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Abstract

Resistance Spot Welding (RSW) is a popular technique for joining sheet metals. Due to the involvement of multiple process
parameters, ensuring continuous quality assessment is crucial. While machine learning (ML) methods have demonstrated
effectiveness in monitoring welding quality, their application is often limited by the high cost and time required to collect
sufficient training data. A promising solution is the integration of prior knowledge into the ML process through transfer
learning (TL), enabling the development of more generalized models. This study proposes a TL-based methodology for
RSW quality monitoring in the case of limited datasets. An experimental campaign was conducted to generate a target
domain dataset comprising welding points produced under varying process conditions. A neural network was trained to
predict the nugget diameter, which is typically more difficult and time-consuming to measure. Subsequently, TL techniques
were employed to transfer knowledge from a model trained to predict the peak load of tensile shear tests to the nugget
diameter prediction model. The source domain dataset used for TL included samples obtained under diverse experimental
conditions, encompassing different materials, welding parameters, and electrode types. The results demonstrate that TL
enhances model generalization and predictive performance across the full range of nugget diameters, including challenging
cases with extremely small or large values that typically hinder accurate prediction. Accordingly, the model performance
improved by 25%, achieving a mean absolute percentage error of 5.76%. These findings confirm the potential of TL to
improve model robustness, particularly when applied to novel experimental setups. The study provides both theoretical
and practical contributions, illustrating how laboratory-generated source domain datasets can be effectively leveraged to
support quality monitoring in different production setups.

Keywords Resistance spot welding - Machine learning - Model generalization - Process monitoring - Electrode force

1 Introduction

Resistance spot welding (RSW) is the main welding process
in several industrial sectors due to its simplicity, low cost,
and efficiency [1]. RSW employs simultaneous electrical
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through destructive testing (DT) or non-destructive testing
(NDT).

Destructive testing methods, including chisel tests, tensile
shear testing (TST), torsion testing (TT), and cutting samples for
microscopic analysis, provide the most accurate and complete
assessment of weld quality. Chisel tests, where a chisel is used
to separate the welded sheets, allow direct measurement of weld
diameter. TST and TT provide mechanical properties (e.g., the
peak load and the maximum torque) that directly relate to joint
performance. Nevertheless, selecting the suitable DT method is
not a trivial task as it influences fracture mode and the proper-
ties of the fracture surfaces [5]. Macrography analysis reveals the
internal weld structure, including weld shape, heat-affected zones,
and the presence of defects such as porosities, cracks, expulsion,
or incomplete fusion. However, DT methods are inherently
destructive, which makes 100% inspection of the joints unfeasi-
ble and limits their application to sample-based inspections. This
limitation, together with the need for time, skilled operators, and
specialized equipment, results in additional time and costs.

Non-destructive testing methods offer the advantage of
checking every weld without destroying the part, enabling
potentially 100% inspection. Ultrasonic tests detect internal
problems and measure weld diameter by analyzing reflected
sound waves [6]. Thermography methods can identify
process problems and predict weld quality based on heat-
ing response characteristics [7]. X-ray methods (e.g., com-
puted tomography) provide detailed images of internal weld
structure [8]. Magnetic characterization offers the possibil-
ity of measuring the weld diameter based on joint magnetic
response [9]. Despite these benefits, NDT has several prac-
tical limitations in production environments. Many NDT
methods require special equipment that is often expensive
to purchase and maintain, expert operators, and controlled
environmental conditions. Moreover, they can’t always be
used because of limited access to the weld joints.

Another way of controlling welding quality has been
offered by Industry 4.0. Key technologies, such as Machine
Learning (ML) and Internet of Things (IoT), enable online
monitoring of process signals, providing a straightforward
way to assess joint quality. For example, Podrzaj et al. have
employed a linear vector quantization neural network sys-
tem to detect the presence of expulsion, i.c., the ejection
of liquid metal, one of the most informative indicators of
process instability and possible welding defects [10]. More
recently, Kershaw et al. have proposed a model for expul-
sion detection and RSW monitoring, integrating features
gathered from process signals and the melting phase of
the coating layer [11]. Xia et al. have provided a physics-
informed neural network (PINN) framework that integrates
a physics-based process and data-driven models to enhance
the out-of-distribution generalization of the expulsion
prediction model [12]. Taking into account other quality
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characteristics, such as nugget diameter and thickness, heat-
affected zone (HAZ) diameter, and indentation, Russel et
al. have compared different models to test their prediction
capacity [4]. Another example is proposed in [13], where
Bogaerts et al. have developed a method for the nugget
diameter prediction based on a combination of unsupervised
deep learning and Gaussian process regression.

