2026 European Conference on Computing in Construction -
Corfu, Greece a =
July 12-15, 2026 s

Text-to-AR for Home Remodeling: An End-to-End Pipeline from Natural Language to
AR-Compatible 3D Assets
Vamsi Sai Kalasapudi!, Bharadwaj R. K. Mantha?3, Hassan Odeh* and Alekhya Seelam'
ICollege of Computing, Engineering and Construction, University of North Florida, Florida, USA
Dept. of Civil and Environmental Engineering, University of Sharjah, Sharjah, UAE
3Dept. of Civil Engineering, Indian Institute of Technology Madras (IITM), Chennai, India
4Freelance Al Consultant, UAE

Abstract

Home remodeling often relies on sketches and infor-
mal discussions, causing miscommunication, rework, and
added cost. Existing AR tools are typically proprietary and
limited to predefined 3D asset libraries. This study devel-
ops and validates an executable end-to-end pipeline that
converts free-form homeowner text into AR-compatible
3D remodeling visualizations. A sofa case study evalu-
ates generated assets across image resolution, input type,
and quality condition using SSIM and dimensional met-
rics. Results show visually coherent assets suitable for
early-stage communication, while highlighting depth and
scale limitations for future environment-aware AR remod-
eling tools.

Introduction

The home remodeling market has expanded significantly
in the post-pandemic period, exceeding $880 billion glob-
ally in 2022 and projected to surpass $1.1 trillion by 2027,
(ReportLinker, 2023). The United States alone accounted
for $567 billion in 2022 (Joint Center for Housing Studies
of Harvard University, 2023). This growth has accelerated
digital and remote planning workflows, with increasing re-
liance on immersive tools such as VR and AR, now acces-
sible via consumer devices (Brown, 2020). Augmented
Reality (AR) overlays digital elements onto real-world en-
vironments, enabling users to visualize furnishings and de-
sign changes within their own spaces before implementa-
tion (Azuma, 1997; IKEA, 2017; Inc., 2018).

Consumer applications such as IKEA Place and Houzz’s
“View in My Room 3D” demonstrate the growing adop-
tion of AR in residential design. These tools improve
decision-making and purchasing likelihood, with Houzz
reporting significantly higher engagement and conversion
rates among AR users (IKEA, 2017; Inc., 2018). However,
these systems rely on proprietary, pre-modeled catalogs,
limiting scalability, customization, and the ability to han-
dle free-form user inputs (e.g., “two-seater U-shaped red
sofa”) (Boopathy et al., 2024).

AR is also being explored in construction workflows,
such as the Augmented Carpentry project, which over-
lays fabrication guidance directly onto materials, demon-
strating integration of digital design with physical exe-
cution (Coxworth, 2025). This AR-assisted production
method adeptly merges human skill with computational

precision, actualizing digital designs on the workpiece.
These advancements indicate a wider trend of employing
AR to seamlessly incorporate design information into ac-
tual construction processes, extending beyond mere screen
visualization. Despite these advances, remodeling re-
mains communication-intensive, particularly for home-
owners with limited technical expertise. Reliance on in-
formal sketches and verbal descriptions often leads to
misinterpretation, delays, and increased costs (for Hous-
ing Studies of Harvard University, 2014). With only ba-
sic visualization support, homeowners often with little
to no construction experience, frequently rely on hand-
drawn sketches from imagination and informal discussions
at home to explain their ideas. These ad hoc methods
can make it difficult to convince the remodeler of the in-
tended design, increasing the likelihood of miscommuni-
cation, design inaccuracies, and inefficient implementa-
tions. Many existing tools assume user familiarity with
design principles or rely on fixed 3D asset libraries, lim-
iting creativity and personalization. Even Al-based sys-
tems typically provide predefined options rather than en-
abling translation of nuanced, real-world inspirations into
customized designs. Furthermore, end-to-end pipelines
converting free-form input into AR visualizations remain
largely unavailable (Hollein et al., 2023).

