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ABSTRACT

Laser welding of steel and hardmetal presents significant challenges due to their differing material properties.
Improper laser welding parameters can result in unstable joints, ultimately leading to reduced mechanical
strength of the weld. Therefore, defining an optimal process window is critical to ensuring weld quality. In
addition, a continuous process monitoring method like High-Speed Imaging (HSI) is essential in real industrial
applications to maintain stability and detect potential defects. Understanding plume dynamics helps identify the
most important features of weld quality, but it also provides deeper insight into operational parameters that
discriminate different weld types. Analysis of individual image plume frames from HSI reveals distinct statistical
features that are identified as unique to each welding condition. Performing systematic feature selection using
plume morphology, spatter generation and weld quality, we achieved>95 % leveraging Machine Learning (ML)
classifiers. Particularly, Gradient Boosting Classifier (GBC), Linear Discriminant Analysis (LDA), Multinomial
Logistic Regression (MNL-LR), Support Vector Machine (SVM), and Random Forest (RF), where the RF obtained
>99 % classification accuracy of weld quality. The RF was then used in performing Recursive Feature Elimi-
nation (RFE), and with the robustness analysis, we managed to reduce the number of features from forty-nine to
nine features while maintaining satisfactory performance (Accuracy = 0.981, Fl-score = 0.961, AUROC =
0.997). The position of the weld plume, plume eccentricity and plume width are the most essential features that
lead to the improvement of node purity and classification accuracy.

Introduction

can also be utilized for welding hardmetal (WC—Co binder) and steel.
However, the primary challenge in welding these materials arises from

Hardmetals have gained significant popularity in cutting applica-
tions due to their exceptional performance characteristics (Das et al.,
2010), such as wear resistance and high hardness (Levin and Ted
Hartwig, 2015; Nogami et al., 2021). However, their high cost and
limited ductility often make it impractical for tools to be manufactured
entirely from these materials (Ren et al., 2018). Instead, hardmetals are
the active part of cutting tools and are often joined to a carrier body,
typically composed of steel. As a result, there is a growing demand for
advanced joining technologies to join these materials effectively (Mir
et al., 2021).

Laser technology is recognized as a precise and efficient process for
welding thin sheets and dissimilar materials. This is due to its low Heat-
Affected Zone (HAZ), high processing speed, and excellent automation
flexibility (Amne Elahi et al., 2023), Katayama, 2020). Laser technology
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their significant differences in thermal expansion coefficients and ther-
mal conductivity. These disparities contribute to the formation of de-
fects, such as microcracks, which can compromise the integrity and
mechanical performance of the welded joint (Costa et al., 2003), (Mirski
et al., 2016), (Norouzian et al., 2023).

For instance, (Costa et al., 2004, and Quintino, 2006; Costa et al.,
2003) investigated steel and hardmetal laser welding. They utilized CO-
and Nd: YAG laser sources and achieved quality welds with reliable
results. Subsequent metallurgical analysis revealed the presence of
intermetallic compounds and a high concentration of carbides within
the weld seam. These factors contributed to increased embrittlement
and a reduction in mechanical strength. Research findings indicate that
the selection of laser welding methods, such as continuous or pulsed
welding, along with the optimization of key parameters, including beam
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spot size, power, velocity, and the laser beam’s position relative to the
material border in butt welding configuration, is critical for achieving
high-quality welds (Xu and Li, 2017) (Miranda et al., 2008). The results
illustrate that a larger beam spot size, optimized heat energy input, and
laser beam offset can improve the joint’s quality by reducing the beam
power concentration on the hardmetal side. This adjustment helps
minimize the tungsten carbide diffusion into the melt pool, ultimately
leading to the enhanced mechanical strength of the weld (Schiry and
Plapper, 2019). These studies confirm the critical role of selecting an
optimized process window. While the importance of these parameters is
well recognized, and several reports demonstrate high-quality me-
chanical joining of hardmetal and steel, it is essential to consider the
entire laser welding process monitoring to ensure a quality weld and
crack-free joint.

Various methods have been employed to monitor the laser welding
process in recent years. Several types of sensors, including high-speed
cameras, acoustic sensors, photodiodes, spectrometers, X-ray trans-
mission imaging systems, etc., have been used to enhance process con-
trol and ensure weld quality (Kawahito et al., 2009; Yanxi Zhang et al.,
2020; Liu et al., 2023). These sensors monitor variations in character-
istic quantities throughout the welding process (Deng et al., 2020; Yanxi
Zhang et al., 2019) and analyze the relationship between these changing
trends and the resulting welding quality. Vision sensors are considered
beneficial among the control devices due to their ability to provide
high-quality data and information. High-speed imaging (HSI) can be
helpful in laser welding, offering process monitoring and precise weld
quality evaluation. Imaging can be an efficient controlling method,
providing sufficient data for models to be trained and to classify welds
based on their appearance and defect. This approach enables automated
quality assessment and can significantly improve the precision and
reliability of the welding process (Norouzian et al., 2024).

Melt pool monitoring is a widely used method for understanding the
behavior of the laser welding process. (Kim et al., 2021) employed an
HSI observation technique to observe the weld pool’s top and bottom. In
another study (Nam and Ki, 2023) used melt pool images to predict
absorptance behavior during laser welding to enhance the understand-
ing of energy absorption dynamics and improve the process control and
weld quality.

Although keyhole images provide valuable information about the
welding process, recording the melt pool presents challenges due to the
high light intensity generated by the plume. A powerful laser illumina-
tion system and a specific bandpass wavelength filter for the camera are
required to enable accurate image capturing. Thus, plume monitoring
can serve as a less complex alternative method while providing valuable
insights into the welding process. Since the plume is generated by the
interaction between the keyhole front and the laser beam, analyzing its
characteristics can offer helpful information about weld stability,
penetration depth, and potential defects—for instance, (Wang et al.,
2013) studied the characteristics of the plume and its correlation with
weld speed, which determines the stability of the weld seam. In another
study, (Li et al., 2009) investigated the shape of the plasma plume and its
relationship with surface impurities and the flow rate of side-assist gas,
both of which can significantly influence weld stability. (You et al.,
2014) investigated plume features, such as its size, growth, spatter
radius, and ejection direction in high-power laser welding, to monitor
welding stability. (Xue et al., 2022) studied plume monitoring in
high-speed laser welding and concluded that the plume’s behavior is
significantly influenced by laser power and welding speed. They were
able to extract different plume ejection regimes and predict the occur-
rence of humping defects in the welding process by analyzing various
plume features.

Several studies have implemented Machine Learning (ML) algo-
rithms in classifying weld defects and quality (Zhang et al., 2024; Hake
et al., 2023; Vasan et al., 2024). Amongst the various ML models for
classification, supervised ML algorithms such as logistic regression,
discriminant analysis, decision trees, K-nearest neighbor(KNN), support
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vector machines (SVMs) and random forests have shown promising re-
sults. (Malarvel and Singh, 2021) achieved an accuracy between 95 %
and 97 % using a multi-class SVM algorithm on X-ray images of weld
conditions. (Mu et al., 2013) reported an accuracy of 90.75 % by
combining principal component analysis and SVM.(Chianese et al.,
2022) reported an accuracy between 73 % and 93 % for different ML
algorithms mentioned earlier. (Asif et al., 2022) achieved a classification
accuracy of 83 % using logistic regression algorithms to predict the
quality of welds.

