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Abstract -

Conventional rebar quality inspection in construction
relies heavily on manual measurements, which are
time-consuming, error-prone, and impractical for dense
reinforcement layouts. 3D Gaussian Splatting (3DGS)
has recently emerged as a promising technique for
vision-based automated rebar inspection, enabling dense 3D
reconstruction under complex reinforcement configurations.
Despite this potential, most existing approaches lack
systematic parameter optimization and are primarily
validated under laboratory conditions, which limits their
applicability and reliability on real-world construction
sites.  This study proposes a structured experimental
design to identify optimal parameters for a 3DGS-based
automated rebar inspection pipeline, thereby reducing the
need for trial-and-error during on-site deployment. A key
contribution of this work is the identification of an optimal
parameter configuration, comprising 10-20k training steps,
a maximum splat count of 1M, 1920p downsampling,
and UHD recording resolution. These parameters are
subsequently validated on real-world U-girder reinforcement
cages captured under constrained site conditions. Among
the five field datasets, three demonstrate reconstruction and
detection performance consistent with simulated predictions.
Field validation further confirms that elevated camera
viewpoints significantly improve reconstruction completeness
and rebar detectability. Overall, the proposed virtual
testbed enables efficient pre-deployment optimization,
reducing calibration effort and enhancing the robustness
of 3DGS-based rebar inspection in real-world construction
environments.
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3D Gaussian

1 Introduction

In the construction industry, conventional quality
assessment of reinforcement remains heavily reliant
on manual inspection methods, which are both
time-consuming and inconsistent, and introduce errors
[1]. On-site engineers typically measure rebar spacing,
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alignment, and layout using tapes and gauges, which
requires direct physical access to dense reinforcement
cages. Such practices not only compromise inspection
efficiency but may also disturb the reinforcement
arrangement, affecting construction quality [2]. With
increasing project complexity and workforce shortages,
the conventional inspection method is becoming more
challenging [3]. In this context, digital and automated
vision-based rebar inspection systems have emerged as
a more effective solution to overcome the limitations
of conventional assessment, offering the potential to
standardize assessments, reduce rework, and enable
continuous monitoring of structural compliance.

An automated rebar inspection pipeline typically
consists of two sequential key processes: (i) data
acquisition and (ii) computational processing for quality
assessment [1].  Data acquisition aims to capture
geometric information of reinforcement cages. It has been
implemented using various sensing modalities, such as
terrestrial or mobile laser scanners (TLS/MLS), RGB-D
cameras, or monocular RGB cameras [4]. TLS and MLS
systems directly generate dense, accurate point clouds
and have demonstrated high precision in rebar spacing
measurements, particularly under laboratory conditions
[2, 3]]. However, these systems are costly, require skilled
operators, and involve significant setup time, which limits
their scalability for routine on-site deployment. RGB-D
cameras offer a lower-cost alternative and can directly
provide depth information, but their effective range and
robustness remain constrained in cluttered or large-scale
construction environments [S]. Consequently, monocular
RGB cameras have attracted growing attention due to
their low cost, ease of deployment, and flexibility in real
construction settings.

Unlike TLS/MLS and RGB-D sensors, monocular
RGB cameras do not directly produce 3D geometry;
therefore, they require an additional 3D reconstruction
or preprocessing step to recover spatial information.
Traditionally, this reconstruction has been achieved using
photogrammetry or multi-view stereo (MVS) techniques
[6]. While MVS is computationally efficient and widely
adopted, it often struggles to reliably reconstruct dense
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and repetitive geometries, such as closely spaced rebar
cages, especially under occlusions and complex viewing
conditions. These limitations significantly restrict the
applicability of MVS-based pipelines in real-world rebar
inspection scenarios.

