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ABSTRACT

Process development for customised additively manufactured materials is challenging and labour-
intensive. Advanced in-situ monitoring coupled with modern machine learning (ML) methods can
expedite defect detection and qualification of additive manufacturing (AM) parts. Directed energy
deposition (DED) processes offer flexibility to deposit material on existing complex parts for hybrid
manufacturing and repairs. DED enables custom metal matrix composites (MMCs) like nickel
tungsten carbide (Ni-WC) overlays on ferrous mining tools for enhanced wear resistance.
However, co-existing anomalies specific to defects in the matrix, reinforcement and their
interaction present development challenges. The challenge is compounded since the
co-existing anomalies can exist in varying extents (e.g. absent, low, high). This study investigates
dual mid-wave infrared (MWIR) cameras (FLIR and CLAMIR) for defect extent detection in Ni-WC
MMCs. Deep learning features extracted with a fine-tuned vision transformer outperformed
conventional methods by improving anomaly separability and revealing process-regime-aware
feature distributions. Explainable artificial intelligence identified key MWIR features detecting six
defect categories. Data ablation revealed FLIR's superior accuracy and generalisability under
noise, while CLAMIR demonstrated robustness under instability. Explainable fusion enabled
effective selection of camera features. Our work provides a foundation for ML-assisted
development of AM-based Ni-WC and similar MMCs by facilitating in-situ detection of
co-existing anomalies.
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1. Introduction highly beneficial for a wide range of industrial appli-

Additive manufacturing (AM) or 3D printing technol-
ogies enable layer-wise fabrication of parts from digital
designs [1]. AM offers unique benefits when compared
to traditional manufacturing technologies. Some key
features include part consolidation, material efficiency,
virtual inventory, complex designs, multi-material struc-
tures, to name a few [2]. Directed energy deposition or
DED is a family of AM technologies that use an energy
source (laser, electron beam, arc) to fuse feedstock
(powder or wire) materials by melting, thereby produ-
cing a material deposit on a substrate [3]. One key
feature of DED processing technology is its potential
to repair, manufacture shape features on existing geo-
metries (making hybrid products), as well as enhance
parts with changing chemistry and/or mechanical prop-
erties [4]. This latter capability for tailoring parts can be

cations, with the current focus in this study being on a
metal matrix composite (MMC) material. MMCs are com-
posed of a metal matrix and one or more reinforcement
materials. MMCs combine the desirable properties of
metals (e.g. toughness, ductility) with those of reinforce-
ments (e.g. stiffness, strength, wear resistance), but their
manufacture can be challenging and costly [5]. For
instance, DED-deposited nickel tungsten carbide
(Ni-WQ) overlays on a steel base/substrate can lead to
improved wear resistance of functional components
for diverse applications (e.g. agriculture, automotive,
oil and gas, mining, and aerospace) [6], but their proces-
sing suffers from the intense efforts needed to develop/
optimise the operational window and adapt/scale the
parametric conditions to part/geometry specific
requirements.
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Advanced in-situ monitoring is an important com-
ponent of the ongoing research efforts for AM defect
detection [7]. In this regard, optical, acoustic, and laser-
line scanning based techniques are most common
[8,9]. Within the optical or vision-based techniques,
monochrome or infrared (IR) sensors have been widely
used in co-axial or off-axial configurations to monitor
the process. Co-axial charge-coupled device (CCD) or
complementary metal oxide semiconductor (CMOS)
cameras (monochrome) have been usually deployed to
capture geometric melt pool features associated with
generic process states. On the other hand, IR-based
thermal cameras can capture intricate process dynamics
from the melt pool and surrounding regions of the geo-
metry being printed [10]. Certain AM applications can
also benefit from the simplicity and low cost associated
with using acoustic sensors. Laser-line scanning based
approaches have been used to monitor the quality of
the geometry being printed and detect defects in the
macrostructure [11]. The existing barriers to AM
process monitoring include challenges, such as real-
time data processing, sensing capabilities and cost,
accurate temperature measurement, and sensor inte-
gration. In their recent review on in-situ quality monitor-
ing in laser AM, Chen et al. [8] recommended the use of
multiple thermal cameras placed at different positions to
overcome some of these challenges.

The use of advanced monitoring techniques coupled
with state-of-the-art deep learning (DL) architectures
opens the possibility of addressing a range of AM
process concerns across different applications. The
initial efforts were aimed at applying machine learning
(ML) in AM tasks, such as process state prediction,
anomaly detection, and parameter classification [12].
Porosity detection and classification in AM processes
has been a key focus of several studies integrating in-
situ monitoring with ML. Since then, these efforts have
pivoted to more sophisticated and complex prediction
tasks from both process (state/regime) and structure
(macroscale and microscale) perspectives. The DED
process is characterised by a complex interplay
between the feedstock, the substrate and the heat
source (e.g. laser beam in this research). The deposition
freedom in DED supports applications involving
complex geometries, as well as multi-material structures.
Data-driven solutions to in-situ quality predictions have
been enhanced through innovations in process monitor-
ing [13], as well as prediction pipelines [14]. The infor-
mation gathered from process monitoring has been
utilised in different downstream analytics tasks [15].
The algorithmic maturity of these techniques ranges
from basic statistical methods to more advanced DL
techniques. This transition is guided by the capacity of

the DL methods to perform the complex prediction
tasks, as well as to handle large process datasets. The
AM community has justified the use of DL due to the
lack of existing physical and empirical models for
complex process phenomena [16,17]. For the datasets
collected with optical monitoring techniques, the focus
has been on the development of sophisticated spatio-
temporal learning techniques [18-20]. The progress is
being guided by the specific detection task or appli-
cation at hand, as well as the capacity of the employed
in-situ sensing technologies.

In the case of Ni-WC based overlays, the microstructural
defects ensuing from the lack of process understanding
with varying DED process parameters represent the key
challenge. The constituents in the microstructure of the
deposited MMCs determine their properties and hence
play a key role in their performance [20]. Specifically, a
balanced distribution of the nickel matrix and the
carbide particles in a defect-free microstructure is required
when depositing and repairing/redepositing on existing
tools and parts. However, anomalies related to the
matrix and reinforcement particles, as well as their inter-
actions in the reinforcement area and with the base
material lead to defects that impact this balance and
limit the potential of wear-resistant overlays [21]. The
ability to detect these defects using advanced monitoring
techniques and ML can inform and accelerate process
optimisation, whilst minimising the need for destructive
evaluation after deposition. These defects can occur simul-
taneously, which makes it challenging to accurately
predict them across a wide range of key process par-
ameters. Moreover, under similar processing conditions,
the extent of these anomalies can vary across different
defect categories, requiring tailored solutions to detect
the different extents of multiple co-existing anomalies.

A brief comparison of defect detection in DED AM
through vision-based monitoring and ML is presented
in Table 1. Six out of ten identified works focused on por-
osity detection through different co-axial and off-axial
vision setups. The melt pool visual and thermal features
were captured by digital and infrared cameras respect-
ively. The prevalent detection approach was found to
be based on convolutional neural network (CNN) and
its ensemble with classical ML or domain informed tech-
nigues. Datasets, ML/non-ML features and model predic-
tions were fused to enhance the performance. A single
MWIR camera was deployed with other sensors at best
and the number of detected anomalies were limited to
two or three microscale defects. The work of Guo et al.
[22-24] focused on detecting the extent of porosities
by integrating simulated predictions and monitoring
data. Overall, these works are restricted in using convo-
lutional DL features with limited explainability and for
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Table 1. Comparison of ML based defect detection at micro-level through visual data in laser DED (data from [8]).

Reference Monitoring setup Micro-scale detection ML approach ML inputs/ Fusion(type) Year
Yin et al. [25] Co-axial CCD camera Local (porosity) detection Multi-branch Melt pool images/ Yes(model) 2023
Fusion CNN
Kim et al. [26] IR thermal camera (co-axial) Layer height, surface ANN Melt pool temperature, geometry/ 2023
unevenness estimation No(NA)
Xie et al. [27] IR thermal camera (off-axis) Location-dependent CNN (ResNet) Thermal history data features/ No(NA) 2021
Mechanical properties
Knaak et al. [28] MWIR and NIR cameras (co- Lack of Fusion and Lack of Ensemble Melt pool images/ Yes (feature and 2021
axial) Penetration etc. CNN-GRU decision)
Gonzalez-Val et al. [29] MWIR camera (co-axial) Dilution estimation, Lack of CNN (ResNet) Melt pool images / No(NA) 2020
Fusion pore identification
Zhang et al. [30] High-speed digital camera Porosity detection CNN Melt pool images/ No(NA) 2018
(co-axial)
Khanzadeh et al. [31]  Infrared camera (off -axis) Porosity prediction KNN, SVM, DT, Melt pool thermal images/ No(NA) 2018
SOM etc.
Chen et al. [13] Microphone, SWIR camera (off- Crack and keyhole pore Classic ML Acoustic, co-axial melt pool, SWIR 2023
axis), co-axial CCD camera detection image features/ Yes(sensor input)
Jamnikar et al. [32,33] Pyrometer, off-axis melt pool Microstructure and bead CNN Melt pool images, temperature 2022
camera geometry prediction features/ Yes(features)
Guo et al. [22-24] Co-axial pyrometer, off-axis In-situ porosity and pore size  Physics- Pyrometer, infrared thermal images/ 2020

infrared camera prediction

informed CNN Yes(monitoring and simulation)

Notes: ANN: artificial neural network, KNN: k-nearest neighbours, SYM: support vector machines, DT: decision trees, SOM: self-organising maps, MWIR:
mid-wave infrared, NIR: near infrared, SWIR: short-wave infrared, NA: not applicable.

fewer detection targets as opposed to anomalies in DED-
processed Ni-WC MMC. Coexistence of matrix and
reinforcement anomalies are unique to Ni-WC MMCs
and detecting their extent requires careful selection of
the monitoring features across each defect category.

For ML-assisted deposition of Ni-WC MMCs, this work
contributes to:

A multi-defect and multi-level monitoring dataset

A data-efficient and small-scale video vision transfor-

mer for process-aware feature learning

- An evaluation of the complementary potential of two
MWIR cameras (co-axial and off-axial) for microstruc-
ture defect detection

- An approach for explainable selection of the most rel-
evant features to minimise noise and redundancy

- A pipeline to detect the extent of six co-existing
anomalies

- A multi-camera fusion strategy for robust in-situ

defect detection under changing process dynamics

The rest of this paper is arranged as follows. Section 2
introduces the overcall framework including the exper-
iments, feature learning, feature selection, model selec-
tion and feature fusion steps and describes the specific
methods implemented in the paper. Section 3 presents
the results and associated discussions. Section 4 con-
cludes this work by highlighting the main findings, limit-
ations as well as outlining the future research directions.

2. Overall framework and methodology

The proposed framework for ML-based detection of co-
existing anomalies in additively manufactured (AMed)

MMCs is divided into five phases. These phases are
explained in detail below and highlighted in Figure 1.

(1) Process monitoring dataset for machine learning:
In the first phase, a process monitoring dataset
during the deposition of single-track Ni-WC MMC
is collected for training DL models. As a prerequisite,
a multi-camera experimental setup is employed in
an industrial setting, incorporating both co-axial
and off-axial MWIR cameras. A baseline setup with
a visible light camera is employed to compare two
types of optical monitoring features. Extensive vari-
ations of the process parameters are used to deposit
eighty different samples. The deposited samples are
evaluated to extract the ground truth values from
optical metallography and identify the presence of
six co-existing anomalies specific to Ni-WC MMCs.
The key activities within this step are listed below:
e Multi-camera experimental setup
e Process and material parameters
e Sample evaluation
o Co-existing Ni-WC MMC anomalies

(2) Process-aware deep feature learning: In the
second phase, a data-efficient video transformer is
fine-tuned to learn process-specific features for sub-
sequent classification of the co-existing anomalies
and their extent. Deploying DL at process classifi-
cation is more appropriate, as it ensures a
sufficiently large and balanced dataset. In contrast,
defect-specific or defect-extent specific classifi-
cation drastically reduces the number of samples
per class, leading to much smaller imbalanced data-
sets that are difficult to augment effectively. There-
fore, a clip-based vision transformer is fine-tuned to
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Figure 1. Framework for selecting and fusing multi-defect and multi-camera DL features for detecting extent of co-existing anomalies
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exploit the spatiotemporal patterns specific to
different processing parameters associated with
normal, defective, and failure process states. The
fine-tuned models are used to extract learned
feature representations for subsequent selection
and fusion. The fine-tuned features are also com-
pared with the pre-trained image-based features
(convolutional (ResNet CNN [34]) and self-attention
models (DeiT [35])), and their separability is evalu-
ated using cluster quality metrics. The key steps of
the methodology at this phase include:
e Data efficient video transformer-based feature
learning

» Feature extraction and defect dataset construction
o Comparisons for feature separability

(3) Explainable feature selection for anomaly extent
classification: In the third phase, the trained
vision transformer models of each camera dataset
are used to extract the features from the video
clips. The extracted features are arranged to con-
struct anomaly specific datasets to classify their
extent into three levels represented by absent,
low, or high classes. Explainable artificial intelli-
gence (Al) based feature importance scores are
used to rank features relative to each extent class,
leading to three different sets of ranked features.
Recursive elimination is carried out to select the
best performing features for each class. The selected
features for each class are merged into a single
feature set. To refine the feature set for each
anomaly dataset, redundant and highly correlated
features are removed, resulting in final datasets
with minimal noise and redundancy. The key meth-
odology steps under this phase are listed below:
e Explainable Al based ranking of feature

importance

o Class-wise feature selection to minimise noise
¢ Feature elimination to remove redundancy

(4) Cross validation, hyperparameter search, and
model selection: In the fourth phase, reduced
feature datasets corresponding to six anomalies
are used in four different classical ML models to
detect the extent of each anomaly. An extensive
range of key hyperparameter values is explored to
identify the optimal candidates for each camera
feature set corresponding to the six anomalies. To
avoid data leakage from the train set to the vali-
dation set, a stratified GroupKFold cross-validation
approach is used during the selection of hyperpara-
meters. The best set of parameters for each dataset
are selected for subsequent evaluation and usage.
The key methodology steps under this phase are
listed below:

VIRTUAL AND PHYSICAL PROTOTYPING . 5

¢ Candidate classifiers

¢ Cross-validation and hyperparameter search

e Model selection

(5) Explainable fusion of multi-camera features: The

selected models are evaluated for stable, unstable

and perturbed process conditions. This step pro-

vides insights specific to the deployed co-axial and

off-axial MWIR cameras. The impact of multi-

camera fusion to enhance and complement the per-

formance of individual camera models is evaluated.