In sum, existing studies demonstrate that monitoring effectively as-
sesses weld stability and its association with process parameters. How-
ever, monitoring laser welding of dissimilar materials, particularly the
joining of tungsten carbide with a low binder percentage and steel, re-
quires further research and in-depth analysis of plume dynamics and
weld quality control.

To address this challenge, this study investigates the HSI of plume
characteristics to address the challenges associated with laser welding of
hardmetals and steel, including weld instability and crack propagation.
The key features associated with welding quality are identified using
supervised ML algorithms to classify the HSI images. As per the author’s
knowledge, no study currently available in the existing literature le-
verages HSI for analyzing plume characteristics in the laser welding of
hardmetals and steel using supervised ML algorithms for classification.

The rest of the study is structured as follows. The second section
provides a systematic and rigorous description of the data workflow
procedure, including raw data extraction, data preprocessing for
obtaining feature space, description of ML classifiers, and the optimi-
zation and sensitivity analysis of the selected RF classifier. The third
section provides a step-by-step description of the obtained results,
including image processing, welding quality, and ML performance of
various classifiers using different performance metrics, considering
slightly imbalanced samples for classification. The last section provides
concluding remarks, implications and limitations of the study, followed
by recommendations and future research directions.

Research design
Data analysis workflow

The data analysis consists of four individual modules (Fig. 1). The
first module (1) Raw Data consists of the experimental setup, generation
of fault labels, and image processing. The second module (2) Feature
Space, consists of a raw dataset (Dg) and labels (Cy) obtained from image
processing, data wrangling step (e.g., filtering, cleaning) and generating
a feature subset. The module (3) ML classifiers perform data analysis
using ML models: Gradient Boosting Classifier (GBC) (Natekin and Knoll,
2013), Linear Discriminant Analysis (LDA) (Tharwat et al., 2017),
Support Vector Machine (SVM) (Yongli Zhang, 2012), Logistic Regres-
sion (LR) (Bohning, 1992) and Random Forest (RF) (Breiman, 2001). We
explain performance metrics, including feature importance analysis.
Lastly, after obtaining the results, we focus on the best-fit classifier, i.e.,
the ML model, and optimize the model by reducing the number of fea-
tures per Occam’s Razor (Blumer et al., 1987) approach. After obtaining
the minimum number of features required without reducing the classi-
fication metric (e.g., accuracy), we perform a robustness analysis and
discuss individual performance metrics while considering each label.

Experimental setup and procedure

The experiment (Fig. 2) depicts the laser welding configuration. The
laser welding procedure uses a 2000 W continuous-wave Nd:YAG laser,
Trumpf TrueDisk, where the power represents the average output
continuously delivered during welding. The laser source has a 1030 nm
wavelength and a 2 mm/mrad beam quality. The laser light is guided
through a fiber with a 200 pm diameter to the scanner. Considering the
focal distance of 160 mm and the collimator length of 90 mm, this results
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Fig. 1. Data workflow diagram.

in a laser spot diameter of 356 pm. Argon gas is used to flow throughout
the welding process to protect the molten zone from oxidation. It is
delivered through a gate positioned above the weld pool, angled at 45°
for the weld area. A Motion Blitz Cube 4 high-speed camera with a UV
filter monitors the welding process. The camera’s high frame rate of
11,000 fps and a shutter speed of 1 ps enable the capture of detailed
plume images with a resolution of 250 x 448 pixels throughout the

procedure, which is crucial for analyzing plume dynamics. Two dis-
similar materials, CrMn steel and hardmetal with a 3 % Co binder, are
used in the experiment (Schiry and Plapper, 2019). The material prop-
erties information is in Table 1.

Both materials are fixed with clamping forces in a butt-welding
configuration. The steel sheet has a thickness of 1.0 mm, while the
hardmetal piece is 1.2 mm thick. To ensure proper alignment for butt
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Steel Sheet:
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Weld line

Hard Metal:
35mm x 2 mm x 1.2 mm

Fig. 2. Laser welding and high-speed camera configuration.

Table 1
Material properties.
Material Thermal Thermal Hardness Modulus of
Expansion Conductivity [HV10] Elasticity
Coefficient [W/m.K] [GPa]
[107/K]
Steel 12 45 255 200
Hardmetal 4.6 95 2020 665

welding, the fixture is designed such that the platform supporting the
hardmetal is 0.2 mm lower than that of the steel, allowing the top sur-
faces of both materials to be level.

The welding procedure uses a linear continuous laser beam with a
constant velocity. However, a range of values is considered for other
laser parameters, such as laser power and position. Table 2 presents the
process parameters and associated class categories. The heat energy
input is calculated based on the nominal laser power and welding speed.
While the actual energy absorbed by the steel or hardmetal may differ
from the calculated values, it is assumed that 100 % absorption effi-
ciency is achieved. This provides a standardized basis for process com-
parison. The heat energy input is calculated according to the following
equation (Tuncel et al., 2023):

p
Q=v @

Table 2
Laser welding process parameters.

Class Sub-Class Heat Energy Input [J/mm] Laser position [pm]
C Cl 35.5 —250
Cc2 26.5
C3 17.5
D D1 35.5 0
D2 26.5
D3 17.5
E El 35.5 +250
E2 26.5
E3 17.5

Where Q is the heat energy input of laser welding(J/mm), P is the
power (W) and V is the welding speed(mm/s).

These process parameters are designed to include potential defects
such as micro-cracks, poor joining, lack of fusion in the weld, and good-
quality welds. The association between these parameters is defined
across three main classes and nine sub-classes. Class D represents the
laser position on the steel side, tangent to the border between steel and
hardmetal, and is considered the reference laser point (0 pm). Class C
corresponds to a welding class in that the laser spot is positioned on the
steel side, —250 pm away from the hardmetal border. Finally, Class E
indicates welding, where the laser overlaps 250 pm with the hardmetal.
Each class is further divided into sub-classes (1, 2, 3), corresponding to
different heat energy input levels. Five samples were selected for
welding for each sub-class, resulting in 45 welded samples with varying
parameters, according to Table 2 for the experiment.

Image preprocessing and feature extraction

The welding zone was isolated by applying Region of Interest (ROI)
to remove irrelevant background details. The image processing included
five steps. At first, raw images were captured and assessed as valid for
preprocessing. Secondly, brightness and contrast were adjusted to
discriminate the parts inside the image and reduce the excess light
generated by the laser. The images were then converted from RGB to
Grayscale using grayscale conversion in OpenCV to reduce computa-
tional complexity while maintaining essential intensity details. Lastly, a
Gaussian blur filter was used to eliminate unwanted noise and maintain
important plume characteristics. Combined with the OpenCV-based
processing, the extracted features were used for the classification
algorithms.

