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Abstract

Reliable dimensional inspection with handheld 3D scanners is frequently affected by unstable environmental conditions,
reflective surfaces, and operator-dependent variability. This study introduces a practical, industry-oriented workflow
designed to minimize noise during both acquisition and post-processing. The approach combines controlled lighting and
temperature management, surface preparation using matte spray coatings, and optimized scanning trajectories to enhance
data capture stability. These acquisition strategies are followed by a structured post-processing pipeline in Artec Studio 17,
emphasizing targeted noise filtering while preserving small geometric features. Three machined components of differing
complexity were evaluated, with dimensional accuracy assessed against their corresponding CAD models. The proposed
workflow yielded average improvements of 1-2% in geometric fidelity and reduced variability across repeated scans.
While the method relies on commercial software, it offers clear industrial value by improving inspection consistency,
lowering rework rates, and supporting more efficient metrology practices. The findings provide actionable guidance for
manufacturers seeking practical, workflow-based solutions for noise reduction in handheld 3D scanning environments.

Keywords Artec Leo - Quality control - Noise reduction -+ Workflow optimization

1 Introduction

Quality control is essential in manufacturing to ensure
products meet performance, safety, and dimensional speci-
fications [1]. Traditional inspection methods—such as
manual measurements using digital calipers, micrometers,
and coordinate measuring machines (CMMs)—depend
heavily on operator skill and equipment calibration [2].
These approaches are prone to human error and calibra-
tion drift, which can result in costly quality failures [3]. For
instance, the Williams F1 team was disqualified from quali-
fying for the 2024 Dutch Grand Prix due to an oversized
floor body caused by miscalibrated measurement tools [4],
while Boeing grounded 171 aircraft in January 2024 after a
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door plug failure linked to missed fasteners during manual
inspection [5].

To mitigate such risks, manufacturers are increasingly
integrating digital inspection technologies under the Indus-
try 4.0 framework [6]. Automated and optical 3D scanning
systems enhance accuracy, reduce inspection time, and
minimize operator dependence. For example, ScanTECH
and NIKI Rotor Aviation implemented a 3D scanning solu-
tion for aircraft door alignment, achieving 0.025 mm accu-
racy and reducing inspection time to 10 min [7]. Similarly,
Andritz Hydro reduced setup time for turbine blade inspec-
tion from two days to two hours by adopting handheld 3D
scanning [8].

Despite these benefits, challenges remain in ensuring
scan accuracy under real-world conditions. Key issues
include ambient light variation, surface reflectivity, point
cloud alignment, and limited detection of small geometric
features. These factors contribute to noise—positional devi-
ations between the scanned point cloud and the true surface
geometry [9]. In dimensional inspection, noise can obscure
critical features and reduce measurement reliability. A study
by the University of Stavanger [10] reported significant
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surface irregularities and an average dimensional error of
0.113 mm in a cylindrical component scan, highlighting the
impact of noise on measurement fidelity, as shown in Fig. 1.

Post-processing to remove such noise often dominates
total inspection time, as shown in a University of Uludag
study where point cloud refinement accounted for 94.9% of
the total process despite achieving 0.1 mm tolerance accu-
racy [11]. Although numerous denoising algorithms have
been proposed, most are developed under ideal laboratory
conditions assuming Gaussian noise distributions, limiting
their robustness in industrial settings where noise sources
are complex and variable.

Despite the extensive availability of noise reduction
techniques for point clouds, most existing studies focus
on algorithmic development under laboratory or simulated
conditions, often assuming stationary scanners, controlled
illumination, and Gaussian noise distributions. In contrast,
noise in handheld structured-light scanning arises from a
complex coupling between optical physics, operator motion,
surface reflectivity, and feature geometry, making direct
application of state-of-the-art denoising algorithms imprac-
tical for industrial inspection contexts. The primary contri-
bution of this work is not the proposal of a new denoising
algorithm, but the systematic investigation of noise control-
lability within the physical and operational constraints of
handheld structured-light scanners. This study introduces
a two-stage, inspection-oriented framework that explicitly
links noise sources to geometric feature classes and evalu-
ates how acquisition-level and post-processing interven-
tions influence dimensional accuracy at both global and
local scales.

Unlike existing workflow descriptions or vendor guide-
lines, this research provides quantitative evidence of how
different noise mitigation strategies affect feature-dependent
measurement fidelity, particularly highlighting the limited
effectiveness of global smoothing for small, recessed, or
high-curvature features. Through controlled experiments on

industrial components of increasing geometric complexity,
this work clarifies the boundary between removable noise
and irrecoverable information loss imposed by optical reso-
lution, occlusion, and reflectivity effects. By reframing noise
reduction as a constraint-aware inspection problem rather
than a purely computational task, this study contributes new
insight into the realistic performance limits of handheld
3D scanning in automated dimensional inspection, thereby
bridging the gap between academic noise reduction research
and industrial metrology practice.

2 Literature review
2.1 Overview of 3D scanning technology

3D scanning is a rapid, non-contact method used to cap-
ture the geometry of physical objects and represent them
digitally with high surface fidelity [12]. Although 3D scan-
ning technologies date back to the 1960s [13], advance-
ments have led to four primary methods: laser triangulation,
photogrammetry, LiDAR (Light Detection and Ranging),
and structured light systems (SLS) [2]. Among these, SLS
offers the best balance of accuracy, speed, and ease of use
for metrology, reverse engineering, and quality control [9].
Structured light scanners project a light pattern onto an
object and capture its distortion using cameras to calculate
precise 3D coordinates through triangulation, as shown in
Fig. 2 [14]. This technique enables rapid, high-resolution
data collection (up to 750,000 points per second) without
requiring specialist metrology expertise [5, 7, 15].

