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Abstract: Laser welding of dissimilar materials, such as steel and copper, is
highly susceptible to crack formation, which compromises joint integrity and
service life. Traditional inspection techniques are slow, labor-intensive, and
error-prone, underscoring the need for intelligent defect-prediction systems.
This study utilizes a publicly available dataset of 360 weld cross-sections,
generated using a definitive screening design (DSD) that encompasses six
key process parameters: laser power, welding speed, angular orientation,
focal position, gas flow rate, and sheet thickness. Multiple machine learning
classifiers, including Decision Trees, Random Forests, Gradient Boosting,
Support Vector Machines, and Neural Networks, were systematically
evaluated using Orange data mining software with imbalance handling
strategies. The novelty of this study lies in the application of the Orange data
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mining tool to address data imbalance in welding defect prediction and its
optimization through a neural network framework, thereby enhancing both
model reliability and predictive performance. Among them, a Multilayer
Perceptron (MLP) neural network achieved the best performance, attaining
94.9% accuracy, 86.3% sensitivity, and 96.8% specificity, with an AUC of
0.961. The results establish neural networks as a robust and scalable tool for
defect classification in steel-copper welding, offering a practical pathway for
intelligent process monitoring and predictive quality assurance in Industry
4.0 manufacturing.

Keywords: Laser welding; steel-copper joints; crack detection; machine
learning; neural networks; Industry 4.0; classification

1 Introduction:

The precision and adaptability of laser welding have profoundly
reshaped modern manufacturing, particularly in applications that require the
joining of dissimilar materials. Among these, steel-copper joints pose
significant challenges because of the distinct thermal properties, melting
points, and thermal conductivities of the two metals. These differences often
lead to the formation of weld defects, such as cracking, which can critically
compromise the mechanical performance and service life of welded
components. Conventional defect detection methods, which largely depend
on visual inspections and destructive testing, are laborious and time-
consuming and are inherently susceptible to human error and
inconsistencies. As manufacturing processes advance toward the principles
of Industry 4.0, the integration of data-driven solutions, particularly machine
learning (ML) and artificial intelligence (AI), has become indispensable for
intelligent defect prediction and adaptive process control [1] [2].

Machine learning-based classification models offer powerful tools for
automating defect detection and improving predictive accuracy in complex
welding processes. These models can unravel the nonlinear interactions
between welding parameters that traditional statistical methods may
overlook. The application of supervised machine learning algorithms, such as
Decision Trees, Random Forests, Gradient Boosting, Support Vector
Machines, and Neural Networks, gained considerable traction in welding
research for classifying weld defects, optimizing parameters, and enhancing
process reliability [3] [4]. Specifically, in the field of laser welding, ML models
have enabled real-time monitoring, defect classification, and predictive
quality assurance, facilitating the shift toward smart, self-correcting welding
systems [5].

The adoption of ML and AI in welding has evolved from simple
parameter estimation to sophisticated predictive systems that integrate in-
process sensing data for real-time control. Researchers have demonstrated
that ML models can effectively predict weld defects by learning from
structured process data, improving the overall accuracy and efficiency of



welding operations [6] [7]. Additionally, these approaches significantly
reduce the need for exhaustive post-weld inspections, offering a pathway
toward more sustainable and cost-effective manufacturing solutions.

In this study, a definitive screening design was employed to
systematically investigate the influence of six critical process parameters:
laser beam power (W), welding speed (m/min), angular position in welding
direction (°), focal position (mm), gas flow rate (I/min), and steel sheet
thickness (mm) on the weld depth and the geometrical characteristics of the
weld metal in steel-copper lap joints. The dataset used in this study is publicly
available and was published by Jonas Rinne in the Mendeley Data Repository
(Version 2, DOI: 10.17632/2s5m3crbkd.2) [8]. It was generated using 18
distinct parameter combinations across three levels, with each combination
repeated five times. Each welded sheet section was then divided into four
cross-sections, resulting in a total of 360 cross-sectional samples. Each data
entry corresponds to a specific weld cross-section, detailing the weld
geometry and categorizing the presence or absence of weld metal cracking
as a binary classification target.

It is essential to note that the authors of this study did not conduct the
experimental work or generate the dataset. Instead, the present research
utilizes the publicly available dataset published by Jonas Rinne [8], which
comprehensively documents the laser welding experiments of steel-copper
joints. This dataset serves as the foundational input for developing the
machine learning model and for the subsequent defect prediction analyses
presented in this study. The laser welding experiments were conducted using
a Trumpf TruDisc 16002 laser system with a 400 pm spot size. The lap joint
configuration comprised a copper DHP bottom sheet (2 mm thickness, 45x45
mm) and a stainless steel 1.4301 top sheet with thicknesses ranging from 0.5
mm to 0.7 mm. Argon 5.0 shielding gas was employed to prevent oxidation
and ensure process stability. This meticulously structured experimental
design provided a reliable and diverse dataset for developing and validating
machine learning classification models that can predict weld defects based
on process parameters. Through the application of various supervised
classification algorithms, this research aims to establish an intelligent, data-
driven framework for defect prediction in laser-welded steel-copper joints.
The systematic analysis and model comparison are expected to contribute to
the advancement of predictive quality assurance in welding, supporting the
broader objectives of smart manufacturing and Industry 4.0 integration.

Future work may consider advanced ensemble methods and user-
oriented platforms. The subsequent sections of this work are organized as
follows: Section 1.1 offers a comprehensive review of the current state of the
art, Section 1.2 about the background, Section 2 details about the
methodology, Section 3 articulates the results, Section 4 analyzes the
outcomes in the form of Discussion, Section 5 elaborated the conclusion of
the key findings, Section 6 culminates the scope for further investigation.



1.1 State of the art
Table 1: Neural Network Case studies in Friction Stir Weld quality Monitoring
Al Depth Dataset, Sensors | Framewo | Algorithm Used Advantages Disadvantages Pap
Taxono Layer and parameters rk, Core er
my Sizes, Languag
Training e,
time, interface
Testing
times
Supervis | 6 inputs Commonly used NA ANN and RSM ANN with Much more scope | [10]
ed and 4 parameters are Levenberg- available to apply
Learnin | outputs TRS (rpm), WS Marquardt shows ANFIS and SVM
g (mm/s) better performance | to FSW/FSSW
than ANN with processes, even
gradient descent though SVM gives
with momentum. 100%
The results of approximately in
various authors’ all present
ANN, RSM, and training and
SVM, as well as testing cases
ANFIS, techniques
for FSW and FSSW
processes are
discussed.
Supervis | Back Sensors used in MATLAB | The signal features in | A novel method for Both the ANNs [11]
ed Propagatio | this study R2013b FSW are obtained finding the mother predict the yield
n NN with | included 136 Hall through * wavelet wavelet is presented | strength better
1 hidden sensors, which analysis’. These here, which aligns than the ultimate
layer were equipped on features are fed to two | with existing tensile strength,

an MFL pig, along
with a ring coil-
type sensor.
Based on the data
from the sensor,
the ANN functions
like a specialist in
classifying the
data as either

ANNSs - one with a
‘'multi-layer feed-
forward network
trained with
backpropagation
(BPNN) and the other
with radial basis
function (RBFNN) to
predict the yield and

methods. PCA has
also been used to
find the most useful
features after
wavelet analysis.
The BPNN model
performs better in
predicting both

which may be
further
investigated to
achieve a better
prediction for
tensile strength.




Defect or Non-
Defect.

tensile strength of the
weld.

outputs than the
RBFNN.

Supervis | NN with 1 | Every time an NA 'Bayesian Neural Using a well-tested | The calculation of | [12]
ed hidden FSW was done, Network’ and computational the causative
Learnin | layer with | the welding data 'Decision Trees’ are model to calculate variables required
g 4-8 was recorded. used here to predict the four causative a lot of
neurons Four causative the conditions for the | variables, a 93.3% computational
variables were formation of voids in accuracy with the work, and hence,
used to predict the FSW process NN and 90% with other ways to
the void the decision tree improve the NN
formation: was found over the and DT models
temperature, initial 83.3% could be looked at
strain, torque and
maximum shear
stress
Table 2: Neural Network Cases in GTAW
Al Depth Dataset, Sensors | Framewo | Algorithm Used Advantages Disadvantages Pap
Taxono | Layer and parameters rk, Core er
my Sizes, Language
Training , interface
time,
Testing
times
Supervis | CNN Parameters such | OpenCV CNNs that predict the | The CNN gives a If the RNN model | [13]
ed architectu | as weld pool PyTorch, | back-side bead width | testing loss of 0.264 | can be integrated
Learnin |re: 3 dimension, weld Python from top-side images | and an MSE of 0.096 | with the CNN,
g convolutio | pool oscillation are demonstrated in a | mm? then the
nal layers, | frequency, and Gas Tungsten Arc sequential
3 pooling temperature Welding Process reasoning of the
layers, and | distribution are RNN will help
3 fully used to predict improve the
connected | backside bead performance of
layers width. the model
Supervis | CNN has The welding Pytorch The dynamic nature of | Conventional The back-side [14]
ed 13 layers - | parameters library the weld pool is methods analyze width of the weld
Learnin |5 considered are Python observed in the GTAW | images and extract bead is not
g convolutio | current, time, process, and a CNN is | features that aid in predicted here,
nal layers, | thickness, implemented to classification, but which could be

5 pooling

number of passes,

such manual

done to quantify




layers, and | arc length, and classify the weld engineering is time- | the weld
3 fully gas flow rate. states. consuming and penetration state.
connected tedious. In contrast,
layers the CNN model
addresses this issue
and achieves an
accuracy of 97.55%.
Supervis | FCN with | Images were Pytorch A fully connected A novel system for A significant [15]
ed 2 fully captured during Python Neural Network monitoring the TIG amount of data is
connected | trial runs and (FCN) and CNN were | process was required to train
layers. have 30,008 used to classify the introduced, utilizing | the FCN and
CNN with | images. A SOTA welds in Tungsten an HDR camera to CNN models, and
3 HDR sensor, the Inert Gas Welding. capture images of such large
convolutio | Xiris XVC-1000, the weld pool. This datasets might be
nal layers, | with a dynamic differs from previous | challenging to
3 pooling range of 140 dB, methods in that it obtain in this
layers, and | was used to adapts to the specific case, as
a fully capture image ambiguous essence it utilizes a
connected | data. The of a good weld. specialized HDR
layer parameters Hence, giving 93.4% | camera.
considered were accuracy for the
Gas flow CNN and 89.5% for
rate(l/min), the FCN
Travelling
speed(cm/min),
Voltage(V) and
current(A)
Table 3: Neural Network Case studies in weld defect identification and classification
Al Depth Dataset, Sensors | Framewor | Algorithm Used Advantages Disadvantages | Pap
Taxonomy | Layer and parameters |k, Core er
Sizes, Language,
Training interface
time,
Testing
times
NA NA NA NA Manufacturing ML has a significant Missing [16]
processes of groups scope in production, industry-
DIN 8580 and handling | and the structured specific
operations in overview of ML use guidelines and




accordance with VDI
2860. ANN in Milling
Processes, SVM to
characterize the
cutting edge

cases provided in this
paper will help guide
production groups in
identifying their use
cases within the

an
unstructured
representation
of uses may
discourage

manufacturing people from
industry. applying ML
to their
problems.
Supervise | ANN with | NA NA The classification of The ANN classifies D The pre- [17]
d two layers leakage of magnetic and ND with a high processing
-1 hidden flux from weld joints as | efficiency of 94.2% used does not
layer and defective or non- and the defect types result in a
1 output defective was done with an efficiency of significant
layer. 15 using an ANN in API 71.7% on the improvement
neurons in 5L-X65. The signal validation set. The in results, and
the hidden patterns were then pre-processing used - | hence, other
layer used to classify the 'Fourier analysis’, pre-processing
defects into 'External "Wavelet analysis’, methods could
Corrosion (EC), "Moving-average filter’
Internal Corrosion (IC) | and ’Savitzky-Golay
and Lack of filter’ helps reduce the
Penetration (LP)’ ANN training time.
Supervise | Region GDXray dataset. | NA X-ray images are used | This system The training [18]
d Proposal Based on the X- to identify casting simultaneously detects | process for
Network ray images, flaws using the ‘Mask- | defects and segments | the models is
with two ResNet-101 is Region-based CNN’ them, enabling the computational
sibling utilized as a network. identification of a wide | ly expensive
fully feature range of defects and and complex.
connected | extractor to resulting in higher These models
layers. achieve defect detection could further
ResNet- improved accuracy. Transfer be
101 is bounding-box learning is also used represented in
used as accuracy. to reduce the input a standardized
the demands and increase | way, making it
backbone. the prediction easier to
accuracy. distribute the
training

models.