Five iterations of capturing have been used to ensure consistency and
build a robust dataset for each of the nine weld classes. Approximately
9000 images were captured during each iteration, from which an
average of 3500 frames were extracted from each section of the
sequence. This resulted in a final dataset of approximately 157,000
frames, forming a comprehensive basis for subsequent image processing
analysis.

The extraction of features was performed by using plume and spatter
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characteristics. Plume detection involves isolating high-intensity re-
gions within images to identify the characteristics of plumes. A thresh-
olding technique (Goh et al., 2018) is applied to keep only the brightest
regions (intensity range of 250 to 255) for detecting only actual plumes,
followed by contour detection to extract geometric properties. A
20-pixel margin was ignored at the bottom of the image to avoid mis-
identifying reflections as plumes. Spatter detection relied on edge
detection methods to identify and isolate individual spatter elements.
Additionally, a constraint was set to identify spatters with a size smaller
than 50 pixels, ensuring that noise and irrelevant details are minimized.
The following flowchart, Fig. 3, represents sequential steps from
pre-processing to feature extraction and analysis of each frame.

The following image characteristics are extracted: Area, Height and
Width, Perimeter, Eccentricity, the X coordinate (End X) of the plume, and
Spatter Count. Specifically, the Area is the total pixel count within the
detected plume boundary. The Height and Width are measured using a
bounding rectangle around the detected plume boundary. The Perimeter
was determined by contour tracing to find the perimeter of the plume.
Eccentricity is calculated using OpenCV’s built-in function to derive the
plume’s second-order moments. Eccentricity values range from O for the
complete circle to 1 for the highly elongated shape (Gonzalez and
Woods, 2018). It computes spatial moments mgg, mjg, M1, M2g, M2,
and mj; for the detected plume contour. My represents the total pixel
intensity or area of the plume. m;j, mo; used to calculate the centroid of
the object and, myg, mgy and my; describe the spread and orientation of
the plume.

2 % (mzo + myy + \/(mzo — moz)z + 4m112)
a = - 2
00

2% (mao + Mg — \/(mzo —mg,)? + 4my;?)
Moo

B = 3
Using these moments, the major axis (a) and minor axis (§) are
derived:
2
1-— v @

Eccentriciy = pe

Next, the Plume End X (Plume X coordinate) origin identifies the
plume’s position to track movement on the X-axis. The Spatter Count
demonstrates the number of discrete spatter elements detected using
edge detection algorithms. The features, such as area, height, width, and
perimeter, are initially calculated based on the number of pixels. These
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features are then converted from pixel units to millimeters using a scale
of 1 pixel = 0.05 mm, determined through the software calibration to
make them comprehensible. This calibration utilizes a reference object
within the captured images, enabling precise scaling of extracted geo-
metric properties. Fig. 4 depicts the image processing steps and the final
extracted raw features.

As a final feature extraction step, we perform feature extraction on
the raw data obtained from image preprocessing. The welding plume is
highly dynamic and is influenced by the complex interactions between
the laser parameters and materials. Due to rapid temporal variations
driven by fluctuating process conditions, analyzing individual images in
isolation may fail to capture the underlying trends. Thus, incorporating
time-domain statistical analysis is crucial to enhancing the interpret-
ability of the extracted features and providing a more comprehensive
dataset for ML-based classification. A time-domain statistical feature is
extracted by segmenting the image sequence using Time-Sliding Win-
dows (TSW) (Tang et al., 2023; Lv et al., 2023) of 20 consecutive frames
to achieve this. The feature selection includes generating a feature
subset from raw variables by using a sequence of n = 20 TSW to generate
a feature subset per Table 3.

Machine learning classification algorithms

Gradient boosting classifier

The GBC algorithm is an ensemble learning algorithm that builds
strong classifiers by sequentially adding weak classifiers — typically,
decision trees. The model is trained using step-wise optimization. This
works by minimizing the loss function with gradient descent. Let D
represent the dataset, such that D = {(x; y;)} be a training dataset of N
samples, where x; € R? is a feature vector of d dimensions, and y; e Cy,
such that k = {1...9} classes. The goal of GBC is to learn function F(x):

M
Fy (X) = Z ym.kh"l-k (X), 5)
m=1

where Fy (x) is the classifier or logit score for class k, hp, i (x) is the weak
base learner (typically decision tree), while yp, k is the weight for weak
learner determined by the loss function at iteration m. The loss function
L for the multi-class classification problem is determined (Hastie et al.,
2009):

N 9

Ly,F) = = > > 1(yi=k)logpc(x:), (6)
1 &

i

where I(y; = k) is an indicator function equals 1 (if true) class and

Next Image
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Fig. 3. Image processing flowchart.
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Area : 12.58 mm"2
Perimeter : 22.15 mm
Height : 7.20 mm
Width : 2.75 mm
Spatter Count : 18
Eccentricity : 0.85
X-Origin : 142.00

Fig. 4. Filtering and processing images; (1) Raw captured image; (2) Brightness and contrast adjustment; (3) Grayscale conversion; (4) Noise reduction; (5) Raw

feature extraction.

Table 3
Time-domain features used for ML classification.

Features Features*  The equations for generating features
generated in TSW
Average (mean) AVGN

1 n
Sample average = — » . N;
sample value P d n Zl:l !

Sample Standard SD.N —_2

Deviation Standard Deviation = r'li 1
Minimum value Min. N Min(N;)
Maximum value MAXN Max(N;)
Skewness SKEW.N ~ n(n+1) (xi —X)\3
Skewness = (n—1)(n—-2) > ( o )
Kurtosis KURT N . n(n+1)
Kurtosis = A= Dn-2)n=3) Z
((xi - y))4 _ 3(n-1)
c (n—2)(n—3)
Variance sample VAR N . x)2
P - Variance = L= (:7 1x)

*N = depicts the raw variable expression (e.g., Plume Area, Plume Perimeter,
Plume Height, Plume Width, Plume Eccentricity).

0 otherwise, and px(x) is the class probability, computed as the function:
efk(®)
DPe(x) = W . @

Hence, gradient boosting (Friedman, 2002) minimizes the loss
function using the gradient of cross-entropy with respect to Fi(x):

_ OL(y;, F(x:))
Timk = W7 ®

which is for the softmax multi-classification problem simplified:
Timge = I(yi = k) — pr(x2), ©)

suggesting that the residual for each class k shows the difference be-
tween the true class and the predicted probability. The weak learner Ay,
(x) is trained to approximate residuals rim i

N
. 2
Bk (%) = argmin ?:1 (Fimgk — R(x:))", (10)
such that once fitted the optimal weight is determined by minimizing:

N
ik (X) = argmin > Ly P 1.0%) + M%), an
i=1

where 7 is the learning rate, controlling the step size in each iteration.
Final probability for each class is computed:

efk(x) 12
DPe(x) = W» 12)
where the predicted class label is:
y= argmaxpy (%) . 13)

The model tuning includes the following (hyper) parameters:
shrinkage = 0.1, interaction depth = 1.0, and minimum observations in
node 10. It uses 50 % of training data per tree. The optimization is not
fixed and is optimized for a maximum of 100 trees. The loss function is
set to Gaussian, and features are scaled with the seed set to 1234. The
random seed is set to ensure the reproducibility of the results. The
random seed acts as an initialization point for a pseudo-random gener-
ator, meaning that whenever the ML algorithm starts with a particular
seed, it will lead to the same results. The choice of random seed is
arbitrary and can be any integer number.

