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1. Introduction

The automotive body shop is dominated by Resistance Spot
Welding (RSW), which is a highly automated and robotized 
joining technology. During the process, overlapping metal 
sheets are clamped together by servo welding guns, and an 
electric current is induced through the electrodes. The high 
electric resistance between the work pieces generates heat, 
which results in local melting and the formation of the welding 
nugget [1].

During the process, undesired expulsion can occur. Here, 
molten metal erupts on the faying surface or at the 
electrode/work piece interface. The cause of expulsion is 
complicated and influenced by electrical, thermal, 
metallurgical, and mechanical processes [2]. Due to the vast 
amount of influencing factors, the condition that leads to the 

expulsion is often case-dependent and difficult to detect.
Among the influencing factors are surface contaminants (e.g., 
adhesive residue), an electrode misalignment, electrode wear, 
edge proximity, or an initial sheet gap between the work pieces.

Fig. 1 shows exemplary Dynamic Electric Resistance 
Curves (DERC) from our data set. Three types of DERC are 
visualized: DERC from high-quality spot welds, a DERC of a 
weak weld, and a DERC with expulsion, characterized by a 
sharp drop in resistance. The drop results from the increased 
effective contact area (due to the expelled metal tapped between 
the sheets) and the reduced effective thickness of the material 
(due to a mechanical collapse around the liquid nugget) [3].

In this work, we introduce a data-based approach to detect 
expulsion by leveraging RSW data and apply explainability 
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methods to analyze the case-dependent cause of expulsion. We 
first use an unsupervised approach to label our data and apply 
Machine Learning (ML) and Deep Learning (DL) methods to 
predict expulsion. We utilize explainability methods, such as 
the Shapley values, which are calculated by excluding features 
and groups of features from the input of a model and measuring 
its performance [4]. The work corroborates its effectiveness 
using empirical data from actual production lines and gives a 
recommendation of action for a specific case.

The paper is structured as follows. In the next section, related
work on expulsion detection and the application of 
explainability methods in RSW is discussed. In Section 3, the 
data set is introduced. Section 4 presents experimental results, 
where we preprocess the data in terms of cleaning the data set, 
engineer high-quality features (Section 4.1), label the data set 
(Section 4.2), and split the data set and prepare it for model 
training (Section 4.3). In Section 4.4, we train ML and DL 
models, apply hyperparameter tuning, and compare the trained 
and tuned models. In Section 4.5, we apply the Shapley method 
and give an exemplary recommendation for action in Section 
4.6. The paper closes with conclusions and an outlook on future 
work.

2. Related Work

The majority of the research focuses on the monitoring or
detection of expulsion in obtained sensor signals [5, 6, 7, 8, 9, 
10, 11]. There are several approaches to predicting expulsion 
with an analytical or statistical model [2, 12, 13] and some data-
based approaches to predict expulsion [14, 15]. There are 
several data-based approaches for RSW process control to 
prevent expulsion [16, 17, 18, 19]. Zhou et al. [20] give an 
extensive overview of recent advances in process analysis and 
quality control in RSW.

The explicit causal relationship for the occurrence of 
expulsion is, due to a vast number of influencing factors, 
typically nonlinear and difficult to describe in terms of physical 
and empirical models. Therefore, a data-based approach is 
necessary to capture complex dependencies and hidden 
influencing factors. DL methods seem prosperous to learn and 

describe these complex relationships. However, DL methods, 
acting in a nontransparent black-box manner, are challenging 
to comprehend. Explainability methods help to understand the 
prediction decision of a model [21].

Kershaw et al. [22] analyze the relationship between the 
thickness of the coating’s internal diffusion layer of press 
hardening steels and the occurrence of expulsion. Russell et al. 
[23] utilize DL-based approaches to predict weld quality 
criteria and apply the Shapley method to interpret model 
predictions. The influence on the prediction of expulsion is not 
analyzed.

Material properties (e.g., the zinc coating) change 
throughout the manufacturing line, and variations in the 
equipment and in the process settings have a great influence on 
the occurrence of expulsion. In contrast to experimental data, 
our data set is collected from a series production line and 
comprises these complex relations. Due to the vast number of 
influencing factors that may lead to expulsion, a large data set 
is required.

In comparison to an experimental environment, a 
widespread installation of force and displacement sensors into 
a series production line is expensive, time-consuming, and 
often complex [24]. Data-based approaches often require 
expensive data labeling. We utilize an unsupervised approach 
to label RSW data, reducing costs and effort. We engineer high-
quality features with domain knowledge and apply the Shapley 
method to interpret model predictions and optimize the RSW 
process.