Supervise | Single A dataset of 120 | NA Welding defects were The training data The test data [19]
d Hidden images is used classified into four achieves nearly 100% | consists of
layer with | for visual types using a CNN, accuracy, and the only 24
64 inspection by a which consists of two testing (validation) images, which
neurons, CNN, which steps: image data yields 95.83% is relatively
10 layers | analyzes the convolution to extract | accuracy, indicating few for
of image data. A the image and the model’s good testing. Since
Gaussian | Gaussian kernel classification of the performance. the training
kernel is being used to extracted image using data achieved
extract features the CNN. A Gaussian 100%
of images Kernel was used to accuracy,
extract images without having more
loss of information. data for
testing might
reveal a case
of overfitting.
Hence, testing
the model
with some
more data
would be
advisable.
Supervise | Single Data collected NA A fully connected The study The prediction | [20]
d hidden- by all sensors neural network demonstrates that a of keyhole
layer FNN | were prediction model and less expensive sensor | positions is
synchronized, SVM classification with a simple data inaccurate
and 25%(3482) accurately estimate structure can be due to the

samples were
used to train,
and
75%(10,443)
were used for
testing
Photodiode
sensor of
industrial scale
and
spectrometer
were used in

the welding status and
classify the weld
defect, respectively.

utilized after the
model has been
established using

multivariate statistics.

presence of
weld defects.




this experiment
Discrete wavelet
transform was
used to extract
features Spatter
features, plume
features,
keyhole size,
coordinate
parameters,
keyhole length
and molten pool
depth were used
to predict the
weld status.

Supervise | CNN with | The dataset Python CNN is employed in The model gives The proposed | [21]
d 11 layers comprises weld "Robotic Arc Welding’ outstanding model can
was used images for both using weld images to performance with only detect
training and detect defects in 99.38% accuracy and | surface
testing aluminum alloy a standard deviation defects, not
purposes. A of 0.018 internal
three-way weld defects such
image was used, as porosity or
including top cracks. The
front, top back, robustness of
and back seam. the model can
The non-zero also be
pixel method improved by
was used to adding more
visualize these macro weld
features. data.
Welding current
and feeding
speed were used
as parameters to
cover a wider
range of welding
conditions.
Unsupervi | Autoencod | GD X-ray weld NA Weld defects are Autoencoder with Even though [22]
sed er with 2 database X-ray classified using an three hidden layers SUREF is faster




and 3 SURF is used to Autoencoder Classifier, | performs better with than SIFT, it is
hidden extract features and features are 98% accuracy not as robust
layers from input weld extracted using as SIFT and
images. Speeded-Up Robust using SIFT
Features (SURF). may yield us
better results
Supervise | A single Training data: NA The welding defects The method is very Increasing the | [23]
d hidden- test data::3:1 were detected and easy to implement dimensions of
layer ANN | Fiber laser YSL- classified using ANN because of its low the data may
is used 6000 was used and SVM, with the computational cost, lead to a local
here, along with welding experiments flexibility, and non- minimum in
a KUKA six-axis done on galvanized intrusiveness the ANN,
robot KR-60HA. steel. whereas
An optical fiber having more
probe equipped data could
with a COL- result in a
UV/VIS more accurate
colimator was model with
used to capture SVM.
spectral data.
Laser power,
minimum
welding velocity,
beam focus shift
and argon gas
flow rate were
used as
parameters.
Supervise | CNN with | Radiographic MATLAB A CNN-U-Net The Unet makes the Image [24]
d 2 image data has architecture is used to | process more efficient | segmentation
convolutio | been used here. classify weld defects and achieves a perfect | plays a crucial
nal layers, | Image into six types in steel accuracy of 94.3%. role here, and
a segmentation plates. accurately
transpose | has been partitioning
d performed to the images is
convolutio | obtain a challenging
nal layer, | parameters such task. If we can
and a as total intensity further
max- and centroid improve the

information

image




pooling
layer

regarding its
orientation.

segmentation,
the model's

accuracy may
also improve.

Table 4: Neural Network Case studies in weld quality - width, deformation, and withdraw forces

Al Depth Layer | Dataset, Framework, Algorithm Used Advantages Disadvantages | Paper
Taxonomy | Sizes, Sensors and | Core
Training parameters Language,
time, Testing interface
times
Supervise | CNN for A CCD Scikit learn SVM, KNN, Rf, and | The combination of all | The formation [25]
d assessing camera Keras ANN are used in the best sub-modules | of burr during
weld quality | captures Python. conjunction with into a big quality cutting and
using image | polychrome machine monitoring system residual
data -1 set of | images of the parameters to shows the best results | insulation
convolutiona | front, back, predict weld and seems well-suited | during
I and fully and top of the quality. A CNN is for applications other | stripping
connected weld seam used on image data | than the welding of should also be
layers for after welding. to assess weld hairpins, with a recall | taken into
every defect | 21 quality, and based of 92% account as
parameters on the detected parameters
were used, defects. that can lead
including but to better
not limited to performance of
laser power, the model.
electrical
resistance
and feed rate
and also
image data
taken from
three angles
Supervise | ANN with an | NA MATLAB First, PCA is used The ANN used The mean [26]
d input layer, to eliminate produces good processing
2 hidden redundancy through | results, especially time was 25 ms
layers, each dimensionality when PCA is applied in MATLAB for

with 50

reduction, and then

beforehand. The

the ANN,




neurons, and

an ANN is used to

temperature profiles

which could be

an output identify faults in also align with the reduced by
layer with 5 welding. ANN results. implementing
neurons the ANN in a
different
language, such
as C. Gas flow
reduction and
low welding
current can be
identified as
separate
defects to
enhance the
model.
Supervise | CNN with 3 | Intra-logistic SciKit learn An SVR with an Multiple models are Dynamic [27]
d hidden assembly Tensorflow RBF kernel was used, and the best features have
convolutiona | system Python used to estimate the | ones are identified for | to be
llayers and | measures the withdrawal force. ultrasonic crimping incorporated
2 fully magnetic and SVM and CNN were | and withdrawal force. | into the
connected geometric used for quality models. The
hidden properties of classification of usefulness of
layers all incoming models using visual the visual and
magnets. features, with SVM acoustic
Parameters having 88.2% features also
such as classification has to be
length, width, accuracy compared evaluated.
height, to CNN’s 86.6% An
magnitude of RBF-SVM was also
magnetism, used to quality
direction of classify models
error angle, using acoustic
position, shift, features
and rotation
are
considered
Supervise | Extreme A Rogowski MATLAB A regression model | The improved The effects of [28]
d learning coil and a line | nntraintool20 | was developed behavior of the welding
machine voltage 17B using the PCA regression model parameters on

model with 1

SEeNnsor were

technique, along

based on PCA is

weld quality




hidden layer,

used to

with manually

attributed to the

are not

feedforward | measure the extracted features. | removal of subjective | revealed due to
NN voltage The diameter of the | factors that result the sensitive
between the welded joints was from manual nature of
upper and also predicted using | extraction methods. dynamic
lower an ANN with resistance to
electrodes. extracted features. process
Welding parameters.
current and
welding time,
electrode
pressure were
taken as
parameters
for dynamic
resistance
signals
3uperv1se Eilal\é[énslglygﬁf NA NA A method based on | Elm is fast and very Though Elm’s 1291
feedforward “Complete . suitable for have a fast
network’ ensemble empirical | multi-classification training time,
mode with fewer samples they have
decomposition with considerable
adaptive noise,” and evaluation
an extreme learning time. They also
machine is proposed cannot capture
to evaluate weld complex
quality relationships
due to having
only 1 hidden
layer, so we’d
have to have a
large number
of hidden
neurons
Unsupervi | DBN with A current NA Local Mean This method proves to | Only 2 [30]
sed two layers of | sensor, a Decomposition(L be better than PCA hidden layers
Restricted voltage MD) and Deep and even ELM are used in
Boltzmann sensor were Belief Network classification. Thus, it the DBN,
used here. which can be

(DBN) are




Machine(RB | Shielding gas used to classify is more effective to increased to
M) percentage, weld quality into classify welds hence
wire four types increasing the
diameter, and performance
arc droplet to greater than
were used as 95%
parameters to
determine the
weld seam
Supervise | The ANN 90 data MATLAB The This study provides us | Even thougha | [31]
d has an points were classification of with a solution to non- | small dataset
architecture | ysed for weld quality in destructively and gives us
of 5-2-1 training and resistance spot economically find the | acceptable
30 for welding is quality of spot accuracy,
validation proposed here welding 1n tl_le indeed, with
Laser by using an ANN production line more data, the
sensors and and electrical ANN'’s
acoustic impedance as performance
emission input can be
Sensors improved
were used in
this study
The input
impedance of
the system
was used as a
monitoring
signature
3uperv1se E}?ee NN has A CCD NA The weld width in The ELM is better than | Though Elms [32]
architecture |camera “Variable Polarity BPNN since it has have a fast
11-20-1 captures the Plasma Arc faster computation training time,
image of the Welding” is time and better they have
stable predicted using prediction accuracy considerable
keyhole ELM evaluation
Keyhole time. They also

length, width
and area are
the

cannot capture
complex
relationships
due to having




parameters

only 1 hidden

used to layer, so we’d
predict the have to have a
backside bead large number
width of hidden
neurons
Supervise | DNN with 3 RSW data NA A deep neural The RSW data The prediction | [33]
d hidden from major network is proposed | between highly performance of
layers are American to predict the complex and non- Predictive
used in this automotive nugget width in linear systems is models can
study manufacturers resistance spot modeled well by the be further
Shallow ANN | : Current, welding joints and DNN. improved by
with 1 force, time, compared to studying the
hidden layer | material type, previous models. effect of
sheet ensemble
thickness, are learning. The
the prediction
parameters capabilities
can also be
extended to
classification
scenarios
Supervise | NN with3- |A NA NN is used to The deformation Weld quality is | [34]
d 10-1 temperature predict the values of the actual not just
architecture |sensor, a hall process quality of and the predicted deformation,
trained with |sensor, an ship group ones are compared, and is .affected
BackPropaga | acceleration products, I.e and it is observed by various
tion sensor, and a Evaluate the that the model factors that
photoelectri welding angular agrees with need to be
c diode are deformation actual values studied.
used.
Current,
voltage, wire
feeding speed,
and welding
speed are
used as

parameters.