Recently, 3-Dimensional Gaussian Splatting (3DGS)
has emerged as a state-of-the-art technique for high-fidelity
3D reconstruction in visually complex scenes [7].
Compared to traditional MVS, 3DGS has demonstrated
superior performance in handling repetitive patterns
and complex occlusions. Recent studies have
explored 3DGS-based rebar detection pipelines, typically
developed and validated within a virtual reality (VR)
environment, and have reported substantially improved
geometric detail and reconstruction accuracy compared
to MVS-based approaches [8]. However, the literature
in this domain is nascent, is primarily focused on
establishing a proof-of-concept experimental testbed,
and does not systematically investigate the influence
of 3DGS reconstruction parameter selection. Despite
the demonstrated potential of 3DGS for reconstructing
dense reinforcement geometries, its performance is
susceptible to a range of reconstruction-level parameters
7, ©f. These parameters include the number
of training steps, the maximum splat count, the
image downsampling factor, and the selection of the
best frames (training views). In addition, 3DGS
performance is strongly influenced by field-level data
acquisition parameters, such as the camera’s trajectory,
illumination levels, and recording resolution, which
jointly affect view coverage and geometric quality [10].
However, existing studies employing 3DGS largely
adopt fixed or empirically chosen parameter settings,
without systematically examining their influence on
reconstruction accuracy. This lack of parameter-level
understanding represents a critical barrier to the reliable
deployment of 3DGS-based rebar detection pipeline
in real construction environments, where extensive
trial-and-error optimization is impractical. Thus, thereis a
clear need for a structured experimental investigation that
enables systematic parameter optimization prior to on-site
deployment, thereby minimizing the effort required to tune
and calibrate under real construction conditions.

Also, despite notable progress, the majority of existing
automated rebar inspection studies are still evaluated
primarily in laboratory or VR conditions. Among the
reviewed literature, Yuan et al. (2023) present one
of the few studies that conduct in-situ rebar inspection
on a single-layer structural element, primarily focusing
on relatively larger rebar spacing [2]. However, the
study does not systematically account for variability in
capture strategy, site constraints, or site conditions. In
contrast, Kim et al. (2024) investigate multiple data

collection scenarios to improve the generalizability of their
approach [3]. However, their methodology is primarily
validated in VR environments using synthetic datasets
with single-layer rebar cages, and the framework lacks
comprehensive validation on real-world data. More
importantly, complex reinforcement geometries, such as
multi-layered rebar cages in U-girders or I-girders, are
underrepresented in existing field-based evaluations.

To address this research gap, this study builds upon a
previously developed VR-based rebar inspection workflow
featuring large-scale U-griders [8]. The study introduces
a structured experimental design aimed at identifying
optimal 3DGS reconstruction parameters (training steps,
maximum splat count, image downsampling, and best
frame selection). In parallel, key field-level data
acquisition parameters (camera path, illumination, and
recording resolution) are examined in the VR-based
workflow to assess their impact on reconstruction
quality.  The resulting optimal data acquisition and
reconstruction parameters are then field-validated on
real on-site U-girders, where 3DGS-based rebar spacing
measurements are compared with manual ground truth.
The study makes significant contributions towards
establishing systematic validation frameworks that bridge
virtual (synthetic) or laboratory-based evaluations with
real-world field validations.

2 Methodology

The methodology of this study builds upon the author’s
previous work on a 3DGS-based rebar detection pipeline.
It extends it into a systematic framework for evaluating
real-world scenarios and parameters to identify their
optimal values.

2.1 3DGS-based Rebar Detection Pipeline

The developed pipeline follows a multi-step process. In
the first stage, a synthetic environment is generated using
the Unity engine, with a rebar cage designed in Rhino and
a camera configuration to replicate realistic video capture
conditions closely. The resulting environment is rendered
as a video sequence and processed using RealityCapture.
The synthetic video data are then processed using the
3DGS tool Jawset PostShot to generate splat cloud
representations of the scene. These splat clouds are
subsequently refined and denoised using CloudCompare
to enhance data quality and remove outliers. Eventually,
the cleaned point cloud is served as input to a custom
analytical dashboard developed. Within this dashboard,
K-means clustering is applied to segment the rebar into
distinct layers, followed by a histogram-based projection
method to identify individual rebar elements. Overall,
this pipeline achieves a spacing error of less than 3% even
for complex rebar configurations, such as U-girder (see
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Figure 1). This end-to-end pipeline enables controlled
experimentation while maintaining relevance to real-world
conditions.
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Figure 1. Overall process of rebar detection of
non-OHE U-girder rebar cage.
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Figure 2. Schematic of the methodology of
experimental design and field validation of the rebar
detection pipeline.