Linear discriminant analysis

The LDA is a supervised learning method commonly used for clas-
sification and dimensionality reduction (Gu et al., 2011). LDA works by
projecting data into subspaces to maximize class separability. For esti-
mating within-class separability matrix S,, the algorithm measures
dispersion as:

K

SW:ZZ(X*ﬂk)(x*ﬂk)T> 14

k=1 xeCy

where p is the class mean px = 1/ng Zy.ck- The between-class matrix Sg
measures the dispersion between class means:

K
Sp = Z”k(ﬂk — 1) (p _ﬂ)Tv 15)
k=1

where the g = 1/N Zi niuy is the global mean, to seek for the optimal
projection of matrix W e R¥®1 that maximizes the ratio between-class
and within-class probability is to optimize J in the projected subspace as:

_ det (W'SpW)

TW) = et (WTSyW)

(16)

The optimal W consists of eigenvectors S;,'Sg corresponding to the
largest eigenvalue. Given rank(Sg) < K-1, the LDA reduces dimension-
ality to K - 1 dimensions. Hence, the eigenvalue problem is solved by the
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generalization:

SpW = ASww, 17

where eigenvectors wi, ... Wg.; form columns of W that are ordered by
descending eigenvalues. Next, projecting the data into the LDA subspace
is performed:

Y = W'X, (18)

where X ¢ RV is the data matrix, while projected class means are py =
W' pr. Assuming the equal covariance, assigning x to class k is
performed:

y= argmkinHWTx — | (19)

Equivalently, using a discriminant function in the original space, we
get:

1
Se(x) =x"T !t - et logm (20)

where X = Sy/N-K is the pooled covariance estimate, such that 7y = nx/
N, and 2! = (N-K)Si’. The frequent setbacks in the LDA are the as-
sumptions of normality, i.e., data follows Gaussian (normality) distri-
bution, linear separability and homoscedasticity (i.e., data classes share
a common covariance matrix), which leads to misclassification. In
setting the algorithm, the estimation method is MLE (Maximum Likeli-
hood Estimate) with scaled features and seed set to 1234.

Multinomial logistic regression

In using LR for classification, there are two primary strategies for
generalization of LR to multi-class problems (instead of commonly bi-
nary classification) — OvR (One-vs-Rest) and Multinomial (Softmax) LR
(Widodo et al., 2023). For more in-depth descriptions, the reader is
referred to (Cristea et al., 2024; Gosiewska and Biecek, 2019). However,
the OVR is simpler but performs poorer on multi-classes, especially if
classes overlap, as in our study. Hence, we focus on the latter. The
probability function for each class k € {1, ... K}, where in our case K = 9,
estimates the probability that x belongs to class k:

T
WX
e

—K _wix’
> k€

where W= [wrq, ..., Wi] € RI*K represents the weight matrix, while wy e
R? is the vector for class k. The denominator ensures that the sum of
probabilities is 1. The classification boundary in the feature space is
determined:

py=kjx,W) = 21

y = argmaxwix . 22)

as the largest logit (pre-softmax score). The parameter estimation is
determined per log-likelihood function by maximizing the log-likeli-
hood:

(W) = (i =k)logP(y; =k[x; W), (23)

1

-

[
-

K
k=

where I(y; = k) is the indicator function (1 if y; = k, O otherwise).
Equivalently, minimizing the negative log-likelihood (cross-entropy
loss) is performed as:

N K ew{xi
JW) =— Zl ; I(yi=k)log S v | 24)
i= = j=1

The gradient loss concerning wy is determined:

Vuw J(W) = — i x;[I(yi =k) — P(y: = k|xi; W) (25)
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which typically minimizes the loss using an iterative optimization
method (e.g., gradient descent). Lastly, regularization (L1 or L2) should
be used to penalize large weights to prevent overfitting. Nevertheless, as
in previous cases, it is essential to note that classification struggles when
classes overlap, in addition to the linearity (log-odds) assumption, and
class probabilities may be affected. Consistent with previous algorithms,
the features are scaled, and the seed is set to 1234.

Support vector machine

Support Vector Machine (SVM) is a supervised learning algorithm
widely used for classification tasks, particularly in high-dimensional
spaces where it excels at identifying decision boundaries with
maximum margin (Zhang et al., 2017). The core principle of SVM is to
find a hyperplane that best separates the classes while maximizing the
margin, which is the distance between the closest points (support vec-
tors) of different classes. Given a training dataset D = {(x;, ¥;)}, such that
i=1,...Nwherex;e R%is a p-dimensional feature vector and yie{-1,1}
represents the class labels, the goal of SVM is to learn a decision function
of the form:

f(x) =w'x+b (26)

Where, w is the weight vector, and b is the bias term. The optimi-
zation problem for the linear SVM is formulated as:

.12
= 2
il @

subject to constraints:

yiw'x;+b) >1,vi=1,..,N (28)

where the margin is maximized by minimizing ||w||. For non-linearly
separable data, SVM employs the kernel trick to project data into a
higher-dimensional space, where a linear separator can be found. The
most commonly used kernel functions include linear kernel, polynomial
kernel, radial bias function kernel, sigmoid kernel where the choice of
kernel depends on the data distribution. This study chooses the RBF
kernel for its flexibility in capturing complex decision boundaries. The
dataset is standardized, and the random seed is set to 1234 to ensure
reproducibility. While SVM is robust to overfitting in high-dimensional
spaces, it struggles with large datasets due to computational complexity.
However, it remains a powerful classifier, especially in settings where
decision boundaries are well-defined and class overlap is minimal.

