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ABSTRACT

Additive manufacturing is transforming construction through automated, digitalized workflows, yet the layer-
wise process remains prone to defects and geometric deviations during long-duration prints. Vision-based
quality monitoring, when supported by domain-specific annotated datasets, enables deep learning models
to detect such defects in real time. This paper introduces a publicly available annotated, material-specific
dataset focused on large-scale earthen 3D-printing (3DP-E) under outdoor on-site conditions, comprising
2000 images labeled into three crack-related classes. A catalog of 14 visually distinguishable defect types is
compiled, prioritizing those most relevant for computer vision-based monitoring. To demonstrate the dataset’s
applicability, a dual-model vision framework was implemented, stacking a nozzle-tracking model and a crack-
segmentation model within a dynamic region of interest (ROI) that adapts to changing camera positions and
printer motion. The framework confirms the feasibility of real-time defect detection and outlines a pathway
for integrating vision-based supervision into feedback-driven process control workflows for on-site additive

manufacturing.

1. Introduction

Advances in digital fabrication and automation are reshaping con-
struction, with additive manufacturing (AM) emerging as a key enabler
of material-efficient and design-flexible building processes. Despite
rapid progress, the transition from laboratory-scale research to large-
scale implementation on-site introduces new challenges in process
control, quality assurance, and reliability.

AM is gaining traction in construction, but the layer-wise process
faces challenges from complex automation, material variability, and
long process durations, harming quality due to defects during deposi-
tion. This section discusses the current state of large-scale additive man-
ufacturing, notes the limitations of existing monitoring methods and
datasets, and emphasizes the need for a material-specific, vision-based
framework for real-time defect detection.

1.1. Context

AM, commonly referred to as 3D-printing, is transforming the way
physical structures are designed and produced [1]. Unlike subtractive
manufacturing, AM fabricates components layer by layer directly from
digital models, enabling greater geometric freedom and facilitating
higher levels of automation through fully digital workflows [2]. The

term construction-scale additive manufacturing has been used in early
literature to describe extrusion-based fabrication systems capable of
producing architectural components at building scale, notably in the
context of concrete 3D-printing (3DCP) [3]. The adoption of AM in
construction enables highly automated fabrication, expanded geometric
freedom, and new opportunities for process optimization [4]. Within
the construction industry, these developments have led to the emer-
gence of additive construction, where large-scale structural components
can be fabricated on-site without conventional formwork [5]. Combin-
ing automation through AM with the use of natural, low-carbon materi-
als presents a promising pathway toward more responsible construction
practices, where material efficiency and environmental impact are
jointly optimized [6]. Under appropriate conditions, the adoption of
earth-based AM — also referred to as earthen 3D-printing (3DP-E) — is
not only considered a technical alternative but a strategic shift toward
improving construction efficiency while contributing to a more sustain-
able practice [7-10]. Design-oriented investigations have explored the
architectural potential of 3DP-E structures and material-driven form-
finding strategies [11], while environmental assessments demonstrate
the advantages of locally sourced, low-carbon materials, as illustrated
by the life cycle analysis of the TOVA prototype. The paper quantified
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Fig. 1. Schematic overview of the Crane WASP on-site 3D-printing setup used for the fabrication of TOVA, a single-storey earthen unit.

a reduction of approximately 97% in CO, emissions compared to con-
ventional fired-brick construction and up to 72% lower emissions than
3D-printed concrete. These improvements were primarily attributed to
locally sourced materials (~ 85%) and the elimination of formwork and
transport-related impacts, underscoring the circular-economy potential
of 3DP-E [12].

1.2. Motivation & challenges

The integration of 3DP-E into circular construction strategies high-
lights its potential for reducing CO, emissions and promoting material
reuse [13]. However, compared to 3DCP, 3DP-E introduces unique
challenges due to its distinct rheological behavior during continuous
deposition [14]. Higher water content, slower hardening rates, and
pronounced drying shrinkage make earthen materials more susceptible
to defects such as cracks, insufficient interlayer adhesion, and geo-
metric deformation [15]. If undetected, such defects may propagate
across multiple layers, significantly compromising structural integrity
and long-term durability.

Automated quality monitoring using computer vision (CV) and deep
learning (DL) holds significant potential to address these challenges
through early defect detection and enhanced process reliability. How-
ever, several technical barriers remain:

I Dynamic process environment: The on-site, large-scale printing
setup leads to changing camera viewpoints and larger observed
areas due to the unstructured environment compared to con-
trolled laboratory-scale setups or industrial conveyor-based CV
systems, complicating robust defect detection.

Outdoor environmental conditions: Variable daylight, shadows,
and occlusions affect image quality, requiring models to general-
ize under inconsistent visual conditions. This challenge was also
evident during the TOVA project in Valldaura, Spain, printed
outdoors over 24 days (~ 6 h per day) under varying tem-
perature, humidity, and sunlight exposure [12], where natural
illumination caused shadows and reflections influencing defect
visibility.

I

=

III Limited data availability: Publicly available datasets for constru
ction-scale 3D-printing are scarce, particularly for earthen ma-
terials and defect-specific annotations, limiting the development
and benchmarking of DL-based monitoring solutions.

IV Process complexity: Large-scale AM involves interacting factors,
including material properties, nozzle positioning, and deposition
direction, which must be considered jointly for accurate quality
assessment.

This paper uses a dataset acquired during the on-site construction
of the earthen 3D-printed demonstrator ‘TOVA’ in Spain, carried out
within the 2021-2022 3D-Printing Architecture (3DPA) program at the
Institute for Advanced Architecture of Catalonia (IAAC) using a crane
WASP polar printer. (see Fig. 1).

Construction took place outdoors without any artificial lighting or
enclosure, exposing the process to natural climate variability. The ex-
periments were conducted in Barcelona, Spain, under typical Mediter-
ranean conditions with clear skies and high sun exposure during most
printing hours, as captured in Fig. 2. In addition to the direct influence
of the sun, the polar kinematic configuration of the Crane WASP
system introduced self-shadowing effects: as the articulated arm rotated
around the central mast, parts of the machine intermittently blocked
the sunlight, casting moving shadows across the freshly printed layers.
These shifting occlusions produced transient dark regions independent
of actual surface discontinuities.

Sun position changed continuously relative to the nozzle path,
resulting in dynamic shadow casting both from environmental illumi-
nation and machine geometry. When the extruder arm moved with
the sun behind it, surface tension cracks appeared with sharp contrast
and were easily detectable. In contrast, when printing occurred against
the light source or when the arm occluded the sun path, elongated
shadow traces formed along filament edges, visually mimicking crack
patterns even in the absence of material failure. These optical ambi-
guities, caused by both environmental lighting and machine-induced
self-shadowing, directly motivated the definition of the crack shadow
label class to explicitly capture shadow-induced false positive crack
detections.