In this regard, direct feature fusion is compared with

decision-level and confidence-based fusion tech-

niques. The impact of the features on detecting

difficult-to-separate higher extent of anomalies is

analysed before and after fusion, leading to insights

on the strengths and complementarity of individual

camera features. The key methodology steps under

this phase are listed below:

e Impact of the process dynamics and environ-
mental noise on camera features

e Multi-camera fusion strategies (feature-based,
decision-based, confidence-based)

e Explaining the impact of camera-specific fea-
tures on fusion

The main steps of the methodology to implement the
proposed framework are discussed in the following
subsections.

2.1. Experiments

The primary setup (Figure 2 top setup) for DED of Ni-WC
MMCs in a production environment was customised
with a 6-kW fibre laser, a twin-disk powder feeder, and
a modified milling platform for substrate handling. The
setup was also integrated with a co-axial CLAMIR
camera from New Infrared Technologies [36] and an
off-axial A6751sc FLIR camera from Teledyne Technol-
ogies Inc. to monitor the melt pool and build inter-
actions [37] during the deposition of the Ni-WC MMC
overlays. Before running the experiments, the laser was
calibrated with a beam profiler to achieve the desirable
spot size (e.g. 5.5 mm) for wear resistant overlay appli-
cations of Ni-WC MMCs, and the powder feed rate was
calibrated with a tolerance of 1 g/min by adjusting the
rotational speed of the hopper. Once the system was
calibrated, it was prepared for executing the exper-
iments. Before mounting the steel substrate (base for
the DED experiments), these base plates were milled
and scribed with reference lines along the deposition
direction placed at 0, 25%, 50%, 75%, and 100% of the
deposition length (e.g. 200 mm). Following the mark-
ings, test base plates were cleaned with acetone,
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Figure 2. Schematic illustrations and experimental photos of manufacturing and integrated monitoring systems employed in this

research at primary setup (top) and secondary setup (bottom).

preheated with a propane torch to>260°C and then
allowed to cool down to ~260°C to achieve better
deposition quality. A wire wheel was used to remove
the oxides formed on the surface of the plates from
the preheating process. The deposition head was then
moved to the start position and the desired nozzle
spacing was achieved. Finally, data acquisition and
powder flow were triggered before running the depo-
sition program for each bead. Data acquisition was
stopped after the program completed the bead depo-
sition. The setup also had access to an off-line laser
line scanner to measure the geometry of the deposited
samples.

The experimental process and material parameters
used to deposit samples for the dataset generation are
presented in Table 2. An extensive range of laser
power for DED AM of the MMCs was explored, varying
between 1 and 5 kW, alongside variations of the traverse
speed and powder feed rate. To ensure that the test con-
ditions were consistent throughout the experiments, the

midpoint of the whole test matrix (e.g. 2800 W,
1524 mm/min, and 80 g/min) was selected to run at
the start, in the middle, and at the end of the exper-
iments. The powder feed material used in this analysis
was a mixture of cast spherical fused tungsten carbide
and a proprietary Ni-Cr-B-Si blend of metals comprising
the matrix in the deposited overlay. The chemistry of the
tungsten carbide reported by the powder supplier was
3.8 wt% C and the balance W. The two component
powders were mixed together in a roughly 60%—40%
weight fraction. The size range, hardness range,
measured weight fractions, and densities are listed in
Table 2. The substrate/base material was an ASTM A36
hot rolled structural steel plate with the composition
shown in Table 3. Two plates of 305 mm by 305 mm
by 25 mm (12in. by 12in. by 1in.) were utilised for
the experiments with the primary setup. Plates were
milled to these dimensions from oversized plate feed-
stock to obtain a uniform machined surface finish prior
to glass beading. Similar material and procedures were



Table 2. Experimental parameters for the process and material.

Experimental Parameters Values

Power Levels (W) 1000, 1600, 2200, 2800, 3400, 4000,
4600, 5000

Travel Speed Levels (mm/min) 1524, 2286

Powder Feed Rate Levels (g/min) 40,80

Laser Beam Diameter (mm) 55
Laser Beam Profile Gaussian
Deposition Length (mm) 200
Carbide Powder Size Range (um)  45-106
Carbide Powder Density (kg/m3) 16,896

Carbide Powder Weight Fraction  62.60
(wt. %)

Carbide Powder Hardness Range  2700-3500
After Deposition (HVN)
Metal Powder Size Range (um) 53-150

Metal Powder Density (kg/m®) 8100

Metal Powder Weight Fraction 37.40
(wt. %)

Metal Powder Hardness Range 425
After Deposition (HVN)

Powder Feed Materials Cast spherical fused tungsten carbide
with proprietary Ni—Cr—b-Si

ASTM A36 hot rolled structural steel

305 by 305 by 25

Substrate Material

Substrate Dimensions (width mm
x length mm x height mm)

Metal-Carbide Powder Fractions

Energy Density (J/mm?)

Type of Defects

~ 40-60

4.77-35.79

Gas Porosity, Shrinkage Porosity,
Excessive Dilution with the Base, Non-
Uniform Carbide Distribution,
Excessive Carbide Dissolution,
Reprecipitated Hard Phases

utilised for the experiments executed on the second
setup equipped with the CMOS camera.

The secondary setup in an R&D environment with
different hardware specifications was configured to
match the deposition conditions of the primary setup
(production environment). The 5-axis system was
equipped with a 5-kW disc laser and a BEO-D70 optic
with motorised collimation, enabling laser spot diam-
eters of up to 6 mm. Integrated into the optical beam
path was a Basler 1420-220 um CMOS camera for
image-based monitoring of the melt pool, as well as a
ratio pyrometer for temperature measurement of the
melt pool (Figure 2 bottom setup). Lateral process moni-
toring was achieved using an InfraTec ImagelR 7350 S
(Figure 2 bottom setup). For track measurement, a
laser line scanner from Micro-Epsilon Messtechnik
GmbH & Co. KG was integrated alongside the optics,
allowing for data acquisition within the system. The
powder was delivered to the nozzle through a disc
feeder, and the substrate was preheated to the required
temperature using a heated plate.

In this study, optical process videos from the three
camera systems were used as the main sensing modality,
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since these represent the most effective information to
capture the process phenomena for ML applications in
metal AM [8]. The first two cameras, CLAMIR and FLIR,
were available on the primary system. CLAMIR - a
MWIR camera - focused closely on melt pool body
dynamics at a high frame rate (1000 Hz), but with a
low resolution (64 by 64 pixels) and was developed to
be used in closed-loop adaptive control applications
for laser DED processes. The FLIR camera captured the
laser-powder interactions in addition to the melt pool
and its surroundings. The FLIR camera operated in mid
IR region, and the frames were captured at a lower
rate (400 Hz), but with significantly higher resolution
(640 by 512 pixels) compared to CLAMIR. The CLAMIR
camera, originally developed for closed-loop laser
power control in DED systems, offers high temporal res-
olution and is optimised for capturing precise intensity
variations in thermal emission signals despite its
limited spatial resolution (64 x 64 pixels) [36]. In contrast,
the FLIR A6750sc thermal camera (640x512 pixels,
400 Hz) is widely used in thermal monitoring appli-
cations due to its high spatial fidelity and is well suited
for capturing fine-grained spatial features of the melt
pool [38]. The complementary use of these two
sensors enables a balanced configuration that captures
both the rapid transient dynamics of the melt pool
and its spatial morphology. While the thermal cameras
do not directly image microstructural features, the
recorded thermal gradients and histories serve as rep-
resentations that inform the solidification conditions,
including the likelihood and distribution of carbide pre-
cipitates, re-solidification patterns, and dilution zones.
These correlations are supported by established
process—structure relationships in welding and additive
manufacturing [39], allowing the fused thermal data to
support downstream learning and inference of micro-
structural characteristics.

The third camera on the secondary system was based
on a visible-light CMOS sensor. It was co-axially aligned
with the system and captured the melt pool geometric
features alongside additional process dynamics. This
type of camera was expected to face challenges when
monitoring a high-temperature application but was
added in the experiments as a baseline to evaluate
and compare its potential. The CMOS camera captured
the process at 200 Hz with the highest resolution of
1200 by 1200 pixels among the experiments. For
thermal camera systems, the raw intensity values were

Table 3. Chemical composition (in wt.%) of the A36 steel plate used as substrate in the experiments.

C Si Mn P S Cr Ni

Cu Nb Ti v Al Fe

0.16 0.19 1.16 0.016 0.006 0.02 0.01

0.022 0.03 0.001 0.001 0.031 Balance
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directly recorded and used in this study. In order to mini-
mise the loss of information that might occur in video
conversion, the raw values recorded by each pixel
were extracted from the camera files in their proprietary
format (.dat for CLAMIR and .ats for FLIR) [40]. Both the
CLAMIR and FLIR MWIR cameras recorded intensity as
arrays of 16-bit unsigned integers. Once the data was
read, it was normalised by recording the lowest and
highest raw values across all experiment videos as in
Equation (1).

Imageayay — min (Golabl)
I = 2
MAg€normal ((max (Global) — min (Global)) ™ >

M

Subsequently, these were converted and stored as an
image (i.e. lossy JPEG or lossless TIFF).

2.2. Co-existing Ni-WC MMC anomalies

Ni-WC single beads were deposited on the steel sub-
strate(s) in lengths of 200 mm each. For multi-track or
multi-layer builds, relatively significant process vari-
ations are expected across the deposition for the
builds with complex geometries. However, for straight
single bead depositions with fixed process parameters,
it is usually not the case and domain knowledge
suggests that representative conditions are achieved
rather rapidly and persist for the majority regions of
the beads. As a result, the microstructure representative
of the processing parameters was extracted from the
middle region of the deposited single tracks.

For metallographic analysis of the deposited beads,
each single track was sectioned transverse to the
travel/deposition direction at the mid-region. The metal-
lographic cross-sections were then mounted in Bakelite
and manually ground successively with resin-bonded
diamond abrasive pads (80, 180, 220, 500 grit) to
produce a flat surface using a Struers LaboPol-2 grinding
and polishing machine equipped with a LaboDoser.
After grinding, the metallographic samples were
polished to a mirror finish using the same Struers
machine in progressively finer steps using diamond
slurry (9, 6, 3 um) followed by a finishing step with a
0.04 um alumina suspension. The heat affected zone
(HAZ) resulting in the substrate from each deposited
bead was revealed by immersing for 5 s in a Nital etch
solution (3 ml nitric acid in ethanol) followed by
rinsing and cleaning with high purity ethanol. After
preparation, the metallographic samples were examined
under a Keyence VHX-7000 microscope at 50X magnifi-
cation. The Keyence software was then used to auto-
matically stitch the images together, creating a large

panorama of the full cross-section with a resolution of
0.20 pm/pixel.

The images were then further post-processed in
Adobe Photoshop to improve the image quality and
consistency. The procedure was as follows: straightening
the image relative to the fusion line between the bead
and the base/substrate material, cropping to an appro-
priate size to include bead reinforcement area alongside
the substrate, masking the Bakelite using a black back-
ground, increasing the contrast to improve the visual
difference between the tungsten carbides and the sur-
rounding nickel-based metal matrix, applying an
‘Unsharp Mask' filter, and placing the scale bar in the
corner of the image. The processed images were then
segmented using a DL-based semantic segmentation
tool MicroSegQ+ developed for quantitative metallogra-
phy [20]. The evaluation sequence was repeated for all
samples printed during the experiments.