The overall study design adopted in this research
is illustrated in Figure 2. The study is structured
into two main components: (i) controlled experiments
conducted using synthetic data to investigate the influence
of reconstruction and acquisition parameters, and (ii)
field-level validation using real-world data captured from
a representative U-girder specimen. To ensure consistent
evaluation across all experiments and validation stages,
a fixed region of interest within the U-girder rebar
cage was selected as the reference layout (see Figure

1). The selected region corresponds to the non-OHE
wall segment, which contains 28 closely spaced vertical
rebars. This region was intentionally chosen for its
high geometric complexity; the rebars are densely
packed, partially occluded, and intersect with transverse
reinforcement members, making both 3D reconstruction
and rebar detection significantly more challenging than in
single-layer rebar cage configurations.

3 Experimental Design

This section explains the experimental variables
used to evaluate the 3DGS-based rebar inspection
pipeline. The experiments were designed to separate
reconstruction parameters from field-level acquisition
parameters, enabling a systematic study of their individual
and combined effects on inspection accuracy.

3.1 3DGS Reconstruction Parameters

The quality of 3DGS reconstruction is influenced
by three key training parameters, namely training
steps, maximum splat count, and downsampling
size [7, [L1]. These parameters were selected for
systematic experimentation and varied individually using
a one-factor-at-a-time approach, while all other conditions
were kept constant. Specifically, during each experiment,
a fixed orbital camera path, constant illumination (bright
daylight), consistent recording resolution and identical
preprocessing and reconstruction settings (other than the
parameter under study) were maintained. Training steps
control the duration of 3DGS optimization; increasing
steps improves refinement of Gaussian position, shape,
and colour up to a limit, beyond which gains are minimal
and computation cost increases [L1]. Hence, a range
of training steps was tested to balance accuracy and
efficiency. The Maximum splat count controls the
number of Gaussian splats representing the scene. Higher
values improve geometric detail for thin elements such as
rebars but increase memory and training time; beyond a
certain density, gains are marginal. Therefore, multiple
splat limits were tested to identify a stable upper bound.
Finally, the Downsampling size defines the resolution of
input images during training. Higher resolutions preserve
texture and edge detail but increase computational cost, so
multiple levels were evaluated to determine the optimal
setting.  Range-finding experiments were conducted
to establish suitable parameter bounds for subsequent
hyperparameter tuning.

3.2 Field-level Data Acquisition Parameters

While 3DGS reconstruction parameters control the
fidelity of the generated output, the overall rebar detection
pipeline performance is also affected by field-level
data-acquisition conditions. To investigate this effect,
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a series of systematic experiments was conducted.
These experiments were carefully designed to identify
optimal conditions for achieving efficient and reliable
reconstruction and detection performance. Among the
capture parameters, camera path design, illumination, and
recording resolution were selected due to their direct
impact on image quality, coverage, and reconstruction

(9 [10. [T1].
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Figure 3. (a) Camera path design for unconstrained
(orbital) and constrained scenarios (PO1 to P03).

Camera path design determines how the camera
moves around the rebar cage during data capture,
directly influencing viewpoint diversity for reconstruction
[10]. This experiment considers two practical site-based
scenarios: unconstrained and constrained rebar cages.
The unconstrained scenario represents cases where the
rebar cage is fully accessible, allowing the camera to
move and rotate freely around the structure. For this
case, an orbital camera path was employed, in which the
camera follows a closed-loop trajectory providing full 360°
coverage of the cage at multiple fixed elevations. The
constrained scenario reflects real construction conditions,
where accessibility is limited, such as when rebar cages
are embedded within U-girders or adjacent to formwork.
To simulate these conditions, controlled camera paths
were defined. Three configurations were evaluated: POI,
where scanning is performed only from within the cage;
P02, where scanning is performed only from outside
the cage; and P03, which combines both inside and
outside scanning. These paths were designed to assess the
impact of accessibility constraints and camera placement
on reconstruction performance.

3.2.2 Illumination

Ilumination varies naturally throughout the day as
the sun moves across the sky, resulting in fluctuations
in on-site lighting conditions. For this reason, two
illumination conditions were evaluated using experiments.
First is a Bright daylight condition, representing

typical outdoor precast yard environments, simulated
at approximately 100,000 lux. Second is Low-light
conditions, representing shaded or late-day site conditions,
simulated at approximately 10,000 lux (see Figure 4a) [O].
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Figure 4. (a) Experimental variations for
illumination, and (b) Recording resolution

along with file size comparison.