To address these gaps, this study presents a first-step to-
ward automating interior remodeling visualization by con-
verting free-form user descriptions into AR-compatible
3D models. The goal is to reduce communication barriers
between non-expert homeowners and professional stake-
holders including contractors, sub contractors, suppliers,
interior designers, and architects. The proposed system
enables users to describe desired designs in natural lan-
guage and generates corresponding AR visualizations that
are projected onto the real world environments. It inte-
grates natural language processing (NLP), text-to-image
generation, multi-view synthesis, 3D reconstruction, and
AR deployment into a unified pipeline, generating content
dynamically rather than relying on pre-built assets. The
aims of this research are to (1) streamline and accelerate
early-stage ideation by producing realistic previews from
textual or image descriptions, (2) reduce the cost and spe-
cialized expertise typically required to create custom 3D
remodeling visualizations, and (3) demonstrate the feasi-
bility of end-to-end automation from text or image input
to AR output.



Literature Review

Advances in generative Al, computer vision, and AR have
expanded automated content creation in interior design.
This review synthesizes progress in text-to-image, multi-
view synthesis, and text-to-3D reconstruction, highlight-
ing limitations in achieving end-to-end AR workflows for
homeowner use. Diffusion-based models such as Stable
Diffusion (Rombach et al., 2022) and Imagen (Saharia
et al., 2022) generate high-quality images from text, with
domain adaptations enabling interior design visualization
(Chen et al., 2023). However, outputs remain 2D and un-
suitable for AR interaction.
Multi-view synthesis methods such as SceneScape (Frid-
man et al., 2023) and FlexGen (Zhang and Lee, 2023b)
improve geometric consistency across viewpoints. How-
ever, they remain computationally intensive and prone to
inconsistencies, with limited support for iterative refine-
ment. 3D reconstruction methods such as NeRF (Milden-
hall et al.,, 2020b), Text2Room (Hollein et al., 2023),
DreamFusion (Poole et al., 2022), and Magic3D (Lin et al.,
2023) enable text-driven 3D generation. However, outputs
typically require extensive post-processing (e.g., mesh
cleanup, texturing), limiting usability for non-experts. A
key limitation is AR integration, as generated 3D assets
often require manual conversion for real-time deployment.
Existing research pipelines rarely support direct AR-ready
outputs, limiting scalability (Poole et al., 2022; Lin et al.,
2023).
The proposed pipeline addresses this gap by integrating
text input, multi-view synthesis, 3D reconstruction, and
direct export to AR-compatible formats (e.g., USDZ), en-
abling iterative and scalable remodeling visualization. Ta-
ble 1 summarizes how representative recent studies cover
the major components required for a text-to-AR work-
flow. Prior work shows strong progress in individual
stages such as text-to-image generation, multi-view syn-
thesis, and text-to-3D reconstruction. However, most ap-
proaches do not provide a complete path to AR-ready de-
ployment and often offer limited support for iterative re-
finement that matches real remodeling conversations.
Table 1: Comparative analysis of recent text-to-AR

methodologies
Study Text-to-Image Multi-view 3D AR Iterative
Synthesis  Reconstruction Integration R
(Chen et al., 2023) Yes No No No Yes
(Fridman et al., 2023) Yes Yes Yes No Limited
(Hollein et al., 2023) Yes Yes Yes No No
DreamFusion (Poole et al., 2022) No No Yes No No
Magic3D (Lin et al., 2023) No No Yes No No
Our Proposed Pipeline Yes Yes Yes Yes Yes

Reliable 3D Reconstruction as a Practical Requirement

Reliable 3D reconstruction is essential in remodeling, as
decisions depend on spatial accuracy and scale rather
than visual plausibility alone. Single-image reconstruc-
tion methods suffer from missing geometry due to occlu-
sions (Mildenhall et al., 2020a; Gkioxari and Malik, 2019),
while traditional multi-view approaches require extensive
image capture (Seitz and Curless, 2021; Schonberger and
Frahm, 2016). Generative multi-view synthesis offers a
promising alternative by producing consistent viewpoints

from text, reducing data requirements while improving re-
construction fidelity (Ho and Salimans, 2023; Zhang and
Lee, 2023a). These observations motivate the need for
workflows that couple multi-view consistency with effi-
cient reconstruction and deployment constraints, aligning
with the introduction’s goal of advancing toward auto-
mated transformation from free-form user intent into AR-
compatible 3D assets for remodeling visualization.