While drying-induced cracking is a known phenomenon in earthen
additive manufacturing and may occur due to climate-driven surface
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Fig. 2. Dominant lighting scenarios during on-site printing: (a) direct sunlight
and (b) diffuse lighting.

dehydration [9,10], the present paper focuses strictly on defects that
occur during the active extrusion phase. At this stage, the material
remains sufficiently plastic, and crack formation is primarily governed
by extrusion pressure and deposition irregularities rather than post-
deposition shrinkage. Drying-induced cracks may visually resemble
some of the annotated defect classes; however, they are not explic-
itly included in the taxonomy, as the focus of this paper is limited
to extrusion-phase irregularities. Only their indirect impact on visual
appearance — primarily through light-driven contrast variations — was
considered due to its relevance for vision-based detection.

In addition to optical variability, process-related material incon-
sistencies influenced crack formation during printing. Since earthen
mixtures were prepared in small batching intervals, slight fluctuations
in water content and mixing quality occurred throughout the build.
Operators occasionally responded by manually increasing extrusion
pressure to maintain filament continuity, which improved deposition
flow but led to local over-extrusion zones prone to stress accumulation
during drying. These interacting environmental and process conditions
— sun exposure, self-shadowing due to gantry kinematics, and extru-
sion pressure adjustments — were intentionally preserved in the dataset
to reflect the complexity of real on-site 3DP-E environments.

1.3. State of the art in defect detection in 3D-printing

Recent advances in computer vision have significantly improved
process monitoring in AM, particularly in laboratory-scale settings
where environmental conditions can be controlled. In construction-
oriented AM, several sensing modalities have been investigated for
defect-related monitoring tasks such as layer height estimation, surface
deviation tracking, and geometric drift analysis. These approaches can
be broadly categorized into vision-based and sensor-based strategies,
each providing distinct benefits and trade-offs.

Deep learning for vision-based defect detection

Deep learning has become a key enabler in industrial automation
due to its ability to extract meaningful representations from high-
dimensional sensory data [16]. In predictive maintenance and health
monitoring, deep learning methods have outperformed traditional sig-
nal processing pipelines by autonomously identifying early-stage failure
patterns without handcrafted feature engineering [17]. In the context of
visual inspection, convolutional neural networks (CNNs) have demon-
strated strong performance in detecting surface anomalies in manu-
facturing environments where illumination and appearance variability
challenge rule-based algorithms [18]. The integration of Al-driven
perception systems into cyber—physical manufacturing architectures
has been shown to improve process awareness and enable adaptive
quality control in real time [19]. Specifically, CNN-based models have
been adopted for real-time defect segmentation on production lines,
where inference latency and robustness against material variability are
critical [20]. These findings indicate that deep learning provides a
suitable foundation for vision-based defect detection in AM workflows,
especially under the dynamic and visually unstable conditions found in
large-scale on-site AM.
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RGB-based image monitoring

RGB image analysis has been widely explored for surface defor-
mation detection, crack identification, and geometric consistency eval-
uation [10,21-23]. Its primary advantage lies in its simplicity and
non-invasive deployment, allowing rapid dataset acquisition with min-
imal hardware complexity. However, RGB-only systems are highly
sensitive to illumination changes and material reflectance—conditions
that are exacerbated in outdoor 3DP-E, where surface color and texture
vary with moisture content and drying progression.

RGB-D and depth-enhanced imaging

To address depth ambiguity inherent to RGB images, multi-view
RGB-D sensing has been introduced for layer geometry reconstruction
and height deviation detection [24]. Depth augmentation improves
robustness against color-based segmentation errors, yet RGB-D cameras
typically assume fixed calibration and stable backgrounds. This limits
their applicability in mobile on-site setups where camera-to-object
distance varies continuously and ambient sunlight interferes with active
depth sensing.

Laser profilometry and ToF sensing

Laser-based systems such as 2D profilometers [25,26] and 1D time-
of-flight (ToF) sensors [27] provide highly accurate geometric mea-
surements of extruded filaments and layer height consistency. These
systems excel at detecting deviations during controlled robotic extru-
sion. However, their narrow sensing field and dependency on precise
alignment make them less effective for monitoring broader surface de-
fects such as cracks, especially when printing materials exhibit irregular
surface topology like earth-based mixtures.

Kinematic and motion-integrated monitoring

Motion-tracking and kinematic feedback systems have been used to
correlate nozzle path deviations with resulting print irregularities [28].
These methods benefit from grounding defect detection in process-
aware spatial context, yet they lack semantic interpretation of sur-
face phenomena—making them insufficient on their own for identi-
fying visually subtle defects such as fine cracks or shadow-induced
anomalies.

Non-vision inline process sensing

Several studies have investigated non-vision feedback such as ex-
trusion pressure monitoring to detect material inconsistencies and flow
interruptions [29]. Such sensors are effective at detecting internal flow
disturbances before defects visually manifest.

While these sensing strategies demonstrate strong performance
within controlled environments, they do not directly translate to large-
scale on-site 3DP-E, where camera viewpoints shift dynamically due
to gantry motion and outdoor lighting conditions introduce shadow
artifacts that mimic crack patterns [30].

1.4. Research gap

In large-scale on-site AM, particularly with gantry-based systems
like the Crane WASP, the process environment is highly dynamic: cam-
era perspectives shift due to machine kinematics, backgrounds change
continuously, and outdoor lighting introduces shadow artifacts that
challenge conventional defect detection strategies.

Unlike concrete-based AM research, where layer height deviation
has been reported as a dominant geometric failure mode [26,27], the
polar Crane WASP setup used in this project is mechanically stable
in the Z-axis, resulting in consistently uniform vertical deposition.
Consequently, geometric drift in build height was not considered a
critical defect indicator in this context. Instead, in 3DP-E, material-
related inconsistencies — primarily caused by fluctuating water content
and small-batch mixing — are of higher relevance. These variations
frequently result in manual compensation through increased extrusion
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flow, which, while maintaining nominal layer geometry, introduces
localized stress concentrations that manifest as surface cracks. For this
reason, the present dataset and monitoring framework focus on defect
types linked to material homogeneity and extrusion consistency, rather
than layer height deviation. This aligns with the objective of developing
a vision-based quality control strategy tailored to the process-specific
failure modes of 3DP-E.

However, no publicly available dataset currently exists that captures
these real-world visual challenges for 3DP-E under outdoor printing
conditions.

