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Abstract -

Semantic understanding of indoor building environments
is essential for digitalization, facility management, robotics,
and human—computer interaction. However, existing work-
flows typically decouple data acquisition, semantic interpre-
tation, and 3D reconstruction into offline processes, limit-
ing on-site verification and interaction. This paper presents
an extended reality assisted framework for semantic under-
standing and digitalization of indoor scenes by integrating
on-device artificial intelligence based semantic segmentation
with photogrammetric reconstruction. Image frames cap-
tured using a mixed reality headset are processed in near
real time using a lightweight YOLOv11-seg model to obtain
object-level detections and segmentation masks. The same
image data are subsequently used for Structure-from-Motion
reconstruction, where 2D semantic information is spatially
propagated into a 3D point cloud and mesh, yielding semanti-
cally enriched 3D scene models. These models are visualized
and interactively validated by the user within the extended
reality environment, enabling immediate assessment of dig-
italization completeness. The proposed framework demon-
strates how extended reality can function as an active tool
for near real-time semantic perception, 3D modeling, and
user-guided scene digitalization.
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1 Introduction

The semantic understanding of indoor building en-
vironments is a fundamental requirement for a wide
range of applications, including building documentation,
facility management, digital twins, robotics, and hu-
man—computer interaction [} [2]. Accurately identifying
and localizing building elements and objects within inte-
rior spaces enables more efficient digitalization workflows
and supports downstream tasks such as asset inventory,
spatial analysis, and interaction-aware planning [3]]. De-

spite recent advances in computer vision, most existing
semantic understanding approaches rely on offline image
processing pipelines, where data are collected on site and
analyzed afterward on external computing platforms [4].
This separation between data acquisition and semantic in-
terpretation limits responsiveness, hinders on-site verifi-
cation, and often requires repeated visits when additional
information is needed or errors are discovered during post-
processing.

Recent progress in artificial intelligence (Al), particu-
larly deep learning—based semantic and instance segmen-
tation, has significantly improved the automated recogni-
tion of objects and scene elements from images [3} 16].
These methods have demonstrated strong performance in
both outdoor and indoor environments, enabling pixel-
level delineation of semantic classes and supporting dense
scene understanding [7]. However, most Al-driven se-
mantic segmentation workflows remain inherently two-
dimensional, operating on individual images or image se-
quences without explicit spatial grounding [8]. As aresult,
semantic information is often disconnected from the three-
dimensional (3D) structure of the environment, limiting its
interpretability and usefulness for spatial reasoning, digi-
tal modeling, and interactive applications [9].

In parallel, photogrammetric reconstruction techniques
such as Structure-from-Motion (SfM) have become well
established for generating accurate 3D representations of
indoor scenes from image collections [10L[11]. While these
methods provide detailed geometric models, they typi-
cally lack semantic richness, producing unstructured point
clouds or meshes that require additional processing to
identify meaningful objects or building elements [[12,[13]].
Bridging the gap between 2D semantic perception and
3D geometric reconstruction remains a key challenge,
particularly in scenarios where rapid feedback, valida-
tion, and interaction with the reconstructed scene are re-
quired [[14, [15].

Extended Reality (XR) technologies—including aug-
mented, virtual, and mixed reality—offer a unique op-
portunity to address these challenges by tightly coupling
perception, computation, and visualization within a single
interactive platform [16, [17]. XR head-mounted devices
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Figure 1. Closed-loop XR-assisted pipeline for semantic scene understanding. On-device semantic segmentation
is performed on image frames acquired with a mixed reality headset, while photogrammetric reconstruction is
executed on an external workstation. Semantic information is propagated into a 3D reconstruction and visualized

in XR for interactive validation.

enable hands-free, spatially aware interaction with both
physical and digital content, allowing users to observe, ver-
ify, and contextualize Al-generated information directly
within the environment being analyzed [18]. Compared to
conventional mobile devices or laptops, XR systems pro-
vide an immersive interface that supports near real-time
understanding of spatial relationships, immediate valida-
tion of captured data, and intuitive exploration of seman-
tic and geometric representations [19]. These capabili-
ties are particularly beneficial for indoor scene digitaliza-
tion, where occlusions, clutter, and complex layouts make
purely image-based verification difficult.

