments.

Despite superior spatial perception and richer interaction ca-
pabilities, RGB-D reconstructions typically su er from lower vi-
sual quality [66, including reduced elds-of-view, occlusion issues,
noisy depth capture, and inaccurate lighting. Holoportatiabi]
addressed these limitations by capturing local environments using
multiple RGB-D cameras from di erent angles, signi cantly im-
proving visual delity. However, such setups require specialized,
high-end hardware and substantial bandwidth, making them less
accessible to general users.

2.2.1 Combining 38@ideo and RGB-D Reconstructi@mior re-
search has also explored combining RGB-D reconstructions with
360 video [6§ to leverage their complementary strengths: 360
video prioritizes visual quality at the expense of spatial interactiv-
ity, whereas RGB-D reconstruction prioritizes spatial interaction
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over visual delity. Research by Teo et ab$ 67] has explored com-
bining these two media for remote collaboration, by integrating
recorded 36Tpanoramas and live 360ideo streams into static spa-
tial meshes §5. Teo et al. b further proposed switching between
live 360 video and RGB-D reconstruction. However, the di ering
interactive modalities required by these media result in frequent
context switching, which could increase the user's mental load.
Huang et al. 3 proposed representing scenes primarily with
360video, embedding a registered spatial mesh to facilitate realistic
physical interactions with virtual objects. They additionally enabled
users to copy and extract synchronized cutouts from 3&@eos
as textured spatial meshes, o ering an alternative to physical scene
navigation. Despite these improvements, systems combining 360-
degree video and RGB-D reconstruction still struggle to provide
fully natural and realistic telepresence experiences due to mode-
switching and inconsistent visual quality.

2.3 Neural Rendering and AR/VR Collaboration

Neural rendering is a class of emerging techniques that leverage
neural networks or di erentiable representations to synthesize
novel views from imagesH, 34 46 49. These methods generate
photo-realistic renderings of 3D scenes and are capable of capturing
subtle visual details such as complex materials and lighting e ects.

The rst widely recognized neural rendering technique, Neural
Radiance Fields (NeRFP){, models a scene by representing the
color and density along spatial rays using a fully connected feed-
forward neural network. Mip-NeRF 36@] extends this framework
to handle unbounded scenes by introducing hierarchical sampling
and mipmapping strategies. While early versions of NeRF required
tens of hours to train, Instant-NGP4f introduced a multireso-
lution hash encoding that drastically reduced training times to
minutes or even seconds.

More recently, Gaussian Splattin@4] has emerged as an al-
ternative to NeRF. Instead of modeling scenes implicitly through
ray-based neural elds, Gaussian Splatting represents scenes ex-
plicitly using a set of 3D Gaussians with di erentiable parameters,
trained via gradient descent. This explicit representation enables
e cient rendering and allows for more intuitive scene editing and
manipulation compared to NeRF-based approaches. Strictly speak-
ing, Gaussian Splatting does not involve neural networks, but is
often loosely categorized as neural rendering due to its di eren-
tiable formulation.

Unlike video or point clouds, both NeRF and Gaussian Splat-
ting are static scene representation techniques. Although creating
live photorealistic human avatars with neural rendering is already
possible P8 38 39, 45 57, rendering general dynamic scenes in
real-time (e.g., 30 fps) remains largely infeasible due to the sig-
ni cant computational demands of modeling and retraining to
arbitrary dynamic content. Recent advances in 4D reconstruction
with neural rendering [L3 41, 55 63 73 targets volumetric video
reconstruction. However, these methods require access to the en-
tire pre-recorded video, as they perform global optimization across
all frames. As a result, adapting them for live use is non-trivial.
Moreover, state-of-the-art 4D reconstruction approaches such as
GaussianFlow41] and 4DGS T3 still require approximately 10
seconds of training per frame, making them far from suitable for
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3.2 Scalability to Room-Scale Environments

reconstruction and rendering, but requires a large and dense array Telepresence systems may support remote activities across di erent
of cameras (e.g., 8 cameras spaced 30 cm apart), and movements bepatial scales, ranging from tabletop interactior&l[5§, to room-

yond the camera's baseline can signi cantly degrade visual quality

or cause reconstruction failure. These limitations preclude its use
in telepresence scenarios, where free navigation and continuous
scene consistency are essential.