This absence of benchmark data, combined with the limited real-
time capability of existing defect detection frameworks, poses a sig-
nificant barrier to developing robust, deployable quality monitoring
systems.

There is therefore a clear need for:

I An annotated on-site dataset that reflects the visual complexity
of 3DP-E processes, including shadow-induced crack artifacts.

II A lightweight, high-throughput detection framework capable of
operating at real-time inference speeds during continuous nozzle
movement.

1.5. Research objective

This paper aims to design and evaluate a computer vision-based
monitoring system for detecting surface cracks during construction-
scale 3DP-E. The approach integrates two YOLOv11l models: one for
crack segmentation and one for nozzle tracking. By linking nozzle
position to image-based predictions, a dynamic region of interest (ROI)
is established, focusing detection on freshly printed layers.

The framework is evaluated on a custom annotated dataset cre-
ated from on-site footage and assessed using standard performance
metrics, including precision, recall, F1-score, mean average precision
(mAP), and frames per second (FPS). The work is positioned as a
proof-of-concept toward real-time quality monitoring, providing a foun-
dation for extending the framework to additional defect types and
multi-camera setups.

1.6. Research scope

This paper intentionally narrows its scope to enable a focused proof-
of-concept investigation. The primary target is surface crack detection,
selected due to its structural relevance and frequent occurrence in the
dataset. The dataset originates from a single construction-scale printing
project, limiting variability in material and geometry. Although the
proposed monitoring framework is designed for real-time applications,
evaluation is currently based on recorded video data.

Unlike controlled laboratory AM environments, large-scale on-site
printing introduces constantly changing illumination conditions due
to natural sunlight, dynamic nozzle orientation, and shifting surface
reflectance as the material begins to dry. In particular, earthen ma-
terials exhibit strong visual variability because of moisture gradients
and surface texture changes, which amplify shadow contrast and affect
crack visibility. Instead of attempting to normalize or eliminate these
environmental effects, the present work intentionally captures them as
part of the dataset, establishing a realistic basis for vision-based defect
detection under practical outdoor conditions.

2. Methodology

This paper proposes a proof-of-concept framework for camera-based
quality monitoring in construction-scale AM using earthen materials.
The framework demonstrates the feasibility of integrating DL-based
defect detection into dynamic printing processes with continuously
changing viewpoints, lighting conditions, and nozzle motion. As an
initial use case, the current work focuses on surface crack detection, the
most frequent and visually dominant defect in the dataset.
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2.1. Defect catalog

A defect catalog was created to identify and describe 14 visu-
ally detectable defect types relevant for camera-based monitoring in
construction-scale 3D-printing. Although the current dataset focuses
on cracks, the catalog provides a foundation for future extensions and
supports the development of automated defect detection strategies.

2.2. Physical setup

A dedicated vision dataset was captured during the fabrication of
TOVA, a load-bearing earthen structure using the Crane WASP printing
system under real on-site conditions in Spain. The printer operates in
a polar kinematic configuration, consisting of one rotational degree
of freedom around the central mast (#), one radial extension axis
(r), and a vertical axis (Z), with material extrusion following the
direction of the extruders toolpath (E). and vertical positioning of the
Extruder corresponds to Z-axis control. This kinematic layout results
in non-linear camera-to-nozzle relationships during printing, making
viewpoint diversity a relevant factor for dataset generalization.

To balance variability and calibration consistency, a single RGB
camera (GoPro Hero5 Black, monocular 4K sensor) was used and se-
quentially repositioned rather than employing multiple unsynchronized
cameras. Two mounting strategies were selected to systematically cap-
ture different observational contexts: (1) A wide-view mounting point,
located on the Y-axis arm, capturing global deposition context, toolpath
curvature, and background disturbances. (2) A near-nozzle mounting
point, directly attached to the extrusion head, emphasizing material
flow behavior, filament interface quality, and early crack initiation at
close range.

Although the angular disparity between these two perspectives is
limited, the change in spatial relation between nozzle, material de-
position, and background results in distinct visual conditions. This
controlled repositioning strategy increases viewpoint diversity without
introducing temporal desynchronization, providing a balanced dataset
for training vision models to operate under realistic robotic motion and
changing occlusion patterns typical of outdoor AM scenarios.

To capture multiple viewpoints without introducing synchroniza-
tion bias between camera feeds, a single RGB camera (GoPro Hero5
Black, monocular 4K sensor) was used and sequentially repositioned be-
tween different fixed mounting configurations. Mainly, two mounting
points were used for this dataset:

A wide-view camera mounting position and a near-nozzle camera
mounting position were employed to generate complementary visual
perspectives, increasing dataset variability and supporting the robust-
ness of the proposed machine vision-based defect detection workflow
(Fig. 3).

2.3. Dataset acquisition

Raw videos, totaling one hour of on-site recording, were stored
in MP4 format and processed into individual frames at a rate of one
frame per second using a custom Python script. Each frame was divided
into ten cropped regions of 640 x 640 pixels to match the YOLOv11
input format and to ensure coverage of nozzle path, deposited layers,
and surrounding context [31]. A filtering step was then applied to
retain only crops containing visible printed layers, while also includ-
ing defect-free regions to improve model generalization. This process
resulted in a balanced dataset focusing on structurally relevant areas
for proof-of-concept evaluation.

2.4. Dataset preprocessing

All images were manually annotated using polygonal segmentation
masks. Key statistics are summarized in Table 1. To improve consis-
tency, image quality was enhanced through contrast and brightness
normalization, providing more uniform input conditions for training.
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near-nozzle

wide-view

Fig. 3. Polar kinematic configuration of the Crane WASP system showing the rotational (6), radial (r), vertical (Z), and extrusion (E) axes, along with the two
camera mounting positions: near-nozzle (b) and wide-view (c), and their corresponding real on-site viewpoints (d-e).

Table 1
Parameters of experimental setup and annotated dataset statistics for defect
detection in 3DP-E.

Aspect Description

AM System Crane WASP, modular polar 3D-printing system
AM method Extrusion-based, continuous deposition (CD)
AM material Earthen mix, on-site excavated soil
Environment Outdoor; dynamic lighting and backgrounds
Sensor type RGB-monocular 4K sensor

Model GoPro Hero5 Black

Duration 60 min

Dataset size
Resolution
Annotation Labels
Lable Distribution
Ground Truth Format
Enhancement

2,000 extracted frames

1680 x 720 pixels

crack_b, crack_s, crack_shadow
21,864 (9,197/12,033/634)
Polygonal segmentation
Adaptive Contrast Enhancement

2.5. Annotation

The dataset was created from on-site recordings of large-scale earth-
based AM processes under real construction conditions. Footage was
captured using a single RGB-camera mounted on a adjustable base
directly attached to the extruder or y-axis of a Crane WASP polar
system, as shown in Fig. 4.