3. Data Set

The raw data set contains 17 710 observations, i.e., process 
information about spot welds and the Welding System (WS). 
The data stem from six industrial robots equipped with welding 
guns. Only one Material-Thickness Combination (MTC) is 
considered to increase the consistency of the data. The WS 
differ in regard to the design, type of robot, or welding gun. 
The welding processes are performed with the BOS 6000 
welding Programmable Logic Control (PLC) from Bosch 
Rexroth. For every WS and MTC, an optimal DERC is 
generated in the installation phase of the system and serves as 
a reference to the PLC, which aims to map the Reference 
Dynamic Electric Resistance Curve (RDERC) by adjusting the 
welding parameters. The PLC can detect expulsion during the 
welding process and extends the welding time in cases where 
an expulsion is detected. Due to electrode wear, the electrode 
tips are dressed after a predefined number of spot welds and 
exchanged after a predefined number of dressing intervals. 

For every observation, the data set contains measured sensor 
signals, i.e., an electric current and voltage curve over the 
welding time in 1.0 Millisecond time steps and an RDERC. For 
every observation, a timestamp and singular features such as 
information about the MTC, the WS, and the vehicle 
component, as well as further process settings, are recorded.

Fig. 1: Exemplary DERC with varying qualities: a weak spot weld, high-
quality spot welds, and a spot weld with expulsion.



Samiha Durnagöz  et al. / Procedia CIRP 138 (2026) 739–744 741

4. Results and Discussion

For further processing, we format features and remove 
observations with null values, duplicates, and measurement 
signals with fewer than six values. We remove features that 
have one unique value, non-meaningful information, and 
features that are highly correlated. To remove highly correlated 
features, we calculate an association coefficient for all features.
We use Cramér’s V [25] measure for nominal feature pairs, the 
Pearson correlation coefficient [26] for numerical feature pairs, 
and the correlation ratio [27] for nominal-numerical feature 
pairs. If the value is higher than an association coefficient of 
98%, the feature with a lower variance (for numerical features) 
or fewer categories (for nominal features) is removed.

4.1. Feature Engineering

To obtain the DERC, we divide the electric voltage curve by 
the electric current curve. Stationary points of the resistance 
curve, such as the resistance maximum in the fourth welding 
phase (β-point), are calculated according to Ouafi et al. [28]. 
We then calculate a reduced representation of the DERC and 
also determine statistical features from the lower-dimensional 
representation. To obtain a lower-dimensional representation, 
we first cut the DERC to the length of the corresponding 
RDERC. We then split the DERC into 21 equally spaced 
segments and extract relevant statistical features from the first 
20 segments. Due to variations in the length of the DERC, we 
do not consider the last (i.e., the 21st) segment. For each 
segment, we calculate resistance maxima and minima, the 
mean resistance, and the standard deviation. We further derive 
delta features by calculating the differences between the 
features from the DERC segments and the features from the 
RDERC segments. Fig. 2 shows the lower dimensional 
RDERC and DERC with the α-, the β-, and the γ-point.

Due to computational efficiency, we remove the electric 
voltage curve, the electric current curve, and the full-
dimensional DERC and RDERC. Since collecting force and 
electrode displacement data is restricted by cost, we utilize 
information about the motor current of the servo welding gun 
to calculate a representation of the actual holding force. We add 
a correction factor that is based on the average motor current of 
the servo gun during the welding process to the target holding 
force. We further calculate the specific arm deflection (i.e., the 
rigidity) of the welding gun by dividing the designed arm 
deflection by the target holding force. We further analyze 
features describing the electrode displacement derived from the 
rotation of the rotor of the servo welding gun’s motor.

4.2. Expulsion Detection and Target Variable

In this work, we want to classify spot welds based on 
whether an expulsion occurred in the fourth welding phase. 
Therefore, we apply an expulsion detection algorithm to the 
already classified observations by the welding PLC, which can 
only detect one expulsion in the DERC. With the expulsion 
detection algorithm, we verify whether there is a sudden 
resistance drop in the fourth welding phase. If a significant
resistance drop was detected and the PLC denoted an expulsion 

as well, the observation is labeled as spot weld with expulsion. 
In cases where no significant resistance drop is detected in the 
fourth welding phase and the PLC did not denote an expulsion, 
the observation is labeled as spot weld without expulsion. 
Inconsistencies between the two detection systems are removed 
from the data set.

We chose a data set where 44.6% of the observations are 
designated as containing expulsions. We validated a subset of
the identified expulsions through the visualization of DERC.

