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proposes a method to improve the accuracy and interpretability of predicting joint
quality using machine learning models. Welding experiments involving various
machine internal and external sensors are conducted. The sensors' measurement
data are recorded synchronously as time series. Since most machine learning models
require scalar input, informative features must be extracted from the time series data.
Various statistical and signal-based features can be extracted from the entire time
series. To distinguish between the influences of the different process phases and
their overall behavior, the signals are divided into segments. Although equal-length
segmentation is simple, it overlooks signal characteristics such as steep transitions

or prolonged steady states. Change point detection enables segmentation based on
signal behavior, allowing for more relevant feature extraction. Moreover, the detected
segments can be associated with known process phases, linking data-driven

insights with domain knowledge. As a result, both the predictive performance and
interpretability of the ML models improve, allowing for clearer associations between
process phases and quality outcomes.

Keywords Ultrasonic metal welding, Quality prediction, Machine learning, Change
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1 Introduction

Ultrasonic metal welding (USMW) is becoming increasingly important in industrial
practice and plays a central role in several emerging technological fields. As a solid-state
joining method with low heat input, USMW enables the reliable connection of highly
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conductive materials, such as copper and aluminum, which are fundamental to modern
energy and mobility systems. USMW is particularly widespread in battery cell produc-
tion, power electronics, and wiring harness assembly in electric vehicles.

Beyond its technical advantages, USMW contributes to broader sustainability objec-
tives. Its material efficiency, low energy consumption, and capability to join dissimilar
metals support European industry’s transition toward climate-neutral manufacturing.
(1]

In USMVW, the parts to be joined are pressed together in an overlapping configuration
under a defined normal force and bonded through high-frequency mechanical vibra-
tions without reaching the melting point. A high-frequency generator produces an alter-
nating voltage, which is converted into mechanical oscillations by the converter. These
vibrations are transmitted through the booster and sonotrode to the workpiece surface
at a typical frequency of 20 kHz. Simultaneously, the anvil acts as a counter bearing,
constraining the motion of the lower workpiece and ensuring proper fixation during the
joining process. The combination of frictional sliding, plastic deformation, and surface
activation leads to the formation of a solid-state metallurgical bond, typically assessed
through mechanical testing such as tensile shear or peel tests. As demonstrated in the
works of de Vries [2] and Balz [3], this bond formation consists of multiple process
phases.

Although USMW is an established industrial process [3, 4], achieving consistently
high weld quality remains challenging due to its strong sensitivity to disturbances [5]. A
wide range of machine- and component-dependent influences affect the joining behav-
ior, including tool wear of the sonotrode and anvil, parameter drift, material hardness,
surface condition, contamination, and geometric tolerances of the sheets. Many of these
factors interact in complex, often nonlinear ways, and comprehensive physical process
models are still lacking [6]. As a result, significant fluctuations in weld quality may occur
even when nominal parameters are held constant, particularly during material batch
changes or when surface conditions vary [3, 7, 8].

Because 100% non-destructive testing is not yet reliably possible and random destruc-
tive testing is costly, industrial practice typically relies on statistical process monitor-
ing, such as evaluating welding time or sonotrode penetration within process windows,
combined with random destructive testing [9, 10]. However, these indirect methods can-
not ensure that each individual weld meets the required strength [2, 6]. Consequently,
defective welds may remain undetected, while large numbers of acceptable welds are
sometimes discarded as a precaution when individual failures occur. This results in
unnecessary material waste and supports the need for predictive, non-destructive, in-
line monitoring techniques capable of linking process signals directly to weld quality.