2.2 Sources of noise in 3D scanning
Despite their advantages, structured light scanners are

highly sensitive to environmental, material, and setup fac-
tors that introduce noise—unwanted deviations between

Fig. 1 Noise obtained from 3D scanning hindering geometric measurements [10]
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Fig. 2 Complexity branch dia-
gram [14]
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Table 1 Effects of surface properties on 3D Scanning summarised [25]

Surface Properties Influence on Effect on Effect
Scanner Light  cloud point  on final
data model
Transparent/Clear  Light moves Will not No model
through the capture the generated
surface surface
Reflective/Shiny Light scatters Generate Inaccurate
in uncontrolled  high levels of measure-
directions noise or ghost ments of
point geometric
features
Monochromatic, Scanner unable  Sparse point  Inaccurate
Low Contrast or to distinguish clouds measure-
Repetitive patterns  between ments of
surfaces. geometric
features
Dark/Black Absorbs emitted Sparse point Inaccurate
light clouds measure-
ments of
geometric
features

captured points and the true surface. Tingcheng Li et al. [9]
identified key influences including ambient lighting, surface
reflectivity, and scanner configuration, but comprehensive
studies on their combined effects remain limited. Noise
sources can be grouped into three categories:

e Environmental factors: ambient light and temperature
gradients.

o Object properties: surface reflectivity, colour, and
texture.

e Scanner parameters: configuration, scanning path, and
distance.

These factors often interact; for example, bright lighting
on reflective surfaces amplifies measurement distortion.
Understanding such interactions is essential for developing
robust industrial scanning procedures.

projecior

camera )

4

2.2.1 Environmental factors

Uniform lighting is more critical than intensity alone—tests
at 0, 280, and 660 1x showed no significant accuracy change
(< 0.066 mm), but inconsistent illumination introduced
random error [16]. Similarly, temperature gradients affect
both air density and material dimensions; a 2 °C variation
can induce a 0.025 mm error at 5 m range [17]. Industrial
inspection standards therefore recommend controlled envi-
ronments at 20 °C to minimize thermal distortion [18].

2.2.2 Object surface properties

Surface reflectivity remains a major noise contributor [10,
19, 20]. Specular reflections cause “ghost points” and “edge
flares” near concave and sharp features [21, 22]. Surface treat-
ments such as matte or anti-glare sprays can mitigate reflec-
tions with minimal dimensional impact (e.g., AESUB spray,
0.007 mm layer thickness) [23]. Path planning also affects
reflection-induced noise; adjusting scanning angles and using
zig-zag trajectories can significantly reduce outliers on metal-
lic parts [24].

Surface colour and texture influence light absorption and
scattering. Dark or transparent materials often yield sparse
or incomplete point clouds, while repetitive or low-contrast
textures confuse tracking systems, as shown in Table 1.

2.2.3 Scanner setup

Field of view (FOV) limitations prevent capturing recessed
or internal features, such as holes or threads, as shown in
Fig. 3 [26]. Moreover, scanning distance significantly
affects accuracy; Sun et al. [27] observed noise increasing
from 30 pm at 585 mm to 80 pm at 1200 mm. Maintaining
consistent and optimal scanner-to-object distance is there-
fore crucial in industrial workflows.
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Fig. 3 FOV challenges when 3D scanning a hole [26]
2.3 2.3 Noise reduction techniques

Noise in point clouds complicates downstream inspection
and measurement, prompting development of numerous
denoising techniques broadly classified as filtering, opti-
misation, and machine learning approaches [28]. Filtering
methods, such as Statistical Outlier Removal (SOR) and
bilateral filtering, rely on mathematical thresholds to iden-
tify and remove irregular points [29-32]. These are simple
and computationally efficient but highly dependent on user-
defined parameters and can inadvertently remove valid data.
Optimisation-based methods, like Moving Least Squares
(MLS), reconstruct smooth surfaces by fitting local poly-
nomials to data points [33-35]. While effective at reducing
noise and preserving overall shape, these methods are com-
putationally intensive and tend to over-smooth critical fea-
tures, limiting their practicality for large industrial datasets.
Machine learning and deep learning methods (e.g., PointNet,
PointCleanNet) have demonstrated strong denoising poten-
tial in research environments [36, 37]. However, they require
extensive training data, high computational power, and are

rarely validated on handheld scanners in real-world condi-
tions. Their “black box” nature also limits industrial adop-
tion in regulated sectors such as aerospace and healthcare.

Overall, existing noise reduction research is predominantly
theoretical or lab-based, with limited validation in dynamic,
handheld industrial contexts. Deep learning and optimisation
methods, while accurate, are resource-heavy and impractical
for battery-powered portable scanners. This highlights a clear
gap between academic research and industrial application,
where a validated, efficient, and operator-friendly workflow
for handheld 3D scanning is urgently needed.

Although numerous filtering, optimisation, and learning-
based denoising methods have been proposed, their evalu-
ation is predominantly conducted on synthetic datasets or
static scans, with limited consideration of handheld opera-
tion, feature-level inspection accuracy, or industrial time
and resource constraints. Consequently, there is a lack of
empirical understanding regarding which types of noise are
practically reducible in handheld structured-light scanning
and which errors fundamentally persist due to physical and
geometric limitations.

2.4 2.4 Fundamentals of point cloud processing

Point clouds represent surfaces as discrete 3D coordinates
(X, v, z) [38], which can be enhanced with colour and nor-
mal data for improved realism. Surface reconstruction typi-
cally converts point clouds into mesh formats such as STL
or B-Rep for CAD comparison [39]. However, raw point
clouds often contain uneven densities and two primary
noise types: outliers (isolated, erroneous points) and ran-
dom noise (minor surface roughness deviations) [2]. Both
degrade dimensional accuracy by distorting surface geom-
etry and masking small features. As illustrated in Fig. 4,
these noise types are defined by positional deviation from
the true surface [40]. While statistical methods can detect

Fig.4 Example of 3D point cloud
noise [40]
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such deviations using mean (p) and standard deviation (o)
boundaries [5], real-world noise rarely follows ideal distri-
butions, reinforcing the need for practical, empirically vali-
dated approaches.

3 3. Methodology

Although the individual components of the proposed
workflow—such as surface treatment, environmental sta-
bilization, optimized scanning paths, and software-based
filtering—have been discussed separately in prior studies,
their combined influence on dimensional inspection accu-
racy has not been systematically evaluated. This study intro-
duces a structured, two-stage methodology that explicitly
distinguishes between acquisition-stage noise suppression
and post-processing noise attenuation.