Random forest

To define a problem setup for RF, let’s again consider a dataset D =
{(x; ¥}, such thati=1,...N where x; € R4is a feature vector, and y; e {1,
...K} denotes the class membership. The RF, like the GBC, is an ensemble
method that performs bagging (bootstrap aggregation) of multiple DTs
to improve generalization and robustness (Breiman, 2001). To perform
ensemble construction, we first delve into (bootstrapped) sampling for
each tree t € {1,...T} by drawing a bootstrapped sample D; by randomly
selecting N number of samples from D dataset with replacement. An
important note here is that there is always a remaining sample not
contained in D, forming a sample called an OOB (Out-of-Bag) set. The
OOB sample is also used here to validate the RF model’s validity by
measuring classification performance metrics (e.g., accuracy). At each
node split during tree construction, a random subset of m < d features is
considered (m = sqrt(d) is typical for classification). During each split,
the goal is to maximize purity, i.e., Gini impurity:

Ck
G=> pe(1-pr), (29
=

where py is the proportion of samples belonging to class k, and Ck is the
number of classes (in our case, k = 9). After constructing the ensemble T
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trees, the final classification is determined through majority voting:

T

Y = arg max S I(h(x) =j), (30)
je{l..k} p—

where h; (x) represents the prediction of i tree given X, lis the indicator
function if the prediction class is j, and O otherwise. To determine
feature importance, we rely on Mean Dropout Loss (MDL), Mean
Decrease in Accuracy (MDA), and Total Increase in Node Impurity
(TINP). The MDL measures the cross-entropy loss with features averaged
over 50 permutations. The MDA evaluates the drop in model accuracy
with randomly shuffled features, while TINP computes the reduction in
Gini across all nodes when a particular feature m is used. Unlike previous
methods, the RF has no formal assumptions for feature independence,
but correlated features may dilute importance. The RF is robust to noise
because of its resilience to irrelevant features due to feature randomi-
zation. Lastly, compared to LDA, LR, and SVM, the RF captures complex
interactions and depends on the linearity assumption. However, it is less
interpretable than LDA, LR, and SVM, but we provide important features
in the analysis. The parameters and hyperparameters include training
data used per tree at 50 %, features auto split, and maximum optimi-
zation trees set to 100. The features are scaled, and the seed is set to
1234. For a detailed description of RFs, the reader is referred to (Louppe,
2014; Breiman, 2001; Kaur and Malhotra, 2008).

Performance metrics

Performance metrics for classification algorithms help evaluate how
well a model distinguishes between different classes (Jordan et al.,
2006). Precision (P) measures the number of correct instances retrieved,
divided by all retrieved instances. Recall (R) measures the number of
correct instances retrieved divided by all correct instances. Accuracy is
another measurement defined as the proportion of true instances
retrieved, both positive and negative, among all instances retrieved.
Accuracy is a weighted arithmetic mean of precision and inverse
precision.

TP

Precision(P) = TP+ P (31
TP
Recdll(R) = LN (32)
TP+ TN
Accuracy = SNk ol (33)

TP + TN + FP + FN

Here, TP is true positive (positive sample correctly classified), FP is
false positive (positive outcomes that the model predicted incorrectly),
FN is false negative (negative outcome that the model predicted incor-
rectly) and TN is true negative (negative sample correctly classified).

The F1-score gives the harmonic mean between precision and recall.

P-R
F, — score = 2~m (34)

An F1-score of 1 indicates a perfect balance between precision and
recall, meaning the classifier makes no false positives or negatives.
Conversely, an F1-score of 0 signifies that the model completely fails to
identify the positive class, either by misclassifying all positives or pre-
dicting none at all.

The Receiver Operating Characteristic (ROC) curve represents the
trade-off between the true and false positive rates. The area under this
curve, also known as the Area Under the Receiver Operating Charac-
teristic (AUROC) curve, is generated by adjusting the classification
threshold, which influences the balance between true positives and false
positives. A score of 1 for AUROC indicates perfect differentiation be-
tween positive and negative outcomes, while a score of 0 signifies the
complete absence of positive classifications.
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Results and discussion
Laser welding

Fig. 5 presents the welding images of all classes, illustrating the effect
of laser positioning and heat energy input. Analysis of each weld type
confirmed that C3, D3, and E3 sub-classes lack fusion due to insufficient
power (17.5 J/mm), making an unachievable joint under these condi-
tions. However, when the heat energy input increases to 26.5 J/mm and
35.5 J/mm, sufficient energy is available to form a keyhole, improving
the laser penetration. The laser beam offset also plays a critical role in
determining weld quality. The initial results confirm that the precise
positioning of the laser beam is a critical parameter in achieving high-
quality welds. When the laser beam is shifted toward the hardmetal,
cracks appear (classified as E1 and E2). The formation of microcracks
occurs when the laser beam interacts with the hardmetal, which has a
lower thermal expansion coefficient than steel. Consequently, this
disparity in expansion induces stress within the weld zone that leads to
crack formation and its propagation to the hardmetal.

Another factor contributing to crack formation is the diffusion of
carbon and tungsten from the hardmetal into the melt pool, forming
brittle intermetallic compounds. At the steel’s liquidus temperature, an
interaction occurs between the eutectic WC—Co phase and the infil-
trating molten steel, resulting in the decomposition of WC—Co. This
process facilitates the diffusion of tungsten and carbon into the weld
zone. During solidification, W, Fe, and C form intermetallic compounds,
predominantly along the austenite grain boundaries, creating a network-
like structure (Fig. 6). Additionally, within the austenite grains—which
later transform into martensite—a minor fraction of WC and mixed
carbides precipitate (Barbatti et al., 2007). This phenomenon increases
the likelihood of cracking when the laser beam interacts predominantly
with the hardmetal.

Other sub-classes, like D2 and C1, exhibit unstable welds and
inconsistent weld integrity. Full bonding is achieved in certain areas,
while in others, the bonding fails. In sub-class C1, the heat energy input
is sufficient to generate a hole; however, due to the distance of the beam
from the metal, the formation of a high-quality weld is not feasible.
Conversely, in sub-class D2, the laser position is well-balanced and
tangent to the hard metal border; however, the insufficient heat energy
input results in a joint with multiple points of incomplete bonding. Only
sub-class D1 produced high-quality welds with optimal fusion and
defect-free joints among all tested conditions. With its precise laser
positioning and heat energy input of 35.5 J/mm, this sub-class repre-
sents a quality weld.

After examining and analyzing the weld quality, the weld types
within this process window are classified into four main categories:
"Weld with Cracks", "Partial Weld", "Unwelded", and "Quality Weld".
Specifically, sub-classes C3, D3, E3, and C2 fall under "Unwelded," while
sub-classes C1 and D2 belong to "Partial Weld." Additionally, Classes E1
and E2 are categorized as "Weld with Cracks." Finally, sub-class D1 is
identified as a "Quality Weld". Fig. 7 depicts the weld types in their
correlation with process parameters. This process window provides a
comprehensive understanding of the key challenges of welding steel and
hardmetal. Process parameters’ influence is crucial, and this window
offers valuable insights into optimizing these parameters for improved
weld quality and stability.

Although the process window has been established and the key pa-
rameters influencing quality welds and defect formation have been
identified, process monitoring remains critical to ensure the final
product’s quality without relying on visual inspection or random quality
control methods. This underscores the importance of using a high-speed
camera to capture images during welding, enabling a detailed analysis of
the welding process and defect detection throughout the process. The
results presented in Fig. 7 serve as a reference, derived from the
experimental studies, for the next step of image processing and ML. The
results establish a foundation for understanding the association between
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Class E

Fig. 5. Class C (left): No joining between Hardmetal (HM) and Steel (ST) in C2 and C3. Partial weld in C1; Class D (Middle): D3 has no joining, D2 welded partially
and D1 is welded completely without any defects in the weld zone (WZ); Class E (Right): E3 is unwelded, E2 and E1 have cracks.

welding parameters, the extracted plume and spatter image features
during the process, and the final joint quality.