Due to the above challenges, few prior works have applied neural
rendering to real-time, synchronous remote collaboration. To the
best of our knowledge, the only existing system that precedes ours
is SharedNeRBpB, which detects changes in a dynamic scene using
optical ow and retrains the scene representation using Instant-
NGP 9. However, SharedNeRF relies on a user's natural head
movement to collect new training data, limiting its application to
tabletop-scale collaboration. At room scale, such a system would
require users to continuously walk around the scene to gather up-
dated images, signi cantly disrupting the collaborative experience.

scale environmentsg2 68, and even unconstrained space3.
Existing telepresence systems that apply neural rendering to the
task space (i.e., beyond avatar reconstruction), such as Shared-
NeRF g, are limited to tabletop collaboration. Scaling neural ren-
dering based telepresence to support broader applications such as
shared immersive experiences? or collaborative indoor layout
planning [80] remains an open challenge.

We identify the core bottleneck in scaling such systems to be
the need for on-the- y scene retraining. This process requires con-
tinuous capture and updating of the scene dataset. While natural
head movement from a wearable camera may su ce for tabletop
interactions, the same approach at room scale would require the
user to traverse the entire space continuously, severely disrupting
collaborative ow.

Furthermore, SharedNeRF discretely updates its scene representa- GayssianNexusliminates the need for retraining during the

tion approximately 5 seconds after detecting a dynamic change and
bridges this gap using real-time point cloud rendering resulting in

a noticeable compromise in visual quality. In contrast, with Gaus-
sianNexus, users pre-identify and segment dynamic components
before collaboration begins, eliminating the need for in-session
scene retraining. By tracking the 3D pose of these dynamic ele-
ments in real timeGaussianNexuontinuously updates the Gauss-
ian Splatting scene with reduced delay, maintaining high visual
delity throughout the collaborative session.

3 System Design Principles

Distilling from the design choices and gaps left by the related work,
here we identify the system design principles and technical chal-
lenges for our system, justifying the features our system imple-
ments, which will be detailed in Section 4.

3.1 Photo-Realism with Spatial Interactivity

Prior studies have shown that higher visual quality and resolution
generally lead to betterimmersion and presené@][ Besides neural
rendering, scene representation based on°36@eo [21, 5¢ o ers
similarly high visual delity, despite its limited spatial interactivity.
While combining 360video with RGB-D reconstruction improves
interactivity, switching between modalities with inconsistent visual
quality disrupts continuity and breaks the sense of realism.
Inspired by prior e orts to combine telepresence med@aus-
sianNexusntegrates Gaussian Splatting, 360deo, and RGB-D
spatial reconstruction into a uni ed system. To maintain consistent
photo-realism, our system adopts Gaussian Splatting as the pri-
mary scene representation medium. While projected, recti ed 360

video is used for updating dynamic surfaces (e.g., screens, white-

boards), we avoid visually presenting point clouds or spatial meshes,
which would compromise visual consistency. Inste&hussian-
Nexusmaintains a hidden spatial mesh registered to the Gaussian
Splatting scene. This mesh enables physical e ects such as col-
lisions and rigid-body interactions enhancing the user's sense
of physical presence and spatial realism. The system also o ers
common collaborative modalities such as hand-rays, annotations,
virtual avatars, and shared virtual primitives.

telepresence session by introducing a scene preparation phase. Prior
to the session, the system assists users in identifying and segment-
ing objects they expect to interact with into 3D Gaussian Splatting
copies that can be individually tracked and moved. This converts
the problem of retraining into one of 3D object tracking. Instead of
retraining the whole sceneGaussianNexuskes a pretrained GS
scene and updates it live to match reality. This approach is essen-
tial for enabling real-time interaction and room-scale navigability,
while consistently maintaining photorealistic delity. The prepara-
tion process should be reusable across sessions to reduce overhead.
The object tracking is then performed with a 36@amera which
omnidirectionally monitors the scene in real time. Although it is de-
signed for room-scale telepresence, the system remains compatible
with smaller-scale collaboration (e.g. tabletop interaction).

3.3 Low-Latency Dynamic Content Integration

Scene retraining is also a key bottleneck when integrating dynamic
content into neural rendering telepresence. To address this chal-
lenge,GaussianNexustroduces a dual-mode dynamic update strat-
egy. For dynamic 2D content (e.g., screens or whiteboards), we
directly re-project and overlay 36&ideo onto user-selected sur-
faces at runtime. For dynamic 3D content, as previously described,
we leverage the object segmentation performed during the scene
preparation phase, e ectively transforming dynamic scene updates
into a 3D object tracking problem.

However, general-purpose 3D object tracking from monocular
RGB video remains an open problem in computer vision. Existing
methods, such as YOLO3B{, SAM3D [/9, SMOKE 4, and
MediaPipe Objectron] 2], typically rely on object categories (e.g.,
cars, pedestrians). Adapting such methods to each new telepresence
scene would require extensive dataset collection and retraining,
introducing signi cant overhead.