An example cross-section where the presence of
these co-existing defects is highlighted using colours
(Figure 3(a)) and zoomed in crops (Figure 3(b)). Six
microstructural defects have been identified as relevant
to this analysis for their propensity to reduce the wear
resistance of Ni-WC depositions. These defects are: (1)
gas porosity (GP), (2) shrinkage porosity (SP), (3) exces-
sive dilution with base material (EDB), (4) non-uniform
carbide distribution (NCD), (5) excessive carbide dissol-
ution (ECD), and (6) re-precipitation of hard phases
(RPHP). The GP defect can evolve from powder exposure
to high process heat and/or poor inert shielding gas pro-
tection of the molten pool. Gas pores are identifiable in
the cross-section from their spherical shape and size as
shown in Figure 3(b) (crop 3); these are typically signifi-
cantly larger than the size of the tungsten carbide rein-
forcing particles and can thus be differentiated from any
voids formed due to lost (pulled out) carbide particles
during metallurgical sample preparation. The SP defect
is recognisable from its irregular shape resulting from
chemical segregation of the matrix microstructure
during solidification. Both forms of porosity (Defects 1
and 2) represent the absence of deposited material to
resist wear and are therefore undesirable in the final
deposit. The EDB defect (Defect 3) is the mixing of the
substrate chemistry with that of the deposition, resulting
in a blended solidified chemistry having inferior per-
formance. The dilution in this work is quantified as the
area of the deposition below the surface level of the sub-
strate as highlighted in blue in Figure 3(a). EDB is indica-
tive of extreme process heat, of the changes in the
process heat transfer phenomena from conduction
mode to keyhole mode, and of an increased influence
of convective heat transfer in the molten pool. These
process conditions serve to degrade the tungsten
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Figure 3. An example bead with microstructural defects of interest. EDB and HAZ are highlighted in (a) while the remaining anomalies
are highlighted in (b). The square shapes in the lower metallograph represent 512 by 512 pixel sized crops taken at higher magnifi-
cation. From left to right, these crops highlight zoomed in regions of non-uniform carbide distribution ('NCD’ pointing to poor dis-
tribution in crop 1), reprecipitation of hard phases ('RPHP’ pointing to texture corresponding to reprecipitated hard phases in crop 2),
gas and shrinkage porosity (‘GP" & ‘SP" in crop 3), and excessively dissolved carbide particles (‘ECD’ pointing to in-place dissolved

particles in crop 4).

carbide particles and must be avoided for optimal depo-
sition performance.

The NCD defect (Defect 4) is visible as regions of the
overlay devoid of tungsten carbide particles. In practice,
this is observed due to settling of the higher density car-
bides in the molten pool (vertical variation) or significant
melting of the carbides most prominently in the centre
of the overlay, where the laser intensity is at its
maximum (horizontal variation). Figure 3(b) (crop 1)
highlights poor carbide distribution in general. This
non-uniformity causes unpredictability in wear across

the deposited bead. The ECD defect (Defect 5) is the dis-
solving of the tungsten carbides into the molten pool of
the deposit. Some carbide reinforced depositions (e.g.
titanium carbide-reinforced MMCs) rely on precipitation
of fine, evenly distributed hard phases during solidifica-
tion to achieve their performance, but for Ni-WC depo-
sitions, it is critical that the carbides remain
undissolved during the deposition process to maintain
their integrity and corresponding high abrasion resist-
ance properties. Carbide dissolution is most commonly
observed as partially dissolved, blocky precipitates
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(Figure 3(b) crop 4) on the surface of the tungsten car-
bides combined with reprecipitated carbides or RPHP
(Defect 6), which appear as fine texturing (Figure 3(b)
crop 2) in the matrix, within local areas or, in extreme
conditions, throughout the entire deposition cross-
section. Similar to dilution with the base material, the
melting and re-solidification of the Ni-Cr-B-Si matrix
with significant amounts of tungsten and carbon leads
to substantial structural changes in the morphology of
the carbides and, most notably a significant decrease
in the abrasion resistance, as well as the impact tough-
ness. The tungsten carbides are the primary wear resist-
ant constituent of the MMG; thus all thermal damage to
these carbides must be minimised as the area fraction of
undamaged tungsten carbide in the deposit is the
largest factor in predicting relative performance of the
deposition. It is worth noting that under the highest
heat input conditions, re-precipitated carbides disap-
pear in the cross-section and fully dissolve into the
matrix that exhibits a uniform appearance in conjunc-
tion with elevated levels of dissolved iron from excessive
dilution.

All of the defects identified in this analysis and
depicted in Figure 3 are related in some capacity to
high thermal conditions of the laser DED process
induced from a combination of high laser power, low
travel speeds, and or low powder feed rates relative to
each other. The defects do not tend to appear in iso-
lation and can often appear either all together or not
at all. Despite this all or nothing observation, it has
been difficult with the infinite parameter adjustment
between these major process variables to identify a
stable process operating window, a strong incentive
for the development of a systematic ML approach to
defect extent identification and corresponding par-
ameter selection.

2.3. Machine learning datasets

The extensive Ni-WC MMC dataset generated for defect
detection is divided into three versions with different
microstructure labels as shown in Figure 4. The first
dataset corresponds to process regimes or states,
namely defective, normal, or failure. The defective
state corresponds to depositions with one or more
anomalies of the matrix, reinforcement, or both. The
normal state represents the absence of these anomalies,
leading to desired microstructures of the deposited
MMCs. The failure state corresponds to cases where
the process parameters fail to deposit a viable track,
leading to its detachment from the substrate. The
second dataset classifies the presence of six co-existing
anomalies, including GP, SP, ECD, NCD, EDB, and RPHP.

The third dataset corresponds to the extent of each
anomaly. The extent of each anomaly is classified as
either absent, low, or high based on microstructure
quantification and expert labelling. The distribution of
CLAMIR and FLIR frames across the classes of each
dataset is also presented in Figure 4. The following
steps were consistently applied to all the cross-sections
to determine the extent of co-existing anomalies:

(1) quantify the presence of carbide particles, porosities,
matrix, dilution area, and reprecipitated hard phases
using DL-based semantic segmentation models tai-
lored to the Ni-WC MMC dataset from optical and
scanning electron microscopy

(2) apply expert industrial thresholds on anomalies
reflected as relative area fractions, which included por-
osities, carbide particles, and reprecipitated phases in
the reinforcement area, leading to GP, SP, ECD, and
RPHP extent labels as well as dilution area below the
original substrate surface, leading to EDB extent labels

(3) apply expert analysis on anomalies reflected as a dis-
tribution such as uniform or non-uniform distri-
bution of the carbide particles, leading to NCD
extent labels

2.4. Small-scale data-efficient video transformer

It has been established in data-driven process defect or
anomaly detection tasks of AM that critical temporal
information is lost while working with only image-
based process models [19,41]. Similarly, melt pool-
related process signatures, whether directly or indirectly
derived, have been shown in multiple studies to effec-
tively capture correlations with process parameters
[42-44]. Moreover, the process rates and states associ-
ated with complex phenomena are best captured
using a spatial-temporal structure of monitored
camera data [28]. Building upon these findings of ML-
assisted AM research, the present research considered
state-of-the-art process video models to capture the
melt pool variations and relate them to defects of inter-
est. The video models were used to capture high-level
process variations across normal, defective, and failure
regimes, enabling accurate classification of video clips
into these categories.

The recent success of self-attention models on long
sequences of textual data has been successfully trans-
lated to spatial (images) and spatiotemporal (videos)
data structures [45]. Transformer models act on the
vision data by dividing it into patches and applying
the attention mechanism across the patches. Each
patch of pixels is flattened and linearly transformed to
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Figure 4. CLAMIR and FLIR frame distributions across different defect labels, their types, and extents from deposited Ni-WC MMC. The
microstructural screenshots symbolically show the dominant defect types.
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a fixed sized projection. Contrary to the convolutional
models that inherit capacity to capture positional
relations, the spatial (and temporal) information within
and across patches is inserted through embeddings
that are added to linear projections of vectorised patch
pixels. The key attention module serves as the engine
of a transformer architecture. It learns to transform
these inputs into query, key, and value vectors and
attention scores for each input vector relative to all
other input vectors are calculated. The attention scores
are later weighted using the value vectors. The output
goes through a feed forward network (FFN) following
residual connection and layer normalisation. The
output of the FFN also goes through another residual
connection and layer normalisation, and this pattern of
self-attention,  addition-normalisation, FFN, and
addition-normalisation is repeated several times
depending on the depth of a given transformer model.
Equations (2-6) represent these operations.

zj = W, x flatten(P;) + b, (2)

where z; represents the projected vector of the i-th
patch, W, is the weight matrix for linear transformation,
P; represents a patch of pixels from the image, and b,
represents bias for linear transformation.

Xi = zj + E,' (3)

where x; is the input vector after adding positional
embedding, and E; is the positional embedding for
patch i.

Attention(x;, x;) = softmax((q; * ij) / sqrt(dy) * v; (4)

where q; is the query vector derived from xi, k; is the key
vector derived from xj, dix represents the dimension of
the key vectors, and v; is the value vector derived from xj.

FFN(y;) = ReLUW; xy; + by) x W5 + b, (5)

where y; is the output from the attention mechanism, W,
represents the weight matrix of the first feedforward
layer, b; represents the bias of the first feedforward
layer, W, represents the weight matrix of the second
feedforward layer, b, represents the bias of the second
feedforward layer, and y; is the output after first residual
connection and normalisation.

z, = LayerNorm(y, + FFN(y,)) (6)

where z; is the final output after all layers in the transfor-
mer block.

Video vision transformers represent state-of-the-art
empirical capabilities to learn AM process variations
and relate these variations with resulting defects in the
AM parts [46-48]. There are a handful of these

architectures available, such as Video Vision Transformer
[49], TimeSFormer [50], Video Swin Transformer [51] and
VideoMAE [52]. Out of these options, the self-supervised
video transformer VideoMAE was selected in the present
research to extract features from the melt pool videos
and evaluate their potential for fusion. The utilised
video masked autoencoder transformer or VideoMAE
model has been pre-trained on the Kinetics-400 video
dataset [52]. The architecture of the model presented
in Figure 5(a) is structured in a typical encoder-
decoder fashion. The self-supervised architecture
enables the learning of meaningful video represen-
tations in the absence of ground truths. Moreover, the
architecture deploys a significantly high ratio (>90%)
of masking for patches in the input clip and learns to
reconstruct both masked and unmasked patches in a
relatively simpler decoder. The masking property may
be especially useful for the AM melt pool video clips
where the majority of the variations only come from a
small region and the remaining regions can be masked
randomly. In order to fine-tune the model on the Ni-
WC MMC process dataset, and learn features specific
to the three process states, a classification variant of
the model was used as shown in Figure 5(b) [52].
In the modified version, the decoder was removed,
and the classification layer of the model was updated
to differentiate three process states. The architectural
details for the small variant of VideoMAE classification
model are presented in Table 4. Furthermore, the train-
ing parameters for fine-tuning the FLIR and CLAMIR
camera datasets on VideoMAE-small are presented in
Table 5.

2.5. Extent-specific feature selection

Explainable Al methods allow to interpret the inner
workings of the ML models and their applications in
advanced manufacturing are critical to support the
adoption of Al-assisted tools and techniques. Shapley
additive explanations (SHAP)-based importance of fea-
tures is being increasingly used within advanced manu-
facturing as an explainable Al technique to evaluate the
impact of each feature on model output [53]. In this
work, SHAP was used to interpret features extracted
from fine-tuned vision transformer. SHAP values are
based on the cooperative game theory. It offers a
method for allocating the ‘reward’ (i.e. the model’s pre-
diction) among a group of ‘contributors’ (i.e. input fea-
tures) according to their individual impact. Equation 7
calculates the feature importance ¢;(f) using SHAP. The
results can provide information about the potential of
monitoring systems, the distribution of experimental
data, and the significance of model features for defect
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(A) Kinetics-400 Pretrained Self-Supervised VideoMAE Model
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Figure 5. VideoMAE architecture for melt pool sequences. Input clips of 16 frames (224 x 224) were divided into small 3D patches (2-
frame X 16 x 16), masked at >90%, and passed through the encoder. Spatiotemporal tokens were pooled and processed through a
384-dimensional fully connected layer for classification into process categories (e.g. defective, normal, failure).

detection tasks. SHAP-based rankings of feature impor-
tance can also provide insights into the effect of
camera fusion and inform the selection of the most

Table 4. Architectural configuration of VideoMAE model (small)
for classification.