Plume and spatter high-speed imaging

The high-speed camera captured plume images throughout the
welding process. Fig. 8 presents the plume images for each class. The
initial analysis of HSI and plume feature extraction from sub-class E1
and E2 welds—where heat energy input is elevated and the laser beam
overlaps with the hardmetal—reveals a significant presence of spatter.
The increased vaporization and keyhole instability lead to molten metal
ejection, resulting in more spatter. The more substantial vapor-induced
recoil pressure within the keyhole further disrupts the molten pool. In
these particular sub-classes, where the laser is shifted toward the
hardmetal, due to the lower melting and vaporizing temperature point
of cobalt as the binder than tungsten carbide, the explosive vaporization
of this element generates a spatter, which likely contains tungsten car-
bide particles.

In contrast, this behavior is not observed in other sub-classes, such as
D1, C1, where the same heat energy input levels are applied. This
observation suggests that increased spatter generation may serve as an
early indicator of welds with microcracks. Although many spatters can
indicate crack propagation and "Weld with Cracks" category, it cannot

be the only extracted feature for identifying other weld types. This
suggests that additional features from plume must be extracted for
different classes to characterize the weld type accurately.

Analyzing plume images across different sub-classes reveals distinct
features associated with varying heat energy inputs. A long, nearly
straight plume is observed at a low heat energy input of 17.5 J/mm (sub-
classes C3, D3, and E3), indicating a controlled evaporation process. In
contrast, as the laser energy input increases (sub-classes C1, D1, E1), the
plume size becomes shorter and more turbulent, likely due to higher
vaporization rates and increased material ejection. This plume behavior
serves as another distinguishing factor among different weld types.
Insufficient energy input prevents keyhole formation, leading to an
"Unwelded" classification, where no bonding occurs. In this scenario,
plume height is a reliable indicator for identifying a lack of fusion, as
these cases exhibit significantly longer plume heights than other weld
types.

Since the welding process demands high precision and laser beam
positioning can significantly impact the outcome, making the accurate
detection of quality welds challenging. For instance, sub-classes C1
(partial weld) and D1 (quality weld) exhibit similar plume images,
complicating their differentiation. In this context, among the extracted
image processing features, the X-coordinate position of the plume,
"Plume_End_X" feature, has proven particularly effective in classifying D1
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ap Class E1
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Fig. 6. SEM image of cross-section of the sub class E1 weld joint with cracks —
Weld Zone exhibiting a network-like structure at the Hardmetal interface.

as a quality weld and distinguishing it from C1. The differences in plume
behavior across each class provide valuable insights into the quality of
the resulting welds. However, a comprehensive analysis of all frames
throughout the welding process is required to fully understand the
plume dynamics for each sub-class and extract the relevant features. To
achieve this, image processing techniques are employed to capture the
distinctive features of each plume and correlate them with the corre-
sponding weld types.

After capturing images for each sub-class, the image processing
phase extracts relevant plume and spatter features. This process results
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in a large dataset comprising 150,000 images, yielding approximately
1050,000 numerical feature values. These features and datasets enable
the application of ML classification models capable of predicting the
final weld type and identifying defects like cracks based on plume and
spatter images, forming a foundation for future real-time monitoring
systems. The following section discusses various ML models trained on
these datasets in detail.

Machine learning classification results

The classification results (Fig. 9) suggest the following. The overall
classification accuracy shows that RF (0.98), followed by SVM (0.89)
and GBC (0.86), are the best-performing classifiers. However, given the
slightly imbalanced dataset where most of the dataset contains infor-
mation about "Unwelded" (44.5 %) labels, followed by "Quality weld"
(11 %), "Weld with Crack" (22.4 %) and "Partial Weld" (22.1 %), we
relied on ROC (Receiver Operating Characteristic) and Area Under ROC
as it adds more validity in discussing the classification results. Hence,
the results of AUROC (Fig. 9A) shows that in all cases, the classification
of "Partial weld" had the lowest performance as it overlaps with "Quality
weld" and "Unwelded" labels. Based on the analysis, it can be seen that
LR (i.e., Multinomial Regression — MNR) performs the worst, primarily
due to the assumption of normality and linear dependency among pre-
dictors, which can also be said for LDA and SVM. However, MNR relies
on probability estimates, unlike LDA and SVM, which perform classifi-
cation on linear discrimination and hyperplane separation, respectively.

This also stands for "Quality weld", as it mostly overlaps with "Partial
weld", and the classification performance is consistent with other clas-
sifiers. The "Unwelded" class seems to be second to best classification,
although it can since several samples may have contributed to better
separation from different courses. The "Weld with Crack" performs best
across all models with little to no overlap with other categories. The
analysis is confirmed visually in terms of the consistency of the class
separability via ROC curves (Fig. 9A), which again proves the high
classification accuracy of "Weld with Crack", while showing poor sepa-
rability and overlap of "Partial weld" and "Quality weld". Lastly, the RF
shows perfect separability of "Weld with Crack" (100 %) and almost
perfect separability of the "Unwelded" class (99 %) while showing a bit
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Fig. 7. The association between weld types and process parameters.
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Fig. 8. Images of plumes for different sub-classes.

of overlap in "Partial Weld" and "Quality weld" classes, obtaining 96.8 %
and 98.0 % prediction accuracy, respectively.

Finally, given that RF performs best, we focus on analyzing the un-
derlying mechanisms leading to a high model classification. To do so, we
first investigate the feature importance analysis using MDL, MDA and
TINP results (Fig. 9C). The results show that AVG_End_X has the highest
contribution (MDL = 280.31) to the classification accuracy. In contrast,
MIN_End X has the highest contribution in terms of a decrease in the
accuracy of prediction (MDA = 0.289), suggesting that the position of
the laser beam significantly affects the detection of "Weld with Crack"
and separation of classes as it determines the outcome of the welding
process. In addition, AVG_Plum Width (MDL = 223.705) and AVG -
Plum_Eccentricity (MDL = 263.092) also significantly contribute to the
classification accuracy. Lastly, given that the idea is to follow Occam’s
Razor approach, i.e., to maintain the least number of predictors while
maintaining the classification accuracy, we perform optimization of
features by Recursive Feature Elimination (RFE) by iteratively removing
features without losing too much information and performance of the
model.

The feature elimination process included eliminating features with
the least MDL contribution to the model performance. This included
removing features until we optimised the solution to maintain the 99 %
AUROC metric. The results (Table) show the process of eliminating
features starting from all included features (RF All) until we manage to
come to the ten features (RF_10). The reason for stopping at 10 features
is that the model has significantly reduced the prediction accuracy and
AUROC. However, we also added the RF_9 model (with nine features).
Still, the process of obtaining the nine most essential features is
explained in the following subsection since it did not include the process
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of removing the features based on the feature importance metrics (i.e.,
MDL) but rather removing redundant features based on the correlation
score, thus avoiding collinearity of the features.