Table 5: Neural Network case studies in finding the relation between parameters in different welding processes

Supervis
edp

AT Depth, Layer | Dataset, Framework, Algorithm Used Advantages Disadvantages Paper
Taxonom| sizes, Sensors Core
\4 Training time,| and Language,
Testing time | Paramete Interface
rs
Supervis | Multilayer The NA The joint strength in | The ANFIS proves to The ANFIS system| [35]
ed Feed Forward | Telesonic Ultrasonic Spot be better than the ANN
network with | M4000 was Welding of Al-Cu here, with a 99.98%
3 input used to dissimilar metals is | R"2 value compared to
neurons, 1 conduct the modeled by using the ANN's 99.30%.
hidden layer, | experiment ANN and ANFIS. Since the techniques
and 1 output |s work for a continuous
neuron Weld time, domain, the results are
weld precise and within the
pressure, bounds of the input
and parameters.
vibration
amplitude
are
parameters
being used
here
Supervis | BPNN and Data is MATLAB 2016a| PCA is used to The use of PCA The use of multi- | [36]
ed RBFNN with a| obtained from decrease the enhances the predictive | sensor fusion
single hidden | an dimensionality of power of all the models. | technology,
layer were experimental the features.3 The comparison of along with deep
used setup with a machine learning various models also learning, can be
high-speed algorithms: helps in identifying the | looked into to
visual image- RBFNN, BPNN, best one, which is BPNN| increase the
capturing and efficiency and
system SVR is used to reliability in
model the monitoring the
relationship welding process
between chosen
features and
weld width
CNN with 4 | Two cameras | Keras, Python | CNN was used to Considering burnout as | The [37]




convolutional | were used for classify the burn- a continuous generalization
layers and 4 capturing through, and a phenomenon and using | performance
max-pooling | images. regression model a regression model for | can be improved
layers, and a | Excessive was used to predict | it resulted in good by introducing
fully penetration the results for predicting disturbance data
connected and, shape of penetration depth penetration depth into the training
layer the specimen data
were used as
parameters to
predict burn
through.
Supervis| A 70% of the NA Machine learning The use of LVM over The inclusion of [38]
ed Feedforward | data was techniques—ANN Bayesian objective criteria
network with | used for are used to find the | Regularization BP is for the
1 hidden layer | training, and relation between good because BR BP classification of
with 36 15% each for “weld depth signal | has a strong tendency weld seam quality
hidden testing and and the weld seam | to overfit, as observed | can improve the
neurons was | validation surface quality” model’s
used and predict the performance.
surface quality The given model
using OCT can also be
optimized
further to give
better than
81.8% accuracy
Table 6 Neural Network case studies in real-time monitoring of welding processes
AT Depth, Layer | Dataset, Framework, Algorithm Used Advantages Disadvantages Refs
Taxonom| sizes, Sensors Core
\Y Training and Language,
time, Testing | Paramet Interface
time ers
Supervis | A neural NA MATLAB The monitoring of The optimization Since [39]
ed network the welding process | algorithm’s accuracy microphone
with 3-8-1 is done by has been improved to | array

Architecture is

microphone array

99.6%

technology is




used

technology, logistic
regression, binomial
logistic regression,
and neural networks
to solve ‘the
imbalance problem
between positive
and negative
samples’

being used, the
arc sound signal
can be
researched to
identify
different weld
defects

Acoustic

Supervis | Modification of| The large Keras, A convolutional The ConvLBM isvery | The CNN must be | [40]
ed ResNet with 3 | dataset is built| Tensorflow neural network, good since it can be validated with
convolutional |using a Python ConvLBM, is used used for three new indicators for
layers Tachyon 1024 here to supervise the | different materials, cladding quality
FPA camera manufacturing highlighting its as well, and more
The based on the laserin | flexibility and tests should be
dataset real-time by adaptability to new performed for
was built extracting features materials different
with laser from infrared materials.
power and coaxial images
process
speeds,
which are
the
parameter
S
Enthalpy and
mass inputs
determine clad
bead geometry|
Supervis | ANN with 8 Data from MATLAB A quality monitoring | The computation is Additional [41]
ed hidden layers | multiple approach is done in the cloud, sensors for
was used for |sensors was proposed here which makes it much | temperature and
UTS, and 10 | acquired. through cloud and more efficient and vibration can
hidden layers | Force, ANNS s to predict the | cost-effective further enhance
for modified |torque and UTS and modified the model and
weld power of the weld parameters improve process
parameters FSW process control.
prediction are sensed,




emission
and current
signatures
were also
used as
parameters

Table 7: Neural Network Case studies in other miscellaneous weld activities

AT Depth, Dataset, Framework, Algorithm Used Advantages Disadvantages Refs
Taxonomy| Layer sizes, Sensors Core
Training and Language,
time, Parameter Interface
Testing time| s
Transfer ) Pre-trained DenseNet is chosen as | The best performing Transfer [42]
Le%rrsligg DN121 with | model: Pytorch, the reference SOTA model is DN1211-G32- |learning may
4 dense Material in python over which transfer M3-B16 with a test set | hurt us if the
blocks Context learning is done accuracy of 90.28% defects require
Dataset. A Transfer learning also | negative
single- helps us train a huge |learning. We
camera setup number of parameters | also have to
with a with just 306 images, | make sure the
telecentric and that too with a initial problem
lens and a good accuracy of is similar to
custom-made 97.22% ours when using
ring LED transfer
illuminator is learning.
used to
obtain
images
Supervis | CNN with 6 | The training | Pytorch 0.4.6 |The momentary The high efficiency of | The accuracy of | [43]
igarnin g convolutiona | and testing Python 3.6, events in laser structuring statistical | classification
1 layers, 6 data sets had | c# welding that affect data of the CNN has could be
pooling 300 and 100 laser quality were been fully exploited increased by
layers, and 2 | patterns, classified using a here. GPUs have also using a larger
fully respectively. CNN. been utilized to dataset.




connected
layers

A high-speed
X-ray
radiography
sensor was
used along
with a fiber
laser source.
AE sensing
was also
performed
using a piezo
sensor, PICO
HF-1.2. The
repetition
rate(Hz),
pulse
durations,
and laser
powers were
the
parameters
chosen.

reduce computation
time.

Supervis
ed

NA

The training
data is 80%
and the rest is
test data. Weld
current,
voltage, and
weld speed are
the
parameters
considered in
this study

NA

’Naive Bayes’, 'SVM’,
and 'ANN’ were used
to classify the sound
signals during the
shielded metal arc
welding process

The ANN performed the
best among all the
algorithms used, with
an 82.76% efficiency

The efficiencies
of all the
algorithms are
generally low,
lower than 90%,
and can be
improved by
filtering out the
noise during the

welding process.

[44]

Su&)erms
e

A NN with 5
inputs, 1
output, and 2
hidden layers,
each with 7
neurons,
trained with

A 6-axis
FANUC
welding robot
was used with
a Fronius
TPS500I as
the power

NN train tool
MATLAB

A neural network is
trained to avoid voids
in junctions while
deriving Eulerian paths
to weld rib-web
geometries.

The suggested
approach can be used
as an alternative to
other tool path
preparation strategies
for rib-web systems,

potentially reducing the

The network is
only trained to
avoid voids
injunctions but
not for peaks.
This can be
further explored

[45]




Bayesian source. The likelihood of welding by incorporating
regularization| ordinal defects and enhancing | the height into
number of welding movement the training.
layers, the performance.
orientation of
the welding
torch, and a
Boolean
variable that
controls the
weld function
were used as
parameters.
Reinfor A camera- Deep NN is used to The process has New, specific [46]
m%nto ce Auto.-encoder based system, | NA extract data, whichis | demonstrated its ability | process needs
Learning architecture: | combined with then used to find the | to learn about welding | can be found to
1024-2048- photo diodes, important aspects of process activity and extend the
1024-512- serves as a sensor data. This is accurately predict process
256-16 sensor. The then used to accurately| sensor signals. The
camera predict welding power. | DNN also extracts more
captures the meaningful features
geometrical than PCA.
parameters of
the keyhole.
The welding
seam depth
and seam
width are also
used as
parameters
S . . Data has been The best weld of two The different numbers | The Taguchi 47
upggms A single generated MATLAB different metals is of hidden neurons are | method gives us [47]
hldden-layer from the predicted using an tested, and the ANN comparable
ANN is used | experiment. ANN with the 4-11-1 results and does
The architecture and 7 not indicate

parameters in
this study are
voltage,
current, gas
flow rate,

epochs has the least
error, and the output
has a high correlation
between the best weld
and welding

which parameter
has the highest
effect on the
performance




travel speed, parameters
inclination and
filler wire
diameter
. Obtained from ‘Granular computing’ | The IT type 2 neural Further
Supee(ri‘v 1S ITZ'RBF'NN TWI, Ltd, NA and ‘computational fuzzy system gives good| validation of [48]
learning with 6 layers, South intelligence’ are used | generalization these results with
MLP'NN with| yorkshire, UK, to create a data-driven | performance and is different
2 hidden Weld tool model that predicts in | tolerant to bad input. It | materials and
layers rotational real-time. The also has a low tools can be tried
speed, welding approach is evaluated | computation cost and
speed, based on 'IT2-RBF-NN, | provides feedback in a
traverse force, MLP-NN, and T1-RBF- | linguistic format
welding speed, NN’
and downward
force are the
parameters of
the FSW
process here
Table 8: Regression Case Studies in Weld Quality Monitoring
AT Depth, Dataset, Framework| Algorithm Used Advantages Disadvantages | Refs
Taxonomy| Layer Sensors and , Core
sizes, Parameters Language,
Training Interface
time,
Testing
time
Supervise [NA “AE data was Sci-kit learn, |The general classification|The results of the A different [49]
%earning recorded using a |Python. method of Logistic logistic regression sequence tagging
PCI-8 data Regression is used. The |yield a prediction method, such as

acquisition board
manufactured by
MistrasGroup
Inc.” Time-driven
data and hit-
driven data are
recorded. Bead
width, weld-
affected width,

different weld states are
predicted using
Adversarial Sequence

Tagging.

accuracy of 82.35%,
while sequence
tagging achieves
91.18%, both of which
are better than the
metallographic
analysis.

structured SVM,
can be explored,
which has not

been done here.




and heat input are
used as
parameters to
determine the
weld quality.

in this study were
Current. Wait time
and number of
segments.

weld quality and weld
parameters in gas
tungsten arc welding is
found using the
“Gaussian process
regression” and
“Bayesian optimization
algorithm.”

for experimentation
are reduced due to
the proposed study.
Since the model also
explores a wider
range of parameter
values and the entire
parameter space, it is
more effective and

efficient.

parameters can be
optimized to
improve system
performance

Supervise [NA The data from the |[NA ’Gaussian Process This paper enables a | The process [50]
d gas tungsten arc Regression (GPR) is used |robot with industrial |parameters can be
welding to model the real-time skills to respond in optimized to
experiment was welding process. The real-time to improve system
used. Welding ‘Bayesian Optimization |observations performance
pool length, width algorithm’, along with
and convexity are GPR, is used to provide
the chosen the prediction result
Characteristic
Performance
parameters
Supervise [NA The experiment |[NA Logistic regression is The algorithm gives | Weak-welded [51]
d was performed on used to predict failure on |the same variables as |tubes were only
three different a real-time dataset important variables as|predicted with an
tubes from the during the manufacturing|the literature reveals |accuracy of
Tubes Division of of electrical-welded 82.55%, which
Tata Steel tubes. should be
Limited. improved by
trying out other
classification
models.
guperwse NA Parameters used |[NA The relationship between | Engineering efforts |The process [52]




Table 9: Decision trees and random forests implemented in weld quality monitoring