Annotation was performed manually to generate ground-truth labels
for both nozzle detection and crack segmentation. Different annotation
strategies were applied depending on the task: bounding boxes were
used to localize the nozzle position in each frame, while instance
segmentation masks were applied to capture the shape and extent of
visible cracks.

Cracks were categorized into three classes: crack b for long and
wide cracks, crack_s for short and narrow cracks, and crack_shadow for
cracks where more than 30% of their length was covered by shadows,
as illustrated in Fig. 5. This classification accounts for visibility varia-
tions caused by lighting conditions and enables differentiation between
defects with potential structural relevance and those with primarily
aesthetic impact.

The initial dataset contained 2000 original images, which were
divided into training, validation, and testing subsets. To enhance per-
formance and robustness, data augmentation was applied, including
variations in saturation (+15%) and exposure (+10%) to simulate
lighting changes. This process expanded the dataset to 7593 images. A
detailed distribution of the original and augmented datasets across the

Table 2

Dataset composition before and after augmentation.
Split Original Augmented Percentage
Training 1,400 6,994 70%/92%
Validation 400 401 20%/5%
Testing 200 198 10%/3%
Total 2,000 7,593 100%

different splits is presented in Table 2. This approach increased dataset
diversity while preserving realistic visual characteristics for accurate
model training.

To ensure sufficient training diversity, the dataset was designed
with both statistical and practical requirements in mind. According to
Yamane’s formula (1977), the required sample size can be estimated as
Eq. (1).

Symbol Definition

n Sample size

VA Z-score

p Assumed proportion (set to 0.5)
E Acceptable margin of error

2
4 pEgl D) &b
With a 99% confidence level (Z = 2.58) and a 5% margin of error
(E = 0.05), the minimum required sample size per class was approx-
imately 666 [32]. In practice, Ultralytics recommends at least 1500
labeled images per class and over 10,000 annotated instances in total to
achieve stable YOLO performance [31]. The dataset used in this paper,
consisting of 7593 augmented images, therefore represents a balanced
compromise between statistical sufficiency, established best-practice
guidelines, and the practical limitations of manual annotation.

2.6. Annotation tools

Two annotation platforms were used in this research: CVAT and
Roboflow. The project initially began with CVAT for precise man-
ual labeling, but the workflow was later transitioned to Roboflow
to streamline dataset management and training. Roboflow provided
an integrated environment that combined annotation, data augmen-
tation, and model versioning, enabling faster iteration and simplified
collaboration.
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(b)

Fig. 4. Camera setup for data collection: (a) Crane WASP printer configuration during operation, (b) Camera mounted on the extruder with focus on nozzle to

capture synchronized close-up views of freshly extruded layers.
Fn
, - ‘
: /,V'

crack's

(a) (b)

crack_s
/

crack_s

Fig. 5. Annotation examples for the three label classes in the dataset. Each panel highlights the dominant defect type: (a) crack b showing larger size cracks
(big), (b) crack_s illustrating fine surface cracks (small), and (c) crack_shadow representing shadow-induced crack-like artifacts. Polygonal masks distinguish true
defects from lighting-induced false positives. Due to significant zooming to emphasize annotation regions, the visual resolution of the crops appears reduced.

The annotation process was conducted in Roboflow, applying bound-
ing boxes for nozzle detection and segmentation masks for cracks.
The AutoLabel function supported semi-automated labeling, improving
speed and maintaining consistency across the three defect classes
(crack b, crack.s, crack shadow). Additional augmentations, such as
flipping, brightness variation, and contrast adjustment, were used
to enhance model robustness under different daylight and surface
conditions.

Roboflow was ultimately preferred over CVAT due to its integrated
pipeline and rapid prototyping capabilities. While CVAT remains suit-
able for precise, privacy-sensitive projects, Roboflow’s automation and
training integration offered a more efficient workflow for this paper’s
iterative development process.

2.7. Monitoring framework
A dual-model YOLOv1l framework was implemented for crack

detection. The first model detects the nozzle position, while the second
segments surface cracks. A dynamic ROI is computed from the nozzle

bounding box, restricting crack segmentation to a local area around the
nozzle. This improves detection robustness in challenging conditions
and reduces computational overhead.

3. Contributions

This paper advances automated quality monitoring for 3DP-E by
providing four key contributions:

I Annotated dataset: The first construction-scale dataset for 3DP-
E, comprising 2000 high-resolution images collected during
large-scale printing under real outdoor conditions, annotated for
segmentation into three crack types.

II Defect catalog: A structured catalog of 14 visually identifiable
defect types, supporting the development of standardized com-
puter vision-based monitoring frameworks and enabling future
extensions beyond surface crack detection.

III Dual-model detection framework: A proof-of-concept deep
learning pipeline integrating two YOLOv11 models for nozzle
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Table 3

Defect catalog for AM in construction in alphabetical order.
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Defect type

Description

Detection method & Suitability

Breakpoints
Bubbles

Cracking

Delamination

Elastic Buckling
Excessive Flowability

Inconsistent Layer Height

Misalignment

Over-Extrusion

Plastic Buckling

Pores and Voids

Process Downtime
Temperature Fluctuations

Under-Extrusion

Discontinuities in extrusion due to flow interruption,
clogging, or rheological mismatch [33,34].

Surface damage from trapped air in the mix or poor
degassing [33].

Linear fractures along layer surfaces, filament edges,
or interfaces caused by shrinkage or thermal stress
[35,36].

Poor adhesion or weak bonding between layers,
visible gaps or delamination caused by lack of
compaction or fast printing [35,37].

Lateral deflection of slender elements due to
insufficient stiffness [37].

Sagging or spreading layers due to high water content
or low viscosity [33,37].

Variations in geometry caused by over-extrusion,
unsynchronized flow rates, or heterogeneous material
properties [22,38].

Horizontal misalignment between adjacent layers,
offsets or skewed lines caused by e.g. machine failure,
material sagging, calibration errors, vibrations, or
flow-out [22].

Excessive material deposition in localized regions.

Structural collapse from low early-age strength or
short time delays between layers [37,39].

Internal or interlayer cavities caused by air pockets or
mismatched print speed [40,41].

Unplanned pauses in extrusion or toolpath execution.

Uneven thermal performance caused by variable
printing parameters [42].