Table 4.

In the following, we explain the reduction of feature space based on
the collinearity of features used for ML models. The analysis leveraged
the correlation matrix, mainly relying on Pearson’s r correlation. In
addition, we provide additional insights into changes in feature behavior
by reporting TINP and MDA. Besides, we report on out-of-bag results,
which contain the subsample left out from the bagging, i.e., boot-
strapping of samples to show the rigour and validity in predicting un-
seen samples. Alongside this, we report ROC results, including all
performance metrics that could interest the reader.

Optimization and robustness

The Pearson’s correlation matrix (Fig. 10A) reports several potential
collinearities among the features used. Firstly, we start with the corre-
lation between AVG_Plum_Perimeter and AVG_Plum_Height (r = 0.947,
p < 0.001). The underlying reason for such a correlation is that the plum
perimeter is obtained from the measures of height and width, which
again is closely related to AVG_Plum _Area, as they closely explain the
geometric characteristics of the plume in the image processing. How-
ever, given that the results are obtained from a data-driven approach,
ignoring the underlying dependencies, it becomes reasonable why
different features contribute to the classification accuracy. Nevertheless,
after removing the feature of AVG_Plum_Perimeter — selected based on
the lower MDL score — the model still preserves 99 % prediction accu-
racy based on AUROC = 0.997 and some lower Accuracy = 98.1. In fact,



M. Norouzian et al.

Journal of Advanced Joining Processes 11 (2025) 100318

A GBC LDA MNR SVM RF
1 1 1 - 1 B 1
0.8 0.8 0.8 I 0.8 h 0.8
0.6 0.6 0.6 0.6 0.6
0.4 0.4 0.4 0.4 0.4
0.2 0.2 0.2 0.2 0.2
0 0 0 0 -+ T T T ) 0 - :
<Z>GE$?}6 &\b F &ae{@\b &\b \be’b @Gl' $®\b &\b \be'b S & & A@\b ® &
9 &) d Q ¢ &) R IR & S
ARSI ARSI ARSI &> O N & S &
& &S & &S ST ISER SRR & &S
T T ¥ T ¥ T & T
B 10 5 Perfect separation 10 - 1.0 - Perfect separation - 10 - Perfect separation -
Q Q
) %08* %08* T 0.8 - l, T 0.8 - /,
§ % . e - % ’ % 4
[ /
2 2 06 - 2 06 2 06 - S 2 06 ,
2 2 2 g ’ ¢ 2
& T 04- o 04- a 04— / G 04~ ’
g 3 < =] ’ 3 ’
= F 02 - F 02~ Foz2-| 7 Foz2-|
7 /7
0.0 - 0.0 - 0.0-" 0'07( T T T
[— 1 T 1 r T T T T 1 r T T T T 1 [ I T I I 1
0.00.20.4 0.6 0.8 1.0 0.00.20.4 0.6 0.8 1.0 0.00.20.4 0.6 0.8 1.0 0.00.20.40.60.8 1.0 0002040.6081.0
C False Positive Rate False Positive Rate False Positive Rate False Positive Rate False Positive Rate
—— Crack — Partial Weld — Quality weld — Unwelded
300 r 0.4
[ Mean Decrease in Accuraccy
250 [ Total Increase in Node Purity r 03
Mean Dropout Loss L 0.3
200
F 0.2
150
0.2
100
F 0.1
50 F 0.1

SD_Plum_Eccentricit

—_ > UL A @ o @ s @ S n o
:|§|E.g§§:|£§oe§§E§E§2§g§§£2§o
c:é':oc:g‘6g<c§<lg<g<':‘zogg‘6
LU|UJ|SEO|U"IL“|'EI|EElmlf-EEEI'EElEEOr:':I
Oz sxap T 5X38538595885p2p0
>£35E820Es22s2852588884%5
CEZWTZ gFZI T g 1LWT e g F

S g S g0 EXEC o lJla e,

I E D =2 > SE5EL2mEEDN 22

E 3 O-lgiqz 2z2>0 7 533,/88 2

59z ¢4 £ o 8 T33zz”

o9 < g < 0 ;é > s

> < >

<

y

BN GZEEEEELENZLERBESESBEE
©TT 03 I3IWWVI W esgoWIOYP LWL g 3
c<-c O0OO0OOooOOBTECSCE D O=T E< g < £ o
ELD 1E00TTOTsuweEeTO0OEEEFT_ T JEFEO
5 TES T |u|_15 S E s ETTETS S
423080 EESES2RgOoEBOLB83ESLE S
e O ES55ES52 OSEQC 2R sSa 2L
¥ W o o F o5 2W= 3w 5 | ©
EHZ 13darx ga ¥ |n.Q_|EI§cL;_EIQ_
S0 n 0L E EJHNESES _'x3En
& TSA%93 022 52 583YE28 32,
> E<8> ZZ':\-I E§§E|&m3¥|_lﬁ.m
< S b gL o2 ELS

o« z N2
= < S 2T FREYS Sx¥
s = O Snx 22
4 2?25 <

7]

Fig. 9. Performance of ML Classification considering (A) Training AUROC characteristics with confidence intervals. (B) Receiver Operating Characteristic Curve of
ML classifiers. (C) The plot of feature importance from RF is the best-performing model, where MDL is represented on the y;-axis, and MDA and TINP on the y»-axis

are concerned with features (X-axis).

during the training process (Fig. 10F), the AUROC resulted in 1.00, i.e.,
>99.9 % AUROC and 98 % prediction accuracy across label categories,
suggesting that it led to the improvement of the model with fewer fea-
tures. However, after perturbations and manually performing the anal-
ysis of different scenarios by removing highly correlated features, the
prediction results led to a high drop in prediction accuracy (in some
cases <80 %), and the final decision was made to preserve the model of
nine features (Fig. 10B and C), containing: AVG_End X, Min_End X,
AVG_Plum_Eccentricity, AVG_Plum_Width(mm), AVG_Plum_Height,
SD_Plum_Width(mm), VAR _End_X, AVG_Plum_Area and
AVG_Scatter_Count.
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Conclusions
Concluding remarks

Laser beam welding of steel to hardmetal with a low binder content
enables defect-free joining. The study results indicate that improper
optimization of process parameters (e.g., heat energy input and laser
beam position) can lead to defects such as unstable welds or crack for-
mation. This underscores the presence of a narrow process window for
the welding process, emphasizing the importance of non-destructive
condition monitoring in ensuring weld quality. HSI revealed that
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Table 4
Performance metrics after the recursive feature elimination process.
Performance Weld Partial Quality Unwelded  Average
Metrics with Weld weld
Crack