Machine learning methods have demonstrated their
success in RSW process monitoring. However, they have
some limitations. Firstly, obtaining high-quality data is both
costly and time-consuming. Moreover, the majority of the
methodologies applied in the literature are fixed for a spe-
cific material and process environment, which is typically
laboratory-controlled [14]. As soon as some of the process
variables change, the existing models are generally not
applicable. A possible way to overcome these limitations is
to integrate prior knowledge into the ML process to reach
more generalized models. Different types of knowledge
representations (e.g., algebraic equations, differential equa-
tions, simulation results, logic rules, and human feedback)
can be incorporated into the ML pipeline, leading to the
concept of informed machine learning [15]. For instance,
Physics-Informed Neural Networks (PINNs) integrate phys-
ics-based scientific knowledge into neural networks. A fur-
ther solution to enhance model generalization comes from
transfer learning (TL). TL reuses a previous model to assist
the new one, which eventually deals with different process
conditions (e.g., materials, input parameters, etc.) [16]. In
other words, it can be stated that TL enables the integration
of knowledge from one or more source domain ML models
to a target domain model [17]. Although TL has the poten-
tial to solve many issues for RSW, there are just a few exam-
ples in the literature. Guo et al. have proposed a TL method
based on TrAdaBoost.R2 and XGBoost that employs process
and material parameters to predict the tensile shear strength
[18]. Noh et al. have used a TL-based convolutional neu-
ral network (CNN) fed by current, voltage, and accelera-
tion signals to classify normal from abnormal spot welds
[19]. Using images instead of process parameters or signals
is popular in quality monitoring. Xiao et al. have proposed
a CNN method to recognize spot welding appearances [20].
Similarly, a TL-based CNN architecture that predicts the
nugget diameter from thermal images has been proposed by
Santoro et al. [21]. Another solution to deal with data scar-
city comes from Yue et al. The authors first trained a neural
network with low-fidelity data obtained through finite ele-
ment simulations. Then, they froze some layers to transfer
them to the new model trained with experimental data [22].

This work aims to develop a straightforward TL-based
methodology for RSW monitoring in cases where a lim-
ited dataset is available, reflecting the practical challenge
in the industrial world where obtaining labeled data is often



The International Journal of Advanced Manufacturing Technology

costly and time-consuming. First, a neural network has been
trained to predict the nugget diameter, which is generally
more difficult and time-consuming to measure compared to
the TST peak load. Second, TL techniques have been used
to transfer the knowledge of a TST predicting model to the
nugget one. Lastly, the models have been compared. Most
importantly, results show that the TL enhances model gen-
eralization. Even in the case of folds containing abnormal
nugget diameter dimensions (e.g, the small ones), the error
drastically decreases, compared to the non-TL model.

The remainder of the paper is organized as follows. Sec-
tion 2 describes the applied methodology in this paper.
Section 3 discusses the results, while Section 4 deals with
conclusions and proposals for future implementation.

2 Methodology

The adopted terminology is taken from Giannetti and Essien
[23]. A domain D = {X, ¢} consists of a feature space X
and ¢ observations. We consider two types of datasets, the
source domain and target domain datasets, respectively
Dy = {(zs1,¥s1), - (o0, ys0)}  and Dy = {(@1,901),
vy (20, y2e) }- A task T'is defined as T' = {y, p(x)}, where
x; € X are observations in the input space, y; € Y is the
response, and o(-) is a predictive function. We consider
T and T; as the source and the target tasks, respectively.
Transfer learning seeks to enhance the learning task 7} in
the target domain by using knowledge in D, and T, where
Dg # D, or Ts # Ty, given a source domain D;, a learning
task T, a target domain D, and a learning task 73.