3.2.3 Recording Resolution

The recording resolution of the raw video determines the
finest pixel detail available before downsampling. Higher
resolution offers more texture for feature matching, but
at the expense of larger file sizes and longer processing
times. The two most common recording resolutions were
evaluated: FHD (1080p) and UHD (2160p) [12].

3.3 Evaluation Criteria

For evaluation purposes, an experiment was considered
valid only if the rebar detection pipeline successfully
detected all 28 rebars. Spacing errors were computed
exclusively for these valid rebars using the Rhino
model as ground truth. Three quantitative metrics
were used consistently across all experiments to
evaluate reconstruction quality, inspection accuracy, and
computational feasibility. ~ The first criterion is the
Structural Similarity Index (SSIM). It captures similarity
in structure, contrast, and luminance, and serves as an
indicator of reconstruction stability rather than inspection
accuracy. SSIM values were directly taken from Jawset
PostShot after 3DGS reconstruction. The second criterion
is Mean Absolute Percentage Error (MAPE), which
measures the percentage deviation between detected rebar
spacing values and the known ground-truth spacing
obtained from the reference model, calculated using
Equation (1).

(D

_ 100 < Jef —ef|
MAPE—T;T

where n is the total number of spacings analysed in
a trial. ef denotes the spacing estimated by the
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workflow for the i-th bar pair, while el.T represents the
corresponding ground-truth spacing obtained from manual
calliper measurements (field data) or directly from the 3D
model (synthetic data). The third evaluation criterion
is training time, which represents the total duration
required to complete the 3DGS reconstruction for a given
configuration. This metric was recorded to evaluate
the practical feasibility of the workflow and to balance
accuracy gains against computational cost.

4 Results and Discussion

4.1 3DGS Reconstruction Parameters Results

This subsection discusses the influence of 3DGS
generation parameters on reconstruction quality and
spacing accuracy. The experiments were performed in two
stages: range-finding and detailed hyperparameter tuning.

4.1.1 Range Finding Experiments
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Figure 5. Training time and SSIM trends versus
training steps, with highlighted initial range for
maximum splat count and downsampling size.

Initially, a set of range-finding experiments was
conducted to identify practical operating bounds for
key 3DGS reconstruction parameters. A total of 19
experiments were performed using a fixed orbital camera
path. Training steps varied from 5k to 60k, maximum splat
count was set to 1M, 2M, and 3M, and input resolution
was downsampled to 1600p, 1920p, and 2160p. Figure 5
illustrates the effect of training steps on SSIM and training
time for a representative configuration (1M splats). While
additional experiments with higher splat counts (2M and
3M) were conducted, they resulted in only marginal
improvements in SSIM and no consistent reduction in
MAPE. Therefore, these results are summarized here
rather than explicitly plotted for clarity.  Similarly,
increasing the input resolution beyond 1920p results
in higher training time, with negligible improvement
in MAPE and only minor gains in SSIM, indicating
diminishing returns beyond these thresholds.

4.1.2 Hyperparameter Tuning Experiments

Following the range-finding experiment, a structured
hyperparameter tuning study was conducted to
identify performance-efficient parameters for 3DGS
reconstruction. A total of 60 experimental trials were
conducted systematically by varying the reconstruction
parameters listed in Table 1. The experimental results
show a consistent trend across all resolutions. SSIM
increases rapidly up to 20k training steps and plateaus
thereafter for all resolutions (see Figure 6a). However,
after reconstruction, the rebar detection pipeline with an
800p downsampling size failed to achieve complete rebar
detection and was discarded (marked in red *). In addition,
training with fewer than 10k training steps for resolutions
1600p and 1920p also failed. Thus, those samples were
also discarded. The remaining samples demonstrated the
best performance, achieving 100% rebar detection. Figure
6b compares the downsampling sizes of 1600p and 1920p,
and for 1920p, the spacing error drops below 1% between
10k and 20k training steps.
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Figure 6. Training time versus training steps with
SSIM, and (b) MAPE across different resolutions.

The maximum splat count strongly influenced detection
reliability. Configurations with 0.1M and 0.2M splats
frequently missed rebars, even at higher training steps.
0.5M splats improved detection but remained inconsistent,
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whereas 1M splats consistently achieved 100% rebar
detection across valid configurations. Increasing splats
beyond this value did not yield further accuracy gains.
Overall, based on these observations, the hyperparameter
tuning phase identified 10k -20k training steps, 1M
maximum splats, and 1920p downsampling as the
most optimal and computationally efficient configuration.
These values were fixed for all subsequent site-level
parameter experiments.