Consequently, a critical challenge f@aussianNexusmerges:
achieving general-purpose, category-agnostic 3D object tracking
within a Gaussian Splatting-based scene representation. To address
this, our system utilizes the existing 360@ideo feed to preserve
hardware simplicity and omnidirectional coverage. An alternative
choice is to use the HoloLens' embedded depth camera. However,
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Figure 2: System architecture of GaussianNexus: The AR user side is equipped with a HoloLens 2 and an Insta360 camera,
which streams RGB video to a local server over Wi-Fi. The Virtual Scene Tracking Server performs object identi cation, 3D

pose estimation, and Gaussian splat updates based on the captured
and user tracking is synchronized with the VR user via Ethernet. Th
PC, receives real-time updates of the shared scene.

this requires the user to look at the objects they are manipulat-
ing, precluding eyes-free manipulation. It is also possible to use
a dedicated depth camera such as Microsoft Kinect AZunéhile
further complicating the system with extra spatial registration and
synchronization.

Therefore, we developed our own object tracking technique that
employs the Gaussian splats of pre-segmented objects as tracking
priors. This tracking solution should operate close to real time,
ensuring low-latency updates without disrupting collaboration.

4 The GaussianNexus System

4.1 System Architecture

We implemented>aussianNexussing Unity 2021.3.20f1. The sys-
tem can be con gured and deployed in either AR or VR mode. In
a typical session, the AR user is physically present in the local
environment and wears a Microsoft HoloLens 2 (HE2Fhe VR
user joins the environment remotely via a Meta Quest 3 heatlset
An Insta360 X3 360camera (with a maximum streaming reso-
lution of 5760 2880 at the AR side captures and streams 360

Lhttps://azure.microsoft.com/en-us/products/kinect-dk
2https://learn.microsoft.com/en-us/hololens/
Shttps://www.meta.com/ca/quest/quest-3/

scene. The processed data including dynamic object poses
e VR user, connected through a Quest Link to a desktop

video of the local environment to the remote u$eMeanwhile, the
HoloLens maintains a spatial mesh of the physical world, which is
also streamed to the VR side in real-time. We illustrate the system
architecture ofGaussianNexus Figure 2.

To spatially register the Gaussian Splatting scene with the phys-
ical world (see Section 4.2.1), we attach two QR codes to xed
positions on the wall. An additional QR code is mounted on the
360 camera to track its pose. On the VR side, the Gaussian Splat-
ting scene is rendered in Unity. Concurrently, the same machine
runs a 3D object tracking algorithm (see Section 4.4), which takes
the 360 video stream and YOLOvV1384 object detection results
as input. This algorithm synchronizes physical object movements
from the local AR environment with their counterparts in the re-
mote VR scene. The VR system runs on a desktop equipped with an
Intel Core i9-12900KF 3.2GHz CPU, 64GB of RAM, and an NVIDIA
GeForce RTX 4090 GPU. Both AR and VR users see each other as vir-
tual avatars, which are open-source rigged models from Mixdmo
with their full-body pose inferred using Finallkfrom HL2/Quest 3
head and controller data. The users are equipped with ray pointers,
shared virtual objects, and synchronized annotations.

“https://unity.com/
Shttps://www.mixamo.com/
Shttps://assetstore.unity.com/packages/tools/animation/ nal-ik-14290
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4.2 Scene Capture and Preparation this, we apply a scaling transformation to the Gaussian Splatting
GaussianNexysresents the local environment to the remote user ~ Scene, by calculating the scale ratio for each axis by comparing
primarily through Gaussian Splatting, which we train using the theT physic_al ano_l virtual dimensions of the QR code anchors. T_hese
original 3D Gaussian Splatting pipelin@4]. This process requires  aXiS-Speci ¢ ratios are then used to scale the scene accordingly,
the local user to record a video of the physical scene and extract aligning it more accurately with the physical environment.

frames as individual images. We then use COLM/B, B( to es- - We ther_l establish acommon reference space between.the Gauss-
timate camera poses for these images. With the extracted frames i2n Splatting scene (i.e., the VR world) and the AR environment.
and corresponding poses, the user can run the training script pro- Given the computed transforms between the virtual QR codes and
vided in the 3D Gaussian Splatting repositdrio reconstruct the the origin of the Gaussian Splatting scene, we replicate this spatial
environment in 3D Gaussian splats. We then use an open-source relationship in the AR application. Speci cally, we placeshared
Gaussian Splatting for Unity to8Ito convert the reconstructed ~ ©0rigin(i-e., an empty Unity game object) in the AR world that main-
scene to Unity assets and render them. tains the same relative transform from the physical QR codes as the