The proposed methodology is shown in Fig. 1. The paper
structure is based on the same figure. The definition of the
target domain model is done in four phases. The problem

definition

campaign)

1— r2————— r3 r4
Data collection Feature Dt model
Problem . . . . . ..
(Experimental engineering and Dt.d building, training

selection

definition leads to the identification of the target variable
(one or more). The data collection describes the experimen-
tal campaign and the process of gathering the raw data. The
feature engineering and selection phase is used to analyse the
features and rank them to see how the number of involved
features affects the results. At the end of these three phases,
the target domain dataset (D) is defined. Finally, the Dy
model building/training/validation phase describes the
prediction model for the target domain dataset. After that,
the definition of the Transfer learning model involves two
additional phases. The first defines the data set of the source
domain (D), i.e., the additional data and models used to
improve knowledge. The TL models building/training/vali-
dation phase describes how the target dataset is integrated
into the source models to transfer the knowledge. The final
phase deals with the comparison between the performance
obtained by the transfer learning models and the D; one.

2.1 Problem definition

The first step involves defining the problem. Our goal is to
improve quality evaluation in RSW by employing process
signals. Examples of the main RSW quality criteria are the
nugget diameter, the TST peak load, the weld diameter, and
the indentation. As one of the most desired and costly-to-
measure parameters, our target is the nugget diameter. The
ISO standard 17677-1-2021 [24] defines the weld nugget
diameter d,, as the “diameter of nugget measured at the fay-
ing surface by metallurgical examination”. The influence
of nugget diameter on the fracture behavior of spot-welded
joints is well established in the literature. In general, a
reduced nugget diameter leads to interfacial failure, whereas
an increased nugget size usually results in plug-type frac-
tures (i.e., failure mode resulting in a plug on one sheet and

and validation
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Fig. 1 Methodology adopted
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a hole in the other sheet). Of these modes, plug failure is the
most desirable, as it is typically associated with higher joint
strength [25, 26].

2.2 Data collection - experimental campaign

The experimental campaign has been conducted using a
medium-frequency direct current RSW machine, working in
“constant current” mode and equipped with a TE700 (Tecna)
control unit (Fig. 2). The force signal has been acquired using a
piezoelectric surface strain sensor (Kistler Italia, mod. 9232A)
through a National Instruments cRIO 9035 at a 40 kHz sam-
pling rate. The material employed is the 1 mm thick GI40/40-U
DP590 steel. The specimen dimensions are (45x105) mm, with
an overlapping area of 35 mm (Fig. 3a). During the welding, the
cooling rate is 4 L min~—!. Experiments have been conducted
using Cu-Cr-Zr electrodes with a 5 mm contact diameter and
a truncated cone shape. The weld time is 250 ms (upslope=25
ms, current time=200 ms, downslope=25 ms). Multiple sets
of welding current (variable values between 8 and 14 kA) and
welding pressure (variable values between 1 and 2.2 bar) have
been chosen to realize 48 spot welds with the aim of having
conforming and non-conforming welding points. The experi-
mental setup has been dictated by ISO 14273 and 14373 stan-
dards[27, 28]. Metallurgical examination has been utilized to
measure the weld nugget diameters (Fig. 3b).

2.3 Feature engineering and selection

Being one of the most informative signals in RSW [10], the elec-
trode force has been employed to predict the nugget diameter. In
the next subsections, the force behavior and the feature engineer-
ing phase adopted to construct the datasets are explained.

2.3.1 Force curve

Figure 4 displays an example of electrode force and current
curves acquired and processed after the experimental phase.
The force is the response of the applied input pressure. Dur-
ing the slope-up time (0-25 ms), the welding current starts
and reaches the imposed value. The next phase is the current
time (25-225 ms), and the current is kept constant and equal
to the input current chosen.

The electrode force varies throughout the welding cycle
following a physically consistent pattern. Initially, the
applied heat causes thermal expansion of the workpieces,
thereby increasing the electrode force. As the temperature
rises further, the material softens and undergoes plastic
deformation, which compensates for the thermal expansion,
resulting in a relatively stable force plateau. Toward the end
of the process, when the current is reduced (slope-down
phase) and finally turned off, the metal cools and contracts,

@ Springer

Fig.2 RSW machine used during the experimental campaigns

105 mm

45 mm

35 mm

(a) Specimen dimensions according to ISO 14273.