4.3. Data Split, Encoding and Scaling

The final data set contains 17 710 observations with 273 
features for every observation, i.e., for every spot weld. To 
analyze the features with the highest influence on the 
occurrence of expulsion, we divide the data set into two 
subsets. The first subset, the PReWelding Subset (PRWS), only 
contains information that is available before the welding 
process starts. The second subset, the POst Welding Subset 
(POWS), contains all the information, including measurement 
values that are obtained during and after the welding process. 
The PRWS contains features regarding the current state of the 
welding machine and the electrodes, as well as predefined 
process settings. The second POWS contains features 
measured during and after the welding process, such as 
resistance values.

We split our data sets randomly for the model application 
into 70% training data, 20% validation data, and 10% testing 
data. We standardize numerical variables with a min-max 
scaling approach to values between 0.0 and 1.0. For the Deep 
Neural Network (DNN) model, we encode categorical 
variables with the label encoding method.

Fig. 2: The RDERC, the DERC with the α-, the β-, and the γ-point compared 
to the lower dimensional RDERC, and the lower dimensional RDERC.
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Table 1. Performance metrics for different models for the testing data set.

4.4. Model Training, Hyperparameter Tuning and Evaluation

We train classical ML models, such as Extreme Gradient 
Boosting (XGBoost) and Category Gradient Boosting 
(CATBoost), and compare them to a DNN model. We tune all 
models with the Optuna [29] optimization software. We run 
100 trials for each model with the objective of maximizing the 
Area Under The Curve (AUC) Receiver Operating 
Characteristics (ROC) score to evaluate the model’s capability 
to distinguish between classes. To save time and resources and 
to avoid overfitting, we apply early stopping and terminate the 
study in cases where five consecutive trials show no 
improvement or the processing time reaches 1 000 seconds.

Table 1 shows the performance metrics for the tuned models 
on the testing data set. For the PRWS, the XGBoost model 
reaches the highest performance with an AUC ROC score of 
88%, an f1 score of 81%, and an accuracy of 81%. For the 
POWS, all models reach perfect scores in all metrics (99%-
100%).

4.5. Application of Explainability Methods – Shapley Values 
in RSW

Since the XGBoost model reaches the highest AUC ROC 
score for the PRWS, we focus on the XGBoost model. To 
reduce time and resources, we simplify the underlying model 
and calculate the Shapley values with methods from the 
Shapley Additive exPlanations (SHAP) library [30]. We apply 
the Tree SHAP method to explain the output of the XGBoost 
model. Shapley values are calculated on a local level for each 
data point and on a global level by averaging over the local 
values. To avoid contradicting values caused by different 
material behaviors, we calculate the Shapley values for each 
MTC individually and present the results for an exemplary 
MTC (a zinc-coated steel (HX260LAD) with a thickness of 0.8 
mm and a Dual-Phase (DP) steel (HC450XD) with a 1.5 mm 
thickness).

Fig. 3 and Fig. 4 show the bee-swarm representations of the
Shapley values, where each point corresponds to one 
observation. The x-axis represents the Shapley value, i.e., how 
relevant a feature is to making a decision. For example, with an 
increasing number of spot welds before tip dressing, the model 
is more likely to classify an observation as a spot weld with 
expulsion. The y-axis corresponds to the different features and 
the distribution of the data points. The color is assigned based 
on the value of a feature (e.g., red for a higher number of spot 

welds before tip dressing; blue for a lower number of spot 
welds before tip dressing).

Fig. 3 shows that for the PRWS, the position of the spot weld
on the vehicle component and the number of spot welds before
tip dressing have the highest impact on the model prediction. A
lower number of spot welds before tip dressing shifts the model
prediction towards the class spot welds without expulsion. 
Features related to the RDERC are regarded as rather 
unimportant for the prediction decision. The most relevant 
features for the PRWS are:

• the position of the spot weld (Spot Weld Position)
• the number of welded spot welds before tip dressing (No.

Spot Welds Pre Tip Dressing)
• features related to the electrode wear (e.g., Wear 

Percentage) 
• the distance between the electrode tips before the 

application of the holding force (Distance Electrodes Pre 
Welding)

Data Set Metric DNN XGBoost CATBoost

PRWS Accuracy 77 81 82

AUC ROC 86 88 82

F1 Score 78 81 82

POWS Accuracy 99 100 99

AUC ROC 100 100 100

F1 Score 100 100 100

Fig. 3: Shapley values for an individual MTC applied on the XGBoost model 
for the PRWS.