Table 1. Hyperparameter variations and total
number of experiments

Hyperparameters Variation

Training steps
Maximum splats
Downsampling size

#
2k / 5k / 10k / 20k / 35k 5
0.IM/02M/05M/1.0M 4
800p / 1600p / 1920p 3

Total Experiment 60

4.2 Field-Level Parameters Results

A total of 24 field-level experimental trials were
conducted to evaluate the influence of capture conditions
on reconstruction quality (SSIM) and spacing accuracy
(MAPE). The experiments systematically varied camera
trajectory, illumination level, and recording resolution,
with reconstructions evaluated at training steps of 10k
and 20k. Under controlled acquisition conditions, the
orbital camera path consistently achieved 100% rebar
detection and exhibited minimal spacing error. For
constraint scenarios, only path PO2 enabled complete rebar
detection across all trials. Therefore, subsequent analysis
for constraint scenarios is limited to the P02 path.

Under bright daylight conditions, the orbital camera
path consistently achieved low spacing error, with MAPE
values remaining below approximately 2% across most
configurations (Figure 7a). In contrast, the P02 path
exhibited slightly higher, yet stable, error levels ( 4%),
indicating reduced sensitivity to training duration and
resolution. A rebar detection failure was observed for the
orbital trajectory at 20k training steps using FHD input,
highlighting the limitations of lower-resolution capture
even under favourable illumination.

Moderate daylight conditions resulted in substantially
different behaviour (Figure 7b). While controlled-path
MAPE remained relatively constant ( 2-3%), orbital-path
reconstructions showed pronounced error inflation for
FHD recordings, with MAPE exceeding 12% at
both 10k and 20k training steps. This degradation
was mitigated primarily by UHD capture, which
consistently reduced spacing error to below 4%, thereby
increasing robustness to illumination-related feature loss.
Across both lighting conditions, recording resolution
emerged as the dominant site-level factor. UHD

recordings consistently outperformed FHD recordings in
all scenarios, maintaining less than 4% MAPE across
all experimental trials. Overall, the experimental results
indicate that site-level parameters can significantly impact
rebar inspection performance, even when reconstruction
parameters are optimized. Another point is that increasing
the training steps from 10k to 20k roughly doubled the
training time but produced only a limited improvement
in accuracy, indicating that recording resolution is more
critical than deeper hyperparameter optimization for
3DGS reconstruction.
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Figure 7. Training time and MAPE comparison
for orbital and P02 camera path under (a) bright
daylight. and (b) moderate daylight.

5 Site Validation

Site validation was conducted to verify whether the
simulation-optimized parameters perform reliably under
real-world precast yard conditions. A production U-girder
reinforcement cage was evaluated under bright daylight,
consistent with the simulated illumination setting.

5.1 Data Collection
For field validation, the capture strategies were

intentionally designed to replicate the simulated strategies,
including recording resolution, camera parameters, and
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Table 2. Comparison across site validation, contrasting field data with its corresponding simulated data.

Trial Recording Resolution Training Steps (k) Version Training Time SSIM Detected Rebars (/28) Detection Accuracy MAPE (%)

1 FHD 10 S01 07:52 0.84 19 67.86% -
FO1 10:25 0.65 27 96.43% -

2 FHD 20 S02 20:03 0.87 23 82.14% -
F02 21:43 0.79 17 60.71% -

3 UHD 10 S03 10:52 091 28 100.00% 4.31%
FO03 12:38 0.77 12 42.86% -

4 UHD 20 S04 23:48 0.93 28 100.00% 4.23%
F04 23:25 0.86 19 67.86% -
Fo4* 24:37 0.84 28 100.00% 15.03%

Note: S — Simulated, F — Field, FO4* is data captured partially from the elevated ramp (shown in Figure 8b).

camera path. All recordings were captured from a
smartphone device camera with fixed parameters across
trials, matched to the simulation settings to ensure
consistency with the underlying assumptions. Based
on the experimental observations, both FHD and UHD
recording resolutions, along with training steps of 10k
and 20k, were selected, and the P02 camera path was
fixed for data collection. All recordings were processed
using the same multi-step rebar detection pipeline used
in simulation. Evaluation was restricted to the same 28
rebars on the non-OHE wall to maintain consistency (See
Figure 8a).