1 mm

(b) Weld nugget cross section.

Fig.3 Specimen dimensions (a) and an example of a weld nugget mac-
rography made during the experimental campaign (b). The red arrow
indicates the weld nugget diameter, d,,
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Fig. 4 Example of electrode force and current curves acquired during
the experimental campaign

resulting in a decrease in electrode force. The thermal
behavior of the electrode force is well-known in the litera-
ture [29, 30] and contains core information regarding the
welding status used for the feature extraction phase.

2.3.2 Feature engineering

To enhance computational efficiency and improve model
performance during training, a feature extraction process
has been employed. Leveraging domain knowledge, the
most relevant features have been selected to capture the key
characteristics of the electrode force curve. Data extracted
from the force sensor is contained in two vectors

T [d,. .t ] ()

’J7
F'=fl,.... [}, f}]  (kN)

where F? corresponds to the i-th spot weld force vector, f;f

(1

is the force value acquired at time t; from the beginning of

the experiment, and 7 is the number of values acquired dur-
ing the welding. T is the vector of the sampling times. The
features considered for this study are:

. —i
e Maximum force value f

7= max f;

kN
je{1727"‘7n} ( ) (2)

e Time corresponding to the maximum force ¢4, where
Mis

max fi (3)

M = ar
gJE{1727 ny Y

e Difference between the maximum force and the first
force value, divided by the time interval A?

%

T 5

7
t]\/[

Al = (kNs™) (4)

e Difference between the last and the maximum force, di-
vided by the time interval A},

= -1 5

e Standard deviation of the force values J}

! Z(fl AN ©)

T

e Skewness of the force values fy}

;]:1(]0; —H})S

% .
- . 2 3 2 (7)
(71; ;‘]:1 <f; - M;r) )

o Coefficient of variation of the force values c}

V=

o Cf
8
Cy = f )]

e Difference between the third and the first quartiles of the
force curve 66

3 = Qa(F") — Qu(F")

o Median absolute deviation of the force values, MAD?

(kN) ©)

MAD’ = median(|f] — median(F")[) (kN) (10)
The features mentioned above have been extracted for each
spot weld. The final dataset also contains the nominal weld-
ing parameters, i.e., input current (I*) and pressure (P?), the
material thickness (2, ), and the welding time information
regarding upslope, current time, and downslope, being (¢

te, th, wn)> TESpectively. Finally, it is completed by the target
variable (i.e., the weld nugget diameter). In total, fifteen fea-
tures have been identified.

up?

2.3.3 Feature selection

A feature selection (FS) process has been employed to
assess the importance of each feature. Specifically, four

@ Springer
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Table 1 Feature scores

Feature Final Score
pi 0.65
i 0.63
M
a} 0.60
C; 0.50
i 0.44
Al 0.42
faap 0.33
522 0.31
’y} 0.23
Aﬁ] 0.13
?z 0.03
£ . 0.00
i 0.00
téOWﬂ 0'00
2 0.00

different FS methods have been used. Mutual information
(MI) is a measure that quantifies the amount of informa-
tion about one variable through observing another variable
[31]. F-regression is a statistical method used to rank the
relevance of features for predicting the target variable by
computing an F-statistic for each feature, measuring the lin-
ear relationship with the target [32]. Random Forest (RF)
feature importance performs feature selection by identifying
the most important features, based on their contributions,
for predicting the target variable [33]. Lastly, the Spearman

. Dt — Nugget model

Ds — Peak model

rank correlation returns a measure of the monotonicity of
the relationship between the features [34].

Each score has been normalized (min-max normaliza-
tion) and the average score has been computed to obtain the
final feature ranking. The final ranking is shown in Table
1. The scores for the welding time information (slopes and
current time) and material thickness are not informative,
as they remain constant in our experiment. Conversely,
they could be important in experiments with variable input
parameters and material thickness.

2.4 D, model building, training and validation

Following the creation of the D; dataset (48 samples), a
model was built to predict the weld nugget diameter (Fig.
5a). The proposed network has only one hidden (Dense)
layer. For this reason, it is referred to as a shallow neural
network (SNN). SNNs are networks having one or two
hidden layers. This architecture has been chosen because
SNNs typically outperform deep neural networks (DNNs)
for small datasets [35].