Stage Component Details

Input 3 Channels, 16 Frames,
224 x 224 per frame

Embeddings Conv3d Layer kernel_size = (2, 16, 16),
stride = (2, 16, 16),
out_channels = 384

Encoder 12 x VideoMAELayer Each layer includes:

o Self-Attention Query, Key, Value:
Linear (384, 384)
o Self-Output Dense (384, 384)

¢ Intermediate Dense (384, 1536), GELU

« Output Dense (1536, 384),

e Layer Norms
(before and after)

LayerNorm ((384,))

Output Normalisation  LayerNorm LayerNorm ((384,),
eps = 1e-05)
Classifier Linear Linear (384, 3)

important features for detecting specific defects.

ISI!M — 15— 1)!

@ (f) = i LFSU{H— S (7)

SC{1,... . MA{}

where M is the total number of features, S is a subset of
features not including j, f(S) is the model’s prediction
given the features in subset S, f(SU(j)) is the model’s pre-
diction given the features in subset S plus feature j, and
|S] is the number of features in subset S.

Table 5. Training parameters for fine-tuning VideoMAE-small
model on the CLAMIR and FLIR datasets.

Parameter Values
Architecture variant Small

Parameters / Weights 22,000,000

Learning rate range 5e-05 - 5e-06

Train and test batch size 8

Optimiser Adam with betas = (0.9, 0.999)
and epsilon = 1e-08

Learning rate scheduler Linear

Number of fine-tuning steps 2000

Input shape 8X 16X 3x224x224

1 x 3 (Normal, Failure or Defective)
Yes (Kinetics-400 weights)
80/20

Output shape
Pre-trained (dataset)
Train/Validation split
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The MWIR CLAMIR- and FLIR-based model check-
points representing lowest validations losses were
used to extract fine-tuned features for subsequent
classification of defect extents. The direct use of an
extent-level dataset in the video transformer model
was found to be incompatible with size requirements
of these models, as indicated by previous AM-based
studies [47-50]. As a result, the extracted features were
used to construct six datasets, each representing one
of the anomalies under consideration. Each dataset has
three classes representing extent-free (absence), low
and high extent of the respective defect. Table 6 pre-
sents the distribution of the defect extent datasets
derived from fine-tuned VideoMAE models using
CLAMIR and FLIR input video clips.

The feature datasets from the six anomalies were sub-
jected to SHAP-based reordering leading to three
different rankings, each corresponding to feature impor-
tance relative to a single class (absent, low or high). The
SHAP importance scores are superior to model-specific
feature rankings (e.g. Gini, entropy) as these can
provide model-independent insights. Therefore, the
model was treated as a black box with inputs and corre-
sponding outputs observed to explain its predictions.
The features were iteratively removed from each
ranked set, starting from the least important feature to
eliminate noise. This approach helped to remove noise
while preserving predictive power. To maintain consist-
ency, a baseline tree model (with constant default par-
ameters) was used alongside a stratified GroupKFold
(k=4) cross validation approach to evaluate the
impact of feature elimination on performance. A total
of 36 rounds of feature selection were carried out
(3 classes, 6 anomalies, 2 datasets) and the value of
k =4 balanced the computational cost with robustness.
As tree-based models are relatively robust to irrelevant
features, they provided a strong baseline for feature
importance evaluation. Stratification ensured similar
class distribution in each fold, whereas the group-

Table 6. Distribution of training samples across defect extent

classes (extent-free, low-extent, and high-extent) for each

anomaly based on features extracted from fine-tuned CLAMIR

and FLIR models. A separate 10% test split from the total

dataset was created for both stable and unstable conditions.
Defect Extent Classes

Total Extent-free Low-extent High-extent
Defects Samples Class Class Class
GP 4042 1541 1420 1081
SP 2128 863 743 522
EDB 4167 1541 1324 1302
NCD 4042 1541 1361 1140
ECD 2165 863 802 500
RPHP 4351 1541 1420 1390

based segregation limited the data leakage between
the training and test folds.

The elimination process was stopped at a fixed
minimum feature set (>15 features) for each class to
prevent over-reduction that could degrade model per-
formance. Ensuring a minimum number of features
maintains some level of redundancy, which is beneficial
in real-world manufacturing datasets with the potential
of environmental noise and added process dynamics.
Feature sets corresponding to maximum performance
were recovered in each case and were merged into a
single feature set, while keeping only the unique fea-
tures. To eliminate the redundancy among concate-
nated features, the Spearman correlation coefficient
was used to drop highly correlated feature pairs
(>0.85). In contrast to the Pearson correlation, which
assumes linearity, the Spearman correlation captures
monotonic real-world feature relationships. To accom-
modate the imbalance in the distribution of samples
across the three classes, weighted loss was used
during the feature selection process. These steps are
symbolically presented for the CLAMIR- and FLIR-
based EDB defect extent classes in Figure 6 while
using accuracy and F1 score to record performance
variations.

2.6. Cross validation and hyperparameter search
for extent detectors

Several considerations were taken into account to
increase the success of training and to maximise its
effectiveness. The challenge to predict the extent of mul-
tiple co-existing anomalies is unique to heterogeneous
materials such as MMCs. While the anomalies co-exist,
their extent varies and can be quantified through
optical and scanning electron microscopy. Therefore,
defect-specific extent classifiers were developed by
careful selection and fusion of features from MWIR
cameras. Developing anomaly specific classifiers lowers
the data requirements as compared to a single classifier
and limits the correlations among the co-existing
anomalies.

For a given set of laser power, powder feed rate and
traverse speed, the associated melt pools undergo
similar variations that are usually limited. As a result,
mixing experiment groups (e.g. bead monitoring data)
between training and validation sets can lead to data
leakage between the training and testing process [54].
Data leakage can lead to unreasonably high perform-
ance that is not representative of the problem complex-
ity. Moreover, when models are evaluated on new data
from real-world production environment, the perform-
ance can significantly degrade, since training was
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Figure 6. Explainable feature selection using SHAP-based feature importance to identify features relevant to defect severity levels.
Class ‘0", ‘1, and ‘2’ represent extent-free, low-extent, and high-extent defect levels respectively.

influenced by data leakage. Therefore, it was ensured
that the test data comes from beads that did not contrib-
ute to training using stratified GroupKFold cross vali-
dation [55]. Balanced class weights were used in the
loss function to offset the impact of varying class

representations in the resulting training and validation
folds. Two unseen test sets, each 10% of the original
dataset, were used, representing stable and unstable
process dynamics. The unstable test set represented
variations in process dynamics at the start or end of



16 (&) M.SAFDARETAL.

deposition. A third test set was generated by applying
visual perturbations (rotation, contrast, brightness, and
Gaussian noise) to the stable test set. The perturbations
were grounded in practical considerations and were
reflected by augmentations in the original video clips
[19]. The remaining 80% of each dataset were used in
cross validation and hyperparameter search to select
the best model parameters for each of the six anomaly
extent classifiers.

The range of hyperparameter values explored during
the grid search approach of the scikit-learn library has
been presented in Table 7. A total of four classifiers
were used to detect the extent of six anomalies (GP,
SP, EDB, NCD, ECD, and RPHP). The algorithms included
Random Forest (RF), Support Vector Classifier (SVC),
Extreme Gradient Boosting (XGBoost) and Logistic
Regression (LR). These four classifiers have been widely
used in AM defect detection [13,56]. The total input
samples for each defect category are listed in Table 6.
The cross validation was performed on each of the stra-
tified folds, and the parameters corresponding to the
top-performing fold were recorded. These parameters
were used to retrain the model on the complete training
dataset. While both accuracy and F1 score were used,
weighted accuracy was used to select the top-perform-
ing hyperparameter sets. To ensure the representation
of all classes in the validation fold, a k value of 4 was
used throughout the experiments in GroupKFold.

2.7. Camera fusion for noise and process
dynamics

The FLIR and CLAMIR MWIR camera systems have
different characteristics (e.g. resolution, frame rate) and
both observe the process in different configurations.
The CLAMIR camera was co-axially focused on the
molten pool, whereas FLIR observed a larger

Table 7. Ranges of parameter values for candidate classifiers
during cross-validation and hyperparameter search.

Model Type
Random Forest (RF)

Hyperparameters Values Explored

50, 100, 200, 300, 500

n_estimators

max_depth 5,10, 20, 30
min_samples_split 2, 5, 10
min_samples_leaf 1,2, 4
max_features ‘sqrt’, ‘log2’

Support Vector Classifier C 0.1, 1, 10, 100

(SVQ) kernel ‘linear’, ‘rbf’, ‘poly’

gamma ‘scale’, ‘auto’

XGBoost (XGB) n_estimators 50, 100, 200, 300
max_depth 3,57,10
learning_rate 0.01, 0.1, 0.2
subsample 0.6,08, 1.0
colsample_bytree 0.6, 0.8, 1.0

Logistic Regression (LR) C 0.01, 0.1, 1, 10, 100
penalty ', 12"

surrounding area in addition to the melt pool region in
an off-axial configuration. Due to its off-axial arrange-
ment, the FLIR camera also captured the laser-powder-
pool interaction zone. Multi-camera fusion to support
data-driven applications for complex builds has been
suggested as a potential remedy to overcome situations
where one camera system is unable to effectively
monitor the critical process phenomena [8]. While the
current depositions don’t fall in the category of
complex build, there could still be value in fusing their
outputs for in-process defect detection to mitigate the
impact of changing process dynamics. To use the fea-
tures in the same model, a clip-wise correspondence of
frames co-located in the same region was needed,
since video models act on a group of several frames
(e.g. 10, 16, 32). In this study, low frequency FLIR was
taken as the reference and its frames were matched
with the high frequency CLAMIR camera, while matching
their spatial locality for fusion strategy shown in Figure 7.

The fusion process started by observing the onset of
the melt pool in both the FLIR and CLAMIR videos. A
time-based matching strategy was used, where time to
capture a video clip (e.g. 16 frames for VideoMAE) in
FLIR was utilised to estimate and extract corresponding
video clips from CLAMIR. Both fair and greedy
approaches to fuse the clips originating from two
cameras were considered. Fair fusion retrained the
same number of features from each camera whereas
greedy fusion utilised all available features. A fair-
fusion strategy was eventually implemented and each
FLIR clip was matched with only one corresponding
CLAMIR clip to balance feature representation and
avoid redundant information. This choice was reinforced
by experiments done in a greedy manner, leading to 2.5-
fold overrepresentation for CLAMIR features in the
fusion set without enhanced performance.

3. Results and discussion

This section presents the results from video-vision trans-
former-based model for feature generation, as well as
subsequent feature selection to eliminate noise and
redundancy. The resulting features are used to train
shallow defect extent classifiers for co-existing
anomalies through extensive hyperparameter search
and careful cross-validation. The trained models and
their performance are presented. The results of camera
fusion through the selected features are discussed in
detail to support its application to manufacturing data-
sets having increasing likelihood of external noise and
changing process dynamics. SHAP-enabled interpret-
ation of multi-camera features reveal the significance
of features from each camera to separate the extent of
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Figure 7. Frame and feature correspondence strategy for camera fusion. The strategies are inspired by the different capture frequen-
cies of co-axial and off-axial MWIR camera systems. ‘S’ represents the given time window for cross-camera frame correspondence.

these co-existing anomalies unique to Ni-WC MMC.
Different fusion strategies are discussed to effectively
maximise the complementarity of multi-camera features
across changing (stable, unstable, and perturbed)
process dynamics.

3.1. Monitoring and modelling comparison for
feature separability

The employed co-axial CLAMIR and off-axial FLIR
cameras are compared with a co-axial visible light
CMOS camera using the same material and process par-
ameters. While the optical and thermal cameras had
different resolutions and frame capture rates, the initial
comparison employed default settings to conduct
sensing potential analysis. Based on the results of this
evaluation, the most capable cameras were found to
be appropriate to capture the highly transient process.
The subsequent analysis employed a time-based regis-
tration of clips from the two thermal cameras with
different frame capture rates. This helped establish a cor-
respondence between signals being captured from
physical phenomena and supported the comparative
analysis (e.g. distribution, correlation) for feature fusion
and defect extent classification.

It has been shown in the previous research on Al-
enabled defect detection in AM that mid-infrared
cameras provide better relativity among changing
process conditions compared to simple light-based
cameras, which only capture variations in geometric or
shape-based features [28]. The comparison among the
three cameras studied in the present research in terms

of their feature separation capacity has been presented
in Figure 8. A t-distributed stochastic neighbour embed-
ding (t-SNE) was preferred over uniform manifold
approximation and projection (UMAP) for 2D feature
visualisation, since it exposes both the local structure
within bead features and the global interaction among
different beads. The CMOS camera provided poor separ-
ation between defective and non-defective features
from the pre-trained VideoMAE transformer model.
This observation against the visible light camera high-
lighted the capacity of MWIR cameras to provide high-
quality features for learning the differences amongst
the wide-ranging thermal conditions. When comparing
the potential of the camera systems, the CMOS-based
sensor (Figure 8(a)) struggled to differentiate the three
processing regimes, as expected. The FLIR and CLAMIR
cameras both showed potential to separate defect fea-
tures. FLIR seemed to outperform CLAMIR across the
three processing regimes, but it still contained regions
of overlap between the clusters.