Figure 8. (a) U-girder reinforcement cage, (b)
back-end isometric view highlighting elevated
ramps, (c) schematic of the camera path used for
site validation.

5.2 Field Validation Results

A total of five field samples were collected and
processed using the rebar detection pipeline.  The
key parameters and their corresponding results are
summarized in Table 2. Among the five samples, FO1
and FO02, captured in FHD resolution, failed to detect the
rebars, identifying only 27 and 17 rebars, respectively.
These results exactly match their corresponding simulated
trials (SO1 and S02), thereby classifying them as
true negative cases. Although both cases resulted in
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incomplete detection, variations in detection accuracy
between simulation and field trials indicate the influence of
real-world factors, such as noise, illumination variability,
and partial occlusions, that are not fully represented in
the synthetic setup. Similarly, samples FO3 and F04,
which were captured in UHD, also failed to detect the
rebars, detecting only 12 and 19 rebars, respectively.
However, their replicated simulation cases (S03 and S04)
were successful, classifying FO3 and FO4 as false positive
cases.

In contrast to the four field trials that initially failed
to achieve complete rebar detection, sample FO4* was
collected. The only variation in this case was that the
capture was performed from a slightly elevated side view
using an elevated ramp, as illustrated in Figure 8(b).
In this sample, the rebar detection pipeline successfully
detected all 28 rebars, with a MAPE of 15.03% in spacing
estimation. Since the corresponding simulated case S04
also succeeded, this sample is considered a successful
validation case and is treated as a true positive for outcome
consistency, despite differences in capture geometry.

Field Outcome
Field Success Field Failure

False Positive

True Positive

= Simulation @ @
o
Success
=
<
2 Fo4* FO3, FO4
Z Simulation e :
% Outcome False Negative True Negative
jun ]
'
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Figure 9. Confusion matrix summarizing agreement
between simulation and field outcomes.

Figure 9 presents the confusion matrix derived
from all evaluated samples. The key observations
from the field trials indicate that under constrained
scenarios, high-elevation capture is a decisive factor.
Specifically, the introduction of a top-down perspective
through elevated acquisition in FO4* enabled complete



rebar detection, confirming that at least one elevated
camera pass is essential for successful reconstruction in
dense reinforcement layouts, consistent with the role of
viewpoint diversity in camera path design (Section 3.2.1).
Additionally, spacing errors in the successful field sample
(FO4*) were higher than those observed in simulation
(approximately 15%), reflecting the impact of real-world
noise, material variability, and uncontrolled occlusions.
Finally, the consistent failure of FO1 and FO2 in both field
and simulation confirms that the simulation framework
accurately identified capture geometries unsuitable for
reliable reconstruction.

6 Conclusion

Existing studies on automated rebar spacing detection
are largely limited to controlled environments or
simple geometries, with limited focus on complex
configurations, such as U-girders, and on real-world
feasibility. This study addresses this gap by investigating
a 3DGS-based inspection pipeline previously developed
by the authors using a structured, simulation-driven
experimental design [8].  The experimental results
established practical limits for key 3DGS reconstruction
parameters (10-20k training steps, 1M splat count,
and downsampling size 1920p) beyond which accuracy
gains diminish while computational cost increases.
Further experiments demonstrated that site-level capture
conditions, particularly the camera path design and
UHD recording resolution, were critical. While
orbital trajectories performed best under unconstrained
conditions, constrained scenarios required carefully
designed paths, with outside-only scanning (P02) being
the most reliable.

Field validation of metro U-girders demonstrated
general correspondence between simulated predictions
and real-world performance, particularly in identifying
both successful and failed inspection scenarios. However,
variations observed between simulation and field results,
including differences within failure cases and the influence
of elevated camera viewpoints, indicate that these
relationships are not yet fully characterized. In particular,
while elevated camera viewpoints were observed to
improve reconstruction completeness in constrained
scenarios, this factor was not systematically explored
within the synthetic virtual environment and therefore
requires further investigation. Similarly, differences in
detection accuracy between simulation and field trials
highlight the impact of real-world conditions, such as
noise, occlusions, and illumination variability, that are
not fully captured in the synthetic environment. Overall,
while the proposed framework demonstrates promising
practical applicability, further validation across diverse
capture conditions, elevated viewpoints, and site scenarios
is required to strengthen generalizability.
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