The number of hidden neurons, n = {4,6,8,10,12},
and the number of batch size, b = {1,4,8,16} have been
tuned. The Dense layer has a “ReLU” activation function.
The optimizer is the “Adam” one while the loss function
is the mean absolute percentage error (MAPE). The data-
set has been divided into 6 folds in reverse chronological
order (fold 1 contains samples 41-48, fold 2 contains sam-
ples 33-40, etc.) to ensure that all samples are included in at
least one of the training or test sets. Consequently, a 6-fold
cross-validation has been used. Moreover, to ensure com-
parability and reproducibility, a random seed has been set.
The model has been trained for 5000 epochs per each fold

Input layer Dense layer Output layer
n = {3,15} n = {4,6,8,10,12} n=1

Input layer Dense layer
n = {3,15} n 10

Densel layer Output layer
n 10 n 1

Nugget

[ )—>

(a) Target domain model.

TST
peak load

—

Dropout layer
(rate = 0.2)

(b) Source domain model.

Fig. 5 Target domain (a) and source domain (b) models. The first predicts the weld nugget while the second predicts the TST peak load. All fea-

tures and the selected top 3 have been considered for the analysis
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and configuration. Thus, the lowest validation MAPE has
been taken for that specific fold and configuration (n and b).
The best model has the configuration with the lowest aver-
age MAPE computed on the 6 folds. Based on the feature
selection, optimal performance was achieved when utilizing
the three highest-ranked features (P?, ti,, U}). Moreover,

the D; model has also been run and tuned employing all
features. The best MAPE is 7,71% in the case of selected
features. A comprehensive analysis of these results will be
presented in the corresponding section.

2.5 Source datasets and related model

Before the next step of Fig. 1, a question arises: Are there
additional related data that could assist the D; model in
predicting the nugget diameter? If so, this data will form
the source dataset Dg. In our case, it comprises 108 sam-
ples and is composed of the 3 datasets used in the authors’
past studies. The welding machine employed, the welding
mode (constant current), the cooling rate, the material type
(DP590), and the electrode geometry were the same.

The purpose of campaigns C1 and C2 was to investigate
the electrode wear effect. The welding parameters were
fixed for each campaign (C1 - upslope=100 ms, current
time=300 ms, downslope=100 ms, current=8 kA, force 3
kN, and C2 - current time= 380 ms, current=8 kA, force=2.9
kN). The electrode diameters were 6 mm for C1 and 5 mm
for C2, while the material thicknesses were 1 and 0.8 mm.
Differently, the purpose of campaign C3 was to investigate
the expulsion presence. In this case, the weld time was 200
ms (upslope=25 ms, current time=150 ms, downslope=25
ms) while the input parameters were variable (welding cur-
rent between 6.5 and 8 kA and welding force between 1.6
and 2.3 kN). The electrode face diameter was 4.5 mm while
the sheets thicknesses where 0.8 mm. Table 2 contains brief
information about the main differences of the 3 campaigns.

The force curve behaviour discussed in Section 2.3.1 is
valid even for Dg. Consequently, the same features shown
for D; have been extracted for D,. Furthermore, the learn-
ing tasks are different (T's # 1}). For D, the target variable
is the nugget diameter, while for Dy, it is the TST peak
load. The reason for using this D, dataset is that it could
be beneficial for the original learning task (i.e., predicting
the nugget diameter) since the weld strength and the nugget
diameter are usually highly correlated [26]. For example,

Zhao et al. [39] have reported in their study a Pearson corre-
lation of 0.9 between the nugget diameter and the peak load.

The D, model structure predicting the peak load is shown
in Fig. 5b. After the tuning phase in the case of using the top
3 features obtained from the FS process for the target dataset
D, (P, ti,, ch), the best results have been obtained with a

batch size of b = 1, where the losses (MAPE) for the train-
ing and validation sets are, respectively 8.86% and 10.52%.
As for the D; model, the D, model with all features has
been constructed. In this case, the training and validation
losses are, respectively 8.08% and 7.83%.