Fig. 4: Shapley values for an individual MTC applied on the XGBoost model 
for the POWS.
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• the arm deflection of the welding gun (Specific Arm 
Deflection)

• the material type
• the hour of the point in time of the welding process (Point

in Time (Hour))
• features related to the holding force of the electrodes (e.g.,

Holding Force)

Fig. 4 shows that the difference between the 16th segment of 
the actual DERC and the RDERC has the highest impact on the 
model output. A later point in time of the γ-point (Fig. 2) 
influences the model decision to classify the spot weld as spot 
weld with expulsion. A higher resistance value at the γ-point 
shifts the model prediction towards the class spot weld without 
expulsion. Later segments of the DERC are more important 
than earlier segments for the classification choice. The most 
relevant features for the POWS are:

• delta features describing differences between segments of 
the DERC and the RDERC

• features derived from the DERC
• features related to points in time of actual resistance values 

during welding (Point in Time of the γ-Point)
• the distance between the electrode tips after welding 

(Welding Indentation)
• the width of the current pulse
• the average motor temperature
• the accumulated welding energy
• the average voltage during welding
• the average power during welding
• features related to the holding force of the welding gun

We further apply the SHAP approach to the other ML 
models and find similar results. Three out of the top five 
features intersect, which indicates model robustness. For the 
PRWS, the position of the spot weld is regarded as the most 
important feature for all models. The number of spot welds 
before tip dressing and the distance between the electrode tips 
before the generation of the holding force are among the top 
five features. For the POWS, the most important features are: 
the point in time of the γ-point, the difference of the minimum 
resistance value between the 19th segment of the DERC and the 
19th segment of the RDERC, and the resistance value of the γ-
point of the DERC.

4.6. Process Optimization with Explainability Methods

In order to optimize a system, the underlying cause of the 
problem must be found. Our approach enables to identify initial 
indications for optimization potential. Fig. 3 illustrates that the 
position of the spot welds is a major influencing factor for 
classification. We therefore examine the frequency of 
expulsion for positions of spot welds for one MTC, depending 
on different WS. In Fig. 5, each rectangle corresponds to a 
different position of a spot weld. The darker color of the 
rectangle corresponds to a higher percentage of expulsion. The 
second and third WS (WS 2, and 3) show for all spot weld 
positions over 70% expulsion compared to WS 1, 5, and 6. This 
indicates that either the WS is faulty or all positions welded at 

the specific WS have similar geometrical characteristics 
leading to expulsion, e.g., a higher initial sheet gap.

Based on the results shown in Fig. 3, we analyze further 
relevant features and find that the specific arm deflection of the 
WS might be the cause for expulsion, and a stiffer system could 
prevent expulsion. Fig. 6 visualizes that a higher specific arm 
deflection of the welding gun relates to a higher expulsion rate. 
However, WS 1 has a high specific arm deflection but a low 
expulsion rate. This indicates that the stiffness of WS 1 is 
sufficient to apply enough force to close the initial sheet gap 
for all four spot weld positions. WS 2-4 might require a welding 
gun with a stiffer design to close the initial sheet gap. 
Additional information regarding geometrical characteristics 
could provide new insights.

5. Conclusion and Future Work

In this work, we preprocess a large industrial data set from 
a major German automotive manufacturer. We engineer high-

Fig. 5: The expulsion percentage for each spot weld position at the 
different WS for a particular MTC.

Fig. 6: The specific arm deflection for the different WS with the 
expulsion percentage for each WS for a particular MTC.
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quality features based on domain knowledge, classify 
expulsions with an expulsion detection algorithm, and 
therefore avoid expensive labeling of spot welds. We divide 
our data set into two subsets to analyze the influence of process 
settings and WS characteristics on the occurrence of expulsion. 
We then train different models and apply the SHAP 
explainability library to understand the model predictions. This 
enables process optimization and the prevention of expulsion. 
Furthermore, it allows the inclusion of process experts, which 
increases confidence in data-driven approaches. Features, such 
as the point in time of the welding process, indicate that the 
occurrence of expulsion is time-dependent and that spot welds 
that are welded during the night or in the early morning are less 
prone to expulsion. We show in our example that, in particular, 
the position of the spot weld influences the prediction of 
expulsion. We demonstrate on an exemplary MTC a real-world
scenario for process optimization and give a recommendation
for action.

For each MTC, there is only one RDERC per WS. This is
insufficient to examine how the process settings in the form of 
the RDERC affect the frequency of expulsion.

Future work will concentrate on automatically generating 
specific recommendations for actions, experimenting with 
incorporating additional data about geometrical characteristics 
of the vehicle component, e.g., edge proximity, to the PRWS, 
and on a validation of the recommendations for action.
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