Missing or incomplete extrusion in deposited layers;
discontinuities in extrusion due to flow interruption,
clogging, or rheological mismatch [33,34].

Clearly visible as gaps or separations; suitable
for RGB-based detection.

Detectable when close to the surface; small
bubbles may require higher-resolution imaging.
Easily detected in RGB imagery; critical for
structural integrity monitoring.

Visible through edge discontinuities and texture
variations.

Requires geometric monitoring or multi-view
analysis to detect deformation trends.

Easily observed as uncontrolled layer
deformation in RGB imagery.

Detected via height profile analysis and
curvature-based segmentation.

Detected using line tracking and contour
comparison.

Produces visible surface irregularities and
nozzle collisions; identifiable via contour
tracking.

Strongly visible through bulging or deformation
during printing.

Often undetectable on the surface; full
detection may require CT or fracture surface
analysis.

Detected indirectly via time-lapse image
sequences and weak interlayer bonding.
Detection requires thermal or infrared imaging;
limited detectability via RGB cameras.

Visible gaps between deposited paths;
well-suited for RGB-based detection.

tracking and crack segmentation within a dynamic region of
interest (ROI), enabling localized, real-time detection.

IV Evaluation under construction conditions: Demonstrates ro-
bust performance in unstructured outdoor environments, achiev-
ing 52 FPS and a precision of 0.82 for large-crack detection, val-
idating the framework’s feasibility for feedback-driven robotic
workflows.

4. Defect catalog

This section provides a detailed overview of the 14 defect types
included in the proposed defect catalog (Table 3). The defects are
categorized based on their visual detectability, detection method and
suitability within 3DP-E.

The defect catalog was compiled based on literature on extrusion-
based AM in construction, focusing on structural impact, visual de-
tectability, and relevance for real-time monitoring in Table 3 [22,
35,37]. Although the catalog is derived from defects in 3D-printed
concrete, these issues are also relevant in earth-based printing.

4.1. Breakpoints

Breakpoints refer to complete discontinuities in the extruded fila-
ment, caused by flow interruptions, nozzle clogs, or material inconsis-
tencies [33,34]. They typically appear as visible gaps and are among
the easiest defects to detect using RGB-based monitoring and real-time
segmentation.

4.2. Bubbles

Bubbles form when trapped air escapes during extrusion, producing
small surface “pop-outs” or irregularities [33]. They are moderately
detectable via high-resolution RGB imagery but may require closer
inspection when small.

4.3. Cracking

Cracks are linear fractures along layer surfaces, filament edges,
or interfaces caused by shrinkage, thermal stress, or restrained de-
formation [35,36]. They are highly relevant due to their structural
impact and are reliably detectable using edge tracking, morphological
segmentation, or deep learning-based instance segmentation.

4.4. Delamination

Delamination occurs when interlayer adhesion is insufficient, lead-
ing to separation or visible gaps between layers [35,37]. It is easily
detectable visually through edge discontinuities and textural inconsis-
tencies.

4.5. Elastic buckling

Elastic buckling refers to lateral deflection of tall or slender printed
elements under compressive loads, even without material yielding [37].
Detection requires geometric monitoring or multi-view camera setups,
as subtle deformations are not always apparent in single-view RGB
imagery.
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4.6. Excessive flowability

Excessive flowability results in sagging, spreading, or layer col-
lapse due to low yield stress, high water content, or improper mix
design [33,37]. Deformations are typically visible during printing and
can be effectively monitored via RGB cameras.

4.7. Inconsistent layer height

This defect describes uneven layer geometry caused by improper
yield stress, over-extrusion, or mismatched nozzle speeds [22,38]. DL-
based thickness segmentation or height-profile analysis enables reliable
detection.

4.8. Misalignment

Misalignment occurs when printed layers are horizontally offset
or skewed due to calibration errors, vibrations, or excessive nozzle
speeds [22]. Line tracking and contour comparison methods provide
robust detection.

4.9. Over-extrusion

Over-extrusion refers to the localized over-deposition of material,
resulting in surface bulges or nozzle collisions. The defect is highly
visible and can be identified through contour-based monitoring and
RGB-based detection [43,44].

4.10. Plastic buckling

Plastic buckling occurs when fresh lower layers collapse under the
weight of subsequent layers due to insufficient early-age strength [37,
39]. Bulging or folding deformations make this defect visually obvious
during printing.

4.11. Pores and voids

Pores are small internal cavities formed by entrapped air or poor
compaction, while voids are larger interlayer gaps caused by mis-
matched extrusion rates [40,41]. Voids are visually detectable on the
surface, whereas pore detection typically requires advanced imaging
such as micro-CT.

4.12. Process downtime

Process downtime refers to unplanned pauses during printing, typ-
ically caused by extrusion errors, mechanical malfunctions, or system
resets. It can be inferred indirectly from time-lapse image sequences
and is associated with weak interlayer bonding.

4.13. Temperature fluctuations

Temperature fluctuations occur due to nonuniform extrusion rates,
nozzle speeds, or environmental conditions, leading to irregular curing
and thermal stresses [42]. Detection generally requires thermal or
infrared imaging; visibility in RGB imagery is limited.

4.14. Under-extrusion

Under-extrusion occurs when insufficient material is deposited, re-
sulting in filament gaps or incomplete layers [33,34]. It is easily
detectable via RGB-based inspection due to visible separation and
measurable gap size.
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5. Defect detection pipeline

The methodology begins with the identification and prioritization of
relevant defect types, followed by dataset preparation, model training,
and system integration. The overall workflow is designed to enable
targeted monitoring of freshly printed layers and provide performance
evaluation under realistic conditions.

Cracking was identified as the primary target for this paper due to
its high structural impact, strong visual detectability, and suitability for
vision-based methods [36].

5.1. Model selection

The YOLO (You Only Look Once) architecture was selected due
to its balanced trade-off between detection accuracy, inference speed,
and computational efficiency. As a single-stage detector, YOLO predicts
bounding boxes and class probabilities in one forward pass, eliminating
the need for region proposals typical of two-stage networks such as
Mask R-CNN [45]. This design enables substantially higher processing
speeds while maintaining competitive precision [46].

Two-stage models like Mask R-CNN reach high segmentation ac-
curacy but are limited by slower inference and higher computational
cost [46]. In contrast, YOLO enables real-time detection and has proven
effective for tasks where speed and adaptability are essential. Compara-
tive studies confirm this trade-off, showing that YOLOv8 performs bet-
ter in detecting small and complex objects, while DeepLabv3+ achieves
slightly higher pixel-level accuracy for larger homogeneous areas [47].
Similarly, combining DeepLabv3+ with YOLOVS5 further improves over-
all detection performance, demonstrating that YOLO provides a robust
and efficient foundation for hybrid detection-segmentation tasks [48].