2.6 TL models building, training and validation

The next step in the proposed methodology is to construct
the transfer learning (TL) models. Since the peak load and
the weld nugget diameter are usually highly correlated,
we expect that using pre-trained layers from the D, model
(either as initialization or with frozen weights) would be
advantageous for learning our target task. The objective is
to transfer the knowledge of the Dy model to new models
trained on the D, dataset (48 samples), predict the nugget
diameter, and subsequently compare their performance with
that of the baseline D; model presented in Fig. 5a.

To do so, we take the D, model, remove the output layer,
and add a new dense layer. We consider three cases: feature
extraction (FE), fine-tuning (FT), and full fine-tuning (FF-
T). The first one consists of freezing the D model layers
(Fig. 6a). It is called so since it acts like a feature extractor
for the new layer, which will update its weights accordingly.
The second one has only one frozen layer. Consequently, the
other layer gained from the D, model is free to update its
weights (i.e., fine-tuning) with the new training (although
initially, it starts from the weights obtained during the D,
model training, Fig. 6b). Lastly, in the third case, all lay-
ers are unfrozen (Fig. 6¢) and fine-tuned during the training
process. Therefore, in terms of hidden layers, the TL models
can be considered as the union of the D; and D, models.

To compare the TL models with D, and evaluate the D
model contribution, the same parameter tuning discussed in
Section 2.4 has been applied. Specifically, the number of hid-
den neurons, n = {4, 6, 8,10, 12}, and the number of batch
size, b = {1,4,8,16} have been tuned for the last hidden
layer. Similarly, the same random seed has been set, a 6-fold

Table 2 Differences of source domain dataset campaigns. For each sample, the TST has been conducted. Material thickness (¢), electrode diameter
(de), input parameters, and the study purpose differ. Detailed information is available in the reported papers

Campaign ¢t (mm) de (mm) Parameters Samples Purpose Papers
C1 1 6 constant 30 electrode wear effect [36,37]
C2 0.8 5 constant 39 electrode wear effect [37]

C3 0.8 4.5 variable 39 expulsion presence [38]

@ Springer
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Fig.6 FE (a), FT (b), and FF-T (c¢) models. The
initial part corresponds to the D model. All
features and the top 3 have been used. More-
over, as for the Dy model, a different number
of neurons has been employed for the last layer

@ Springer

FE — Feature extraction model

Input lay_cr Dense layer Densel layer
n={315} ]| n=10 n =10

Dense layer
n = {4,6,8,10,12}

Output layer
n=1

Dropout layer
(rate = 0.2) ‘ »

FT — Fine-tuning model

Input layer |[ Dense layer Densel layer
n = {3,15} n=10 n=10

Dense layer
n = {4,6,8,10,12}

Output layer
n=1

(c) Full fine-tuning model.
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Table 3 Models best average performance comparison: All features vs
top 3 selected features (P*, t}, o). The reported MAPE refers to the
average computed across the 6 folds

All Features

Selected Features

Model Neurons MAPE (%) Neurons MAPE
- Batch - Batch (%)
D: 4-8 10.28 10-4 7.71
FE 8-4 6.38 12-1 5.76
FT 12-8 6.90 4-1 7.33
FE-T 4-1 8.44 4-1 6.79

cross-validation has been used, and the average MAPE has
been considered to assess the specific performance.

The final phase shown in Fig. 1 (Model comparison) will
be discussed in the next section.

3 Results and discussion

As previously explained, we recall that the D, dataset (48
samples) has been partitioned into 6 folds to ensure com-
prehensive coverage, with all samples included in either the
training or test sets throughout the validation process. Conse-
quently, a 6-fold cross-validation has been employed to eval-
uate model performance. For each fold and configuration,
the model has been trained for 5000 epochs, with the MAPE
being monitored throughout the training process. The mini-
mum validation MAPE achieved during training has been
considered for each specific fold and parameter configuration
(number of neurons and batch size). The best model configu-
ration has been identified by selecting the set of parameters
that produces the lowest average MAPE across the 6 folds.
Table 3 shows the results comparing two cases: the first
considers models performances fed with all 15 features
extracted. In contrast, the second case only considers the
top 3 features, which have led to the lowest average MAPE
for the Dt model. The feature selection importance is con-
firmed in this case, as the Dt model improves from 10.28%
to 7.71%. In general, using only (P, ¢, 03}) improved the
models performances. The only exception is the F7 model,
which shows a small worsening (from 6.38% to 7.33%). In
both cases, the FE model has outperformed, with the best
MAPE = 5.76%, obtained with the top 3 selected features.