Methodology

This study presents a first-step exploration toward an end-
to-end text-to-AR workflow for home remodeling visu-
alization. The goal is not to introduce new generative
or reconstruction models, but to establish an executable
baseline and clarify what is practically required to trans-
late a homeowner’s free-form natural language intent into
an AR-ready 3D asset that can be viewed within the real
home environment. The contribution of this work is there-
fore the integration of established components into a de-
ployable workflow with inspectable intermediate outputs,
which supports intent alignment and helps identify where
failures and quality limitations arise in practice. In this
context, the pipeline is designed to reduce the homeowner—
professional communication gap by turning ambiguous
verbal descriptions into shared, inspectable visual artifacts
that can be iteratively refined during early-stage remodel-
ing discussions. This methodology aims to establish an
end-to-end workflow that transforms free-form natural lan-
guage descriptions into AR-ready 3D assets for early-stage
home remodeling visualization. It further seeks to char-
acterize how practical input conditions and key pipeline
settings influence output quality, particularly reconstruc-
tion robustness and dimensional plausibility. Finally, the
workflow introduces intermediate quality checks to limit
error propagation and documents where human refinement
remains necessary to resolve intent ambiguity and support
clearer homeowner—professional communication.

Pipeline Overview

The workflow consists of four interrelated phases that pro-
gressively convert language into deployable AR content:
(1) Text-to-2D Synthesis, (2) Image Enhancement and
Multiview Generation, (3) 2D-to-3D Reconstruction, and
(4) 3D-to-AR Integration. Each phase produces a tangi-
ble intermediate output (candidate images, processed mul-
tiview sets, reconstructed meshes, AR-compatible assets)
that can be inspected and improved before moving forward,
which supports faster alignment between user intent and
the generated visualization. This staged design is used as
a practical first step because it produces inspectable inter-
mediate outputs and an explicit mesh for AR deployment,
which is important for maintaining geometric consistency
and dimensionally plausible visualization in remodeling
contexts.
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Figure 1: Overview of the proposed Text-to-AR pipeline.
The shaded components indicate the phases evaluated in the case study.
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Figure 2: Phase 1: Text-to-2D synthesis workflow.
Phase 1: Text-to-2D Synthesis

Phase 1 translates a user’s natural language description
(e.g., “modern red two-seater sofa”) into an initial set of
candidate images that serve as the visual starting point for
later multiview generation and reconstruction. Stable Dif-
fusion is used as the text-to-image engine, and multiple
candidates are produced per prompt by varying seed val-
ues and guidance settings to capture reasonable visual in-
terpretations of the same intent. In this study, a Stable Dif-
fusion model (v1.5) is used to generate candidate images,
with multiple outputs produced by varying random seed
values to support iterative selection. To directly support
remodeling conversations, this phase is treated as an iter-
ative intent-clarification step. Rather than assuming the
first output is correct, users can select the closest candi-
date and refine the description to better match their tar-
get appearance. This human-in-the-loop selection is inten-
tionally positioned as a lightweight communication mech-
anism: it reduces ambiguity early, before downstream 3D
reconstruction amplifies errors or inconsistencies.

The current implementation does not explicitly encode
metric dimensions in text prompts, as diffusion genera-
tion operates in a scale agnostic space. However, prelim-
inary tests with dimension aware prompts (e.g., approxi-
mate size or capacity) showed improved proportional con-
sistency.

Phase 2: Image Enhancement and Multiview Genera-
tion

After Phase 1, the selected image is conditioned to better
support downstream 3D reconstruction. This step focuses
on improving visual clarity and isolating the object so that
later multiview synthesis and reconstruction are less sen-
sitive to background clutter and image artifacts. Multi-
view synthesis is implemented using Zero123++ (sudo-
ai/zero123plus-v1.2) with an Euler Ancestral scheduler
and 75 inference steps, generating six consistent view-
points per input. First, denoising and super-resolution are
applied to improve sharpness and reduce noise, using ES-
RGAN to enhance spatial detail when needed. Next, back-
ground removal is performed using the Rembg toolbox
to foreground the target object and produce cleaner ob-
ject boundaries for subsequent processing. Background
removal is performed using Rembg, and super resolution is
applied using Real-ESRGAN (RealESRGAN_x4plus, 4x
upscaling) to improve image quality prior to multiview
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Figure 3: Phase 2: Image enhancement and multiview
generation workflow.
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Figure 4: Phase 3: 2D-to-3D reconstruction workflow.

generation.