Despite these advantages, current XR-based applica-
tions for semantic scene understanding remain limited.
Many systems focus primarily on visualization, while Al-
based semantic interpretation is performed offline or re-
lies on cloud-based processing, introducing latency and
restricting near real-time interaction [20, 21]]. Further-
more, semantic outputs are often displayed in 2D overlays
without enforcing spatial consistency across views or in-
tegrating semantic labels into a coherent 3D scene repre-
sentation [22]]. This limits the ability to verify semantic
accuracy on site and reduces the usefulness of XR as an
active tool for scene digitalization rather than a passive
visualization interface.

To address these limitations, this paper proposes an
XR-assisted framework for semantic understanding of in-
door building scenes that integrates Al-based segmenta-
tion with photogrammetric reconstruction. In the pro-
posed approach, images acquired using a mixed reality
(MR) headset are processed using a deep learning—based
segmentation model to identify semantic elements within

the scene. The same image set is then used for SfM re-
construction to generate a 3D representation of the envi-
ronment. By associating 2D semantic predictions with
the reconstructed geometry, semantic information is spa-
tially propagated into the 3D scene, enabling the creation
of semantically enriched 3D models. These models are
subsequently visualized and explored within the XR envi-
ronment, allowing users to inspect, validate, and interact
with semantic scene representations directly on site.
The contributions of this work are threefold:

* An XR-assisted pipeline for indoor semantic scene
understanding, combining Al-based image segmen-
tation and photogrammetric reconstruction within a
unified workflow.

* A method for spatially consistent projection of 2D
semantic information into 3D reconstructed scenes,
enabling semantically enriched models of indoor en-
vironments.

* An interactive XR visualization framework that sup-
ports near real-time verification and exploration of
semantic 3D scenes, facilitating immediate valida-
tion of digitalization results.

By shifting XR from a passive visualization tool to an
active component of semantic scene understanding and
digitalization, this work demonstrates the potential of XR-
enabled Al systems to support more efficient, reliable, and
interactive indoor environment modeling. Given the scope
of this paper, the emphasis is placed on demonstrating
the feasibility and end-to-end integration of the proposed
workflow rather than on a comprehensive quantitative
benchmarking of its components. The proposed frame-
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Figure 2. Overview of the YOLOV1 1-seg architecture used for on-device semantic perception, illustrating the
processing pipeline from RGB image input to joint object detection and instance-level segmentation outputs.

work lays the groundwork for future extensions toward na-
tive 3D semantic segmentation, language-grounded scene
queries, and tighter integration with building information
models and digital twins.

2 Methodology

This work proposes an XR-assisted framework for se-
mantic understanding and digitalization of indoor build-
ing scenes by integrating on-device Al-based semantic
segmentation with photogrammetric reconstruction. The
methodology is designed to enable near real-time semantic
perception together with spatially consistent 3D modeling
and on-site verification through XR. Building upon previ-
ous research integrating XR and Al for real-time infras-
tructure inspection [18], this work extends the approach
from damage assessment to semantic scene understanding
and 3D digitalization of indoor environments.

The overall pipeline is illustrated conceptually in Fig-
ure [T)and follows a closed-loop workflow. While the user
navigates an indoor environment wearing an XR device
(in this work, a Microsoft HoloLens 2 MR headset), im-
age frames are continuously acquired and processed in
near real time using an embedded deep learning model
for semantic segmentation. In parallel, selected image
frames are stored and transmitted to an external work-
station, where a SfM pipeline is executed offline to re-
construct a three-dimensional representation of the scene.
Semantic information extracted from the 2D images is sub-
sequently associated with the reconstructed geometry, en-
abling the generation of a semantically enriched 3D model.
This model is then transferred back to the XR device and
visualized within the XR environment, allowing the user
to interact with, inspect, and validate the reconstructed
scene.