Going deeper into the discussion, we focus on the char-
acteristics of the D¢ dataset (see Section 2.2). Different input
parameters have been used to perform 48 samples. Table 4
shows the nugget diameter distribution for each fold. The
dataset mean nugget is 5.24 mm with a standard deviation of
0.94 mm while the minimum and the maximum are, respec-
tively, 1.8 mm and 6.7 mm. There are 32 samples with a nug-
get diameter between 5.0 mm and 5.9 mm, 7 nuggets greater
than or equal to 6.0 mm and 9 nuggets below or equal to 5.0
mm. Therefore, the dataset is highly imbalanced, but this is
completely normal since the majority of the welding points
fall inside the weldability lobe (i.e., range of acceptable
welding parameters that produce a spot weld of a desired
quality). Moreover, based on ISO 14373 [28] (the desired
diameter is 5 mm while the minimum acceptable should be
at least 3.5 mm), we identify four categories for the folds:
normal, normal-large, mixed, and challenging. The normal
one contains diameters around 5 mm and has a low standard
deviation. The second category contains some large diam-
eters, while the third one has mixed values (small, normal,
and large). The last category (Fold 2) is the most challeng-
ing one since it contains the smallest diameters and has a
huge standard deviation (i.e., 1.5 mm).

Figure 7 shows the loss curves for each model (best con-
figuration in terms of neurons and batch size) in the case
of selected features. Each row corresponds to a fold, while
each column corresponds to a model. We focus on folds 2,
3, and 6. As the training MAPE (blue curve) lowers with
epoch increases, the test MAPE gets higher, meaning that
overfitting occurs for Dt, FT (one transferred layer free),
and F'F —T (both transferred layers free) models. The
overfitting phenomenon is even more pronounced for folds
2 and 6 compared to fold 3. Indeed, these two folds contain
small diameters (1.8 mm - 3.6 mm) while fold 3 contains
some large diameters. Consequently, the behavior indicates
that the models are unable to generalize. On the other hand,
the FE model (source domain Dy internal layers frozen, see
Fig. 6a) shows a tendency towards convergence in the loss
curves, particularly for folds 2 and 3. This behavior suggests
that the FE model has the capability of generalization in the
case of unseen data, thanks to the fixed knowledge integra-
tion of the D model (peak load prediction, see Section 2.5).
In other words, in the case of validation folds containing the

Table 4 Validation fold composition and nugget diameter statistics. Bold values indicate abnormal nugget diameters

Fold Samples Min Max Mean Std Dev Category
(mm) (mm) (mm) (mm)

1 41-48 4.90 5.70 5.25 0.28 Normal

2 33-40 1.80 5.30 4.36 1.50 Challenging

3 25-32 5.18 6.70 5.61 0.59 Normal-large

4 17-24 5.30 6.10 5.74 0.29 Normal-large

5 9-16 3.40 6.10 5.14 1.03 Mixed

6 1-8 3.29 6.24 5.32 0.90 Mixed

@ Springer



The International Journal of Advanced Manufacturing Technology

Training & Validation Loss Curves - Selected features
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Fig. 7 Models loss (MAPE) curves for the selected features run (P?, ¢4, cr}), across 5000 epochs. Each row refers to a fold. The number of neu-
rons of the tuned layer and batch size are respectively D¢(10-4), FE(12-1), FT(4-1), F' — FT'(4-1)
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Table 5 Model performance (MAPE %) for each fold using top 3 selected features. The number of neurons and batch size for each model are

reported in Table 3. The best results are highlighted in bold

Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Mean Std Dev
Dy 9.22 9.69 13.40 5.61 3.73 4.59 7.71 3.70
FE 1.87 6.14 4.30 4.34 5.99 11.92 5.76 3.39
FT 6.03 15.44 6.81 5.03 2.67 8.00 7.33 4.36
FF-T 4.19 13.14 6.97 5.46 2.66 8.11 6.76 3.68