Following enhancement and segmentation, multiview syn-
thesis is performed using Multiview Stable Diffusion to
generate additional viewpoints of the same object. These
synthetic views approximate photographs captured from
different camera angles and provide the multi-perspective
observations required for sparse-view 3D reconstruction.
The overall sequence of enhancement, isolation, and mul-
tiview generation is summarized in Figure 3.

Phase 3: 2D-to-3D Reconstruction

Phase 3 converts the enhanced multiview image set into
a 3D mesh representation. The processed views from
Phase 2 are provided as input to a sparse-view reconstruc-
tion workflow (Instant Mesh), which generates a textured
mesh by estimating object geometry from limited view-
points. Reconstruction is performed using InstantMesh
(instant_mesh_large.ckpt) with default configuration set-
tings, operating on six synthesized views arranged in a 3X2
grid. Because reconstruction quality is sensitive to view
consistency and segmentation quality, the resulting mesh
is inspected using basic quality checks focused on geomet-
ric completeness and surface stability. When reconstruc-
tion artifacts are observed, the pipeline returns to Phase 2
to regenerate the multiview set with adjusted seeds, pro-
ducing a new view collection for reconstruction. The re-
construction loop and decision point are illustrated in Fig-
ure 4. Final validated meshes are exported as .0BJ and
.MTL files, preserving both geometry and associated ma-
terial information for AR deployment.

The reconstruction process operates in a normalized co-
ordinate space, and the metric scale is not inherently pre-
served. A configurable scale parameter is applied post re-
construction, allowing the generated mesh to be resized
relative to the target scene.

Phase 4: 3D-to-AR Integration

Phase 4 prepares the reconstructed mesh for deployment
in an AR environment. During AR integration, recon-
structed meshes can be interactively rescaled to align with
user defined spatial constraints and real-world placement
requirements. The exported .0BJ and . MTL assets are con-
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Figure 5: Phase 4: 3D-to-AR integration workflow.

verted into the USDZ format using Aspose 3D, enabling
compatibility with common mobile AR workflows. After
conversion, the asset is calibrated to ensure correct scale
and orientation for placement in real indoor spaces. The
calibrated USDZ model is then imported into Apple Re-
ality Composer to support spatial anchoring and interac-
tive visualization, including consistent placement within
the physical environment and realistic rendering behav-
ior. This integration sequence is summarized in Figure 5,
and it produces an AR-ready asset that can be deployed on
consumer-grade mobile devices for remodeling visualiza-
tion.

This methodology establishes a practical baseline work-
flow for translating free-form user intent into AR-ready
remodeling visualizations. Rather than proposing new
foundation models, the contribution of this section is the
structured integration of existing components into a repro-
ducible sequence with clear intermediate outputs, enabling
inspection and iteration before AR deployment. Evalu-
ation procedures, parameter sensitivity observations, and
quality outcomes are reported in the subsequent case study
to assess visual plausibility, reconstruction robustness, and
AR deployability in consumer-grade environments.
Unless otherwise specified, all models are used with de-
fault pretrained weights and configurations, with stochas-
tic variation controlled through seed initialization.

Case Study: Results and Discussion

To evaluate the practical effectiveness of the proposed text-
to-AR workflow, this study conducts a case study that
examines how reliably visually coherent and dimension-
ally plausible 3D assets can be produced from limited
two-dimensional inputs. The proposed methodology is
fully executable, and the complete end-to-end pipeline was
implemented and run as presented, from text prompting
through AR-ready deployment. This evaluation is essen-
tial for home remodeling use cases where the objective is
not fabrication-level precision, but the ability to translate
homeowner intent into a shared visual artifact that supports
clearer communication during early-stage design discus-
sions. Accordingly, the case study assesses the pipeline’s
performance under varied input conditions, identifies key
bottlenecks, and establishes baseline benchmarks that in-
form future improvements.