The methodological contribution of this work is threefold:

e Provides a reproducible framework that formalizes best-
practice scanning procedures into an experimentally
verifiable workflow.

e (Quantitatively evaluates the marginal and cumulative ef-
fects of each stage on global and feature-level accuracy.

e Interprets the observed improvements in the context of
optical resolution limits and metrological reliability.

By shifting the focus from algorithmic optimality to inspec-
tion robustness, the proposed methodology contributes a
complementary perspective to existing denoising research.

3.1 3D scanning process

As shown in Fig. 5, data acquisition was performed using
the Artec Leo 3D Scanner, a handheld structured light scan-
ner designed for industrial-grade metrology applications.
The device employs a white LED array and captures 3D
geometry at up to 80 FPS within a 0.35-1.2 m working
range, delivering point accuracy of 0.1 mm and resolution
of 0.2 mm. Unlike simulated or public datasets, this study
prioritised real-world noise conditions typical of manufac-
turing environments to evaluate the robustness of handheld
3D scanning. And the scanning process followed the work-
flow shown in Fig. 6, ensuring consistency, traceability, and
repeatability.

All scans were conducted in a controlled laboratory envi-
ronment maintained at 20 + 0.5 °C, as shown in Fig. 7, rep-
licating standard inspection room conditions to minimise
thermal distortion [4]. Calibration ensured stable capture
parameters at an optimal 0.5 m working distance, limit-
ing scanning speed to 60 FPS to prevent motion blur. Each
aluminium workpiece was cleaned, marked with at least
three alignment points, and positioned against a contrasting
background. The operator followed a slow, circular scan-
ning path at a 45° angle, maintaining consistent distance and
orientation while monitoring the real-time quality map on
the scanner display. Each dataset comprised approximately
800-1200 frames across two orientations to ensure full
coverage.

These conditions were intentionally selected to isolate
the effects of the proposed noise reduction workflow from
external disturbances. As a result, the present study does not

Fig.5 Artec Leo 3D Scanner
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Fig.6 3D scanning process flowchart

aim to replicate the full variability of factory-floor environ-
ments, but rather to establish a controlled performance base-
line against which future robustness-oriented investigations
may be compared.

Fig.7 Light and temperature
levels measured in the research
laboratory

Table 2 Summary of products used for scanning

‘‘‘‘‘‘

3.2 Scanned products-prepare

Three machined aluminium components were selected to
represent varying geometric complexity and reflectivity,
as shown in Table 2. Aluminium’s reflectivity posed a sig-
nificant challenge for structured-light scanning; therefore, a
thin, uniform layer of white matte scanning spray (Bastille)
was applied at a 30 cm distance to reduce local reflections
and scattering, as shown in Fig. 8. This temporary coating
enhanced surface uniformity without altering part geometry,
supporting sustainability through residue-free removal and
component reusability.

Images of measurements of all products can be found in
Appendix 4, as well as engineering drawings in Appendix B
with extended details of dimensions.

3.3 Accuracy and improvement evaluation
Scan accuracy was quantified by the Root Mean Square

Error (RMSE) between the point cloud and reference CAD
model, as shown in Eq. 1:

Light measured . “

at 1200 lux
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Fig. 8 Matte coating applied to workpieces

Fig.9 Flowchart of proposed paras

|
methodology for noise reduction | -
| | Environment Object : Post Point C.Ioud
Preparation Preparation A —— Processin Quality
: P P g Analysis
L !
———————————————————————— -
Stage 1 Noise reduction Stage 2 Noise reduction
1 9 and enhance geometric fidelity. During scanning, envi-
RMSE = | — Z (z; — ;) ronmental control, matte surface coating, and optimised
mis scanning paths were applied to reduce optical noise and

Eq. 1. Root Mean Square Error

where xliand x;represent corresponding points on the
scanned and reference models. This provides an objective,
repeatable metric for evaluating accuracy improvements
across different workflow stages.

The effectiveness of these interventions was evaluated
through dimensional accuracy relative to actual physical
measurements of the products, computed as Eq. 2:

) %100

MeasurementDimension — ScanDimension

Accuracy (%) = (1

M easurement Dimension

Eq. 2. Accuracy

Accuracy improvement against actual physical measure-
ments from initial noise identification to post Stage one (%)
was calculated by Eq. 3:

AccuracyImprovement (%) = NoiseIdentification Accuracy (%) — AccuracyAfterStageOne (%)
Eq. 3. Accuracy Improvement

3.4 Noise reduction

The proposed workflow shown in Fig. 9 integrates noise

reduction measures into two complementary phases—dur-
ing scanning and post-processing—to minimise deviation

occlusions.

Subsequent post-processing was carried out in Artec
Studio 17, following a consistent alignment and cleaning
protocol to enhance reproducibility. And to improve repro-
ducibility and facilitate adoption by the wider research com-
munity, the key processing operations were defined in terms
of algorithmic function and parameter ranges rather than
software-specific implementations. Scans were first cropped
to remove extraneous data, then aligned using a combi-
nation of pair-point registration, rough, fine, and global
registration. Global registration parameters were tuned
to a key frame ratio of 0.5 and a feature search radius of
0.6 mm, balancing accuracy with computational efficiency.
Scans exceeding a maximum registration error of 0.5 were
excluded to ensure measurement reliability.

the outlier removal step applied in Artec Studio corre-
sponds to a statistical neighbourhood-based filtering strat-
egy, conceptually equivalent to Statistical Outlier Removal
(SOR) commonly implemented in open-source libraries
such as the Point Cloud Library (PCL) and CloudCompare.
In this study, a threshold of 23 standard deviations (c) were
used to identify and remove isolated points, which aligns
with parameter ranges reported in prior point cloud denois-
ing literature.

The smooth fusion algorithm was selected for mesh
reconstruction, as it produced the most balanced results
between surface uniformity and preservation of detail, com-
pared to the fast and sharp fusion alternatives, as shown in
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Fig. 10. This can be approximated by Moving Least Squares
(MLS) surface reconstruction methods available in open-
source platforms. Both approaches rely on fitting local poly-
nomial surfaces to neighbourhoods of points to suppress
high-frequency noise while preserving low-frequency geo-
metric structure. To ensure comparability, neighbourhood
radii between 0.3 mm and 0.6 mm were selected based on
the scanner’s nominal resolution and average point spacing.