2.1 System overview

The proposed framework consists of three tightly cou-
pled components:

1. XR-based semantic perception: A MR headset is
used as both an image acquisition and visualiza-
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tion device. Image frames captured by the head-
set’s RGB camera are processed on-device using a
lightweight Al model based on the YOLOv11-seg
architecture, pre-trained on the COCO dataset for se-
mantic and instance-level object segmentation. Dur-
ing operation, the model performs near real-time in-
ference, generating bounding boxes and segmenta-
tion masks for common indoor objects such as fur-
niture and equipment. These predictions are visual-
ized directly in the XR environment through spatially
aligned 3D text labels, bounding boxes, and image-
aligned planes that overlay segmented regions onto
the physical scene.

2. Photogrammetric reconstruction and semantic map-
ping: In parallel with near real-time XR perception,
image data are transmitted to an external computer,
where a SfM pipeline is executed to reconstruct a 3D
representation of the environment in the form of a
point cloud or mesh. Point feature correspondences
used during the SfM process are exploited to estab-
lish spatial relationships between 2D image pixels and
3D points. By leveraging the semantic segmentation
masks generated during inference, semantic labels
are propagated from the image domain into the re-
constructed geometry, enabling object-level segmen-
tation of the 3D scene.

3. XR-based visualization and validation of semantic
3D models: Once the reconstruction and semantic
mapping are completed, the semantically enriched
3D model is transferred back to the XR device. The
model is then visualized within the XR environment,
where users can manipulate, inspect, and validate
both geometry and semantic labels. This enables
immediate assessment of digitalization completeness
and semantic correctness. If inconsistencies or miss-
ing regions are identified, additional images can be
acquired on site, closing the loop between perception,
reconstruction, and validation.

A key feature of the proposed methodology is its it-
erative and user-in-the-loop nature. Rather than treating
digitalization as an offline, post-processing task, the frame-



work is intended to allow users to continuously assess re-
construction quality and semantic coverage during acqui-
sition. This reduces the risk of incomplete or erroneous
models and minimizes the need for repeated site visits.
Once a scene is considered satisfactorily digitazed, the
workflow could be extended to adjacent rooms or spaces,
supporting scalable indoor environment digitalization.

2.2 XR-based image acquisition and on-device se-
mantic segmentation

Near real-time image acquisition and semantic percep-
tion are performed directly on a MR headset, which serves
as both the sensing and visualization platform. During op-
eration, the headset’s RGB camera continuously captures
image frames from the user’s viewpoint as they navigate
the indoor environment. These frames are processed on-
device to enable near real-time semantic understanding of
the scene without reliance on cloud-based computation.
Performing inference directly on the device enables im-
mediate feedback during acquisition, avoids dependency
on network connectivity, and supports interactive, user-
guided data collection within the XR environment.

Semantic perception is achieved using the YOLOv11-
seg architecture ( Figure [2)), which performs joint object
detection and instance-level segmentation in a single in-
ference pass. In this work, a pre-trained YOLOvI11-seg
model trained on the COCO dataset is employed with-
out additional fine-tuning. The COCO dataset provides a
diverse set of common object categories typically found
in indoor environments, such as chairs, desks, monitors,
and other furniture or equipment, making it suitable for
demonstrating semantic scene understanding in building
interiors. By relying on a pre-trained model, the focus
of this study is placed on system integration and spatial
semantic mapping rather than model development or train-
ing.

For each processed image frame, the model outputs a
set of object detections represented by bounding boxes,
class labels, confidence scores, and corresponding pixel-
wise segmentation masks. These outputs are generated in
the 2D image domain but are immediately translated into
spatially aligned visual elements within the XR environ-
ment. Bounding boxes are rendered as three-dimensional
wireframe overlays aligned with the camera view, while
object class labels are displayed as 3D text annotations
positioned relative to the detected objects (Figure[3). This
enables users to directly perceive semantic information
in context, without interrupting their interaction with the
physical environment.

In addition to bounding boxes and labels, segmentation
results can be visualized through image-aligned 3D planes
instantiated in the XR scene (Figure ). Each plane is
textured with the corresponding image frame, where seg-

Figure 3. YOLOvl1-seg detection outputs visual-
ized in the XR environment.

mented object regions are highlighted according to their
predicted classes. These planes are spatially aligned with
the real-world background, creating the perception that
the segmentation results are embedded within the physical
scene. This visualization strategy allows users to observe
semantic boundaries while preserving spatial context.