CNNs have been the most common vision-based
models for defect detection in AM [57]. Figure 9 com-
pares the local and global feature structures between
CNN and transformer models using pre-trained and
fine-tuned weights corresponding to inputs from six
similar processing conditions (Power: 2200 & 2800 W,
Speed: 1524 & 2286 mm/min, and Feed Rate: 40 &
80 g/min). Using consistent t-SNE parameters for 2D
feature visualisation, it was observed that the self-atten-
tion-based transformers provided better starting
weights for knowledge transfer and fine-tuning [60].
Fine-tuning was still required to improve local feature
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(a) Visible Light (Co-axial
CMOS) Video Clips

(b) Mid-Infrared (Co-axial
CLAMIR) Video Clips

(c) Mid-Infrared (Off-axial
FLIR) Video Clips
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Figure 8. Melt pool data from three monitoring systems with different capture rates, resulting in varying numbers of sampled clips.
Each VideoMAE input clip had a shape of (16, 3, 224, 224), where 16 denotes the clip length. (a) Visible light (Co-axial CMOS) video
clips, (b) Mid-infrared (co-axial CLAMIR) video clips, (c) Mid-infrared (Off-axial FLIR) video clips.

distributions (e.g. experiment specific features), as well
as global feature structure among the three process
regimes (e.g. defective, normal and failure). These obser-
vations also highlight the differences between co-axial
CLAMIR with smaller spatial resolution (higher frame
rate) and off-axial FLIR with larger spatial resolution
(lower frame rate). The CLAMIR camera provides more
precise features which are consistent across parameters,
as compared to FLIR that captures relatively generic fea-
tures. Therefore, CLAMIR is expected to provide strong
classification features, whereas FLIR has the potential
to support generalisation. Following fine-tuning, both
sets of features can separate across process parameters
and process regimes.

Figure 10 compares CLAMIR and FLIR video clips
under two different VideoMAE model parameter
configurations (Kinetics-400 weights versus process-
aware weights) for both experiment-wise and process-
wise distributions. The experimental distribution is
arranged with respect to changing process parameters
whereas the process distribution highlights three
major states/regimes. Each plot shows a 2D t-SNE
embedding, where colour-coded clusters correspond
to different beads or process conditions. Notably, the
feature distributions change before and after fine-
tuning under both scenarios with FLIR features leading
to significantly improved separation compared to
CLAMIR features. Although both the CLAMIR and FLIR
clips benefit from fine-tuning, the higher spatial resol-
ution of FLIR (640 x 512) allows it to capture more intri-
cate shape and texture details than CLAMIR (64 x 64). As
a result, the FLIR clips exhibit a more visible improve-
ment after fine-tuning, since the model can better
learn complex visual patterns. By contrast, CLAMIR's
lower resolution restricts the feature richness to primar-
ily pixel intensities, limiting the impact of fine-tuning
only to minor feature rearrangement.

Cluster quality metrics (Silhouette Coefficient or SC
[58], Calinski-Harabasz Index or CHI [59], Davies-
Bouldin Index or DBI [60]) were utilised to measure
feature separation before and after fine-tuning.
Equations 8-10 show the basic formulae for these clus-
tering metrics. The SC metric measures the cohesion
and separation of clusters by calculating the average Sil-
houette score for each sample. The Silhouette scores
range from —1 to 1, with higher values signifying
better clustering quality. The CHI metric evaluates the
ratio of between-cluster dispersion to within-cluster dis-
persion. A higher CHI score indicates better-defined clus-
ters, with the optimal clustering having the maximum
CHI value. The DBI metric computes the ratio of
within-cluster distances to between-cluster distances. A
lower DBI score indicates better clustering quality, with
the optimal clustering having the minimum DBI value.

sc — (bi — a) ®)

max (a;, b;)
where g; is the average distance from the i-th point to all
other points in the same cluster and b; is the minimum
average distance from the i-th point to all points in the

other clusters.
_ Tr(By) ((k — 1)
cHi =100 ((n - k)) ©

where Tr(By) is the trace of the between-cluster dis-
persion matrix, Tr(Wj) is the trace of the within-cluster
dispersion matrix, k represents the number of clusters,
and n is the total number of data points.

1 k S S
DBl = Zmax{ﬁg,}<' + J) (10)
i=1

’.I

where s; is the average distance between each point in
cluster i and the centroid of cluster i, dj is the distance
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Figure 9. t-SNE comparison of CNN (a, e) and transformer-based (b, ¢, d, f, g, h) models across CLAMIR and FLIR clips. Transformers
provided superior pre-trained features, but fine-tuning was key for learning both local and global structures. Fine-tuning on CLAMIR
enabled clear separation of defect categories, while FLIR revealed structure across process states, particularly under changing con-

ditions (blue clusters).

between the centroids of clusters i and j, and k rep-
resents the number of clusters.

Table 8 presents cluster quality metrics (SC, DBI, and
CHI) for the CLAMIR and FLIR features extracted using
VideoMAE models with Kinetics-400 pretraining and
process-aware fine-tuning. Across both camera models,
fine-tuning improves the SC values, indicating better-
defined cluster separations. For instance, the SC for
defective CLAMIR features increases from 0.0389 (Kin-
etics-400) to 0.2087 (process-aware), and for FLIR, from
0.1794 to 0.3542, demonstrating improved cluster cohe-
sion. Similarly, the CHI values significantly increase after
fine-tuning, with FLIR's normal features rising from
183.28 to 3580.65, reinforcing the superior cluster separ-
ability in FLIR, due to its higher spatial resolution. Mean-
while, the DBI values decrease for all cases after fine-
tuning, particularly for CLAMIR's defective features
(8.54 to 1.81) and FLIR’s normal features (3.98 to 0.90),
indicating reduced within-cluster variance and stronger
feature consistency. Overall, the results highlight that
fine-tuning with process-aware weights substantially
enhances feature separability, with FLIR benefiting the
most due to its higher spatial resolution, while CLAMIR
sees moderate improvements primarily in cluster
cohesion.

The plots in Figure 11 show training and validation
loss curves during the fine-tuning process of the Video-
MAE model. CLAMIR, with its lower spatial resolution
and simpler features (melt pool zone without extended
tail and pool-powder interactions), converges faster
and reaches its minimum training loss earlier (step
#1080) compared to FLIR (step #1170). The correspond-
ing validation errors (0.000021 versus 0.000076) also
indicate that CLAMIR stabilises more quickly. Nonethe-
less, both models achieve lower validation loss as com-
pared to training loss around the 1000th step of the
fine-tuning process. The plots display the first 1500
steps out of a total of 2000 fine-tuning steps to empha-
sise critical regions of variation. The training parameters
are listed in Table 5. The two VideoMAE-small models
were fine-tuned in a GPU-accelerated (NVIDIA RTX-
4090 Ti) environment using PyTorch and the Hugging
Face Trainer APl for efficient training and evaluation.
The training process was conducted on video data,
where sequences of frames were extracted and pro-
cessed using the built-in VideoMAEImageProcessor
function to ensure consistency in input representation.
Model evaluation and logging were integrated with
Weights & Biases (WandB) to track performance
metrics, and checkpoints were systematically saved
locally and uploaded to the Hugging Face Hub for
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Figure 10. t-SNE plots of CLAMIR (64 x 64, a—d) and FLIR (640 x 512, e-h) clips using VideoMAE with Kinetics-400 vs. process-aware
weights under experiment- and process-wise distributions. Each colour-coded cluster represents feature embeddings. FLIR benefited
more from fine-tuning due to its higher spatial resolution, while CLAMIR showed limited feature rearrangement post fine-tuning.

reproducibility. The fine-tuned models captured spatio-
temporal representations of process regimes to classify
sequences into normal, defective, and failure states.

3.2. Exploration of multi-camera deep learning
features

The relative distributions of pre-trained and fine-tuned
features by comparing most important feature pairs
from two cameras were explored, as presented in
Figure 12. Only the most important features (top 35)
from each dataset for classifying defective, normal, and
failure processes are visualised to enhance clarity and
facilitate interpretation in the plots. The pre-trained
CLAMIR and FLIR features are mostly similar in their stan-
dardised distributions. StandardScalar from scikit-learn

library was used for standardisation. Some CLAMIR fea-
tures (CLAMIR_209, CLAMIR_4, CLAMIR_322) have nar-
rower densities, whereas some FLIR features have
relatively wider distributions (FLIR_377, FLIR_149,
FLIR_310). This is expected due to CLAMIR's spatial resol-
ution being much smaller, leading to high intensity
regions with increased similarity and correlations. In
comparison, FLIR features are spread out, making prob-
ability density peaks of lower amplitude in comparison
to CLAMIR.

Following fine-tuning, both the order of feature
importance and their distributions were updated, high-
lighting the impact of process-aware (e.g. defective,
failure, normal) parameter updates. Most CLAMIR (29
out of 35) and FLIR features (30 out of 35) are replaced
with newer and different features. The repeated

Table 8. Comparison of cluster quality metrics SC, DBI, and CHI for separating defective, failure and normal features from each camera

model before and after fine-tuning.

VideoMAE-kinetics features

VideoMAE-process features

Cluster Metrics Defective Failure Normal Defective Failure Normal
CLAMIR SC 0.0389 0.1460 —0.0105 0.2087 0.2210 0.1368
DBI 8.5437 10.3283 14.2143 1.8162 1.9607 1.9155
CHI 70.0835 38.3025 18.2771 1513.6204 857.9514 978.7210
FLIR SC 0.1794 0.2325 -0.0113 0.3542 0.2914 0.3916
DBI 1.9569 1.4983 3.9770 1.3836 1.1638 0.8957
CHI 1103.1317 1099.3968 183.2822 2376.2586 1805.9869 3580.6540
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Figure 11. Training (a) and validation (b) loss curves for CLAMIR and FLIR during VideoMAE fine-tuning process. The plot shows 1500
steps out of the total 2000 fine-tuning steps to focus on regions of variations.

feature for CLAMIR (100, 140, 209, 229, 285, 302) and FLIR
(12, 16, 49, 179, 230) highlight their maintained signifi-
cance for separating the process states. Similarly, the
fine-tuning also leads to a change in the feature distri-
butions producing non-overlapping density curves for
important CLAMIR and FLIR features. The fine-tuned
features from each camera also exhibit bimodal and
multimodal distributions as opposed to the unimodal
pre-trained distribution, indicating class specific distri-
butions for each of three regimes. Interestingly, a few
pairs of CLAMIR and FLIR features maintain matching
or similar distributions even after fine-tuning (FLIR_16
vs. CLAMIR_369, FLIR_292 vs. CLAMIR_367, FLIR_49 vs.
CLAMIR_236). Upon investigation, distinct peaks were
found to correspond to specific process regimes,
demonstrating the effectiveness of fine-tuning in learn-
ing process-aware features across both datasets, with
more unique FLIR peaks compared to CLAMIR.

The non-linear and linear correlations between the 35
most important CLAMIR and FLIR features are presented
in Figure 13 and in Appendix Figure A1, respectively. The
maps are discussed in four parts. The top-left region
highlights the FLIR-FLIR feature correlations. It is notice-
able that the intra-FLIR correlations are not significantly
strong, highlighting that the FLIR features are capturing
different aspects of the process. The top-right and
bottom-left regions show mirrored representation of
FLIR-CLAMIR feature correlations. Inter-camera feature
correlations are much weaker than intra-camera
feature correlations for the most important features.
This indicates that the FLIR and CLAMIR features are
uncorrelated, a key aspect that is a strong incentive for
combining all features to enhance in-process

microstructure defect detection and classification. The
bottom right region highlights intra-CLAMIR feature cor-
relations. There are several visible clusters of strong posi-
tive or negative correlations. This highlights the
relevance of feature selection or dimensionality
reduction for CLAMIR, since its features may be captur-
ing similar information. It was also observed that
moving from the most important features to features
with less importance increased the intra-camera
feature correlations significantly, whereas the inter-
camera correlations remained in a similar range. The cor-
relations’ map highlights two aspects: the potential for
inter-camera feature fusions and the relevance of intra-
camera feature reductions. For both types of corre-
lations, more highly correlated pairs are found within
each individual dataset (linear intra-FLIR: 448 pairs,
non-linear intra-FLIR: 114 pairs, linear intra- CLAMIR:
706 pairs and non-linear CLAMIR: 612 pairs) compared
to across datasets (linear FLIR-CLAMIR: 5 pairs and non-
linear FLIR-CLAMIR: 1 pair). The cross-camera linear cor-
relations are much weaker than non-linear correlations.
In both cases, correlations between CLAMIR features
highlight greater redundancy than FLIR. Overall, these
observations warrant careful selection and reduction of
features to effectively enhance information for defect
extent classification.