To further enhance coverage and mitigate occlusions,
multi-scan integration was implemented, combining two,
four, and eight scans per workpiece. Increased scan counts
improved surface completeness and reduced localised
noise, resulting in measurable RMSE reductions and greater
geometric consistency. While processing times increased
with scan quantity, the improvement in model fidelity dem-
onstrated the practical trade-off for industrial inspection
scenarios.

Overall, the developed workflow offers a repeatable,
operator-friendly, and sustainable process for handheld 3D
scanning in industrial contexts. By combining controlled
acquisition, physical surface treatment, and structured
post-processing, it enables robust dimensional inspection
with reduced noise sensitivity—without requiring complex
algorithmic filtering or machine learning methods. Future
work will explore integration with Al-assisted denoising
and automated defect detection to further streamline digital
inspection pipelines for manufacturing applications.

4 Results
4.1 Noise identification in workpieces

The noise characteristics of the scanned workpieces were
first evaluated by importing the raw point clouds into Artec
Studio 17 and generating polygonal meshes to visualise
error distribution. The base block exhibited random noise
concentrated around sharp corners due to mixed light

reflections and scattering (Fig. 11c). Mirror-finished inter-
facing surfaces generated multipath reflections, producing
bridged noise between boundaries and obscuring small fea-
tures such as threaded holes and notches (Fig. 11b). The
resulting deviations yielded an RMSE of 0.340 mm and
MAE of 0.298 mm relative to the CAD reference.

The fixture showed similar noise behaviour, with step
boundaries producing multipath reflections and random
bridging between surfaces (Fig. 12b). Stepped features also
restricted the scanner’s field of view, leading to occlusions
that required multiple orientations to capture hidden geom-
etry. Oval noise patterns were visible around slots, likely
caused by inconsistent scanning motion, while concave
fillets introduced outliers from light scattering (Fig. 12c).
The RMSE and MAE were 0.323 mm and 0.308 mm,
respectively.

The fastener, with its complex pockets, fillets, holes,
and sharp edges, exhibited the most severe noise artefacts.
Occluded regions outside the scanner’s field of view resulted
in sparse point clouds (Fig. 13¢), and reflective step bound-
aries caused undefined edges. Blind and through holes were
poorly reconstructed due to unfavourable angles and limited
illumination, with recessed areas showing shadow-induced
noise. The RMSE and MAE were 0.618 mm and 0.599 mm,
respectively, confirming that geometric complexity and
reflectivity amplify noise generation during handheld
scanning.

4.2 Effectiveness of stage one: Pre-processing noise
reduction

Stage one of the workflow focused on physical noise mitiga-
tion through matte surface coating, environmental control,
and optimised scanning paths. These measures collectively
reduced multipath reflections and surface glare, leading to
more stable data acquisition. Dimensional accuracy, evalu-
ated per Eq. 1, improved across all workpieces, as shown
in Table 3.

Fig. 10 (a) Fast fusion (left), (b) Sharp fusion (middle), (¢) Smooth fusion (right)
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a) . b)

Fig. 11 (a) Base Block Ground Truth; (b) Scan 1: Outliers; (¢) Scan 2: Random Noise

Outliers | |9

Fig. 13 (a) Fastener Ground Truth; (b) Scan 1; (¢) Scan 2; (d) Scan3

The base block and fixture achieved overall accuracy
improvements of 0.90% and 0.53%, respectively, while
the fastener—the most geometrically complex—showed a
more significant increase of 1.79%. Local improvements
were most notable in the fixture’s step width (+4.15%),
though some features such as hole diameter and slot length
showed marginal losses (—0.40% and —0.12%, respec-
tively). On average, dimensional accuracy increased by
1.03%, confirming that pre-processing effectively reduced
reflection-induced noise. However, minor deviations per-
sisted, particularly around small and recessed features,
necessitating further digital post-processing.

4.3 Comparison of smoothing techniques
4.3.1 Base block

Smoothing algorithms within Artec Studio 17 were applied
to evaluate post-processing effects on geometric accuracy.
For the base block (Fig. 14), sharp fusion at 0.3 mm reso-
lution maintained edge definition but introduced minor
shrinkage along primary dimensions (Width 1=49.42 mm;
Width 2=49.81 mm). Small-scale noise obscured the mea-
surement of small features prior to smoothing preventing
a full assessment as seen Table 4. The RMSE and MAE
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Table 3 Stage one pre-processing scans of the workpieces

Product Top Orientation

Bottom Orientation

Fixture

Fastener

Based block

Fig. 14 Base block before smoothing (left), after smoothing (middle), Surface deviation map (right)

improved to 0.238 mm and 0.177 mm, respectively, reflect-
ing reduced random noise. While smoothing improved
large planar surfaces, small-scale features such as threaded
holes and notches remained difficult to measure accurately
(84.80% and 53.00%), indicating that excessive smoothing
can obscure fine details.

4.3.2 Fixture
For the fixture (Fig. 15), smooth fusion with 0.5 mm resolu-

tion achieved the best balance between detail preservation
and noise reduction, producing an RMSE of 0.305 mm and

@ Springer

MAE of 0.301 mm. Large geometric features such as width,
step length, and slot dimensions achieved accuracies above
99%, demonstrating the algorithm’s suitability for prismatic
components. However, smaller features such as hole diam-
eter (95.90%) and unmeasurable hole depth highlighted the
continuing limitation of smoothing for recessed geometries,
as seen in Table 5 posed challenges.