Figure 4. YOLOvV11-seg segmentation results visu-
alized as 3D textured planes in XR.

To avoid visual clutter and maintain usability, segmenta-
tion planes are not instantiated continuously for every pro-
cessed frame. Instead, their creation is triggered explicitly
by the user, enabling selective visualization of segmenta-
tion results when needed. Multiple planes corresponding
to different viewpoints can be instantiated sequentially,
supporting inspection of semantic predictions from mul-
tiple perspectives. This interaction-driven visualization
approach leverages the strengths of XR by combining near
real-time perception with user-controlled exploration of
semantic information.

2.3 Photogrammetric reconstruction and semantic
mapping

Photogrammetric reconstruction is employed to gener-
ate a three-dimensional representation of the indoor envi-
ronment using the image data acquired during XR-based
operation. Image frames captured by the MR device are
transmitted to an external workstation, where, using Mesh-
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room [11]], a SfM pipeline executed to estimate camera
poses and reconstruct the scene geometry in the form of
a sparse point cloud, followed by a dense point cloud and
surface mesh. The reconstructed geometry provides a spa-
tial backbone onto which semantic information extracted
from 2D images can be mapped.

A key aspect of the proposed framework is the associa-
tion of 2D semantic segmentation results with the recon-
structed 3D scene. During the SfM process, distinctive
point features are detected and matched across multiple
images to establish correspondences and triangulate 3D
points. Because these features originate from known pixel
locations in the input images, their projections can be di-
rectly related to the semantic segmentation masks gener-
ated during on-device inference. For each reconstructed
3D point, its originating 2D feature locations are checked
against the corresponding segmentation masks to deter-
mine whether the point belongs to a specific semantic
object class.

Using this association, semantic labels are propagated
from the image domain into the 3D reconstruction. Points
whose corresponding 2D features fall within segmented
object regions are assigned the semantic class of that ob-
ject. This results in a semantically labeled point cloud
(Figure [3)), where each point carries both geometric and
semantic information. When multiple image observations
are available for a given 3D point, semantic labels are ag-
gregated to improve robustness and reduce the impact of
occasional misclassifications.

A

Figure 5. Semantically segmented 3D point cloud
generated from 2D YOLOv1 1-seg predictions.

To generate a semantically segmented surface repre-
sentation, the labeled point cloud is further linked to the
reconstructed mesh. For each mesh vertex, nearby recon-
structed points are queried to determine its most likely
semantic class. Mesh triangles whose vertices are con-
sistently associated with the same semantic label are then
identified and highlighted as belonging to a specific ob-
ject or scene element (Figure [6). This process yields a
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semantic mesh in which object-level regions are explicitly
delineated, enabling clear visualization and interaction at
the surface level rather than only at sparse point locations.

Figure 6. Semantically segmented 3D mesh derived
from the segmented point cloud.

The resulting semantically enriched 3D model preserves
both, geometry and object-level semantic structure, pro-
viding a coherent representation suitable for visualization,
interaction, and validation in XR environment. This repre-
sentation is subsequently transferred back to the Hololens
device, where it can be inspected and manipulated by the
user, closing the loop between perception, reconstruction,
and semantic scene understanding. Note that this seman-
tic propagation from 2D observations to 3D geometry
builds upon well-established approaches (e.g., Semantic-
Fusion [8]), and is here adopted as a component within
the proposed workflow rather than introduced as a novel
contribution.

2.4 XR visualization and user-guided validation of
semantic 3D models

After photogrammetric reconstruction and semantic
mapping are completed, the semantically enriched 3D
model is transferred back to the MR device. The model
is then loaded and visualized within the XR environment,
allowing the user to inspect the reconstructed scene di-
rectly in situ (Figure [7). This visualization step enables
the seamless integration of geometry and semantic infor-
mation within the physical context of the building interior.

Within the XR environment, the reconstructed model is
rendered as an interactive 3D object. Semantic informa-
tion is displayed through color-coded surfaces correspond-
ing to different object classes, enabling intuitive identifi-
cation of scene elements. Users can freely manipulate the
model—such as rotating, translating, or scaling it—to ex-
amine its geometry and semantic segmented objects. This
interaction facilitates rapid assessment of reconstruction
completeness and semantic correctness.