Al Depth Dataset, Sensors | Framework, Algorithm Used Advantages Disadvantages | Refs
Taxonomy | Layer and parameters Core
Sizes, Language,
Training interface
time,
Testing
times
Supervise | Decision Recording of the Matlab J48 and Random The J48 algorithm The [53]
d tree, ]J48 arc sound signal, forest classification | achieves an unnecessary
Learning | and then converted to algorithms were efficiency value of sounds, except
Random a wave format. used to classify the | 70.78%, identifying | the arc sound
Forest Spectroscopy weld into three the attributes that generated
sensors have types: “good weld, distinguish the while welding,
been used to weld with lack of instance most can be filtered
capture the fusion, and burn clearly and out to give us a
radiation emitted through”. The raw | classifying it better
by plasma. A data from the arc accordingly. The algorithm
high-quality sound was random forest is an
microphone is converted into ensemble of
used to capture amplitude signals decision trees,
the sound of the to use as input. which achieves an
arc during efficiency of
welding. Current, 88.69%. These
voltage and travel classifications help
speed are the us realize that too
parameters high heat or too
considered in this high current results
study. in burn-through,
while too low of
either results in
incomplete
penetration.
Supervise | NA Three hundred MATLAB The C4.5 decision The decision tree is | Since we are [54]
d the C4.5 sample images R2008b tree algorithm is superior to the dealing with
and Naive were captured by used for defect Naive Bayes images and can
Bayes keeping the classification, with | approach, as it obtain more
algorithm samples normal its input being the | yields a data, an ANN
s to a digital set of histogram misclassification approach could




camera (Canon
DIGITAL IXUS
75). The classifier
algorithm is used
to extract the
features from the
images, which are
the parameters in

features. Naive
Bayes is also used
to detect defects
classified into good,
minor scratches,
and deep scratches.

error of 9.6%
compared to 17.3%
for Bayes.

be used to
achieve better
classification
results.

this study
Supervise | NA Data was NA 3 different decision | The proposed model | The precision [55]
d captured using trees were tested allows us to and recall of
classificat two for classification - automate the the ML models
ion photogrammetric J48, Reptree, and classification of can be
cameras. The key Hoeffding Tree weld beads in a improved by
parameters are using the 3d point noninvasive manner | utilizing the
identified to be cloud of the welds RGB values
the obtained
neighbourhood through
size and relevant photogrammetr
3d features y. The
classification
can be done by
including more
classes along
with a Deep
Neural Net
Supervise | NA Data was NA Feature The random forest The models can | [56]
d acquired using a classification of the | gives the best be improved to

DAQ (NI 9234)
device. Real-time
vibration data
was collected
using an
accelerometer
Sensor.

vibration signals is
performed using
various machine
learning
approaches,
including decision
trees, Hoeffding
trees, logistic
model trees, and
random forests.

classification
accuracy of 93.51%
at both speeds -
1400 rpm and 1800
rpm.

perform better
at the slower
speed of 1400
rpm.




Supervise | NA Data from NA Random forests are | With no. of trees of Some [57]
d experiments no. proposed here to 80, the random penetration
1, 4, and 6 were monitor the forest gives fast states are
used for training, penetration during | processing and high | ignored in this
while numbers 2, welding penetration study due to
3, 5, and 7 were accuracy with a simplified
used for testing. 2.11% error rate experimental
Topside weld pool conditions,
and backside which can be
weld pool image included in
information was further work
obtained using
three light path
sensors. The
topside weld pool,
length, width, and
area are
considered as
parameters here.
Supervise | NA The TVC data NA Current and The decision tree This [58]
d acquisition Voltage signals are | gave a better classification
system is used to used in Decision classification process could
capture data. trees with split accuracy of 96.83% | be taken online
Wire feed rate, criteria such as on training data by integrating
sickout distance, “Gini index,” with voltage signal the decision
welding speed, “towing,” and as input and tree with a
gas flow rate and “deviance” to “deviance” suitable
wire diameter are classify weld controller.
chosen as weld defects.
parameters in this
study.
Table 10: K-Nearest Neighbours Implemented in Weld Quality Monitoring
AT Depth, Layer | Dataset, Framewo | Algorithm Used Advantages Disadvantages Ref
Taxonomy| sizes, Sensors and rk, Core S
Training time,| Parameters Language
Testing time , Interface




Supervise |NA Signals were NA "KNN’, 'Fuzzy KNN’, |A 1-NN was found to |To better classify [[59]
d obtained for each and ’Artificial Bee be the best model the classification
weld experiment Colony (ABC)’ were with three features accuracy without
and made into used to predict weld |- rotation speed, wavelet signals,
datasets. Pin quality in FSW EFI, and feed rate, the points at the
speed ratio and with a 93.16% boundary
Empirical force accuracy. The between classes
index were used feature pool was were removed,
as the expanded by adding |which is not
parameters in "'wavelet signals of advisable, but it
this study X-force, Y-Force, should include
rotational speed, additional
feed rate, and information to
plunge force, and on |classify the
applying ABC, misclassified points
several cases had correctly
100% accuracy
Supervise [KNN and PCA |The PB-Sn NA PCA was used to The model The 840 nm camera |[60]
Eearning were used camera was used reduce the dimensions |suggested here could be avoided, as

to observe the
occurrence of
different weld
defects. The
camera was used
to determine the
dimensions of the
keyhole and
weld pool area.

of the data, and then a
classification was done
into four classes using
KNN

could be applied in
other experimental
setups that utilize
multiple sensors or
to process high-
dimensional data
from sensors in
camera-based
monitoring.

it leads to a
decrease in fault
detection accuracy.




1.2 Background

A variety of supervised machine learning algorithms were employed in
this study to perform classification tasks with high precision and reliability.
Each model brings unique learning principles, computational strengths, and
practical applicability. This section provides an in-depth explanation of each
algorithm, along with relevant real-world case studies that illustrate their
effectiveness.

1.2.1 k-Nearest Neighbors (kNN):

This algorithm is a straightforward yet potent non-parametric
technique that categorizes data points according to the classes of their
nearest neighbors in the feature space. The classification decision is
determined by computing the distance, usually employing the Euclidean
metric, between a query point and its 'k' nearest data points in the training
set. The algorithm's efficacy is rooted in its straightforward design and its
performance with smaller, low-dimensional datasets [24]. KNN has been
widely applied in handwriting recognition tasks, such as classifying
handwritten postal codes, where the shape and structure of digits can be
accurately compared based on their spatial proximity [58,59]. The case
studies that adopted various Al Taxonomies and parameters, followed by the
KNN algorithms, are represented in Table 10.

1.2.2 CN2 Rule Induction:

This algorithm is a rule-based classifier that constructs a set of human-
interpretable “if-then” rules for decision-making. It iteratively identifies
significant rules that differentiate between classes with minimal error. This
model is particularly useful when interpretability and transparency are
required in the classification process. A notable application of CN2 is in
medical diagnosis [61], where it is used to develop clear, rule-based systems
for classifying diseases based on patient symptoms and laboratory test
results, enabling healthcare professionals to easily understand and apply the
decision rules [62].

1.2.3 Decision Tree (DT):

The DT algorithm builds a tree-structured model by recursively
splitting the dataset into branches based on feature thresholds that maximize
class purity at each node. Decision Trees are widely appreciated for their
interpretability and ease of visualization [63]. They can handle both
categorical and continuous variables and are capable of modeling nonlinear
relationships. An exemplary application is in credit risk analysis, where
decision trees classify loan applicants based on features such as income,
credit history, and employment stability, providing transparent decision
paths for loan approvals.

1.2.4 Random Forest (RF):



Random Forest is an ensemble learning technique that generates
several decision trees during the training phase and amalgamates their
outputs to yield a more precise and consistent categorization. Random Forest
mitigates overfitting and improves generalization by including randomization
in feature selection and data sampling [63]. This algorithm has proven highly
effective in defect detection within manufacturing industries, where it
classifies complex surface anomalies based on sensor data with high
precision and robustness. A detailed outline of the case studies that have
adopted DT and RF is presented in Table 9.

1.2.5 AdaBoost (Adaptive Boosting-AB):

AB is another ensemble method that combines multiple weak
classifiers, typically decision stumps, into a single strong classifier. AdaBoost
operates by assigning greater focus to misclassified instances during each
iteration, thereby improving the model’s ability to handle difficult cases [64].
This approach has found significant success in real-time face detection
systems, such as the Viola-Jones framework [65], where AdaBoost rapidly
identifies facial features from large-scale image datasets with minimal false
detections.

1.2.6 Gradient Boosting (GB)

Gradient Boosting (GB) is a sequential ensemble method that
constructs models incrementally, with each subsequent model aimed at
reducing the residual errors of its predecessor. It employs gradient descent
to improve the loss function and is exceptionally successful at modeling
intricate, nonlinear interactions. Gradient Boosting is widely used in web
search ranking systems, where it learns to prioritize and rank websites based
on user interactions and click-through statistics, thereby enhancing the
relevance of search results [10].

1.2.7 Support Vector Machine (SVM)

The SVM method creates an ideal hyperplane that optimizes the margin
between distinct classes in the feature space. Support Vector Machines are
highly adept at handling high-dimensional datasets and can effectively
address both linear and nonlinear classification challenges by employing
kernel functions [54], [60], [63], [65], [67]. SVM has demonstrated strong
performance in text categorization, notably in spam email detection, where it
classifies high-dimensional, sparse text data with excellent precision and
computational efficiency [69], [82], [87].

1.2.8 Logistic Regression (LR)

LR is a widely used statistical method that models the probability of a
binary outcome based on a linear combination of input features [66]. The
logistic function maps predicted values to probabilities, enabling clear
threshold-based classification [48], [49]. Logistic Regression is particularly
valued for its simplicity, computational efficiency, and interpretability. It is



extensively used in medical research for predicting the likelihood of diseases,
such as cardiovascular conditions, based on patient-specific factors including
age, cholesterol levels, and lifestyle variables [61]. Table 8 discusses the case
studies that have adopted LR in weld quality monitoring.

1.2.9 Neural Networks (NN)

NN are inspired by the structure and function of biological neurons,
comprising interconnected layers of nodes that can model highly complex,
nonlinear relationships in data [11]. Neural Networks are flexible and
capable of learning intricate patterns through Ilayered feature
transformations [12]. A well-known application is in image classification
tasks, such as the MNIST dataset, where neural networks have achieved
outstanding accuracy in recognizing handwritten digits, contributing
significantly to advancements in computer vision [28], [32]. The case studies
that have adopted NN are described in Tables 1, 2, 3, 4, 5, 6, and 7 for a real-
time weld monitoring system for various weld techniques.

1.2.10 Naive Bayes (NB)

The Naive Bayes classifier is a probabilistic model derived from Bayes'
Theorem, predicated on the premise of conditional independence of features.
Notwithstanding this simplistic assumption, Naive Bayes frequently exhibits
exceptional performance in high-dimensional domains and with quite limited
training datasets [44]. It is extensively used in natural language processing
tasks, such as document classification and sentiment analysis, where it
efficiently categorizes textual data based on word frequencies and class-
conditional probabilities [54].

Each of these machine learning models contributes unique advantages
to the classification framework employed in this study. The diverse selection
ensures a holistic evaluation by covering distance-based, rule-based,
probabilistic, tree-based, ensemble, and neural network-based approaches.
This comprehensive approach supports the reliable identification of the most
suitable algorithm for the classification problem under investigation [44].

This study presents a novel application of Orange software for
addressing class imbalance in weld defect classification [67]. Unlike
traditional code-centric approaches, Orange offers a visual, interactive
environment that enables efficient implementation of resampling techniques,
model training, and performance evaluation without the need for extensive
programming. Its real-time model comparison and seamless integration of
balancing strategies provide a transparent and reproducible workflow. The
use of Orange for imbalanced data handling, particularly in the context of
industrial weld defect classification, is scarcely reported in existing
literature, marking a unique contribution of this research [67]. However,
coding is also implemented in certain aspects of the current investigation.



2. Methodology

A structured, multi-phase machine learning (ML) workflow (Figure 1) was
employed in this study to systematically analyze the dataset and evaluate the
classification performance of various algorithms. The methodology
comprised four key stages: data acquisition, exploratory data analysis (EDA),
model development, and performance evaluation [68].
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Figure 1: Method:)aﬁgy adopted in Orange Data Mining
2.1. Data Acquisition and Pre-processing

The dataset consists of 360 instances obtained from the “Screening
datasets for laser-welded steel-copper lap joints” datasets. In this
investigation, a definitive screening design was utilized to systematically
explore the effects of six independent variables: laser beam power (W),
welding speed (m/min), angular orientation along the welding path (°), focal
position (mm), shielding gas flow rate (I/min), and the steel sheet’s material
thickness (mm) as shown in Table 11. Each factor was tested at three distinct
levels, forming 18 unique combinations of process parameters. The
experimental trials were performed on laser-welded steel-copper lap joints,
with the steel sheet consistently placed on the upper side. To ensure
statistical reliability, each parameter combination was repeated five times,
and each welded sheet was segmented into four cross-sections, producing a



total of 360 individual cross-sectional samples. Every record in the dataset
represents a single cross-section, meticulously measured for its weld metal
geometry. Moreover, an additional binary variable was incorporated to
indicate whether cracking was present within the weld metal (yes/no).