4.3.3 Fastener

The fastener presented the most demanding test for smooth-
ing algorithms due to its complex geometry (Fig. 16).
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Table 4 Dimension analysis of the impact of smoothing on the base block model

Dimension CAD (mm) Actual physical Before Smooth-  After Smoothing Accuracy against mea-  Smoothing
measurements ing (mm) (mm) surement after smooth-  Accuracy
ing (%) Improve-
ment (%)
Width 1 (mm) 50 49.97 50.14 49.42 98.90 -0.76
Width 2 (mm) 50 50.01 50.64 49.81 99.60 0.86
Height (mm) 62.5 62.54 63.27 62.67 99.79 0.96
Height-Base (mm) 55 55.00 55.21 55.00 100 0.38
Base Depth (mm) 7.5 7.55 N/A 7.78 97.04 N/A
Threaded Hole Diameter 5 5.12 5.94 5.76 87.5 3.52
(mm)
Notch Depth (mm) 2 2.06 N/A 2.94 57.28 N/A
Notch Length (mm) 15 14.99 N/A 14.64 97.67 N/A
- 10
tme
(L
-l L«
tne
i e
= 0300
0 &0
4 O w0
v
1m0

Fig. 15 Fixture before smoothing (left), after smoothing (middle), Surface deviation map (right)

Table 5 Dimension analysis of the impact of smoothing on the fixture model

Dimension CAD (mm) Actual physical Before Smooth-  After Smoothing Accuracy against mea-  Smoothing

measurements ing (mm) (mm) surement after smooth-  Accuracy

ing (%) Improve-

ment (%)
Width (mm) 100 100.04 101.25 100.38 99.66 0.87
Step Length (mm) 80 80.10 80.77 80.26 99.80 0.64
Step Depth (mm) 60 60.12 60.66 60.45 99.45 0.35
Hole Dia (mm) 10 9.97 9.49 9.59 96.19 1.00
Hole Depth (mm) 20 20.06 N/A N/A N/A N/A
Slot Width (mm) 40 39.85 38.94 40.25 98.90 1.18
Slot Length (mm) 90 89.90 88.61 90.03 99.86 1.31
Groove Width (mm) 60 59.98 59.41 60.23 99.58 0.53
Groove Depth (mm) 10 10.11 10.85 9.96 98.52 5.84

Smooth fusion at 0.3 mm resolution yielded an RMSE of
0.457 mm and MAE of 0.514 mm, representing a notable
improvement over raw scans. Key dimensions such as width
and pocket diameters achieved accuracies exceeding 99%,
while smaller features like step depth (97.23%) and hole
diameter (95.70%) were less consistent highlighted chal-
lenges in preserving fine features as seen in Table 6. Overall,
smoothing improved step width by 5.65% and step length
by 2.62%, confirming its effectiveness for large or complex

surfaces but revealing trade-offs between noise removal and
small-feature fidelity.

Across all workpieces, smoothing enhanced average
dimensional accuracy by 1.76%, demonstrating consistent
improvement. However, from an industrial perspective,
over-smoothing risks losing fine detail crucial for inspection
of precision components, highlighting the need for adaptive
smoothing strategies that preserve small geometries while
minimising noise on larger surfaces.
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Fig. 16 Fastener before smoothing (left), after smoothing (middle), Surface deviation map (right)

Table 6 Dimension analysis of the impact of smoothing on the fastener model

Dimension CAD (mm)  Actual physical Before Smooth-  After Smoothing Accuracy against mea-  Smoothing
measurements ing (mm) (mm) surement after smooth-  Accuracy
ing (%) Improve-
ment (%)
Width (mm) 112.37 112.39 115.03 112.51 99.89 2.24
Step Length (mm) 60 60.04 61.88 60.31 99.55 2.61
Step Width (mm) 20 20.05 21.25 20.12 99.65 5.64
Step Depth (mm) 30 30.08 31.31 30.83 97.51 1.60
Hole Dia (mm) 10 9.93 9.43 9.57 96.37 1.41
Pocket 1 Dia (mm) 90 89.90 88.92 89.91 99.99 1.08
Pocket 2 Dia (mm) 60 59.85 58.43 59.94 99.85 222
Table 7 Multi-scan integration results
Workpieces Number of Inte-  Total Number  Max Reg- Scanned Dimension Memory Stor- Scanning Pro-
grated Scans of Frames istration Accuracy against CAD age (GB) Time (mins) cessing
Quality Dimensions (%) Time
(mins)
Base Block 2-AB 1849 0.200 99.30 2.256 3 10
4-2A2B 3765 0.210 99.44 4.456 5 18
84A4B 7312 0.205 99.75 8.396 8 23
Fixture 2-AB 1971 0.400 98.47 2.250 3 6
4-2A2B 3639 0.375 99.09 4.279 6 15
8—4A4B 6762 0.3875 99.23 7.934 12 21
Fastener 2-AB 2257 0.550 96.87 2.660 3 11
4-2A2B 4314 0.550 97.09 5.150 5 18
8-4A4B 7751 0.4875 98.58 9.325 10 25

4.4 Multi-scan integration

The impact of scan quantity on model accuracy was assessed
by integrating two, four, and eight individual scans per
workpiece, as shown in Table 7. Although increasing scan
count enhanced surface completeness, improvements in
dimensional accuracy were marginal—0.45%, 0.76%, and
1.15%, respectively. The maximum registration quality fluc-
tuated, indicating that scan quality is more influential than
scan quantity in determining overall accuracy. For instance,
the base block achieved 99.30% accuracy with two scans
and 99.75% with eight, yet memory usage increased from
2.26 GB to 8.40 GB, with corresponding scanning and pro-
cessing times tripling. A similar trend was observed for the
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fixture and fastener models. This demonstrates a key indus-
trial trade-off: while more scans can incrementally improve
geometric fidelity, they impose significant costs in data stor-
age, computation time, and workflow efficiency.

To assess the stability and reliability of the multi-scan
integration process, the convergence behavior and residual
errors of the iterative closest point (ICP) registration were
analyzed for different numbers of scans. For each configu-
ration, the mean point-to-point residual, standard deviation,
and convergence iteration count were extracted from the
registration logs.

The results indicate that the mean ICP residual decreased
rapidly when increasing the number of scans from two to
four, reflecting improved surface coverage and geometric
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redundancy. Beyond four scans, the reduction in residual
error became marginal, with changes falling within the
variability observed between repeated registrations. This
suggests a diminishing return in registration accuracy as
additional scans are introduced.

Convergence stability was evaluated by examining the
number of iterations required to reach the stopping crite-
rion. Registrations involving fewer than three scans exhib-
ited higher variability in iteration count and occasional
convergence to local minimum, particularly for asymmetric
geometries. In contrast, configurations with four or more
scans showed consistent convergence behavior, indicating
improved robustness against initial alignment errors.

Orientation-dependent coverage analysis revealed that
increasing scan count primarily enhanced data complete-
ness in occluded regions and steep surface angles. However,
excessive scan redundancy also increased overlap in already
well-sampled regions, contributing to accumulated align-
ment uncertainty rather than measurable accuracy gains.