A central feature of the proposed framework is its user-
guided validation loop. By visualizing the semantic 3D



Figure 7. Semantically enriched 3D mesh visualized
in the XR environment.

model immediately after reconstruction, users can iden-
tify missing regions, insufficient coverage, or incorrect
semantic assignments while still on site. If deficiencies
are observed, additional image data can be acquired using
the XR device and incorporated into the reconstruction
process, improving both geometric fidelity and semantic
completeness. This iterative process reduces the likeli-
hood of incomplete digitalization and minimizes the need
for repeated site visits.

Once the user is satisfied with the reconstructed and se-
mantically labeled scene, the workflow can be extended to
additional rooms or adjacent spaces, supporting scalable
indoor environment digitalization. By enabling immedi-
ate feedback and validation, the XR-based visualization
closes the loop between data acquisition, Al-driven se-
mantic perception, and 3D reconstruction, transforming
digitalization from an offline post-processing task into an
interactive, near real-time process.

3 Conclusions

This paper presented an XR-assisted framework for se-
mantic understanding and digitalization of indoor building
scenes by integrating on-device Al-based segmentation
with photogrammetric reconstruction. By combining near
real-time semantic perception, SfM-based 3D modeling,
and immersive visualization within a single workflow, the
proposed approach enables users to capture, verify, and in-
teract with semantically enriched 3D scene representations
directly on site.

Unlike conventional pipelines that decouple data ac-
quisition, semantic interpretation, and reconstruction into
separate offline stages, the proposed framework tightly
couples these processes through XR. On-device semantic
segmentation provides immediate contextual understand-
ing of the environment, while photogrammetric recon-
struction and semantic mapping allow this information to
be propagated into a spatially consistent 3D representa-
tion. The XR-based visualization and user-guided valida-
tion loop further support immediate assessment of digital-

ization completeness and semantic correctness, reducing
the risk of incomplete models and minimizing the need for
repeated site visits.

Despite these advantages, several limitations remain.
MR headsets offer limited computational resources com-
pared to desktop or cloud-based platforms, making the
deployment of large-scale spaces or large deep learning
models challenging. As a result, lightweight segmenta-
tion models are required, which may limit achievable ac-
curacy compared to offline processing. In addition, current
XR hardware still presents ergonomic constraints, includ-
ing device weight and comfort during prolonged use, as
well as limited battery life that restricts continuous op-
eration time. Environmental factors also affect usability;
in particular, high ambient lighting conditions—common
in construction sites—can reduce hologram visibility and
impact the clarity of XR visualizations. Addressing these
hardware limitations is largely dependent on future ad-
vances in XR device design and is beyond the scope of
this work. This study focuses on demonstrating the fea-
sibility of the proposed integrated workflow and therefore
does not include a comprehensive quantitative evaluation,
including an assessment of the effectiveness of the user-
guided validation loop within the XR environment. Fi-
nally, photogrammetric reconstruction and semantic 3D
mapping stages are performed offline on an external work-
station and depend on the selected pipeline and available
computing resources.

While the present study employs a pre-trained model
based on the COCO dataset to demonstrate semantic scene
understanding, the proposed framework is model-agnostic
and can be readily adapted to other segmentation models
trained on domain-specific datasets. This flexibility en-
ables extension to a broad range of construction-related
applications, including semantic segmentation of struc-
tural elements, condition assessment and monitoring of
construction activities. Future work will explore native 3D
semantic segmentation, tighter integration between recon-
struction and inference pipelines, and language-grounded
models as interaction mechanisms that allow users to query
and manipulate semantic content directly within the XR
environment. Additionally, it will include a systematic
evaluation of the proposed framework. This will involve
assessing 2D segmentation performance, evaluating 3D
semantic consistency and reconstruction completeness,
and measuring end-to-end latency of the pipeline. In addi-
tion, a user study will be conducted to quantify the impact
of the XR-based validation loop on usability and data ac-
quisition efficiency. Together, these directions highlight
the potential of XR as an active tool for near real-time
scene understanding, digitalization, and decision support
in the built environment.
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