3.3. Feature selection and reduction

Following the observations on prevalent noise and
redundancy in our dataset, feature selection and
reduction was performed. The original feature sets for
all six co-existing anomalies were reduced using SHAP-
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Figure 12. Comparison of 35 most important pre-trained (a) and fine-tuned (b) features from CLAMIR and FLIR in standardised form
using kernel density estimation for continuous feature values.

based feature importance in a tree-based classifier.
Tables 9 and 10 show the reduction of CLAMIR and
FLIR features, respectively. The classification layer of

the VideoMAE model outputs 384 features for each
input video clip of shape 16 x3x224x 224 (e.g. one
layer before the task layer). The extracted features



VIRTUAL AND PHYSICAL PROTOTYPING 23

Intra and inter-camera non-linear correlation heatmap
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Figure 13. Intra and inter-camera non-linear feature correlations for the most important (1-35) fine-tuned VideoMAE features.

were arranged into six datasets, one for each defect cat-
egory. As shown in Figure 4, each dataset contained
three ground truth labels to separate the extent of
defect into absent, low, and high classes. The SHAP
values enabled reorganisation of the extracted Video-
MAE features for each extent class based on their impor-
tance. Recursive elimination of least significant features to
most significant features allowed the removal of noisy
features in each class. Feature elimination was stopped
with at least 15 features for each class. The class-wise
selected features were combined, and unique features
were maintained. Finally, the highly correlated features
across the three classes were removed using a Spearman
correlation value of 0.85, leading to a final reduced set

with minimum noise and redundancy. The feature selec-
tion process led to the most significant features for
each defect category. The CLAMIR features saw higher
reduction compared to FLIR, owing to extreme redun-
dancy as discussed in the last Section. Moreover, both
camera datasets contained shared features across all
classes, indicating their overall importance for defect
extent separation task. Notably, the CLAMIR features
were reduced to as low as 12 for both ECD as well as
RPHP extent separation with most features retained for
SP at 40. On the other hand, the FLIR features were
ranked more uniformly, leading to a higher number of
features at the end, such as 299 for ECD and 290 for GP
with lowest features retained for SP at 49.
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Table 9. Explainable selection of CLAMIR features for defect-
extent classes.

Class-wise
selected
features

Reduced
features

Combined
feature (unique)

Absent: 34 42 22
Low: 14
High: 24
Absent: 74 76 40
Low: 14
High: 14
Absent: 14 22 13
Low: 14
High: 14
Absent: 34 53 28
Low: 24
High: 44
Absent: 14 23 12
Low: 14
High: 14
Absent: 14 19 12
Low: 14
High: 14

Original

Defect features

GP 384

SP 384

EDB 384

NCD 384

ECD 384

RPHP 384

3.4. Best extent classifiers

Reduced features were used for RF, SVC, XGB, and LR
model selection. The models were trained through
extensive hyperparameter search and stratified GroupK-
Fold cross-validation [55]. The selected hyperparameters
for top-performing models are shown in Tables 11 and
12 for CLAMIR and FLIR respectively. Both the CLAMIR
and FLIR datasets yielded distinct parameters for each
defect category within each algorithm type. The results
highlight model specific tuning required for optimal per-
formance across the defect categories.

Among CLAMIR-based defect extent classifiers, RF
estimators varied significantly across the categories,
with higher values (e.g. 300 for GP and 200 for EDB) indi-
cating the need for more estimators. The maximum

Table 10. Explainable selection of FLIR features for defect-
extent classes.

Original
Defect features

GP 384

Reduced
features

Combined
feature

Class-wise selected
features

Absent: 334 336 290
Low: 14
High: 14
Absent: 34 60 49
Low: 54
High: 44
Absent: 214 219 188
Low: 14
High: 14
Absent: 134 140 126
Low: 14
High: 14
Absent: 374 374 299
Low: 14
High: 14
Absent: 24 74 51
Low: 74
High: 14

SP 384

EDB 384

NCD 384

ECD 384

RPHP 384

depth values remained relatively low, except for ECD
and RPHP, which required deeper trees (e.g. 30). The
minimum samples split, and minimum samples leaf
values were generally small, promoting more splits,
and the maximum features varied between ‘log2’ and
‘sqrt’. The SVC models highlighted changing complexity
with C values ranging from 0.1 to 100 and kernel types
switching between ‘rbf’ and ‘poly’. The XGB models
showed a preference for lower learning rates (0.01-0.2)
and moderate tree depths (mostly 3-5), with subsample
values consistently at 0.6, except for ECD (1.0). In the
case of the LR models, the C parameter fluctuated
from 0.01 to 100, indicating different levels of regularis-
ation, and the solver was fixed as ‘liblinear’, with penalty
switching between ‘11" and ‘I2'.

Among the FLIR-based defect extent classifiers, the RF
estimators also varied significantly across the categories,
with highest value of 500 for RPHP, indicating the need
for more estimators. The maximum depth values were
consistently low (except for RPHP), suggesting a prefer-
ence for shallower trees. The minimum samples split,
and minimum samples leaf values varied slightly with
more smaller values for deeper splits, and maximum fea-
tures varied between ‘log2’ (GP, SP, and EDB) and ‘sqrt’
(NCD, EDC, and RPHP). The SVC models highlighted
changing complexity with C values ranging from 0.1
(GP, SP, EDB, RPHP) to 100 (NCD) and kernel types
switching between ‘rbf’ (EDB, ECD) and ‘poly’ (GP, SP,
NCD, RPHP). The XGB models showed a range of estima-
tors (e.g. 50 to 300) with maximum depth values (e.g. 3,
7, and 10) reflecting the varying models’ complexity. The
learning rates and subsamples were optimised for gen-
eralisation. The C parameter in the LR models ranged
from 0.01 to 100 with a mix of ‘I1" and ‘I2’ penalties
and the ‘liblinear’ solver.

Table 13 lists the performance in weighted accuracy
and weighted F1 score for the best performing models
during the hyperparameter search (Randomized-
SearchCV). The reported performances come from the
top-performing fold during stratified GroupKFold cross
validation instead of a random validation set to avoid
data leakage from training to validation sets leading to
unrealistically high performances. Overall, the CLAMIR-
based models achieve lower performance compared to
the FLIR models across the six defect categories. Five
out of six CLAMIR-based classifiers were selected from
the RF parameter grid (0.87 GP, 0.83 SP, 0.88 EDB, 0.86
NCD, 0.94 ECD) with the exception of the RPHP classifier,
which was selected from the SVC parameter grid (0.87
RPHP). The performance of the best classifiers for the
FLIR dataset is distributed among the different models
with the SVC (0.94 GP, 0.95 SP, 0.97 NCD), LR (EDB
0.93, ECD 0.97) and RF (RPHP 0.97) models. Notably,
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Classifiers Parameter GP SP EDB NCD ECD RPHP

Random Forest (RF) Parameter Grid n_estimators 300 50 200 100 100 50
max_depth 10 5 5 5 30 30
min_samples_split 10 2 2 2 2 10
min_samples_leaf 4 2 2 4 2 1
max_features ‘log2’ ‘log2’ ‘sqrt’ ‘sqrt’ ‘sqrt’ ‘log2’
class_weight ‘balanced’

Support Vector Classifier (SVC) Parameter Grid C 0.1 0.1 10 0.1 10 100
kernel ‘rbf’ ‘poly’ ‘poly’ ‘rbf’ ‘poly’ ‘poly’
gamma ‘scale’ ‘scale’ ‘scale’ ‘scale’ ‘scale’ ‘scale’
class_weight ‘balanced’

XGBoost (XGB) Parameter Grid n_estimators 100 300 50 50 50 200
max_depth 3 10 5 5 5 3
learning_rate 0.01 0.01 0.1 0.2 0.01 0.2
subsample 0.6 0.6 0.6 0.6 1.0 0.8
colsample_bytree 0.8 1.0 0.6 0.6 0.8 0.6

Logistic Regression (LR) Parameter Grid C 0.1 100 0.1 0.01 100 100
penalty n n’ 12’ ‘12’ 2" 12"
solver ‘liblinear’

the inclusion of LR amongst the top classifiers indicates
that the FLIR-based defect extent features are more lin-
early separable than CLAMIR. However, the performance
of the LR FLIR models is similar to the performance of the
three other classifiers for EDB and ECD. The top-perform-
ing models for each defect category are emboldened in
Table 13.

3.5. Impact of noise and process dynamics

The models corresponding to the best set of hyperpara-
meters in each case were trained on data from all folds
prior to saving. The top-performing models were then
tested using three unseen test sets representing stable,
unstable, and perturbed process dynamics. Each test
set accounted for 10% of the overall datasets, whereas
the perturbed test set was generated by applying
visual augmentations to the original video clips. The
augmented features were then subjected to multiplica-
tive Gaussian noise with increasingly perturbed

Table 12. Best hyperparameters for FLIR-based models.

distribution. The unstable test set reflected scenarios
where the visual appearance of the captured frames
varied significantly due to changes in the deposition
conditions (e.g. process start, process end, intricate
feature deposition). In the current work, the unstable
test set consisted of clips corresponding to the start of
the process, as they exhibited significant changes even
at the same process parameters. Both noise and chan-
ging dynamics are grounded in realistic scenarios
leading to variations in the input data. Therefore, the
evaluation of selected models under these conditions
provides useful insights for their industrial deployment
[64]. Figure 14 highlights the start and end dynamics
relative to the stable region. Differences in the Structural
Similarity Index Measure (SSIM) are visible for both the
CLAMIR and FLIR inputs; however, the FLIR similarity
(that starts from ~0.88 to ~0.94 and fluctuates towards
the end ranging ~0.90 to ~0.94) changes significantly
as compared to CLAMIR (ranging ~0.9980 to ~0.9999
at the start and ~0.9965 to ~0.9985 at the end) when

Hyperparameter GP SP EDB NCD ECD RPHP

Random Forest (RF) Parameter Grid n_estimators 50 50 100 100 100 500
max_depth 5 5 5 5 5 10
min_samples_split 2 10 2 2 10 2
min_samples_leaf 2 2 4 4 1 1
max_features log2 log2 log2 ‘sqrt’ ‘sqrt’ ‘sqrt’
class_weight ‘balanced’

Support Vector Classifier (SVC) Parameter Grid C 0.1 0.1 0.1 100 1 0.1
kernel ‘poly’ ‘poly’ ‘rbf’ ‘poly’ ‘rbf’ ‘poly’
gamma ‘scale’ ‘scale’ ‘scale’ ‘scale’ ‘scale’ ‘scale’
class_weight ‘balanced’

XGBoost (XGB) Parameter Grid n_estimators 300 50 50 100 300 100
max_depth 10 3 7 3 7 3
learning_rate 0.01 0.01 0.1 0.01 0.1 0.1
subsample 0.6 0.8 0.6 0.6 0.6 0.8
colsample_bytree 1.0 1.0 1.0 0.8 0.8 0.8

Logistic Regression (LR) Parameter Grid C 1 100 0.01 0.02 1 0.1
penalty 2 n 12" 2 12" n
solver ‘liblinear’
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Table 13. Best performing models for CLAMIR and FLIR from
hyperparameter search.

CLAMIR FLIR
Weighted Weighted F1 Weighted Weighted F1
Models Accuracy Score Accuracy Score
GP RF 0.8717 0.7886 0.9330 0.8917
GP SVC 0.8679 0.7898 0.9385 0.9008
GP XGB 0.8626 0.7738 0.9376 0.8986
GP LR 0.7738 0.6441 0.9275 0.8825
SP RF 0.8359 0.7064 0.9122 0.8481
SP SVC 0.8207 0.6867 0.9466 0.9109
SP XGB 0.8251 0.7036 0.9284 0.8798
SP LR 0.8113 0.6741 0.9300 0.8825
EDB RF 0.8830 0.8129 0.9288 0.8870
EDB SVC 0.8826 0.8131 0.9268 0.8838
EDB 0.8577 0.7721 0.9283 0.8862
XGB
EDB LR 0.8096 0.6890 0.9305 0.8897
NCD RF 0.8677 0.7891 0.9575 0.9316
NCD 0.8611 0.7792 0.9705 0.9525
SvC
NCD 0.8053 0.6828 0.962 0.9387
XGB
NCD LR 0.8186 0.7055 0.9584 0.933
ECD RF 0.94 0.8974 0.9648 0.9396
ECD SVC 0.922 0.8641 0.9658 0.9413
ECD 0.8488 0.6777 0.9645 0.9393
XGB
ECD LR 0.9095 0.8293 0.9686 0.9462
RPHP RF 0.8082 0.7014 0.9696 0.9529
RPHP 0.873 0.7957 0.9694 0.9526
SvC
RPHP 0.8201 0.7173 0.9694 0.9526
XGB
RPHP LR 0.7928 0.6824 0.9613 0.9401

The results of the highest performing model in each defect category are
emboldened.

subjected to process instability. This behaviour results
from FLIR capturing more shape-based features com-
pared to CLAMIR, which only focusses on a subset of
high intensity melt pool pixels.