Research in biomedical imaging also supports the advantage of inte-
grating YOLO with segmentation models. The combination of YOLOvS8
and the Segment Anything Model (SAM) achieved high precision, and
close agreement with manual annotation [49].

Based on these findings, YOLOv1ll was employed in this paper
as the most recent and optimized version available at the time of
experimentation. It integrates architectural refinements from previous
generations, offering improved feature extraction and anchor-free pre-
diction while maintaining real-time capability. These properties make
YOLOvV11 suitable for continuous outdoor monitoring in construction-
scale 3D-printing.

5.2. YOLOv11 training setup

Two YOLOv11l models were trained for different tasks. The first
model performed instance segmentation to detect and classify cracks
into the three defined classes: crack b (big), crack s (small), and
crack_shadow, as illustrated in Fig. 5. The second model performed
object detection to localize the printing nozzle in each frame. Combin-
ing these models allowed for spatially aware defect detection through
nozzle path tracking and dynamic ROI monitoring.

All input images were resized to 640 x 640 pixels to match the
YOLOv11 input format [31]. For the crack detection model, segmenta-
tion masks were used, while the nozzle detection model used bounding
boxes. Both models employed standard augmentation techniques such
as horizontal flips, brightness adjustments, and contrast variations in
addition to the dataset-level augmentations described in Section 2.5.

Model training was conducted on Roboflow using the YOLOv11
architecture for both segmentation and detection tasks. The crack
segmentation model focused on accurate crack morphology learning,
while the nozzle detection model emphasized robustness to viewpoint
and lighting variations.

The configuration summarized in Table 4 reflects the distinct opti-
mization goals of both models: minimal augmentation for precise crack
texture learning and extensive augmentation for robust nozzle detection
under varying site conditions. The best-performing checkpoints were
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Fig. 6. Workflow of vision-based defect detection for construction-scale 3D-printing.
Table 4

Training parameters for crack segmentation and nozzle detection models.

Category Parameter Crack segmentation Nozzle detection
Classes model.names crack_b, crack_s, crack_shadow nozzle
Epochs train.epochs 300 300

Batch size train.batch 14 81

Image size train.imgsz 640 640

Learning rate Ir.Ir0 0.01 0.01

Weight decay Ir.weight_decay 0.0005 0.0005
Patience train.patience 10 90

Optimizer train.optimizer auto auto

Mosaic aug.mosaic 0.0 1.0

Color augmentation (HSV h/s/v) aug.hsv_h/s/v 0.0/0.0/0.0 0.015/0.7/0.4
Flip (left-right) aug.fliplr 0.0 0.5

Translate aug.translate 0.0 0.1

Scale aug.scale 0.0 0.5

Erasing aug.erasing 0.4 0.4

selected based on the highest validation mAP@0.5 and exported as
PyTorch weights for inference.

The training process used a dynamic epoch configuration, where
the number of training epochs, learning rate, optimizer, and other
hyperparameters were automatically adjusted to optimize convergence.
Transfer learning from YOLOv11 pre-trained weights was applied to
improve accuracy and training efficiency, given the relatively limited
dataset size.

All models were trained in a cloud environment with GPU accelera-
tion, and the final model weights were exported in PyTorch (.pt) format
for integration into the custom Python-based inference pipeline.

5.3. Dual-model framework and dynamic ROI logic

The detection system integrates two YOLOv11 models into a single
framework, one for nozzle detection and one for crack segmentation,
as described in Fig. 6. Each frame is first processed by the nozzle
detection model, which outputs the bounding box coordinates of the
nozzle. In parallel, the crack detection model performs instance seg-
mentation and classifies defects into three categories: crack_b, crack s,
and crack_shadow.

The outputs of both models are merged by mapping crack detections
relative to the nozzle position. This enables the definition of a dynamic
red zone, positioned directly below the nozzle in the printing direction.
The center of the red zone is offset from the nozzle center to match the
location where cracks are most likely to appear on the freshly deposited
layer. The radius of the red zone is scaled proportionally to the detected
nozzle width, ensuring that its size adjusts to variations in perspective
or zoom.

Spatial filtering is then applied so that only cracks whose centroids
fall inside the red zone are kept. This ensures that the system focuses
exclusively on defects appearing in the most recent layer, avoiding false
detections from previous layers or background textures. Additionally,
the red zone position is updated for every frame based on the nozzle
movement, allowing it to follow curved or angled print paths.

Multi-stage computer vision pipelines are commonly used in indus-
trial inspection and autonomous systems, where an initial detection
stage is followed by localized refinement or segmentation [18,20].
However, such approaches typically assume static monitoring con-
ditions, including fixed camera viewpoints, conveyor-aligned compo-
nents, or globally stable regions of interest, which are not representa-
tive of on-site AM environments [50].

The proposed framework extends this paradigm by introducing a
motion-aware dual-YOLO configuration designed for the polar kinemat-
ics and continuously shifting viewpoints of on-site AM. A YOLO-based
nozzle detector dynamically conditions a crack segmentation model
through a real-time updated region of interest (ROI) that follows the
nozzle position rather than relying on a static field of view. This
kinematically coupled ROI strategy enables spatially consistent crack
monitoring under outdoor conditions with fluctuating illumination, ma-
terial appearance shifts, and camera-to-surface perspective changes—
advancing dual-stage vision concepts from static inspection settings
toward process-aligned visual supervision in large-scale earthen 3D-
printing.

For each confirmed detection, the system records the crack class,
segmentation mask coordinates, confidence score, and frame times-
tamp. This information can be visualized in real-time by overlaying the
nozzle position, red zone, and crack masks on the video feed, and can
also be stored for later use in documentation for process optimization.
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5.4. Evaluation metrics

The performance of the detection system is evaluated using stan-
dard object detection and segmentation metrics. For crack detection,
precision, recall, and Fl-score are calculated to assess the model’s
ability to correctly identify and classify defects. Precision (Eq. (2)) mea-
sures the proportion of correctly identified cracks among all predicted
cracks, while recall (Eq. (3)) evaluates the proportion of detected cracks
relative to all ground-truth cracks. The Fl-score (Eq. (4)) provides
a harmonic mean between precision and recall, ensuring a balanced
evaluation of the model. The mean average precision at an Intersection
over Union threshold of 0.5 (mAP@0.5) (Eq. (5)) is used as the main
indicator of detection accuracy.