4.5 Positioning of the proposed workflow relative
to existing denoising algorithms

The objective of this study is not to propose a novel denois-
ing algorithm, nor to perform algorithmic optimization
benchmarking. Instead, the primary research question con-
cerns the controllability of noise in handheld structured-light
scanning through acquisition-stage interventions and struc-
tured post-processing under realistic industrial constraints.

While classical filtering approaches such as Statistical
Outlier Removal (SOR) and optimization-based techniques
such as Moving Least Squares (MLS) have been extensively
evaluated in prior literature, their reported performance is
typically derived from static or synthetic datasets under con-
trolled laboratory conditions. In contrast, this study focuses
on noise behavior arising from handheld operation, reflec-
tive metallic surfaces, and geometric occlusion—conditions
under which algorithmic performance may differ substan-
tially from benchmark datasets.

Therefore, rather than re-implementing these algorithms
for direct numerical comparison, the present work contex-
tualizes its findings against reported performance charac-
teristics in the literature. SOR is widely recognized for its
efficiency in removing isolated outliers but limited capa-
bility in correcting structured or reflection-induced noise.
MLS achieves strong surface smoothing performance but
may introduce geometric shrinkage in high-curvature and
recessed features.

The experimental results presented in Sect. 4.2—4.4 dem-
onstrate that the majority of recoverable error originates
during acquisition rather than post-processing. Once envi-
ronmental stabilization, matte coating, and optimized scan

trajectories were implemented, global smoothing yielded
diminishing returns, particularly for small and recessed fea-
tures. This behavior is consistent with the known limitations
of global smoothing strategies reported in prior studies.

Accordingly, the contribution of this work should be
interpreted as complementary rather than competitive to
existing denoising algorithms. The proposed workflow
emphasizes:

e Noise prevention over aggressive noise correction.
e Feature preservation over maximal surface smoothing.
e Industrial feasibility over computational optimality.

Future research may extend this work by integrating the
proposed acquisition-stage controls with advanced denois-
ing algorithms to evaluate potential cumulative benefits.

5 Discussion

From a scientific perspective, the contribution of this work
differs from conventional denoising studies that prioritize
maximal numerical error reduction. Instead, it demonstrates
that under inspection-oriented constraints, the majority of
recoverable error originates from acquisition-stage factors
rather than post-processing alone. The experimental results
show that once acquisition noise is controlled, further algo-
rithmic smoothing yields diminishing returns and may com-
promise feature fidelity.

It is important to clarify that the absence of direct algo-
rithmic benchmarking does not imply equivalence or supe-
riority relative to SOR, MLS, or learning-based approaches.
Rather, this study isolates a different dimension of the
problem, the extent to which noise can be mitigated prior
to algorithmic intervention. The results indicate that acqui-
sition-stage stabilisation accounts for a substantial propor-
tion of recoverable deviation, suggesting that algorithmic
optimisation alone may not address the dominant sources of
error in handheld structured-light inspection.

This insight provides an explanatory framework for under-
standing the limited effectiveness of advanced denoising
algorithms in handheld inspection scenarios and highlights
the importance of constraint-aware methodology design.

While Artec Studio 17 was selected for its industrial
relevance and integration with the Artec Leo scanner, the
observed trends in noise reduction and feature-dependent
accuracy are not software-specific. The improvements
achieved through matte surface treatment, controlled acqui-
sition conditions, and neighbourhood-based filtering reflect
fundamental properties of structured-light scanning and
point cloud processing, rather than proprietary algorithm
behaviour.
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Conversely, the limited improvement observed for small
and recessed features persisted across parameter variations,
indicating that these errors are governed primarily by optical
resolution, occlusion, and reflectivity effects rather than by
post-processing software choice. This reinforces the inter-
pretation that certain geometric inaccuracies represent irre-
coverable information loss rather than insufficient filtering.

5.1 Findings in noise reduction process

The findings of this study demonstrate how handheld 3D
scanning, when applied through an industry-oriented
workflow, can yield consistent accuracy improvements in
automated dimensional inspection. Although 3D scanning
enables non-contact, high-resolution measurement, its
effectiveness in industrial environments depends heavily on
mitigating optical noise and optimising data processing.

The first stage of the workflow focused on pre-process-
ing strategies, where applying a matte surface spray proved
highly effective in suppressing reflectivity and outlier noise.
While the coating adds minor preparation time and mate-
rial cost, its benefits, particularly for glossy or metallic
components, far outweigh the trade-offs in industrial set-
tings. Customised scanning paths with overlapping passes
and variable angles further improved coverage of occluded
regions, enhancing the capture of small features. Manual
handling remained a minor error source, as variation in
operator motion introduced small deviations in repeated
scans. Overall, Stage One improved dimensional accuracy
by 1.03% relative to CAD models.

In Stage Two, a systematic post-processing workflow
was developed in Artec Studio 17. The most effective
parameters for outlier removal were identified as a 0.6 mm
resolution and a noise level of three, balancing aggressive
noise elimination with model integrity. A small-object filter
with a 25% polygon threshold efficiently removed residual
outliers without excessive data loss.

For surface refinement, smoothing algorithms played a
key role in approximating true geometry. However, indus-
trial users must consider trade-offs between accuracy and
feature fidelity. Smooth fusion handled sparse point clouds
effectively but tended to oversmooth edges and reduce
definition in small or recessed features. In contrast, sharp
fusion preserved corners and planar transitions but intro-
duced minor dimensional shrinkage. Across all workpieces,
smoothing improved overall dimensional accuracy by
1.76%, though small features such as threaded holes (84.8%
accuracy) and notch depths (53.0%) remained challenging.
Because Artec Studio 17 applies smoothing globally, future
work should investigate localised or adaptive smoothing
techniques that target specific surface regions to improve
small-feature retention.
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Multi-scan integration was evaluated to assess its influ-
ence on geometric consistency. The results showed that
increasing scan count beyond four did not substantially
enhance registration quality or accuracy, as scan quality
had a greater impact than quantity. Integrating four scans
offered the most practical trade-off, balancing improved
dimensional accuracy, memory requirements, and process-
ing time. Eight-scan integration only increased accuracy
marginally (~1%) while tripling data storage and compu-
tation time, which is impractical for large-scale industrial
workflows.