Experiment Overview

The primary objective of this experiment is to evaluate the
robustness of the pipeline’s 2D-to-3D reconstruction stage
under diverse input conditions relevant to remodeling sce-
narios. Within the scope of this paper, the case study fo-

cuses on the most failure-prone and decision-critical por-
tion of the workflow, Phases 2 and 3 (image preprocessing
and multiview generation, and 2D-to-3D reconstruction),
since these steps largely determine whether the final AR
asset is usable for remodeling visualization. Sofa objects
were selected because they are common in interior design
tasks and present geometric challenges (curvature, occlu-
sions, and complex silhouettes) that stress reconstruction
quality in ways that are meaningful for AR-based space
planning.
The dataset comprises sofa images organized into three
categories namely a) Front-view images: frontal perspec-
tives that preserve symmetry and provide clear visibility
of primary features. b) Side-view images: lateral perspec-
(a) Input Image (b) Multiview Synthesis (c) AR Placement
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Figure 6: Complete workflow visualization for four

representative sofas. Each row shows: (a) original input image,
(b) one representative view from the generated multiview set,
and (c) final AR placement in a real room environment.



tives that introduce occlusion and asymmetry challenges;
¢) Synthetic images: controlled images collected for sys-
tematic evaluation under consistent conditions.

Real images were captured in front and side views to ap-
proximate practical acquisition conditions. In total, 12
distinct sofa models were evaluated to ensure variation in
shape, style, and visual complexity. Synthetic sofa images
were additionally collected from an online store to support
controlled comparisons across consistent viewpoints and
visual conditions.

To evaluate robustness under practical acquisition condi-
tions, we applied controlled augmentations that vary im-
age scale and quality. Each sofa image was resized to
three resolutions (256, 512, and 1024 pixels) to assess
sensitivity to input scale. For each resolution, two qual-
ity conditions were created. High-quality samples pre-
served sharpness and minimal noise to approximate fa-
vorable capture conditions. Low-quality samples were in-
tentionally degraded using Gaussian blur (standard devi-
ation = 2.0) with additional controlled noise to simulate
common imperfections such as slight defocus and sensor
noise, consistent with prior imaging literature (Roboflow,
2023; Gonzalez and Woods, 2023; Shorten and Khoshgof-
taar, 2019). Controlled lighting variations were also intro-
duced to reflect typical indoor capture variability. Figure
6 illustrates a representative sample processed through the
complete workflow, showing the input image, preprocess-
ing and background removal, multiview synthesis output,
and the resulting reconstructed 3D mesh prepared for AR
visualization.

All augmented inputs were processed through the full
reconstruction workflow, including multiview synthesis,
mesh reconstruction, and final rendering. This design
enabled systematic comparison of pipeline performance
across viewpoint type, resolution, and quality condition,
providing an interpretable baseline for assessing recon-
struction stability and identifying failure modes relevant
to AR remodeling visualization.

Evaluation Metrics

To assess the proposed 2D-to-3D reconstruction work-
flow in a manner aligned with home remodeling visualiza-
tion, we evaluate both (1) perceptual visual fidelity, which
supports visually plausible AR previews for homeowner—
professional alignment, and (2) geometric dimensional ac-
curacy, which supports spatial plausibility during place-
ment and scale interpretation in AR. Accordingly, we re-
port one perceptual metric (SSIM) and two complemen-
tary dimension-based error metrics (NAE and NRMSE).

Perceptual visual fidelity (SSIM): The Structural Sim-
ilarity Index Measure (SSIM), introduced by Wang et al.
(Wang et al., 2004), evaluates image similarity using lumi-
nance, contrast, and structural components and is widely
used in image synthesis and super-resolution research due
to its correlation with human perception (Ledig et al.,
2017; Zhang et al., 2018). In this study, SSIM is computed
by comparing rendered projections of the reconstructed

3D mesh against the original input image and against its
background-removed counterpart. The latter comparison
reduces background influence and better isolates the re-
construction quality of the foreground object. SSIM val-
ues range from O to 1, where higher values indicate greater
perceptual similarity.