The degrading performances of the CLAMIR and FLIR
models across the six defect categories, as these are sub-
jected to features from unstable process dynamics (by
replacing the stable test set), are presented in Figure
15(a-f). For noise and instability comparison, we
focused on the RF classifiers, as it was the top-perform-
ing model type in most CLAMIR-based defect extent
classifiers. The CLAMIR models were found to provide
better generalisability in performance compared to the
FLIR models, especially in the case of GP (Figure 15(a)),
SP (Figure 15(b)), NCD (Figure 15(d)), and RPHP (Figure
15(f)). The instability in process dynamics had a similar
impact on the ECD (Figure 15(a)) model. This suggests
that the CLAMIR dataset provides more robust feature
representations that maintain predictive performance
under unstable process conditions. One possible expla-
nation for this behaviour is CLAMIR’s reliance on inten-
sity features over shape features, which are less
affected under instability. The disparity in the

performance degradation highlights the varying sensi-
tivity of the two datasets to process-induced variations
and emphasises the importance of selecting appropriate
data sources for defect extent classification in dynamic
manufacturing environments. One notable exception
was the EDB model where similar performance degra-
dation occurred for both the CLAMIR and FLIR models
suggesting that both models prioritised features
(e.g. intensity) with similar dependence on process
instability.

Similarly, to evaluate the impact of noise on the
predictive performance of the models, visual augmenta-
tions grounded in realistic scenarios were applied to the
CLAMIR and FLIR video clips. These included frame
rotations, brightness, contrast and Gaussian noise.
The augmentations for FLIR were kept 5 times higher
in magnitude than CLAMIR due to its frame resolution
being 8-10 times greater, providing higher capacity
against lower perturbation magnitudes (rotation:
random +30° contrast: £20% with constant brightness,
brightness: £20% with constant contrast, noise: ran-
domly selected variance between 10 and 50). All aug-
mentations were applied using the Albumentations
library to manage frame-wise consistency [61].

The impact of visual noise on the feature distributions
from FLIR and CLAMIR cameras is compared in Figure 16.
The FLIR density plots (Figure 16(a)) show how different
augmentations alter the distribution of the FLIR features
compared to the original data (blue curves). While
rotation minimally affects the feature distributions, con-
trast and brightness adjustments shift the peaks, and
Gaussian noise broadens the distributions, introducing
greater variability in the feature values. In the case of
CLAMIR (Figure 16(b)), the original data remains
sharply concentrated around specific values. Augmenta-
tions such as contrast, brightness, and noise introduce
broader, more dispersed distributions for CLAMIR com-
pared to FLIR, with noise having the most evident
effect by spreading the feature values across a wider
range. The stability of CLAMIR is affected more signifi-
cantly by noise owing to its reliance on a small
number of intensity pixels across a wide range of proces-
sing conditions (e.g. laser power from 1000 W to 5000 W)
whereas the stability of FLIR is disturbed by changing
process dynamics as it affects high fidelity shape fea-
tures captured by the thermal camera.

The performance of RF classifiers based on CLAMIR
and FLIR models when input data is subjected to noise
is presented in Figure 17(a—f). Notably. and as opposed
to instability, noise had more adverse effect on CLAMIR
performance compared to FLIR, which remained
around at ~80% overall performance even under extre-
mely noisy data. As a result, the reliance of the CLAMIR-
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Figure 14. CLAMIR and FLIR signals across a single track with highlighted stable and unstable regions based on SSIM and extracted
microstructural images from optical metallography.
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(a) Top FLIR features before and after augmentations
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mean shifted to support comparison between original and augmented distributions. (a) Top FLIR features before and after augmenta-
tions, (b) Top CLAMIR features before and after augmentations.
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Figure 17. Impact of noise on the overall performance of the six defect extent classifiers, with the example of brightness-based aug-
mentations followed by multiplicative Gaussian noise applied to augmented features (RF model).

based models on a few important features improved its
precision but led to poor generalisability. Noise had
different impact on specific classifiers. FLIR-based SP
(Figure 17(b)), NCD (Figure 17(d)), and RPHP (Figure
17(f)) maintained >80% performance when subjected
to noise, whereas the performance for FLIR based GP,
EDB, and ECD was slightly lower. Gaussian noise was
then applied multiplicatively to each augmented
feature, scaling its value by a factor of 1+N (0, 0),
where o represents the noise standard deviation. The
noise level was progressively increased from 0.05 to
0.40 in increments of 0.05 to simulate varying levels of
perturbation for assessing model robustness. This
lowered the computational cost as compared to the
visual augmentations and provided an assessment of
feature stability for both CLAMIR and FLIR.

Fusion of the features was explored to improve the
overall performance, as well as increase the generalisa-
bility of the models to changing data distributions
from noisy and unstable conditions. This was done by
repeating the hyperparameter search for the best
models on joint CLAMIR-FLIR feature datasets. In the
case of changing process dynamics, the lower perform-
ance of the FLIR models was related to the lack of confi-
dence in separating the higher extent of defects from
the lower extent. The FLIR-based confusion matrices in
Figure 18 highlight significant false negatives for the
high-extent class among all defect categories (e.g. GP,
SP, EDB, NCD, and RPHP), while maintaining superior
or comparable performance on absent and low-extent

classes. The CLAMIR-based models see a drop in predict-
ing low extent classes in the case of SP and EDB, as indi-
cated by the false negatives in the respective confusion
matrices. The direct fusion of features was explored to
exploit the complementary performance of the datasets
across defect extent classes (with overall weighted accu-
racies of GP SVC 0.9380, SP RF 0.8841, EDB LR 0.9478,
NCD RF 0.9609, ECD RF 0.9714, RPHP RF 0.9789).
However, as shown in Figure 19, direct feature fusion
didn’t improve the performance on high-extent class
for GP, SP, NCD and RPHP (46.7% (Figure 18(c)), 40.5%
(Figure 18(f)), 71.7% (Figure 18(l)) and 44.1% (Figure
18(r)) high-extent false negatives). These results are
interpreted in the next Section to explain the perform-
ance of feature fusion, as well as explore better fusion
strategies.

3.6. Fusion of extent separating features

The impact of fusion on extent separating features from
each camera was investigated to explain the lower per-
formance of the feature fusion-based models on the GP,
SP, NCD, and RPHP defect categories. As shown in Figure
19, the direct fusion of features leads to random selec-
tion of the top CLAMIR and FLIR features for high
extent class, often being biased to FLIR features over
CLAMIR features, which leads to lower performance for
the instability scenario. In the case of GP (feature_27 in
Figure 19(c)) and NCD (feature_185 in Figure 19(0)),
only a single CLAMIR feature ends up in the top 15
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Figure 18. Comparison of CLAMIR and FLIR model performances againt direct feature fusion using unstable test set. The low perform-
ance on separating high-extent class after fusion is highliged in red using false negatives for GP (c), SP (f), NCD (I) and RPHP (r). (a)
CLAMIR GP, (b) FLIR GP, (c) GP Feature Fusion, (d) CLAMIR SP, (e) FLIR SP, (f) SP Feature Fusion, (g) CLAMIR EDB, (h) FLIR EDB, (i) EDB
Feature Fusion, (j) CLAMIR NCD, (k) FLIR NCD, (I) NCD Feature Fusion, (m) CLAMIR ECD, (n) FLIR ECD, (o) ECD Feature Fusion, (p) CLAMIR
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Figure 19. Impact of fusion on the most significant features for detecting high-extent of anomalies (RF model). (a) CLAMIR GP, (b) FLIR
GP, (c) GP Feature Fusion, (d) CLAMIR SP, (e) FLIR SP, (f) SP Feature Fusion, (g) CLAMIR EDB, (h) FLIR EDB, (i) EDB Feature Fusion, (j)
CLAMIR ECD, (k) FLIR ECD, (I) ECD Feature Fusion, (m) CLAMIR NCD, (n) FLIR NCD, (o) NCD Feature Fusion, (p) CLAMIR RPHP, (qg) FLIR
RPHP, (r) RPHP Feature Fusion.
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Figure 20. Decision boundaries using one CLAMIR and one FLIR feature from the overall ranked feature set across six anomalies.

features following fusion, whereas no CLAMIR feature
was found among the top fusion features in the case
of RPHP (in Figure 19(r)). Although the fusion models
for SP leveraged more CLAMIR features, these weren't
the most effective ones to separate the extents of low
and high defects. By contrast, the EDB (Figure 19(i))
and ECD (Figure 19(I)) models that performed relatively
better on the fusion dataset retained top CLAMIR fea-
tures (feature_246, feature_130) among the overall
feature rankings, enabling better separation of the
high-extent from the other classes.

The distribution of unstable test data across the
important features in terms of values and impact was
evaluated using SHAP, as highlighted in Appendix
Figure A2. The SHAP feature importance values on
x-axis are based on high extent predictions. This way,
the features are interpreted in terms of their impact on
separating the high-extent of defect categories from
the low-extent or extent-free cases. Across the four
defect categories (GP, SP, NCD, RPHP), where the FLIR
models struggle with the classification of high-extent
defects, CLAMIR provides stronger features with a
greater variance in the SHAP values, enabling interpret-
ation. On the other hand, the FLIR features are more
balanced with a lower variance in SHAP values. This
characteristic impacts their performance when detecting
high-extent defects. Therefore, the CLAMIR features (e.g.
feature_359 of GP, feature_69 of SP, feature_249 of NCD,
and feature_109 of RPHP) are more dominant in

separating the extents than FLIR, owing to the signifi-
cant spread of the SHAP values, as well as stronger posi-
tive and negative shifts to support model predictions
(e.g. higher positive values influencing likely model pre-
diction for the high-extent class and vice versa). Upon
fusion, the model depends more on the FLIR features
than CLAMIR, lowering the confidence in predicting
high-extent anomalies.

To aid visualisation, 2D separation boundaries for the
six defects were plotted using one CLAMIR and one FLIR
feature from the overall ranked set in a simplified RF
model. Figure 20(a—f) displays the decision criteria for
separating the difficult low-/high-extent boundary
using the FLIR and CLAMIR training set features. It is
important to note that these are not the actual decision
boundaries, as the models depend on more than two
features to perform the classification task. However,
this visualisation provides insights into the challenges
associated with maintaining model performance under
noise and instability. Since both low- and high-extent
represent the presence of a defect, it is more difficult
to separate them from each other, as opposed to separ-
ating non-defective features. This observation is consist-
ent across the six defect categories. Moreover, added
variations in the test set through noise and instability
can be expected to further increase the complexity of
the extent separation task.

In the case of noisy data, the CLAMIR features failed to
add value to the fusion process across all classes, leading
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to lower performance with fusion compared to the
single FLIR models. As a result, a decision level or confi-
dence-based fusion with priority for FLIR predictions was
explored. Based on the observations from the direct
fusion of features and its impact across camera features,
as well as defect classes, confidence-based and decision
level fusions more effectively leverage the GP, SP, NCD
and RPHP features from two cameras. Confidence
based fusion is grounded on predicted probabilities for

all three classes (e.g. absent, low, high). If the FLIR
model is more confident for the first two classes (prob
> 0.6), the FLIR predicted labels were assigned, other-
wise the CLAMIR predictions were retained. Similarly,
for high-extent of defects (class 2), if CLAMIR is more
confident (prob > 0.6), its predictions were used to clas-
sify class 2 across all defect categories. If both models are
unable to meet the criteria, then the model with the
highest confidence is used to make the prediction. This
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approach provided a better way to leverage the comple-
mentarity between the two cameras; however, it is still
prone to false negatives for low and high extent
classes due to the sensitivity for confidence threshold.
The decision-based fusion utilised the top performance
on each extent class from the CLAMIR and FLIR features
for noise (0: FLIR, 1: CLAMIR, 2: FLIR) and instability (O:
FLIR, 1: FLIR, 2: CLAMIR). While the rule-based decision
level fusion maintains the highest performing results
across the three classes, fusing the predictions based
on the confidence of each model ensures better gener-
alisability for unseen test sets.

The improved fusion results under instability and noise,
as presented in Figure 21, provide important insights.
Overall, the analysis highlights the effectiveness of
careful fusion to retain top-performing features from
each dataset. In the case of process instability, confi-
dence-based fusion preformed better on class 0 (absent)
across the four categories of interest. Its performance on
class 1 (low-extent) was comparable with the decision
fusion results. However, in the case of high-extent separ-
ation, decision fusion outperformed confidence-based
fusion, due to its reliance on stable CLAMIR feature
results. In the case of process noise, both strategies
yielded similar results for performance on class 0 and
decision level fusion performed better on class
1. Notably, the source of retained performance on class
2, in cases with lowest performance (57.9% GP in Figure
21(d), 64.2% NCD in in Figure 21(l) and 60.2% RPHP in
Figure 21(p)) were FLIR features, indicating stronger resist-
ance to severe noise. Nonetheless, it is important to high-
light that noise had adverse effect on the high-extent
predictions from both the CLAMIR and FLIR datasets,
which limited the performance improvement through
fusion, irrespective of the strategy.