The time required for training scales with the number of input VR origin does from the virtual QR codes. Ttdbared origirserves
images. Through our testing, we found that using approximately s @ proxy for the VR coordinate system within the AR application.
300 400 images o ers a good balance between visual quality and With the shared origirin place, any virtual asset shared between
e ciency, resulting in a total processing time of around 30 minutes ~ the AR :and VR environments can be spatially aligned by transform-
(including both camera pose estimation and training). In Figure 3a NG its pose relative to it. This ensures consistent placement and
and 3b, we show a side-by-side comparison of the real-world lab Pehavior of shared content across both local and remote users. In
space and the reconstructed Gaussian Splatting environment. Figure 3d, we demonstrate the result of the scene alignment with a

spatial mesh of the physical environment (captured by HoloLens
4.2.1 Aligning the Virtual and Physical Worlds.previously de-  2) matched to the Gaussian Splatting scene. The spatial mesh is
scribed GaussianNexwummbines 3D Gaussian Splatting, 36ldleo, hidden during telepresence but supports interactions like virtual
and Spatial meshes. To achieve this, it is essential to Spatla”y align annotations and physics (e_g.’ a ball h|tt|ng a Wa”) Users raycast
the virtual and physical environments. More speci cally, the key  ysing pinch or controller input to make virtual annotations, which
technical challenge is to establish a common reference space sharedare drawn with Unity LineRenderers and synced over the network.
between the Gaussian Splatting scene and the AR world.

Before capturing the environment, the local user needs to instru- 4.2.2  Object Pre-segmentati®o.facilitate 3D updates during
ment the physical space by attaching two QR codes to orthogonal telepresence (see Section 4.4), our system assists the local user in
walls in the room. Figure 3c shows an example setup. If the codes Pre-segmenting the objects they intend to interact with. We build on
are placed on non-perpendicular walls, users will need to manually Segment-Any-3D-Gaussians (SAGA) by Cen et&|.4 3D segmen-
specify the angle between the QR code planes. tation method based on Segment Anything7, which generates

To use these QR codes as spatial anchors, our system must desegmentation masks for 3D Gaussian Splatting reconstructions.
termine their poses within the coordinate system of the Gaussian To enable segmentation, SAGA's repositbhprovides a script to
Splatting scene. A naive solution would be to detect the QR codes Pre-process the same image set used for training the 3D Gaussian
directly from the Gaussian Splatting reconstruction, but this as- Splatting scene, which takes around 30 minutes on our machine
sumes the QR patterns are clearly preserved. Instead, our systemWwith 300 400 images.
traverses the set of original captured images. For any image con- ~ SinceGaussianNexuacorporates YOLOv113H as a core com-
taining a QR code, we detect its transform relative to the scene ponent for 3D tracking (see Section 4.4), the pre-segmentation
origin using Python libraries (pyzb&rand pycolmap®), and then process begins by automatically capturing an image of the scene
uses RANSAC to t a least squares model of where the corners Uusing the 360camera. We then apply YOLOV11 to detect bounding
should be. Since COLMAB®, 60 provides all camera poses inthe ~ boxes for all recognizable objects in the scene (see Figure 4a). These
Gaussian Splatting coordinate system, we can then derive the QR bounding boxes are used as initial prompts for SAGA. The local
code's global pose relative to the scene origin. In theory, two images user can then manually re ne the segmentation masks for objects
per QR code are su cient to recover its pose. In practice, within  they plan to interact with, using the interactive interface provided
the 300 400 image sets typically used for training, each QR code by SAGA (see Figure 4b).
appears in approximately 10 40 frames. We average the recovered =~ Once the masks are nalized, our system extracts individual
poses across all such images to improve robustness and accuracy. Gaussian Splatting reconstructions for each segmented object and

With the above computation, we align the Gaussian Splatting removes their original representations from the main scene. The
scene with the physical environment. We observed that COLMAP segmented objects are subsequently overlaid back into the main
and the 3D Gaussian Splatting pipeline do not guarantee alignment Scene. Because both the main scene and the individual objects
with the real-world scale. In our captured lab environment, the originate from the same reconstruction, the objects retain their
reconstructed scene was nearly twice as large as the actual space correct spatial positions without requiring additional alignment.
with slight di erences in scale along the X, Y, and Z axes. To address Our system also uses the splat positions of each object to assign

approximate 3D collision boxes, which can be manually re ned by
"https:/igithub.com/graphdeco-inria/gaussian-splatting the user if needed.
8https://github.com/aras-p/UnityGaussianSplatting
Shttps://pypi.org/project/pyzbar/ -
1%https://colmap.github.io/pycolmap/index.html https://github.com/Jumpat/SegAnyGAussians
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