Table 6 Training dynamics: Best epoch, training MAPE (%), and validation MAPE (%) for D; and FE models (neurons-batch). Bold highlights

indicate suspicious early convergence before adequate training

Fold Nugget Range D; (10-4) FE (12-1)
Epoch Train Val Epoch Train Val

1 4.90-5.70 2408 4.46 9.22 406 11.55 1.87
2 1.80-5.30 54 18.96 9.69 2839 5.51 6.14
3 5.18-6.70 3366 2.23 13.40 742 7.35 4.30
4 5.30-6.10 309 5.59 5.61 4349 597 434
5 3.40-6.10 1194 4.41 3.73 414 11.08 5.98
6 3.29-6.24 39 39.32 4.59 451 8.77 11.92

extreme nuggets, the D; model can’t learn them anymore,
while the transfer model FE benefits from the knowledge
(i.e., the frozen layers neurons weights) contained in the Dg
model that performs a learning task, which has a target vari-
able (i.e., the peak load), generally highly correlated with
the nugget diameter. Moreover, it is interesting to note that
as soon as one layer or both layers are not frozen, the behav-
ior on the mentioned folds is similar or even worse than that
of the D; model.

Table 5 shows the folds validation MAPE for each model
(best configuration in terms of neurons and batch size). By
comparing the D; model with the best TL model (FE), it can
be observed that D is better for folds 5 and 6. Specifically,
for fold 6, the difference is huge, which apparently partially
contradicts the TL benefits.

For the reason above, the training dynamics have been
deeply analyzed for D; and FE models. Table 6 reports
important differences. Notably, for fold 6, D; achieved its
lowest validation MAPE (4.59%) at epoch 39, when the
training MAPE was still 39.32%, indicating the model had
barely begun learning the training data. In contrast, FE con-
verged at epoch 451 with a more reasonable train-validation
relationship (8.77% vs 11.92%). Similarly, fold 2 shows
D, stopping at epoch 54 with high training error (18.96%),
while FE converges at epoch 2839 with well-balanced train-
validation performance (5.51% vs 6.14%). These patterns
suggest that D, reported performance (best MAPE) may be
optimistically reached due to random points, whereas FE
demonstrates more stable convergence behavior. The frozen
transferred layers appear to provide implicit regularization
that guides the model toward more robust results, reducing
sensitivity to the random initialization that could affect shal-
low networks trained on small datasets.

4 Conclusion

This work presents a transfer learning—based methodology
to address the significant challenge of high-quality labeled
data scarcity in resistance spot welding (RSW) monitor-
ing. Such a limitation is typical of industrial environments,
where the destructive tests required for reliable data label-
ing are expensive and time-intensive. An experimental
campaign has been conducted to obtain the target domain
dataset Dy, which contains 48 welding points made under
various process parameters. Following feature extraction,
a neural network has been optimized to predict the diam-
eter of the weld nugget, achieving a 7.71% MAPE after
the feature selection and hyperparameter tuning processes.
Consequently, a model based on 108 welds made under dif-
ferent experimental conditions (materials thikness, param-
eters, electrodes diameter) that predicts the TST peak load
has been used to construct three TL-based models, namely
the FE, FT, and F'F' — T to be trained on the target domain
dataset, predict the nugget diameter, and be compared with
the D, model performances. Following, the best MAPE has
been reduced by 25%, being 5.76% for the FE model. Nota-
bly, the FE model shows more stable convergence behavior
compared to training from scratch, suggesting potential for
improved generalization when source domain knowledge is
properly leveraged. Consequently, it has been shown that
the source learning task of predicting the peak load is an
ideal one for the target learning task of weld nugget diam-
eter prediction.

To conclude, source domain datasets can be utilized for
training models whose knowledge can be subsequently
transferred to a different problem or setup. Transfer learn-
ing methods could serve as an effective tool to address
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the common challenge of limited and imbalanced pro-
duction line data. Further investigation is required, and
future research may investigate the generalizability of this
approach across various welding machines and guns, as
well as its applicability when transitioning from controlled
laboratory settings to real-world production environments.
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