4, Conclusions

The DED AM process, owing to its material deposition
freedom, is well suited to repair and enhance complex
geometries of functional parts/tools. In the present
research, powder-fed laser DED-based deposition was
advanced to address the challenge related to process
development with a Ni-WC MMC that is applied to
modify the surface condition and enhance the wear
resistance of a ferrous alloy used in mining machinery.
Inspired by the existing lack of understanding for the
complex relationship between the DED process par-
ameters and the resulting Ni-WC MMC microstructure,
this research investigated the potential of using two
MWIR camera systems (FLIR and CLAMIR) to monitor
the melt pool and surrounding regions for ML-based
microstructure defect detection. Co-existing micro-

scale anomalies of the matrix, reinforcement and their
interactions are unique to AMed Ni-WC MMCs and
present a significant detection challenge for industrial
applications. The main contribution of this work was to
explain the selection and fusion of MWIR features from
fine-tuned vision transformer for enhanced detection
of Ni-WC MMC anomalies and their extent. Moreover,
data-ablation studies to evaluate the impact of noise
and process dynamics revealed practical considerations
for multi-camera feature selection and fusion when
deployed for real-world production.

Comprehensive experiments at industrial scale were
undertaken both in a production environment, as well
as in an R&D setup. The datasets from these experiments
were used to investigate the potential of different camera
systems (CMOS, CLAMIR, & FLIR) to capture features rel-
evant to the process states and microstructure defects.
State-of-the-art vision transformer model VideoMAE was
fine-tuned to learn DL features from monitored video
clips of major process states. These features were found
to provide better separability as compared to image-
based models. The fine-tuning process further improved
the ability of features for defect detection. SHAP, an
explainable Al technique, was used to select the most rel-
evant features for each defect category (GP, SP, EDB, NCD,
ECD, RPHP) to maximise model performance, leading to
significant feature reduction for smaller MWIR camera.
The extracted features were employed in four shallow
classifiers (RF, SVC, XGBoost, LR) to discover the best
hyperparameters through cross-validation and grid
search. FLIR, owing to its significantly large frame resol-
ution (8-10 times), outperformed the CLAMIR features
when detecting the extent of six co-existing anomalies
(weighted accuracies: GP 0.938, SP 0.946, EDB 0.930,
NCD 0.970, ECD 0.968, RPHP 0.969). The best performing
models from the CLAMIR and FLIR datasets were sub-
jected to changing environment conditions and process
dynamics. CLAMIR was found to outperform FLIR consist-
ently on unstable test set (by an average of 8.5 percen-
tage points at 100% unstable test set), whereas FLIR
provided stronger generalisation under noise as com-
pared to CLAMIR (by an average of 30.67 percentage
points at augmented test set). These observations high-
lighted the complementarity of the MWIR cameras for
practical conditions and their dominant dependence on
precise intensity (CLAMIR) and generalisable shape
(FLIR) features. Subsequently, fusion strategies (e.g.
feature, decision, and confidence levels) were evaluated
to maximise the performance of the most relevant
CLAMIR and FLIR features under instability and noise.

The key findings of the proposed detection pipeline
demonstrated the suitability of a dual MWIR camera
setup for effectively overcoming data perturbations in



industrial repair and overlay applications through careful
selection and fusion of DL features. By identifying the
most relevant camera features for detecting the extent
of specific co-existing anomalies in Ni-WC MMCs, the
approach enhanced trust and interpretability of the pro-
posed defect detection framework. Several parameter
sets were identified as defect-free (e.g. 2800 W,
1524 mm/min, and 80 g/min), providing a reference
point for future process development and potential exten-
sion to overlapping track depositions [62]. The substantial
reduction in feature dimensionality through selection,
along with the successful application of shallow classifiers,
can support efficient and scalable deployment on indus-
trial machines. Most notably, the demonstrated ability to
relate in-situ monitoring features to defect the extent of
co-existing anomalies offered a compelling foundation
for future extension of the framework towards
regression-based predictions to support finer and loca-
lised microstructural control over the deposited overlays.

One limitation of the current work is the use of a
single-track monitoring dataset as opposed to overlap-
ping tracks, which is usually the expected deposition
level for Ni-WC overlays to enhance part surfaces.
Since the detected anomalies are primarily caused due
to higher thermal conditions, it is expected that the
MWIR cameras can maintain the same relativity
between the features of defective and non-defective
overlapping tracks, enabling the adaptation of the
developed single-track models from the current work.
Moreover, a multi-camera setup can effectively support
complex 2D and 3D depositions by overcoming
hidden or occluded regions from one camera’s view-
point. Another limitation of the current work is the use
of classical shallow classifiers for defect extent detection
that may be limited in their modelling capacity. This can
be overcome by enhancing the dataset size at the defect
extent level in the future. Therefore, the most relevant
future works include experiments with overlapping
tracks to both increase the size of the current defect
extent dataset as well as evaluate the applicability of
the proposed framework for the higher dimensions of
process complexity. In the future, more DED-specific
defects such as cracks in the overlapping tracks can
also be considered as the framework is expanded from
single tracks to layer-level depositions. The models can
be deployed on production machines and used in infer-
ence or evaluation mode with a fast detection time (e.g.
ms) to support in situ defect detection.
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Figure A1. Intra and inter-camera linear feature correlations for the most important (1-35) fine-tuned VideoMAE features.

Linear Correlation



Defect

CLAMIR
(a)

VIRTUAL AND PHYSICAL PROTOTYPING . 39

Han Hgh Hoh
feature_359 N R e feature 179 = feature_277._fiir B s SRR
foature 285 o) otme———— foature 233+ st | can featuro_49_tie . st
foalure 27 e+ + mareenavutrsonffipeeomo i feature_362 - feature_3_fir R i
feature_109 B e feature_232 B s feature_126_fiic s e
& featuro_193 et e - H & foature 224 B s I —— ] ‘;g' feature_136_fir B 3
2 e ]
5 ERN Sp—— H H - e et H
GP o - f  festure 106 sef | @ : § testur27_camie 3
feature_300 _.—.....-'-— feature_198 - _._+...____ feature_197_fiir 4
foature_264 R, L U osure 14+ o e o e
foature_136 .o _.____<.+..._.__ foature_98 __+.. —" feature_40_fiir + >
foatur 220 e — featur_t60 —f| — festuro_6_ie RSN
Low Low Low
00 005 000 005 o0 002 0 00z o004 o006 06 04 -002 000 002 004
SHAP Value (impact on model output) SHAP Value (impact on model output) SHAP Value (impact on model output)
Hah Hah Hoh
foature_69 foaturo 169 +wumefffiboe - feature_166_clamir  +@@ea s | srem fpmemmiione ot
foature_0 feature_88 B e foature_10_flic  ++ e o0 om s ms
foature_285 foature_112 afveamte o im en foature_325_clamir et e e e
feature_265 . feature_339 B e . foature 23 fi  + om0 fprmrin omm .
2 $ 2 5 2
é'uhuu_!so .- H € toature71 ® - e e : ‘g=' R R  — £
2 H o 2 K = - 3
SP 8 foature_173 i 8 teature_206 B i S i 8 toaturo_20_ e - 3
fosure_14 L R PRV RS X —
DR featuro_69 o feature 285 clamir  + +otefp  rompmne
feature_166 foature 237 ‘o - feature_173_clami B
foature_34 foature_126 e R feature_182_clamir  ASpos s o o
Low Low Low
006 004 -002 000 002 004 006 008 ~0.075 -0.050 0025 0,000 0025 0.050 0.075 0100 0.125 ~0.050 -0.025 0000 0025 0050 0076 0100 0.125
SHAP Value (impact on model output) SHAP Value (impact on model output) SHAP Value (impact on model output)
® (h) ()
Hgh Hah Hgh
feature_246 B s T foature 75+ + e — L e ——
feature 250 b oo - - T RS O S I TN KO-
foature_359 L R mea—— foaturo_32 B = e foature_198._fir B
PR, i S S feature_73 el + ool [ S
gv.m.._m B s : § feature_9 i o s : § feature_262_fir o - 3
EDB g foature_36 - - 400 i "E' foature_2 el - ool E E oo B %
feature_20 o] o — - feature_49 — e ._".._...__. - feature_226_fiir @ e
feature_179 e o feature_190 g feature_14_fir e on———
feature_229 P foature_284 s e e feature_83_fir B e et
feature_56 (X2 3 feature_53 e { ot foaturo 334 fir  + o
Low Low Low
015 ~ 0% ols <004 -003 002 -001 000 001 002 003 004 004 -002 000 002 004 006 008
SHAP Value (impact on model output) SHAP Value (impact on model output) SHAP Value (impact on model output)
Hah | High Hgh
foatore_130 = L L s T feature_130_clamir == eewind e
foaturo 26 e - feature_183 o ot e featuro_99_clamic = avea = .
foature 254 - S = s 385 wommntel) = | oot e s+ R — e
feature_359 -4 -— feature_14 B R S feature_12_clamir ot} | o e
3 Fl H
£ teature 99 - v K £ feature_336 R s IR 3 §unun,m,umr e b g
2 4 2 4 -1 g
E( D § roawre 7 - -— 3 § e et =} - o mtmemore 2 § ooz 4o | moed 3
feature_342 s | b foature 171 +me + s oo oot + feature_183._fiir R
feature_266 o] = feature_2 g feature_185_fiic ‘N |-
foature_209 | foature_197 e | el feature_145._fir e o
feature_268 [ feature_106 B e foature_268_fir # |-
Low T Low Low
005 o o o I YRR 004 ~0/08 0,06 004 -0.02 0.00 002 004 006 008
'SHAP Value (impact on model output) SHAP Value (impact on model output) SHAP Value (impact on model output)
Han Hah Hgn
ot 209+ memeiran sy <+ Sl foature_119 o | e . Teatro 1151 i <= oo = w1t e
feature_302 ooy e vbenitoct feature_381 S ee— feature_76_fir iyl oo
feaur_185 e et T S N—— foature_190_5r e
foature_22 B Eamemd 5 foature_76 -t~ foature_50_flir B
3 ]
£ foature 56 ool H 8 feature_150 B e 3 £ feature_292_fiir R ] H
2 e 2 4 2 2
N( D 5§ roturo_s0a ¢ e iy (o H § roaure 301 o e s H § eatro_168 1 B H
S AP fontre_ 282 —f " O -
feature_359 e ] feature_351 B feature_127._flic e —
feature_151 B . D foature_356 L foature_378_fiir -
feature_106 ..*«].. feature_101 .. e feature_201_fir -—+ —
Low Low Low
-020 15 -0.05 0.00 005 0.10 -006 -004 -002 000 02 04 006 008 -006 -004 -002 000 002 0.04 0.06
SHAP Value (impact on model output) SHAP Value (impact on model output) SHAP Value (impact on model output)
Hon Hon Hon
feature_109 - e e feature_233 s — L . 1
[ R N . L T T pp— festore_3.ie SRS S —
feature_209 ..__+.._-_ feature_179 +_.._._.- feature_276._flir . __—_ﬁ-..._._.
featuro_193 et feature_49 B feature_126_fic R i et
g ] ]
8 toature 22 B 3 £ feature3 e H 8 foature_207_fir g 3
2 -4 2 e 2 e
RPHP B b § s PANNFINEEE B Ny
feature_259 e i feature_102 [ feature_102_flir - e i
festur_178 RPPURREENS - SR festue_207 S festure_200_ie VI
feature_79 e feature_232 —_— s - feature_226_fir B .
feature_359 . feature_169 e feature_198_fir B e
Low Low Low
~0.100 -0.075 -0.050 -0.025 0.000 0025 0050 0075 010

-02 01 00 01
SHAP Value (impact on model output)

SHAP Value (impact on model output)

<10 005 000 005
SHAP Value (impact on model output)

Figure A2. Distributions of feature SHAP values for predicting high extent class across the six classifiers (RF model). Each dot rep-
resents a data instance, with its position on the x-axis showing the SHAP value, indicating whether the feature increased (positive
value) or decreased (negative value) the model’s prediction. The colour gradient from blue to pink reflects the magnitude of the
feature value, where blue represents lower values and pink represents higher values.



	Abstract
	1. Introduction
	2. Overall framework and methodology
	2.1. Experiments
	2.2. Co-existing Ni-WC MMC anomalies
	2.3. Machine learning datasets
	2.4. Small-scale data-efficient video transformer
	2.5. Extent-specific feature selection
	2.6. Cross validation and hyperparameter search for extent detectors
	2.7. Camera fusion for noise and process dynamics

	3. Results and discussion
	3.1. Monitoring and modelling comparison for feature separability
	3.2. Exploration of multi-camera deep learning features
	3.3. Feature selection and reduction
	3.4. Best extent classifiers
	3.5. Impact of noise and process dynamics
	3.6. Fusion of extent separating features

	4. Conclusions
	Author contributions
	Disclosure statement
	Data availability statement
	ORCID
	References
	Appendix