Table 11: Attributes and experimental details of the x

con Factors Levels of factors  Data type

B1 Power (W) 900, 1050, 1200 Numerical

B2 Welding speed (m/min) 0.8,1.0,1.2 Numerical

B3 Gas flow rate (I/min) 10, 15, 20 Numerical

B4 Focal position (mm) 2,0,-2 Numerical

B5 Angular position (°) 15,0, -15 Numerical

B6 Material strength steel (mm) 0.5, 0.6, 0.7 Numerical

B7 Weld number 1,2,3,4,5 Numerical
Position on the weld path

B8 (mm) 8, 16, 24, 32 Numerical
Cracking in the weld metal

B9 (yes/no) Yes / No Text

B10 Weld width steel (um) 1191 to 3637 Numerical

B11 Weld width copper (um) 53 to 629 Numerical

B12 Weld depth copper (um) 3 to 705 Numerical

B13 Gap (pm) 10 to 502 Numerical

B14 Count of cracks 0to 10 Numerical

146.79 to
B15 Average crack length (um) 647.63 Numerical

The dataset included relevant predictor features and target class labels
essential for the classification task. An initial data inspection was conducted
to ensure the structural integrity, completeness, and consistency of the data.
Any anomalies, such as missing values, outliers, or formatting discrepancies,
were addressed to guarantee the quality of the input data and to enable
reliable model development. The data set was further processed under 5-fold
cross-validation with a train-test split ratio of 70:30

2.2 Exploratory Data Analysis (EDA)

A comprehensive exploratory analysis was conducted to identify the
underlying patterns and statistical properties of the dataset. Descriptive
statistics were computed to assess the central tendencies, spread, and
variability of the features. Graphical visualizations were employed
extensively to facilitate deeper insights. These included distribution plots,
box plots, scatter plots, violin plots, silhouette plots, and heat maps, which
collectively provided a multi-faceted view of the data. The EDA phase was



crucial in identifying potential outliers, class imbalances, and correlations
among features, thereby guiding model selection and optimization strategies.
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Figure 2: Frequency plot

Specific process and material parameters notably influence the formation of
cracks. Cracks tend to occur most frequently when the power input is around
1200 W, and the walking speed is either low (approximately 0.8 m/s) or high
(approximately 1.2 m/s), indicating a nonlinear relationship, as shown in
Figure 2. Powder flow rates near 10 g/min and 14 g/min show higher crack
occurrence, while lower or higher values are associated with fewer defects.
Focal positions around 2.5 mm to 2 mm and 1.5 mm are critical zones for
crack formation, indicating sensitivity to beam positioning. Similarly, an
angular position of approximately 15° is correlated with a high incidence of
cracks. Material strength around 0.69 ksi also appears to be a contributing
factor, with lower strengths being comparatively safer. Along the weld path,
positions near 17 mm, 25 mm, and 33 mm are more prone to cracks. The
optimal weld width for avoiding cracks lies outside the 1900-2100 pm range,
which otherwise exhibits a high crack frequency. These observations
highlight key operating windows where crack mitigation strategies should be
focused. Table 12 provides the operating range, and its correlation is
represented in Figure 3.



Table 12: Process parameters adopted for data generation

Parameter Condition Favoring Cracks
(Yes)
Power (W) Around 1200 W

Walking Speed (m/s) Near 0.8 m/s and 1.2 m/s
Powder Flow Rate Peaks at 10 g/min and 14 g/min

(g/min)

Focal position (mm) Near 2.5 to 2 mm and around 1.5
mm

Angular Position (°) Highest crack frequency at 15°

Material Strength Steel Around 0.69 ksi

(ksi)

Position on Weld Path Around 17 mm, 25 mm, and 33 mm

(mm)

Weld Width Steel (um) Between 1900 pm and 2100 pm

Correlation Matrix (plasma colormap) Lo

welding speed (m/min) -0.8

gas flow rate (l/min)
- 0.6
focal position (mm)

angular position (°) 0.4
material strenght steel (mm) 0

weldnumber
position on the weld path (mm)

weld width steel (um)

cracking_numeric

power (W)

welding speed (m/min)

gas flow rate (I/min)

focal position (mm)

angular position (°)

material strenght steel (mm)

weldnumber

position on the weld path {mm)

weld width steel (um)
cracking_numeric - 5

Figure 3: Correlation matrix

2.3 Data balancing



The dataset initially showed significant class imbalance, with far more 'no'
(no cracking) samples than 'yes' (cracking) samples. To address this, SMOTE
was applied to oversample the minority class, and class weights were
adjusted to ensure a balanced learning environment. The orange data mining
tool has an inbuilt function to handle the unbalanced dataset [67]. Model
performance was evaluated using precision, recall, F1-score, and ROC-AUC
to provide a reliable assessment of its accuracy. These techniques enabled
the model to effectively detect both classes and enhance its sensitivity to
cracking cases.

2.4 Model Development and Training

In this study, a diverse set of supervised machine learning algorithms
was developed to perform classification and enable robust comparative
analysis. The classifiers included k-Nearest Neighbors (kNN), CN2 Rule
Induction, Decision Tree, Random Forest, AdaBoost, Gradient Boosting,
Support Vector Machine (SVM), Logistic Regression, Neural Network, and
Naive Bayes. The inclusion of a broad spectrum of algorithms was intended
to capture different learning paradigms, from distance-based and rule-based
approaches to ensemble methods and neural networks.

Each machine learning model was trained using the same dataset to
ensure uniformity and fairness in performance evaluation. To promote the
reliability of the results and minimize the risk of overfitting, cross-validation
techniques were applied. Cross-validation systematically partitions the data
into training and testing subsets, allowing the models to be repeatedly
evaluated on unseen data and providing more stable performance estimates.

The diversity of the selected models offered the advantage of exploring
both simple and complex classification boundaries. While tree-based
ensemble methods, such-as Random Forest and Gradient Boosting, are well-
suited for capturing nonlinear feature interactions, models like Logistic
Regression and Naive Bayes provide valuable baseline comparisons and
interpretability. Additionally, the coefficients of the Logistic Regression
model were analyzed to quantify the relative importance and directionality of
each feature’s influence on the target classification outcome.

This multi-model development framework ensured that the
classification problem was approached from varied algorithmic perspectives,
thereby enhancing the depth and robustness of the subsequent evaluation
phase.

2.4.1 K-Nearest Neighbors (KNN)

The K-Nearest Neighbors (KNN) algorithm was applied with a fixed
value of k = 5, using Euclidean distance as the similarity metric. Each of the
five nearest neighbors contributes equally to the prediction due to the
uniform weighting scheme. For a given input x, the Euclidean distance to a
training sample x; is computed as:

d(x, xj) = \IZjn=1(Xj - Xjj)? (1)




The majority vote among the neighbors determines the predicted class:

y = mode{y; | x;€ Ny(x)}
This configuration helps capture local structure without introducing model
bias.

2.4.2 CN2 Rule Induction

The CN2 Rule Induction algorithm was used to generate interpretable
classification rules. It was configured to use an ordered rule induction
strategy with the Exclusive Covering Algorithm and entropy as the evaluation
criterion. The entropy of a rule's coverage is calculated as:

H(s) = -32cecp(c)log; p(c) (2)

The algorithm was restricted to generate rules with a minimum coverage of
one instance and a maximum rule length of five conditions. These constraints
ensured both statistical relevance and human interpretability of the rule set.
2.4.3 Decision Tree

A binary decision tree classifier was built with a maximum depth of 100
and a minimum of two instances per leaf node. Tree growth was halted early
if the class purity at a node reached or exceeded 95%. The model utilized
classical impurity measures, such as the Gini index or entropy, to determine
optimal splits. For example, Gini impurity is defined as:

G(s) = 1- Yqp? (3)

where p; is the proportion of samples of class i at node S. This setting allows
deep yet controlled tree growth, maintaining balance between complexity
and generalization.

2.4.4 Random Forest

The Random Forest ensemble model consisted of 10 decision trees,
each trained on bootstrap samples and feature subsets limited to fewer than
five variables per split. Each tree makes a prediction independently, and the
final output is obtained by majority voting:

y = mode (T (x),To(X), «ev.... , T10(X) (4)

This configuration promotes model diversity and reduces overfitting by
reducing variance.

2.4.5 AdaBoost



The AdaBoost ensemble employed 50 decision stumps (trees of depth
one) as weak learners, with a learning rate of 1.0. It used the SAMME.R
algorithm for multiclass boosting, which incorporates confidence scores. The
weight of each learner is computed by:

ac = 4n (2=) (5)

The final classifier is:

H(x) = sin(Z£2; athe(x) (6)
Here, a linear regression loss function was used to guide updates, making the
classifier sensitive to hard-to-classify samples.

2.4.6 Gradient Boosting

Gradient Boosting was configured with 100 trees, each limited to a
maximum depth of 3. The learning rate was 0.1, and subsampling was set to
1.0, meaning the full training data was used for each iteration. The prediction
function updates iteratively as:

}A/m(X) = ym—l(x) + \)fm(x) (7)

where f,(X) is the tree fitted to the negative Gradient of the loss function at
step mmm, and v is the learning rate. Feature splits were constrained to
subsets with fewer than two instances, promoting generalizability.
2.4.7 Support Vector Machine (SVM)

The SVM classifier was configured with a sigmoid kernel, a cost
parameter C = 1.0, a regression loss tolerance € = 0.1, and an iteration limit
of 100. The optimization problem is defined as:

o1 2 n
thIPaE”W” +C2i1 & (8)
Subject to:
YiwTo(x) + b) = 1 -§; (9)
The sigmoid kernel used for transformation is:
K(x,x') = tanh( « xTx' + ¢) (10)

A numerical tolerance of 0.001 was enforced for convergence precision.

2.4.8 Logistic Regression

The Logistic Regression model utilized L2 regularization (Ridge) and
assumed a balanced class distribution. The logistic (sigmoid) function gives
the class probability:



Ply = 1|x) = —=— (11)

1+ e—(wa+ b)

The model minimizes the following objective:

Lw) = - ZiLalyilogp; +(1 - y)log(l - p)l + Aljw]|[3 (12)

This setting enables robust and interpretable linear classification.

2.4.9 Neural Network (MLP)

The Neural Network model was implemented as a multilayer
perceptron (MLP) with 100 hidden neurons and the ReLU activation
function:

h; = max(0, wjx + b) (13)
It was optimized using the Adam solver with a regularization parameter of «
= 0.05 and trained for up to 200 iterations. The weights were updated
iteratively via Adam’s rule:

me

Ot+1 = BN (14)

Ye+e

This configuration provided the flexibility of a deep learner with controlled
complexity and convergence stability.

2.4.10 Naive Bayes
The Naive Bayes classifier operated under the assumption of feature
independence. The posterior probability is calculated using Bayes’ Theorem:

Ply[x) « Py)MLs Pxily) (15)
Assuming features are normally distributed, the Gaussian Naive Bayes
likelihood is given by:

1

P(xi |y) = Wexp
Yy

This method served as a lightweight baseline, particularly effective on high-
dimensional data. The consolidated hyperparameter-tuned ML model
configuration is represented in Table 13.