Geometric dimensional accuracy (NAE and NRMSE):
To evaluate dimensional plausibility, we adopt two met-
rics commonly used in object reconstruction and modeling
studies (Tatarchenko et al., 2017; Wu et al., 2016). First,
Normalized Absolute Error (NAE) measures the relative
deviation between predicted and ground-truth dimensions
(width, depth, and height):

Dpred - Dtrue
Dirye

where D04 is the reconstructed dimension and Dypye
is the ground-truth measurement. This normalized form
enables consistent comparison across objects of different
sizes. Second, we use Normalized Root Mean Squared Er-
ror (NRMSE) as a scale-independent aggregate measure of
dimensional accuracy:

. N2
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where N denotes the number of evaluated samples and
D/ . denotes the mean of the ground-truth dimensions
across the dataset. Lower NAE and NRMSE values indi-
cate improved dimensional agreement.
Together, SSIM, NAE, and NRMSE provide a concise and
complementary evaluation of visual plausibility and di-
mensional deviations. Results are reported across view-
point type, resolution, and quality condition to character-
ize reconstruction robustness under varied input scenarios.
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Results

Following data acquisition and augmentation, all samples
were processed through the complete evaluation work-
flow. SSIM was computed to quantify perceptual fi-
delity by comparing rendered projections of the recon-
structed meshes against the original input images and their
background-removed counterparts. Geometric accuracy
was assessed by comparing reconstructed object dimen-
sions (width, depth, and height) against ground truth mea-
surements across the 12 sofa models. Results are reported
across image resolution (256, 512, and 1024 pixels), in-
put type (front-view, side-view, and synthetic), and qual-
ity condition (high vs. low) to capture performance vari-
ability under realistic acquisition conditions. These re-
sults provide a baseline characterization of the tradeoff be-
tween perceptual plausibility and dimensional plausibility
for AR-ready assets generated from limited inputs, which
is critical for determining when such outputs are usable for
early-stage remodeling communication.

Across all samples, the average SSIM between rendered
meshes and original input images was 0.556, indicating



that the reconstructed outputs preserved key structural
characteristics despite texture and mesh granularity lim-
itations. When SSIM was computed against background-
removed inputs, the average increased slightly to 0.564,
suggesting that background complexity can depress per-
ceptual similarity scores and that foreground isolation
provides a clearer assessment of reconstruction qual-
ity. These SSIM values are consistent with ranges re-
ported in prior single-input-view 3D reconstruction studies
(Richardson et al., 2016; Wu et al., 2016). Dimensional ac-
curacy was evaluated using NAE and NRMSE. Across the
dataset, NAE values for width, depth, and height typically
ranged from 20% to 60%, with width generally exhibiting
greater stability. Table 2 reports the consolidated, scale-
independent NRMSE values for each dimension. The re-
sults indicate that proportional structure is often preserved,
while depth remains the most challenging dimension to re-

cover reliably due to occlusion and limited visual cues.
Table 2: NRMSE by dimension across all evaluated sofa models.

Dimension NRMSE
Width 30.98%
Depth 39.40%
Height 19.16%

Table 3: Per-sofa reconstruction quality across input
conditions. SSIM is reported against original inputs. NAE is
reported per dimension (W = width, D = depth, H = height).

Sofa Input Type Resolution SSIM NAE_W NAE_D NAE_H
(px) ©rig) (%) (%) (%)

S1  Front 512 0.325 30.0 70.0 2.6
S2  Side (Synthetic) 512 0.652 6.7 17.7 53
S3  Front 512 0.443 375 15.6 7.0
S4  Side 512 0.493 5.6 1.0 3.8
Average 0.478 20.0 26.1 4.7

To illustrate variability across representative cases and in-
put conditions, Table 3 reports SSIM and dimensional er-
rors for four sofa models at 512x512 resolution. The re-
sults show that height reconstruction is highly accurate
(4.7% average error), while depth remains the most chal-
lenging dimension (26.1% average error), particularly for
front-view inputs where occluded rear geometry must be
inferred.

The results highlight the relationship between perceptual
fidelity, geometric accuracy, and practical usability for AR
remodeling visualization. Key observations are summa-
rized below.

Visual plausibility is consistently maintained: The av-
erage SSIM values of 0.556 (against original inputs) and
0.564 (against background-removed inputs) indicate that
reconstructed meshes preserve the primary structural fea-
tures of the sofas. The slight improvement after back-
ground removal suggests that background complexity can
suppress perceptual similarity scores and that foreground
isolation provides a clearer assessment of reconstruction
quality.