A confusion matrix is generated for the crack segmentation model
to visualize classification performance across the three classes (crack_b,
crack s, and crack_shadow), highlighting cases of misclassification. For
the nozzle detection model, mAP@0.5 is reported along with precision
and recall.

In addition to accuracy metrics, the system’s real-time capability
is evaluated by measuring FPS during inference on the test hardware.
The reported FPS includes the full pipeline, from frame capture and
preprocessing to detection, ROI filtering, and visualization, to provide
a realistic measure of operational performance. These combined metrics
ensure that both detection quality and processing speed are considered
in assessing the system’s suitability for live monitoring in earth-based
additive manufacturing.

Symbol Definition
TP True Positives
FP False Positives
FN False Negatives
AP, Average Precision for class i
n Number of classes
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6. Evaluation results

This section evaluates the dual-model framework on the 3DP-E
dataset, reporting quantitative results for nozzle tracking and crack seg-
mentation, analyzing performance under different outdoor conditions,
and illustrating success and failure cases.

6.1. Overview of experiments

The evaluation of the detection system was performed on the test
dataset described in Section 2.5, which contains 198 annotated im-
ages representing different nozzle movements, lighting conditions, and
defect types. This ensured that the system was tested under both
controlled and challenging scenarios.

All experiments were carried out using the YOLOv11 models trained
on a GPU-accelerated server and exported in PyTorch format. Infer-
ence was executed within a custom Python pipeline, which integrated
nozzle detection, crack segmentation, red zone logic, and real-time
visualization, as in Fig. 6. The test environment consisted of a standard
workstation running Python 3.10, with OpenCV for image processing,
Ultralytics’ YOLOv11 framework for model inference. GPU acceleration

10
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Table 5

Crack detection performance on the test dataset.
Class Precision Recall F1-score mAP@0.5
crack b 0.82 0.83 0.82 0.83
crack_s 0.71 0.65 0.68 0.65
crack_shadow 0.48 0.44 0.46 0.40
Overall 0.67 0.63 0.65 0.62

was available during training in the cloud environment, while local
inference tests were executed on CPU to validate compatibility and
runtime efficiency.

Performance was measured using precision, recall, Fl-score,
mAP@0Q.5, and FPS, as defined in Section 5.4. In addition to these
quantitative results, a qualitative evaluation was conducted by inspect-
ing detection overlays in video frames to highlight correct detections,
missed defects, and false positives.

6.2. Crack detection performance

The performance of the crack detection model was evaluated on
the test dataset using precision, recall, F1-score, and mAP@0.5. These
metrics were obtained through post-processing of segmentation results
from the validation pipeline, where predictions were compared against
ground-truth masks for each crack class. The representative outcomes
used for quantitative evaluation are shown in Fig. 8, illustrating typ-
ical segmentation accuracy and error pattern across the full range of
confident scores. Table 5 presents the results, showing both class-wise
performance and the overall system accuracy.

The results show that large cracks (crack_b) achieved the highest de-
tection performance with balanced precision and recall. Smaller cracks
(crack_s) were detected with moderate accuracy, while crack_shadow
achieved the lowest scores, confirming the difficulty of detecting par-
tially obscured cracks under low-contrast conditions.

A confusion matrix in Fig. 7 illustrates class-wise detection accu-
racy and misclassifications. Most errors occurred between crack_s and
crack_shadow, reflecting the challenge of separating fine cracks from
shadow artifacts in earth-based printing. In addition, crack_shadow
was frequently misinterpreted as background, which reduced recall for
this class. The matrix also shows that crack_b instances were generally
classified reliably, with only minor confusion toward other classes.
Overall, the confusion matrix highlights the main strengths and weak-
nesses of the model: robust detection of larger cracks, moderate success
with smaller ones, and limitations in distinguishing shadow-influenced
defects from surface textures.

Together, both representations provide a comprehensive view of the
model performance. Table 5 quantifies detection quality by aggregating
raw counts into statistical indicators such as precision, recall, and F1-
score, while Fig. 7 visualizes where misclassifications occur at the
default confidence threshold. Both originate from the same evaluation
output but emphasize different analytical aspects: the table quantifies
their statistical impact on the overall model performance, whereas
the confusion matrix visualizes categorical confusion. This distinction
clarifies the model’s operational behavior under real-world conditions.

In Fig. 7 shows qualitative results that complement the quantitative
evaluation. Correct detections were consistently observed for well-
defined cracks, while false positives were typically associated with
surface roughness and strong shadows. Missed detections occurred pri-
marily for very fine or low-contrast cracks, underlining the limitations
of visual detection under variable lighting conditions.

6.3. Nozzle detection performance
The nozzle detection model was evaluated on the test dataset using

precision, recall, F1-score, and mAP@0.5. Table 6 presents the results,
showing both class-wise performance and overall system accuracy.
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Fig. 7. Normalized confusion matrix from crack detection.
Table 6
Nozzle detection performance on the test dataset.
Class Precision Recall F1-score mAP@0.5
nozzle 0.97 0.97 0.97 0.98

The results show that the nozzle was detected with very high pre-
cision and recall, confirming the robustness of the YOLOv11 detection
model for this task. The stable performance is explained by the nozzle’s
distinct visual features and consistent appearance across the dataset,
making it easier to detect compared to cracks.

Visual inspection of detection overlays in Fig. 9 supports the quan-
titative evaluation. The nozzle was consistently localized with accurate
bounding boxes, even under variable lighting conditions and during
fast movements. Occasional deviations occurred when the nozzle par-
tially overlapped with the printed layer or when motion blur was
present, but these cases were rare and did not significantly affect
overall performance.

6.4. Real-time performance

In practical applications, a real-time detection system must not only
be accurate but also stable and responsive during continuous operation.
The proposed framework was therefore evaluated with a focus on
runtime performance and spatial consistency during live monitoring of
the printing process.

The system achieved a sustained inference speed of 52 FPS, confirm-
ing its suitability for real-time defect detection in earth-based additive
manufacturing. The complete framework, including nozzle detection,
crack segmentation, ROI logic, and visualization, maintained smooth
frame-by-frame processing without delays, stuttering, or frame drops
across the full validation sequence.

Qualitative inspection further underlined these results. Live infer-
ence frames (Fig. 10) demonstrate the real-time integration of nozzle
tracking, defect segmentation, and visualization. Cracks were correctly
detected within the monitoring region, with confidence scores remain-
ing stable across frames. Even under challenging conditions such as mo-
tion blur or overlapping material layers, detections remained consistent
with minimal misalignment.