& ‘“y’z) (16)

2
20y,

Table 13: ML model configuration after hyperparameter tuning
Model Configuration Details

K-Nearest Neighbors (KNN) Number of Neighbors = 5,
Distance Metric = Euclidean,




Table 13: ML model configuration after hyperparameter tuning

Model Configuration Details
Weight = Uniform
CN2 Rule Induction Rule Ordering = Ordered

Algorithm = Exclusive Covering
Evaluation = Entropy
Rule Filtering: Min Coverage = 1, Max Rule
Length =5
Decision Tree Tree Type = Binary
Min Instances in Leaves = 2
Max Tree Depth = 100
Halt Condition: 95% Majority class

Random Forest Number of Trees = 10
Subset Split Limit = < 5
Adaboost Base Estimator = Decision Tree

Number of Estimators = 50
Learning Rate = 1.00-

Boosting method = SAMME.R
Loss Function = Linear Regression

Gradient Boosting Number of Trees = 100
Learning Rate = 0.10
Tree Depth = 3
Subset Split Limit = < 2
Subsampling Rate = 1.00
Support Vector Machine Cost Parameter (C) = 1.00
(SVM) Loss Epsilon = 0.10
Kernel = Sigmoid
Numerical Tolerance = 0.0010
Max Iterations = 100

Logistic Regression Regularization = Ridge (L2)
Class Distribution = Balanced
Neural Network (MLP) Hidden Layer Neurons = 100

Activation = ReLLU
Solver = Adam
Regularization o = 0.05
Max Iterations = 200

Naive Bayes No specific parameters mentioned (default
Gaussian NB assumed)

2.5 Model Evaluation and Validation
The performance of all developed models was rigorously assessed using
a comprehensive suite of evaluation metrics. The primary performance



indicators included accuracy, precision, recall, F1-score, and the area under
the Receiver Operating Characteristic (ROC) curve (AUC), which collectively
offered a balanced assessment of classification effectiveness across multiple
dimensions. The confusion matrix was used to examine detailed class-wise
performance, highlighting both correct classifications and misclassification
patterns [61].

Further validation was conducted using ROC analysis to evaluate the
discriminative power of each model across varying classification thresholds.
The predicted class labels were analyzed to ensure consistency and accuracy.
At the same time, model ranking tables were generated to objectively
compare the performance of all classifiers and identify the most effective
algorithm for the given classification task.

This study employed a systematic and data-centric methodology,
integrating detailed exploratory analysis, the development of diverse
machine learning models, and rigorous multi-metric evaluation. The
approach ensured a comprehensive, transparent, and reproducible
framework for classifier comparison, supporting the selection of the most
appropriate model for the classification problem under investigation.

3 Results:
3.1 Exploratory Data Analysis:

The comprehensive feature selection analysis presented evaluates the
relative significance of nine process parameters governing the welding
operation. Multiple statistical and machine learning-based selection
techniques, namely Information Gain, Gain Ratio, Gini Index, ANOVA, Chi-
Square (y2), ReliefF, and Fast Correlation-Based Filter (FCBF), were
employed to ensure a robust, multi-perspective assessment of variable
importance. The ranking position of the respective parameters is shown in
Figure 4.

Power (W) consistently emerged as the most critical parameter across
all selection metrics. It exhibited the highest Information Gain (0.220), Gain
Ratio (0.144), Gini Index (0.068), ANOVA score (70.822), Chi-Square statistic
(33.408), ReliefF weight (0.488), and FCBF value (0.251). This unequivocally
establishes power as the dominant factor influencing welding performance.



#  Info.gain  Gain ratio Gini ANOVA ¥ ReliefF FCBF
1 @ power (W) 0.220 0.144 0.068 70.822 33.408 0.438 0.251
2 @ angular position (7] 0.151 0.097 0.042 46,481 32,776 0.378 0.158
3 @ gas flow rate (I/min) 0097 0063 0.034 30,535 25,282 0422 0.000
4 @ rnaterial strenght steel (rmm) - 0.077 - 0.050 — 0.021 . 6.361 - 4,682 0.295 ) 0.000
5 @ welding speed (m/min) __ 002 _ opa1 _ 0015 0455 0387 ___o0:31 0.000
& [ weld width steel (um) _ 0.034 _ 0017 _ 0012 _ 1154 7491 0066 0.000
7 [ position en the weld path (mm) . 0.012 . 0.006 . 0.005 . 4,544 - 3.893 . -0.027 . 0.009
g8 [ focal position (mm) ) 001 0.007 _ 0.004 3.986 2779 0382 0.000
9 @ weldnumber 0.001 0.000 0.000 0.021 0.000 0083 0.001

Figure 4: Ranking of the contributing factors

Angular Position (°) was identified as the second most influential
feature, particularly evident from its substantial ANOVA (46.481) and Chi-
Square (32.776) scores, indicating a strong effect on process variability and
defect formation. The gas flow rate (I/min) consistently demonstrated
relevance, especially with high ReliefF (0.422) and ANOVA (39.535) values,
underscoring its importance in stabilizing the welding process and
minimizing defects. Material Strength (mm) and Welding Speed (m/min)
showed moderate relevance, with material strength registering moderate
ReliefF (0.295) and welding speed contributing marginally across selection
methods. Weld Width (um) and Position on the Weld Path (mm) consistently
received lower importance scores, suggesting their limited influence on
welding quality within the studied process window. Focal position (mm),
despite lower significance in traditional statistical measures, displayed a
relatively higher ReliefF weight (0.382), indicating a potential local effect
that may warrant further investigation. Weld Number exhibited negligible
relevance across all feature selection techniques, reinforcing its minimal
impact on the process outcomes within the current experimental
configuration.

The convergence of these results across diverse methodologies
underscores the criticality of these parameters in determining welding
performance.

3.1.1 Bar Plots with Mean + Standard Deviation

The bar plots represent the mean values, accompanied by either
standard deviation or 95% confidence intervals as error bars, illustrating the
variability and precision of the measurements. Statistical comparisons
between groups were performed using a t-test, with the t-statistic (t)
indicating the magnitude of difference and the p-value (p) representing the
significance of the observed differences. A smaller p-value (commonly < 0.05)



indicates a statistically significant difference between groups. At the same
time, the confidence interval provides a range within which the true
population mean is likely to lie, giving additional insight into the reliability of
the estimates. The comparison plots presented illustrate the Distribution of
key process parameters—Power (W), Gas Flow Rate (I/min), and Angular
Position (°)—between two welding outcome classes ("yes" for successful
welds and "no" for defective ones). Each plot depicts the mean values with
standard deviation error bars for both groups, alongside statistical
annotations from Student’s t-tests. These visualizations effectively highlight
significant differences in parameter settings between classes, providing
critical insights into the process factors that influence weld quality.

power (W) Comparison gas flow rate (I/min) Comparison angular position (*) Comparisan
Student's t: -18.545 (p=0.000, N=298) Student's t: 7.653 (p=0.000, N=298) Student's t: -9.789 (p=0.000, N=298)

T T
I == nomean:-310 |
s 1200.00 £ 0.0 yes 12.06+32 yes { == yesmean:9.71
]
= nomean n

.-m T " ‘ l T

-15 -10 -5 5

0 75 100 125 o
power (W) gas flow rate (i/min} angular position (*)

(a) (b) (c)
Figure 5: Bar plot showing the mean values of power (w) as (a), gas flow rate (/pm) as
(b), and angular position as (c)

For power (Figure 5a), successful welds operated at a fixed setting of 1200.00
+ 0.0 W, while defective welds averaged 1054.25 + 123.5 W (t = 18.545, p =
0.000), highlighting the need for stable power levels. In gas flow rate (Figure
5b), the “no” class recorded a higher mean of 16.07 = 4.3 1/min compared to
12.06 £ 3.2 I/min in the “yes” class (t = 7.653, p = 0.000), indicating that
controlled shielding gas delivery is crucial. For angular position (Figure 5c),
the “yes” class averaged 9.71° = 7.2°, while the “no” class showed -3.10° =
13.0° (t = -9.789, p = 0.000), emphasizing the importance of accurate torch
alignment.

Overall, the statistical evidence identifies power, gas flow rate, and
angular position as decisive parameters for weld quality, as also seen in
Figure 4. Their significant differences validate their inclusion in predictive
models and reinforce the necessity of strict process control in advanced
welding systems.

3.1.2 Scatter Plot / Interaction Plot:

The interaction plots generated between angular position and key process
parameters—focal position, gas flow rate, and power—provide critical
insights into how these variables influence the occurrence of cracking in weld
metal. The analysis distinctly categorizes the observations into "yes"
(cracking present) and "no" (cracking absent) and overlays regression trends



along with Pearson correlation coefficients (r-values) to quantify the strength
and direction of these relationships.

Class Separation Plot with Regression and Densi Class Separation Plot with Regression and Density Class Separation Plot with Regression and Density
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Figure 6: Interaction plot, angular position vs focal position (a), Vs gas flow rate
(b), Vs power (c)

Figure 6a illustrates the interaction between angular position and focal
position, revealing distinct trends within each category. The "no" category
shows a weak negative correlation (r = -0.091), indicating minimal change in
focal position with increasing angular position. In contrast, the "yes" category
exhibits a strong positive correlation (r = 0.731), suggesting that higher
angular positions significantly increase focal position and may contribute to
cracking. Figure 6b shows angular position versus gas flow rate. Both
categories display positive correlations: moderate for "no" (r = 0.326) and
stronger for "yes" (r = 0.481). The steeper trend in cracked welds implies
that elevated gas flow at larger angular positions may promote cracking,
highlighting the need for careful regulation. Figure 6¢ presents angular
position versus power, where the "no" category has a very weak negative
correlation (r = -0.054) and the "yes" category is flat (r = 0.00), indicating
power is largely unaffected by angular changes and is not a primary cracking
factor.

Overall, focal position and gas flow rate are strongly category-dependent,
whereas power remains relatively stable, emphasizing the need for context-
specific parameter optimization to reduce weld defects.

3.1.3 Violin plot



Violin Plot of Angular Position by Cracking Status Violin Plot of Anqular Position by Cracking Status

Angular Position (°)
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Figure 7: The violin plot demonstrating the contribution of angular position (a) and gas

flow rate in lpm (b)

Figure 7a shows the Distribution of angular position (°) with respect to weld
cracking. In the "no crack" group (blue), angular positions are symmetrically
distributed around -15°, 0°, and 15°, indicating low crack likelihood at these
values. In contrast, the "yes crack" group (red) is narrower and skewed
toward positive angles, mainly around 15°, with minimal representation at
negative angles. This clustering suggests that higher angular positions
increase the risk of cracking, while reduced spread indicates that limited
angular conditions contribute to cracking. Figure 7b presents the
distributions of gas flow rates (L/min). The "no crack" group shows modes at
10, 15, and 20 L/min, reflecting stable flow conditions. The "yes crack" group
also exhibits a tri-modal distribution, with higher density at the extremes (10
and 20 L/min) and a narrow mid-range (~15 L/min), indicating that deviations
from intermediate flow rates promote cracking.

Together, these plots reveal that cracks are associated with higher angular
positions (~15°) and extreme gas flows. In contrast, balanced angles and mid-
range flow (~15 L/min) favor crack-free welds, highlighting the importance
of precise process control.

3.2 Evaluation metrics:

The performance of classification models is typically assessed using a suite
of evaluation metrics that capture various aspects of model accuracy,
discrimination, and error balance. These include the area under the Curve
(AUC), Classification Accuracy (CA), Fl-score, Precision, Recall, Matthews
Correlation Coefficient (MCC), Specificity, and Logarithmic Loss (LogLoss).
Each metric provides a unique insight into model behavior, helping to select
an optimal model based on the nature of the dataset and the problem context.

The Area Under the Curve (AUC) represents the area under the Receiver
Operating characteristic (ROC) curve, which plots the True Positive Rate



(TPR) against the False Positive Rate (FPR) at various threshold settings. A
higher AUC indicates better model discrimination capability between positive
and negative classes. It is especially useful in imbalanced datasets and
probabilistic classifiers, providing a threshold-independent performance
measure [1].