In summary, the key lessons for practitioners are:

e Matte coating effectively reduces reflectivity-induced
noise, but requires additional preparation.

e Four scans represent the optimal balance between ac-
curacy, resource usage, and processing time.

e Smooth vs. sharp fusion involves trade-offs.

These findings provide a validated reference for practitio-
ners developing efficient, scalable 3D scanning workflows
for industrial inspection.

5.2 Limitations in small-feature accuracy and
physical interpretation

Although the proposed two-stage workflow achieved con-
sistent improvements in overall dimensional accuracy
(1-2%), the reconstruction accuracy of small geometric
features, such as threaded holes, narrow notches, and blind
cavities—remained comparatively low. This behaviour was
observed consistently across all test components and was
only marginally influenced by post-processing parameter
variation. These findings indicate that the limited improve-
ment in small-feature accuracy is not primarily attributable
to insufficient denoising, but rather to fundamental physical
and geometric constraints inherent to handheld structured-
light scanning.

From an optical perspective, structured-light scanners
rely on triangulation between a projected fringe pattern and
camera sensors. When the characteristic size of a feature
approaches the scanner’s effective pixel footprint or pro-
jected fringe width, the captured signal becomes contrast-
limited, leading to unstable correspondence and increased
depth uncertainty. Previous studies have shown that depth
noise increases sharply when feature dimensions fall below
two to three times the system’s lateral resolution, render-
ing such features highly sensitive to noise and smoothing
artefacts.

In addition, small and recessed features are dispropor-
tionately affected by occlusion and shadowing effects. For
threaded holes and blind cavities, portions of the projected
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pattern are partially or fully blocked, resulting in incomplete
or asymmetric point sampling. This leads to systematic bias
rather than random noise, which cannot be fully corrected
through global smoothing or statistical filtering. As a result,
post-processing operations may reduce surface roughness
while simultaneously distorting feature geometry, explain-
ing the observed reduction in notch depth and thread defini-
tion after smoothing.

Surface reflectivity further amplifies these limitations.
Even with matte coating, residual specular components can
cause multipath reflections near sharp edges and concave
regions, producing ghost points that blur feature boundar-
ies. Because these artefacts are spatially correlated with the
feature geometry, aggressive filtering risks removing valid
data, while conservative filtering leaves residual noise. This
trade-off highlights the inherent difficulty of applying global
denoising strategies to features with high curvature and lim-
ited visibility.

The limited absolute improvement observed for small
features therefore reflects a transition from noise-dominated
error to information-limited error. Once acquisition noise is
reduced through environmental control and surface treat-
ment, the remaining deviations are governed primarily by
scanner resolution, optical geometry, and feature acces-
sibility. Under these conditions, further global smoothing
yields diminishing returns and may degrade metrological
reliability.

These findings suggest that improving small-feature
accuracy requires either localized, feature-aware denois-
ing strategies or alternative acquisition approaches, such as
higher-resolution scanners, multi-scale scanning, or com-
plementary tactile measurement for critical features. Within
the constraints of handheld structured-light systems, the
proposed workflow achieves near-optimal performance for
accessible features while clearly delineating the boundaries
of achievable accuracy for fine geometries.

5.3 Reproducibility and software-independent
parameterisation

Table 8 summarises the functional equivalence between
the proprietary operations used in this study and their

Table 8 Functional equivalence between Artec Studio operations and
open-source implementations

Processing Artec Studio  Open-source Key

Stage 17 equivalent parameters

Outlier Outlier filter SOR (PCL/ k-neighbours,

Removal CloudCompare) c=2-3

Noise Smooth MLS Radius=0.3—

smoothing fusion 0.6 mm

Registration ~ Global ICP Max error,
registration iterations

open-source counterparts, along with the corresponding
parameter ranges. By explicitly reporting these parameters,
the workflow can be replicated or extended using alternative
software environments without reliance on Artec Studio.

This abstraction ensures that the scientific contribution of
the work lies in the experimentally validated workflow and
feature-dependent noise analysis, rather than in the use of
any specific commercial software package.

5.4 Generalizability and industrial applicability

Although the proposed workflow is motivated by indus-
trial inspection practice, the experimental evaluation was
performed under controlled conditions that do not fully
represent the variability encountered in production envi-
ronments. Factors such as fluctuating ambient lighting,
mechanical vibration, temperature drift, surface contamina-
tion, and operator-dependent scanning strategies are known
to influence structured-light measurement quality and were
not explicitly varied in the present study.

Previous research has shown that optical 3D scanning
accuracy can degrade significantly under non-ideal environ-
mental conditions, particularly for handheld systems that
rely on stable illumination and precise triangulation geome-
try. Variations in operator motion and scanning distance fur-
ther introduce stochastic errors that are difficult to decouple
from algorithmic noise reduction effects.

Within this context, the results presented in this work
should be interpreted as demonstrating the potential accu-
racy gains achievable when acquisition-stage conditions are
reasonably controlled. The observed improvements there-
fore represent an upper-bound performance envelope rather
than a guaranteed outcome under all industrial scenarios.

Nevertheless, the structure of the proposed workflow
remains applicable across a wide range of inspection envi-
ronments, particularly the separation of acquisition-stage
control and post-processing noise attenuation. While the
magnitude of improvement may vary, the methodological
insight that acquisition-stage factors dominate recover-
able noise is expected to remain valid. Future work will
focus on extending the evaluation to disturbed environ-
ments and multi-operator scenarios to assess robustness and
repeatability.

5.5 Sustainability

Beyond accuracy improvements, the proposed workflow
contributes to more sustainable manufacturing practices. By
reducing measurement discrepancies, it directly minimises
rework, scrap rates, and material waste, supporting UN Sus-
tainable Development Goal (SDG) 12 — Responsible Con-
sumption and Production. Optimised scan integration also
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reduces digital storage demands; even a 1 MB reduction in
3D data size lowers CO: emissions by approximately 15 g,
reinforcing SDG 13 — Climate Action through digital carbon
footprint reduction [17].