Depth remains the dominant source of dimensional er-
ror: Dimension-based evaluation shows larger discrepan-
cies in depth compared to width and height. This outcome
is expected when reconstruction begins from a single in-
put view and relies on synthesized viewpoints, as occluded

regions provide limited cues for recovering true depth.
Input view and resolution influence reconstruction sta-
bility: Reconstructions from front-view inputs are gen-
erally more stable than those from side views, where
asymmetry and occlusion introduce additional ambiguity.
Higher resolutions tend to improve SSIM and modestly re-
duce dimensional errors, although gains diminish at higher
resolutions.

Implications for AR remodeling use: The pipeline pro-
duces visually coherent assets that support early-stage
ideation, AR-based exploration, and communication of in-
tent. However, the observed dimensional inaccuracies in-
dicate that the current workflow is not intended for high-
precision tasks such as fabrication or construction detail-
ing.

Overall trade-off: The results demonstrate a clear trade-
off between visual plausibility and geometric accuracy.
The pipeline is effective for generating AR-ready previews
for communication, while future improvements should pri-
oritize scale awareness, depth reliability, and constraint-
based reconstruction.

Conclusions and Future Research Directions

This paper implements an executable first-step text-to-AR
workflow aimed at reducing the homeowner—professional
communication gap in early-stage home remodeling by
translating free-form user intent into an AR-ready 3D vi-
sualization. The primary contribution is the practical inte-
gration of established components (text-to-image genera-
tion, image preprocessing and multiview synthesis, sparse-
view reconstruction, and USDZ-based AR deployment)
into a reproducible pipeline with inspectable intermedi-
ate outputs that support iterative refinement and reduce
reliance on manual 3D modeling expertise. While the
full workflow is implemented end to end, the quantita-
tive evaluation is intentionally focused on the most failure-
prone and decision-critical stages that govern reconstruc-
tion quality and dimensional plausibility.

A sofa case study was selected as a conservative test object
due to curved geometry and frequent occlusions, which
stress multiview consistency and depth recovery more than
common rectilinear interior elements. The results show
that the implemented workflow can produce visually co-
herent assets suitable for AR ideation and communication,
with average SSIM values of 0.556 against original inputs
and 0.564 against background-removed inputs. However,
geometric accuracy remains limited, particularly for depth,
indicating that the current workflow is best positioned as an
intent-alignment and early visualization tool rather than a
substitute for precision measurement or fabrication-ready
modeling. Overall, these findings support the feasibility
of producing AR-ready previews from limited inputs and
clarify the primary technical limitations that must be ad-
dressed in future work to improve dimensional plausibility
and environment-aware placement.

Future work will focus on four directions: (1)
environment-aware capture and spatial reasoning (e.g.,



leveraging mobile camera/LiDAR) to support scale- and
fit-aware placement and basic clearance checking; (2)
room-scale, multi-object scene generation with stronger
geometric constraints and priors (standard dimensions and
optional user measurements) to reduce depth ambiguity;
(3) user-centered AR evaluation to quantify usability,
perceived realism, and the impact on homeowner—
professional decision-making; and (4) benchmarking
direct text-to-3D methods within the same AR deploy-
ment constraints to compare dimensional plausibility and
post-processing requirements against the staged workflow
used in this study. Future work will also expand evaluation
beyond sofas by collecting and labeling diverse furniture
and interior asset datasets across multiple viewpoints to
more rigorously assess generalizability and robustness.
In addition, we are exploring user-captured imagery as
input by integrating grounded detection and segmentation
methods (e.g., Grounding DINO and Grounded SAM)
to isolate real objects and evaluate projection fidelity
in AR under practical conditions. Future work will
also focus on incorporating explicit scale control into
the pipeline, including user-defined dimensional inputs
to guide scaling, automated dimension estimation from
images, and scale-aware normalization prior to evaluation.
Providing users with structured prompt templates that
include dimensional cues is also expected to improve the
generation of dimensionally plausible AR assets. Finally,
we are investigating more controllable and open model
alternatives to enable stronger user control over key design
attributes such as dimensions and color.
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