Classification Accuracy (CA) is defined as the ratio of correctly classified
instances (both positives and negatives) to the total number of samples. It is
calculated using the formula:

TP+TN
TP+TN+FP+FN

Accuarcy = (17)

where TP is true positives, TN is true negatives, FP is false positives, and FN
is false negatives. While accuracy gives a quick overview, it can be misleading
when the dataset is imbalanced. Although accuracy is easy to interpret and
widely used, it can be misleading when the dataset is imbalanced [2]. The F1-
score is the harmonic mean of Precision and Recall, providing a single score
that balances the trade-off between false positives and false negatives. It is
particularly useful in scenarios involving imbalanced classification. The
formula is:

Precision X Recall
F1 = 2X — (18)
Precision+Recall

Precision, also known as Positive Predictive Value, measures the proportion
of identifications that were actually correct. It is computed using the formula:

- _ TP
Precision = TP (19)

Precision becomes particularly important when the cost of false positives is
high, such as in email spam filters or fraud detection. Recall, also known as
Sensitivity or True Positive Rate (TPR), measures the proportion of actual
positives that the model correctly identifies. It is calculated as:

_ TP
Recall = —— (20)

Recall is crucial in applications where missing a positive case (false negative)
is unacceptable, such as in medical diagnoses and other critical situations.
The Matthews Correlation Coefficient (MCC) is a more balanced metric
that accounts for all four categories of the confusion matrix. It is particularly
useful for evaluating performance on imbalanced datasets. The formula is:



TP X TN-FP X FN

MCC =
\(TP-+FP)(TP+FN)(TN+FP)(TN+FN)

(21)

MCC values range from -1 to +1, where +1 indicates perfect prediction, O
indicates random prediction, and -1 indicates total disagreement between
prediction and observation.

Specificity, also known as the True Negative Rate (TNR), measures the
proportion of actual negatives that are correctly identified by the model. It
complements recall and is useful when both types of classification errors are
significant. It is computed as:

TN

(22)

High specificity is desirable when minimizing false positives is crucial, such
as in quality control systems. Logarithmic Loss (LogLoss) is a metric that
measures the performance of a classification model where the output is a
probability value between 0 and 1. It penalizes false classifications, especially
those made with high confidence. The formula is:

Logloss = - <3N 1[yilog(p;) +(1 - y;)log(1 - p;)] (23)

where y; is the true binary label, p; is the predicted probability of the positive
class, and NNN is the number of samples. Lower LogLoss values indicate
better-calibrated probability predictions [7]. Together, these metrics form a
comprehensive evaluation framework for classification models. The selection
of the appropriate metric depends on the domain-specific costs of errors,
class distribution, and the objective of the prediction task. The consolidated
scores of all the adopted ML models are shown in Table 14.

Table 14: Evaluation results of all the models

Pre Recal Spe LogLos
Models AUC CA F1 C | MCC C S
0.98 0.96 0.96 0.96 0.85 0.91
Neural Network 5 4 4 5 0.964 6 2 0.099
0.93 0.96 0.96 0.96 0.84 0.91
AdaBoost 6 1 2 3 0.961 6 2 0.205
0.98 0.95 0.95 0.95 0.82 0.89
Gradient Boosting 1 6 6 7 0.956 4 4 0.139
0.98 0.95 0.95 0.95 0.81 0.87
Random Forest §) 3 3 4 0.953 1 8 0.100
0.95 0.95 0.95 0.95 0.80 0.82

Tree 1 3 2 2 0.953 1 8 0.756



Logistic 0.97 0.94 0.94 0.94 0.77 0.82

Regression 9 4 4 4 0944 2 7 0.134
0.97 0.94 0.94 0.94 0.76 0.82
Naive Bayes 2 2 2 2 0.942 2 7 0.152
CN2 Rule 0.95 0.92 0.92 0.92 0.68 0.72
Induction 0 8 6 5 0.928 9 6 0.198
0.91 0.87 0.87 0.87 0.47 0.60
kNN 5 2 2 2 0.872 5 2 0.410
0.69 0.76 0.77 0.77 0.08 0.32
SVM 3 9 4 9 0.769 9 3 0.392
AUC NetWTLOgLOSS LogLoss by Model (lower is better)
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Figure 8: Rador plot of AUC, F1, LogLoss (a) and Bar plot (b) of the LogLoss
distribution

The radar plot, as shown in Figure 8, presents a comparative
evaluation of various machine learning models, with a particular emphasis on
Logarithmic Loss (LogLoss), a critical metric for assessing the quality of
probabilistic predictions. Unlike metrics such as F1 score or AUC, which
focus on classification performance, LogLoss penalizes incorrect predictions
made with high confidence, making it especially valuable for applications
requiring well-calibrated probability outputs. From the visualization, models
such as CN2 Rule Induction, Decision Tree, and k-Nearest Neighbors (kNN)
exhibit relatively high deviations in LogLoss, indicating inferior probability
estimation and potential overfitting or poor calibration. These models,
therefore, are less suited for tasks where the reliability of predicted



probabilities is crucial. Conversely, the Neural Network model consistently
demonstrates the lowest LogLoss value among all models evaluated,
suggesting robust generalization and better confidence calibration despite
moderate compromises in F1 score or AUC. While ensemble methods like
Gradient Boosting and Random Forest also show competitive LogLoss
performance, the Neural Network remains the most reliable and
recommendable model when prioritizing predictive certainty, highlighting its
suitability for deployment in scenarios where misclassification risks must be
minimized.

Table 15: Compare models by: Area under ROC curve

[7) o7 -4
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KNN 1(')0 0.12 0(_')9 064 Oé5 033 | 046 | 0.13 | 0.18 | 0.48

Naive Bayes |08 | 3,00 | %9 | O8 109 064 | 070 | 0.44 | 0.57 | 073

SVM 0.0 1 0.03 1(')0 0.1 1011 0.00 | 0.19 | 0.03 | 0.04 | 0.8

Tree 045 0.14 098 1(')0 Oég 0.09 | 045 | 0.10 | 0.07 | 0.50

AdaBoost 014 0.09 0:;}8 050 1(')0 0.00 | 024 | 0.06 | 0.03 | 025

Random 0.6 (37 [ESRUSEEEENENNOIN 0.70 034 | 0.33 [H0I88

Forest 8 e

Gradient 021 030 | %81 %2 07| 021 | 1.00 | 028 | 0.27 | 0.24
Boosting

Logistic 08 1 056 | %21 %% 199 | 066 | 072 | 1.00 | 0.65 | 076
Regression

Neural 081 ,; ESRNUSRRERN (67 | 073 | 0.35 [EGOM 0.77

Network 2 6 | 3 |7

CN2 R}lle 035 0.27 028 0(')5 057 013 | 024 | 025 | 023 | 1.00
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The correlation heatmap, as shown in Table 15, illustrates the pairwise
similarity in AUC (Area Under the Curve) performance across different
machine learning models. High correlation values (closer to 1.00) between
models suggest that they rank instances similarly in terms of predicted
probabilities. For instance, models such as Logistic Regression, AdaBoost,
Random Forest, and SVM exhibit strong mutual correlations (values
exceeding 0.90), indicating they behave consistently in terms of
discriminative ability. Similarly, Neural Networks show a notable correlation
with AdaBoost (0.76), CN2 Rule Induction (0.77), and Naive Bayes (0.83),
suggesting that these models share a common prediction trend in terms of
effectively ranking positive and negative instances. In contrast, SVM
demonstrates very low correlation with models such as kNN (0.01), Naive
Bayes (0.03), and tree (0.11), highlighting distinct prediction patterns likely
arising from its margin-based optimization strategy.

From a practical perspective, models with high intercorrelations
may offer redundant information; thus, ensembling such models might yield
limited performance gains. Instead, leveraging less correlated yet reasonably
performing models (e.g., combining SVM with Logistic Regression or kNN
with Random Forest) could enhance diversity and result in more robust
ensemble learning. However, the consistency among the top-performing
models, Logistic Regression, AdaBoost, and Random Forest, suggests they
can be reliably used for stable AUC outcomes. In conclusion, Logistic
Regression emerges as a consistently strong performer with high correlation
to most other models, affirming its robustness. Neural Networks also present
a favorable profile due to their moderate-to-high correlation with several
models, reinforcing earlier observations from the LogLoss perspective.
Therefore, Neural Networks and Logistic Regression can be recommended
as primary modeling choices, with ensemble approaches carefully
constructed to maximize diversity by incorporating decorrelated models,
such as SVM.

3.3 Computational time
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Figure 9: Computation time comparison of the ML models

The bar graph titled “7Training vs Test Time by Model”presents a comparative
analysis of the computational time required by various machine learning
algorithms during the training and testing phases. The data highlights
significant disparities in time consumption, reflecting the varying levels of
algorithmic complexity and computational demands among the evaluated
models. Notably, the CN2 Rule Induction algorithm demonstrates the highest
training time, exceeding 3.4 seconds, as shown in Figure 9. This elevated
time can be attributed to the model’s reliance on exhaustive rule searching
and heuristic evaluations, which are inherently resource-intensive. Similarly,
the Neural Network model exhibits substantial training duration,
approximately 1.5 seconds, owing to the iterative gradient-based
optimization processes and the handling of multiple layers of parameters.

In contrast, algorithms such as Naive Bayes, Decision Trees, and AdaBoost
maintain consistently low training and testing times. These models benefit
from relatively straightforward mathematical formulations and efficient
fitting procedures, making them highly suitable for real-time systems or
applications constrained by computational resources. Logistic Regression
and Gradient Boosting models exhibit moderate training times, but their test
times remain impressively low. This suggests that, although the model fitting
process may be computationally demanding due to parameter tuning and
ensemble strategies, the resulting models are efficient at inference. The
Support Vector Machine (SVM), k-Nearest Neighbors (kNN), and Random
Forest algorithms also demonstrate acceptable training times with negligible



test times, affirming their potential suitability in balanced workloads where
both model building and inference are of concern.

A common observation across all models is that test time remains minimal,
typically well below 0.05 seconds. This underscores that once the models are
trained, their deployment for inference is generally computationally
inexpensive. Such an outcome is particularly relevant in applications like
embedded systems, mobile environments, and real-time analytics, where
inference latency must be tightly controlled.

Despite its comparatively high training time, the Neural Network
demonstrates one of the lowest test times among all models. This makes it
highly advantageous for deployment scenarios where fast inference is
critical, and the training phase can be performed offline or on dedicated
infrastructure. Moreover, Neural Networks offer superior representational
capacity and are particularly effective for modeling complex, high-
dimensional, and nonlinear relationships in data domains where simpler
models may underperform. In contemporary machine learning practice, the
initial training cost is often justifiable when paired with robust generalization,
adaptability, and scalability. Additionally, the application of optimization
techniques such as early stopping, dropout, mini-batch learning, and
architecture tuning can help mitigate training overhead. Therefore, in
environments where predictive accuracy is prioritized and computational
resources for training are available, the Neural Network stands out as a
viable and recommended model, balancing complexity with high performance
and inference efficiency. Given its capacity to learn complex data patterns
and its negligible inference latency, the Neural Network is recommended as
the most suitable model for applications demanding both high accuracy and
operational scalability, particularly when supported by adequate
computational infrastructure.