Digitising geometric measurement further promotes
remote collaboration and reduced transport emissions,
aligning with SDG 3 — Good Health and Well-being. Collec-
tively, the two-stage methodology enhances the robustness
of handheld 3D scanning in automated inspection systems,
increasing manufacturing productivity and supporting SDG
9 — Industry, Innovation and Infrastructure [28].

Recent industrial initiatives such as Belfast City Coun-
cil’s £100 million investment in the Advanced Manufactur-
ing Innovation Centre (AMIC) exemplify how enhanced
digital inspection workflows can drive regional innovation
and workforce development, creating high-value jobs and
contributing to sustainable industrial growth.

6 Conclusion

This study developed and validated an industry-oriented,
two-stage workflow for noise reduction in handheld 3D
scanning, demonstrated through a case study on automated
dimensional inspection. The proposed approach provides
a practical framework for industry practitioners seeking to
enhance scan accuracy, repeatability, and data reliability
without requiring advanced computational expertise.

Stage One (pre-processing) focused on minimizing
noise at the source through environmental control, surface
preparation, and optimized scanning paths. By maintaining
a stable laboratory environment (20 °C, 1200 Ix illumina-
tion), applying a matte coating to reduce reflective noise,
and using custom scan trajectories to improve coverage of
occluded regions, dimensional accuracy improved by 1.03%
relative to CAD reference models. Although the matte spray
increased preparation time and marginally reduced some
dimensional precision, it consistently reduced outliers and
improved scan uniformity.

Stage Two (post-processing) established a robust Artec
Studio 17 workflow integrating outlier removal (0.6 mm
resolution, noise level =3), small-object filtering (25% poly-
gon threshold), and selective smoothing at 0.3 mm resolu-
tion to balance surface refinement with feature preservation.
This process improved geometric accuracy by an additional
1.76%, though fine features such as threaded holes and
chamfer edges remained susceptible to over-smoothing and
minor geometric distortion.

Multi-scan integration analysis demonstrated that scan
quality outweighed scan quantity in determining accuracy.
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While integrating additional scans (up to eight) yielded
less than 2% improvement, it tripled memory requirements
and processing time. The optimal industrial configuration
involved four high-quality scans, achieving consistent
alignment (maximum registration error<0.3 mm) while
maintaining efficient data management.

Collectively, the workflow achieved measurable improve-
ments in dimensional accuracy—1.03% in pre-processing,
1.76% through smoothing, and 0.69% via multi-scan inte-
gration—while enhancing repeatability and sustainability
in digital inspection. The reduction of measurement errors
directly supports lower rework rates, reduced material
waste, and improved resource efficiency, aligning with sus-
tainable manufacturing practices.

The comparative benchmarking results highlight an
important distinction between noise suppression capability
and inspection suitability. The proposed workflow intention-
ally prioritizes stability, interpretability, and feature pres-
ervation over maximum numerical improvement. Within
the constraints of handheld structured-light scanning, the
observed 1-2% improvement represents a transition from
noise-dominated error to resolution-limited error, beyond
which further algorithmic processing yields diminishing
or counterproductive returns. This positions the workflow
as a complementary, rather than competing, approach to
advanced denoising techniques.

The proposed two-stage workflow demonstrates mea-
surable improvements in dimensional accuracy under con-
trolled scanning conditions representative of best-practice
industrial inspection. While the results cannot be directly
generalized to all factory-floor environments, they provide
a validated baseline that clarifies the relative contributions
of acquisition-stage control and post-processing denoising.
These findings offer guidance for practitioners seeking to
maximize inspection reliability under constrained condi-
tions and establish a foundation for future robustness-ori-
ented studies.

Future work should extend this approach to a wider range
of materials, surface finishes, and colours to further validate
its robustness across industrial contexts. The integration of
robotic scanning platforms could enhance repeatability by
eliminating manual variation in distance and motion, while
open-source tools such as CloudCompare offer promising
opportunities for replicating and extending this workflow
with customized, localized noise-reduction algorithms.

In summary, this research presents a replicable, industry-
ready workflow that balances accuracy, sustainability, and
practicality—offering a scalable foundation for the adoption
of handheld 3D scanning in automated dimensional inspec-
tion and quality assurance environments.



The International Journal of Advanced Manufacturing Technology

Appendix

Table 9 Measurements of products
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Table 10 CAD drawings of products
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Appendix

Table 11 Pre-processing results

Base Block

Dimension Noise Iden-  After CAD Accuracy
tification Stage 1|  (mm) Improve-
(mm) (mm) ment against

CAD (%)

Width 1 (mm) 50.14 50.14 50 0.00

Width 2 (mm) 50.64 50.18 50 0.92

Height (mm) 63.27 63.07 625 032

Height-Base (mm)  55.21 55.18 55 0.05

Base Depth (mm) N/A 8.02 7.5 N/A

Thread Hole Dia 5.94 5.78 5 3.20

(mm)

Notch Depth N/A N/A 2 N/A

Notch Length N/A N/A 15 N/A

Fixture

Dimension Noise Iden-  After CAD Accuracy
tification Stage 1  (mm) Improve-
(mm) (mm) ment against

CAD (%)

Width (mm) 101.25 100.50 100  0.75

Step Length (mm)  80.77 80.55 80 0.28

Step Depth (mm) 60.66 60.51 60 0.25

Hole Dia (mm) 9.49 9.45 10 -0.40

Hole Depth (mm) N/A N/A 5 N/A

Slot Width (mm) 38.94 39.67 40 1.83

Slot Length (mm) 88.61 88.50 90 -0.12

Groove Width (mm) 59.41 60.31 60 0.47

Groove Depth (mm) 10.85 10.73 10 1.20

Fastener

Dimension Noise Iden-  After CAD Accuracy
tification Stage I  (mm) Improve-
(mm) (mm) ment against

CAD (%)

Width (mm) 115.03 112.83 112.5 1.96

Step Length (mm)  61.88 60.61 60 2.12

Step Width (mm) 21.25 20.42 20 4.15

Step Depth (mm) 31.31 31.06 30 0.83

OHole Dia (mm) 9.43 9.52 10 0.90
Pocket 1 Dia (mm) 88.92 89.15 90 0.26
Pocket 2 Dia (mm)  58.43 60.16 60 2.35
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