RF Al Accuracy 1.000 0.989 0.994 0.993 0.994
Precision 1.000 0.968 0.980 0.994 0.988
(Positive
Predictive
Value)
Recall (True 1.000 0.982 0.965 0.991 0.988
Positive Rate)
F1 Score 1.000 0.975 0.972 0.993 0.988
Area Under 1.000 0.999 0.999 1.000 1.000
Curve
(AUROC)

RF37  Accuracy 1.000 0.990 0.994 0.994 0.995
Precision 1.000 0.973 0.979 0.995 0.989
(Positive
Predictive
Value)
Recall (True 1.000 0.983 0.969 0.992 0.989
Positive Rate)
F1 Score 1.000 0.978 0.974 0.994 0.989
Area Under 1.000 0.999 0.999 1.000 1.000
Curve
(AUROC)

RF 30 Accuracy 1.000 0.990 0.995 0.994 0.995
Precision 1.000 0.973 0.982 0.994 0.990
(Positive
Predictive
Value)
Recall (True 1.000 0.983 0.972 0.992 0.990
Positive Rate)
F1 Score 1.000 0.978 0.977 0.993 0.990
Area Under 1.000 0.999 0.999 1.000 1.000
Curve
(AUROCQC)

RF25  Accuracy 1.000 0.990 0.995 0.994 0.995
Precision 1.000 0.974 0.979 0.994 0.989
(Positive
Predictive
Value)
Recall (True 1.000 0.982 0.973 0.992 0.989
Positive Rate)
F1 Score 1.000 0.978 0.976 0.993 0.989
Area Under 1.000 0.999 0.999 1.000 1.000
Curve
(AUROC)

RF20  Accuracy 1.000 0.985 0.992 0.991 0.992
Precision 1.000 0.960 0.970 0.992 0.984
(Positive
Predictive
Value)
Recall (True 1.000 0.975 0.958 0.987 0.984
Positive Rate)
F1 Score 1.000 0.967 0.964 0.990 0.984
Area Under 1.000 0.999 0.999 0.999 0.999
Curve
(AUROC)

RF 15 Accuracy 1.000 0.980 0.990 0.987 0.989
Precision 1.000 0.945 0.968 0.988 0.979
(Positive
Predictive
Value)
Recall (True 1.000 0.967 0.944 0.982 0.979
Positive Rate)
F1 Score 1.000 0.956 0.956 0.985 0.979
Area Under 1.000 0.998 0.998 0.999 0.999
Curve
(AUROCQC)

RF 12 Accuracy 1.000 0.973 0.986 0.982 0.985
Precision 0.999 0.928 0.945 0.984 0.971
(Positive
Predictive
Value)
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Table 4 (continued)

Performance Weld Partial Quality Unwelded  Average

Metrics with Weld weld

Crack
Recall (True 1.000 0.950 0.928 0.976 0.971
Positive Rate)
F1 Score 1.000 0.939 0.937 0.980 0.971
Area Under 1.000 0.996 0.997 0.998 0.998
Curve
(AUROC)

RF 10 Accuracy 1.000 0.963 0.982 0.975 0.980
Precision 0.999 0.907 0.922 0.976 0.960
(Positive
Predictive
Value)

Recall (True 1.000 0.927 0.910 0.968 0.960
Positive Rate)

F1 Score 0.999 0.917 0.916 0.972 0.960
Area Under 1.000 0.993 0.996 0.997 0.996
Curve

(AUROC)

RF 9 Accuracy 1.000 0.964 0.983 0.976 0.981
Precision 0.999 0.909 0.927 0.977 0.961
(Positive
Predictive
Value)

Recall (True 1.000 0.931 0.917 0.968 0.961
Positive Rate)

F1 Score 0.999 0.920 0.922 0.972 0.961
Area Under 1.000 0.993 0.996 0.997 0.997
Curve

(AUROC)

spatter counts can be an early indicator of crack formation. Additionally,
a relatively long and straight plume is characteristic of low heat energy
input, contributing to unstable weld formation. Consequently, plume
and spatter images provide valuable insight into weld quality, which is
supported by features such as spatter count, plume area, height, width,
eccentricity, position, and plume perimeter.

By applying image processing techniques, quantitative data can be
extracted from each frame of the laser welding process, enabling the
development of ML classification models. Hence, the results of ML
classification demonstrate that the RF model can accurately classify
weld quality with 99 % accuracy based on the extracted features from
captured images. This result is better than the results that have been
reported in the literature for ensemble-supervised ML algorithms.
Nevertheless, given that the time sliding window procedure is used to
generate feature space using time-domain statistical features, the feature
space may be difficult to adapt to practical scenarios, given that exten-
sive data processing is required. Even so, after optimizing the feature
space, we reduced the number of feature sets from 49 to only nine of the
most significant features while maintaining performance accuracy.
Among these features, the average X-coordinate of the plume position
(AVG End_X) has the most considerable impact both in improving clas-
sification accuracy and node impurity in the RF classifier, suggesting it
contains critical information about laser beam positioning and serves as
a dominant factor in predicting weld quality.

Implications and limitations

While laser welding parameters and processed windows are well-
defined, uncontrollable factors such as material variability and differ-
ences in surface conditions, composition, or thermal properties affect
laser absorption and heat distribution, which leads to defects and poor-
quality welding. Process-related factors, including joint fit-up accuracy
and clamping forces, can change the weld quality even when the pa-
rameters remain constant. This underscores the need for adaptive con-
trol mechanisms and advanced sensing technologies to further enhance
process stability in mass production. By classifying weld types based on
plume dynamics and their characteristics, this approach provides non-
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Fig. 10. The analysis includes (A) a Decision boundary matrix, (B) a Total Increase in Node Purity, (C) a Mean Decrease in Accuracy, (D) OOB Results, (E) a Receiver
Operating Characteristic Curve, and (F) RF performance metrics for each individual label.

contact monitoring insights into welding, enabling more effective defect
detection and quality assessment for this sensitive weld joint.

The limitations of the study are the following. Extensive data (pre)
processing is required to obtain high classification accuracy. This con-
siders generating a feature subspace from raw processed data using HSI.
Even so, after receiving a feature subset, the transformation from raw
variables to a feature set is required using time-sliding windows to
generate statistical feature space (e.g., mean, standard deviation, vari-
ance) for performing ML classification. Hence, this certainly does not
downplay the obtained results, as, in fact, we add a more nuanced un-
derstanding of the underlying features affecting the weld quality using
rigorous HSI and data analysis procedures leveraging ML algorithms.

Future research

Future research will explore advanced monitoring techniques using
more sensors, closed-loop feedback systems for real-time non-destruc-
tive condition monitoring, and process optimization methods to enhance
the stability and reliability of laser welding in these material joints. As a
part of our future research endeavours, we are considering utilizing
different process parameters to obtain more information about weld
quality. Also, another study will include more advanced ML algorithms
that will consist of Deep Learning (DL) techniques, such as Convolu-
tional Neural Networks, Deep Belief Networks, and Recurrent Neural
Networks, to overcome the step of extensive image and data (pre)
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Appendix A. Random Forest Cross Classification Matrix

Fig. Al.
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