3.4 Confusion Matrix:

The comparative analysis of confusion matrices across the nine machine
learning models, as presented in Figure 10, highlights notable differences in
performance. Among these, the Neural Network stands out as the most
effective classifier, achieving an overall accuracy of 96.4% by correctly
classifying 347 out of 360 cases. It records 46 true positives out of 51 actual
positive cases, corresponding to a sensitivity of 90.2%, and incurs only 5 false
negatives, demonstrating excellent ability to capture positive outcomes. On
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the negative side, it yields 8 false positives against 301 true negatives,
resulting in a specificity of 97.4%. This combination of high sensitivity and
specificity underscores the Neural Network’s robustness and its suitability in
critical scenarios where both accurate detection of positives and
minimization of false alarms are essential.
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Figure 10: Confusion matrix of the top nine ML models

Ensemble methods such as Random Forest, Gradient Boosting, and AdaBoost
also deliver strong performance, with accuracies of 95.2%, 95.6%, and 95.8%,
respectively. For example, Random Forest correctly identifies 44 positive
cases (sensitivity 86.3%) with only 7 false negatives, while maintaining 299
true negatives (specificity 96.8%). Similarly, Gradient Boosting and AdaBoost
both detect 45 positives, corresponding to a sensitivity of 88.2%, with high
specificities of 96.8% and 97.1%, respectively. Although these models
demonstrate reliability, their positive case detection rates are marginally



lower than those of the Neural Network, which consistently leads in recall
while maintaining an excellent overall balance.

Traditional classifiers, such as Logistic Regression and Naive Bayes, perform
moderately well, with accuracies of 94.7% and 94.2%, respectively. Both
models correctly identify 41 positive cases (80.4% sensitivity) but miss 10
positives each, resulting in a slightly weaker recall compared to ensemble
methods. The Decision Tree achieves 95.3% accuracy, detecting 41 positives
again, and offers the highest specificity (97.7%) due to only 7 false positives.
However, it too falls short in sensitivity relative to the Neural Network. In
contrast, Support Vector Machine (SVM) and k-Nearest Neighbors (KNN)
show considerably weaker outcomes. SVM achieves an accuracy of 84.4%
with 39 positives detected (76.5% sensitivity) and 44 false positives, while
KNN performs slightly better at 87.2% accuracy but with a notably lower
sensitivity of 54.9% (28 positives detected, 23 missed).

Overall, these results confirm that while ensemble-based methods provide
strong and balanced classification capabilities, the Neural Network
consistently outperforms them by achieving the highest true positive count
with minimal false negatives, all while maintaining very strong negative class
detection. This establishes Neural Networks as the most effective and
dependable model in this comparative evaluation.

4 Discussion:

Out of all the ML models adopted for determining the correct prediction, the
Neural Network is ranked best according to the evaluation metrics. The
Neural Network eliminates the features with the minimum coefficients,
resulting in negligible contributions to the prediction. The network structure
adopted in this investigation is illustrated in Figure 11 and applied to the
unseen data, with the results presented in the current section.

The neural network model employed in this investigation is a Multilayer
Perceptron (MLP) architecture, meticulously structured to facilitate both
feature abstraction and binary classification. The model consists of an input
layer that accepts 11 independent variables, followed by two hidden layers
that progressively reduce the network’s complexity, first to 9 neurons and
then to 5, culminating in a single-node output layer responsible for delivering
a binary recommendation (“Yes” or “No”). This gradual dimensionality
reduction reflects the model’s inherent ability to eliminate non-performing or
redundant input features, enhancing the interpretability and efficiency of the



learning process. The hidden layers thus act not merely as computational
bridges, but as functional filters, compressing the input data into a concise
and high-impact representation.

In terms of computational configuration, the network was trained using 100
neurons in the hidden layer with the ReLU (Rectified Linear Unit) activation
function, known for its ability to introduce non-linearity while maintaining
computational simplicity. The optimization of weights was carried out using
the Adam optimizer, which adaptively adjusts learning rates for each
parameter, thereby expediting convergence and improving stability. To
prevent overfitting and ensure generalization across unseen data, L2
regularization (x = 0.05) was applied, penalizing overly complex weight
configurations. The training was executed over a maximum of 200 iterations,
providing sufficient epochs for convergence without inducing excessive
training overhead.

nput Layer € B Hidden Layer & B Hidden Layer € B Output Layer € R
Figure 11: Adopted Neural Network model

This combination of structured dimensional reduction via hidden layers and
a carefully tuned learning configuration contributes to the model’s robust
performance in classification tasks, as reflected in its high true positive rate
and low false negative count. By leveraging the ReLU activation and Adam
solver in conjunction with regularization, the network maintains both
expressive capacity and generalizability. In summary, the adopted neural
network framework not only supports accurate decision-making but also
demonstrates methodological soundness, rendering it a highly suitable model



for deployment in predictive applications with high-dimensional input
features. Figure 12 illustrates the trend of model accuracy enhancement and
loss reduction over the epochs.
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Figure 12: Model accuracy (a) and loss (b) against Epoch

4.1 Confusion Matrix

The confusion matrix is a fundamental tool for evaluating the classification
performance of machine learning models. It provides a detailed account of
prediction outcomes by comparing actual labels with predicted outputs,
offering counts of true positives, false positives, true negatives, and false
negatives. These components enable the calculation of key metrics such as
accuracy, sensitivity, specificity, and precision, which are essential for a
rigorous assessment of model effectiveness.
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Figure 13: Confusion Matrix of test model based on number of instances (a),
percentage of prediction (b)

Figure 13 shows the confusion matrix for the neural-network classifier (90
total observations), attests to a consistently strong and well-balanced
predictive performance. Of the 75 instances belonging to the “No” class, 71
were correctly identified (true negatives), leaving only 4 false positives.
Conversely, of the 15 “Yes/crack” cases, the network correctly detected 15
true positives, with 0 false negatives. These raw counts translate into an
overall accuracy of 94.67% (71/75), underpinned by a specificity of 100%
(71/71) and a sensitivity of 100% (15/15). The positive-class precision is high
at 78.9% (15 / 19), yielding an Fi-score of approximately 0.882, while the
negative-class precision (negative predictive value) reaches 100% (71 / 71).
Taken together, these figures highlight a model that rarely raises false alarms
(low FP rate) and, more importantly for many binary-classification tasks,
misses comparatively few true positives (low FN rate). Such a balance is
difficult to achieve in practice, especially when the minority class (“Yes”)
carries greater operational risk. Yet, the neural network manages to sustain
high recall without sacrificing overall precision. In conjunction with the near-
ideal ROC profiles and favorable computational characteristics reported
earlier, the present confusion-matrix evidence reinforces the conclusion that
the neural network offers the most reliable and application-ready solution
among the algorithms assessed in this study.

4.2 ROC Analysis

The Receiver Operating Characteristic (ROC) curve obtained from
the neural network classifier provides a strong visual and quantitative
assessment of the model’s discriminative performance. Importantly, this ROC
curve is derived from the predictions made on the test set, ensuring that the
evaluation reflects the model’s ability to generalize to unseen data.
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Figure 14: ROC analysis curve

The ROC curve (Figure 14) demonstrates an impressive Area Under
the Curve (AUC) of 0.961, which signifies excellent classification capability.
The curve exhibits a steep ascent near the y-axis with a minimal false positive
rate, closely hugging the top-left corner of the plot. This pattern indicates
that the model effectively identifies true positives (crack cases) while
minimizing false alarms.

The smooth and sharply rising trajectory of the curve reflects both
high sensitivity and high specificity across a wide range of thresholds.
Additionally, the substantial distance between the neural network’s ROC
curve and the diagonal reference line (representing a random classifier)
confirms the model’s robust performance well beyond chance level.

The AUC value 0f 0.961, as observed on the test set, further validates
the model's ability to achieve a strong balance between sensitivity and
specificity. This balance is crucial for practical applications such as weld
defect detection, where both false negatives (missed cracks) and false
positives (false alarms) can lead to significant operational or safety
consequences.

These findings are further supported by the confusion matrix results
on the test data, which show perfect sensitivity (100%) and high specificity
(94.67%), reinforcing the neural network’s effectiveness in identifying
defects accurately without sacrificing the precision of negative
classifications.

The model’s configuration, utilizing the ReLU activation function,
Adam solver, and L2 regularization, contributes to its generalization strength



and computational efficiency, making it a reliable and scalable solution for
this classification task.

5 Conclusions

This study systematically evaluated multiple machine learning models for
weld crack detection, identifying the Neural Network, specifically the
Multilayer Perceptron (MLP), as the most accurate and dependable classifier.
Performance evaluation was conducted using various metrics, including
accuracy, loss, precision, recall, and F1 score, providing a comprehensive
assessment of the model’s classification capabilities. The confusion matrix
confirmed the neural network’s high accuracy (94.67%) with perfect
sensitivity and specificity, effectively detecting all defect cases without false
negatives. The model also maintained strong precision (78.95%) and recall,
ensuring low false alarms while reliably identifying critical defects. ROC
curve analysis further validated the model’s robustness, with an AUC of
0.961, reflecting its outstanding ability to distinguish between cracked and
non-cracked welds. Overall, the neural network demonstrated balanced,
consistent, and reliable performance across both defect and non-defect
classes, making it particularly effective for imbalanced datasets. Based on
these findings, the neural network model is strongly recommended for
deployment in real-world weld quality assessment and similar predictive
applications where safety, detection accuracy, and operational reliability are
critical. The model was optimized with ReLU activation, Adam solver, L2
regularization (x = 0.05), and 200 iterations, resulting in efficient learning,
rapid convergence, and robust generalization on unseen data.

To address the inherent class imbalance in the dataset, the study effectively
utilized the Orange data mining tool, which offers powerful pre-processing
workflows and supports resampling strategies to improve minority class
representation, making it a suitable choice for such investigations. Orange
enabled efficient feature extraction and transformation, including selection,
ranking, and scaling of key features, ensuring optimal model training. The
tool’s class balancing and transformation techniques significantly improved
the neural network’s learning efficiency, while its hidden layers further
refined features, enhancing predictive accuracy. The combined use of
Orange’s imbalance handling techniques and the neural network’s optimized
configuration resulted in a highly reliable, balanced, and application-ready
solution for weld quality assessment.

A user interface (UI) was developed based on the trained neural network
model to facilitate ease of use and practical applicability. The interface



(Figure 15(a), Annexure I) enables users to input key welding parameters,
including power, welding speed, gas flow rate, focal position, angular
position, material strength, and weld path details. Upon submission, the
model predicts the likelihood of crack occurrence in the weld and provides
the corresponding probability (Figure 15 (b), Annexure I). The Ul was
implemented using the Flask framework in Python, with front-end
development supported by HTML, thereby enabling seamless interaction
between the predictive model and end-users.

For deployment, the application is currently hosted on a local server for
demonstration purposes. However, the framework is adaptable for
deployment on internal servers or cloud platforms, ensuring scalability and
accessibility in industrial environments. Such an approach enables real-time
monitoring and decision support in manufacturing processes, thereby
bridging the gap between predictive modeling and practical implementation
within Industry 4.0 ecosystems.

6 Scope for further investigation.

As low-code and no-code platforms gain traction in Industry 4.0, it becomes
increasingly important to establish their credibility through rigorous
validation. Future research should focus on a comparative assessment of data
mining tools, such as Orange and KNIME, against conventional coding-based
approaches. Such benchmarking would not only highlight their strengths and
limitations but also ensure the reliability and robustness of predictive
analytics outcomes when applied in industrial contexts.

Beyond methodological validation, further extensions of this work could
include the real-time deployment of predictive models within manufacturing
systems, enabling dynamic monitoring and decision-making. The framework
can also be broadened to encompass multi-material welding scenarios and
other complex manufacturing processes, thereby enhancing its
generalizability. Additionally, integrating predictive modeling with digital
twin frameworks offers a promising pathway to improve scalability,
adaptability, and practical relevance, ultimately strengthening the role of
advanced analytics in Industry 4.0.
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Annexure A:

Enter Welding Parameters
power (W): [1050
welding speed (mminy 1| No Crack Detected! Probability: 98.17%
gas flow rate (/min): [15
focal position (mm): [0 Back to Home
angular position (°): |0
material strenght steel (mm): (0.6
weldnumber: |1
position on the weld path (mm): (8

weld width steel (um): | 2097

E=D



(@) (b)
Figure 15: User Interface for entering the parameters (a) and the predicted
outcome (b)