Overall, the evaluation shows that the system is not only fast and
accurate but also operationally robust, making it suitable for the inte-
gration into real-time automated defect detection and feedback-driven
workflows.
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6.5. Error analysis

Although the system achieved good overall performance, several
recurring error types were observed during evaluation. These were
grouped into false negatives, false positives, and overlapping predic-
tions. Their main causes and impacts are summarized in Table 7, and
examples are shown in Fig. 12.

These error patterns show that while the system is robust in most
cases, it still struggles under challenging conditions such as poor light-
ing, complex textures, and irregular geometries. Further improvements
in dataset diversity, annotation quality, and segmentation refinement
are expected to reduce these errors.

6.6. Effect of dynamic ROI filtering

The impact of the dynamic ROI filtering was evaluated by compar-
ing system performance with and without this component. As shown
in Fig. 13, without ROI, the detections were scattered across the frame
and focused mainly on a few large cracks. Smaller cracks and shadow-
affected defects were often missed, and irrelevant background areas
were mistakenly identified as cracks.

When ROI filtering was applied, as shown in Fig. 11, the system con-
centrated directly beneath the nozzle. The monitoring zone followed
the nozzle’s movement, ensuring that detections were limited to the
freshly deposited layer. This improved coverage of both large and small
cracks, stabilized detections across frames, and reduced false positives
caused by surface textures and background noise.

The comparison highlights that dynamic ROI filtering increases de-
tection precision, ensures spatial consistency, and keeps the monitoring
process focused on the critical extrusion region.

7. Discussion

This paper demonstrates the feasibility of using camera-based mon-
itoring for construction-scale AM under highly dynamic outdoor con-
ditions. By separating nozzle localization from crack segmentation,
the proposed dual-model YOLOv11 framework achieves robust perfor-
mance despite changing backgrounds, multiple camera viewpoints, and
variable lighting. The introduced dataset, which captures diverse view-
points and challenging environmental conditions, provides an initial
step toward establishing standardized benchmarks for visual quality
monitoring in 3DP-E.

However, several limitations must be acknowledged. The current
dataset annotation focuses exclusively on surface crack detection, while
other visually detectable defects from the proposed catalog remain
unannotated. Furthermore, the framework has not yet been tested in
real-time deployment, and its generalization to other printers, mate-
rials, and sites requires further evaluation. Despite these constraints,
the presented approach addresses key challenges not covered in related
works, which often rely on controlled laboratory environments or
synchronized multi-camera setups [24,30]. Future developments could
integrate multimodal sensors such as RGB-D or thermal cameras to
complement visual monitoring, enabling more robust detection un-
der variable lighting and enhancing the discrimination of surface and
subsurface defects [22,24,42].

The results suggest that computer vision has significant potential
to enhance quality control in construction-scale AM. By integrating
defect detection directly into the printing process, monitoring can
become more efficient and less dependent on manual inspection. This
creates opportunities for adaptive process control and lays the ground-
work for scalable, automated quality assurance in large-scale additive
manufacturing.
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Fig. 8. Visualized crack detection performance across all confidence scores: (a) precision—confidence curve, (b) recall-confidence curve, (c) Fl-confidence curve,

and (d) precision-recall curve.

Table 7
Overview of error types, causes, and impact.

Error type Main causes

Impact on system performance

False Negatives
False Positives
Overlapping Predictions

Low-contrast cracks, shadows, partial obstruction
Surface textures, reflections, lighting distortions
Irregular crack geometry, interrupted contours

Missed critical defects, reduced recall
Reduced precision, unnecessary alerts
Redundant detections, cluttered output
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Fig. 9. Visual prediction results.
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8. Conclusions

This section highlights the key results of the dataset and dual-model
vision framework for real-time defect detection in earthen AM, along
with future directions for practical deployment in digital construction
workflows.

8.1. Conclusions

This paper presented a proof-of-concept computer vision framework
for real-time defect detection in construction-scale 3DP-E. A dual-model
YOLOv11 framework was implemented, combining instance segmenta-
tion for surface crack detection with nozzle tracking and dynamic ROI
filtering. The models were trained on a custom annotated dataset of
7593 images and evaluated using precision, recall, F1-score, mAP @0.5,
and FPS.

The results demonstrate reliable detection of surface cracks, achiev-
ing high accuracy for larger, visually dominant cracks and moderate
performance for smaller or shadow-affected defects. Nozzle localization
achieved consistently high precision and recall, ensuring stable tracking
during printing. The complete framework operates at 52 FPS, confirm-
ing its feasibility for real-time monitoring, while dynamic ROI filtering
further improves detection stability and reduces false positives.

Overall, this paper provides a practical proof-of-concept for Al-
driven quality control in construction-scale 3DP-E. By enabling con-
tinuous process monitoring and early defect detection, the proposed
approach contributes to improving reliability and reducing failure risks
in large-scale additive manufacturing. Future work will extend the
framework to additional defect types, multi-sensor monitoring, and full
integration into digital construction workflows.
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(b)

Live inference frames showing integration of nozzle tracking, crack segmentation, and dynamic ROI filtering in real-time during printing.

“\ 'y

Fig. 12. Examples of error: (a) false negative, (b) false positive, (c) overlapping predictions.

8.2. Future outlook

The development of more comprehensive, annotated datasets that
capture a wider range of defect types, material conditions, and print-
ing scenarios will be key to improving model generalization across
different machine configurations and environmental contexts. In par-
ticular, integrating multimodal sensing — combining RGB vision with
depth, thermal, or near-infrared imaging — offers strong potential
to reduce ambiguity between material defects, background structures,
and shadow-induced artifacts while improving robustness against il-
lumination variability. Fusing sensor modalities with complementary
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characteristics could enable more reliable detection of subsurface de-
fects, moisture-related anomalies, and early-stage crack initiation that
are not always distinguishable in RGB imagery alone.

Beyond dataset expansion, future methodological advances are ex-
pected to leverage multi-camera configurations and synchronized sensor
fusion pipelines that link perception directly to the kinematic state
and deposition control of the printer. Such multimodal, process-aware
integration would support more accurate detection of geometric drift,
layer displacement, and deposition inconsistencies during extended
prints.
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detect defect

Fig. 13. Live inference frames without ROI filtering.

A key research direction lies in embedding defect detection outputs
into closed-loop digital construction workflows. Real-time feedback mech-
anisms capable of pausing printing, adjusting extrusion rates, com-
pensating material feed, or dynamically adapting toolpaths represent
an emerging pathway toward autonomous process control in large-
scale AM. In addition, automated defect logging and structured quality
reporting could support digital twin environments and progress mon-
itoring frameworks, contributing to traceable and data-driven quality
assurance in on-site additive construction.
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