Machine learning (ML) has therefore gained increasing attention in recent years. ML
methods can identify and link complex temporal patterns in process signals to weld
quality. Several studies have demonstrated that data-driven models significantly outper-
form traditional, purely scalar monitoring approaches [7, 11]. Miiller et al. extract scalar
features from either the full signal or predefined, equally sized time intervals to make
use of the rich information contained in time series sensor data [12]. These features are
then used as input for ML algorithms, such as Random Forests, Extremely Randomized
Trees, Support Vector Machines, and gradient-boosted ensembles, which have shown
promising predictive performance [11].
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However, despite these advances, important limitations remain. Recent methods apply
fixed, equal-length segmentation to measurement signals, which does not align with the
true phase-dependent dynamics of the USMW process. Physical transitions, like soften-
ing and bond formation, occur at different times and durations, depending on the mate-
rial and process conditions. When these transitions cut across segment boundaries, the
resulting features lose representativeness and may obscure meaningful changes in the
underlying signal. Consequently, the interpretability of ML models suffers because influ-
ential features cannot be clearly assigned to specific process phases, and the link between
signal changes and weld quality remains difficult to understand. This transforms many
ML models into black boxes rather than tools that provide actionable insight into the
process.

The limitations of fixed, equal-length segmentation highlight a central methodological
gap in current data-driven approaches to weld quality prediction.

Balz introduced a detailed process phase model that divides the USMW process into
six characteristic stages [3], underscoring the inherently phase-dependent nature of
bond formation. However, existing data-driven monitoring techniques do not explicitly
incorporate these phase-dependent variations. As a result, signal segments often cut
across physical process transitions, reducing feature relevance and obscuring the rela-
tionship between process behavior and weld quality.

Motivated by this gap, this study introduces an adaptive segmentation method that
responds to statistical changes in the sensor signals rather than relying on fixed temporal
boundaries. Unlike many existing applications of change-point detection, which primar-
ily use statistical change points to signal anomalies or abnormal intervals in time series
data rather than to segment processes into their physical phases [13], change-point
detection is here integrated directly into the feature engineering pipeline for adaptive
segmentation.

The objective of this study is to improve weld quality prediction in USMW by introduc-
ing an adaptive, data-driven segmentation approach based on statistical change-point
detection. To the authors’ knowledge, this is the first study to integrate change-point-
based segmentation directly into the feature engineering stage of ML-based weld quality
prediction in ultrasonic metal welding.

To address this, the study contributes the following:

+ Adaptive signal segmentation using change point detection: Instead of dividing
signals into predefined intervals, the proposed method detects statistical changes in
the time series, producing segments that reflect true process behavior.

+ Integration of multi-sensor time series: Change point detection is applied across
multiple machine-internal and external sensor signals to reveal consistent transitions
in the process.

+ Extraction of segment-based features: Statistical features are computed for each
adaptively identified segment, enabling a more accurate representation of the
underlying process dynamics.

+ Machine learning pipeline based on Extra Trees: An ExtralreesRegressor is trained
using scikit-learn to predict the tensile shear strength of the welds.

+ Interpretability through permutation importance: Feature importance analysis links
influential features to specific, physically meaningful process phases, improving
transparency and understanding of the weld formation mechanisms.
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Table 1 Parameters of the welding process (machine settings in brackets)

Parameter Parameter set 1 (Reference) Parameter set 2
Force 625N (1.25 bar) 1625 N (3.25 bar)
Amplitude 30 wm (110%) 24 pm (80%)
Energy 1600 J 750
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Fig. 1 Specimen geometry

+ Demonstration of improved predictive performance: The study shows that change-
point-based segmentation yields more accurate and interpretable quality predictions
than conventional equal-length segmentation.

In summary, this work provides a methodology that bridges data-driven analysis with
domain-specific process knowledge, demonstrating that segmenting sensor signals
according to their intrinsic statistical structure leads to more reliable and interpretable
weld quality prediction.

The following work is organized as follows: Sect. 2 describes the experimental setup
and data acquisition. Section 3 presents the proposed methodology, including adap-
tive segmentation and feature extraction. Section 4 discusses the results, including weld
quality prediction and interpretability analysis. Finally, Sect. 5 concludes the study and
outlines potential future work.

2 Experimental setup

The experiments were conducted using an industry-standard 4 kW welding system
(Schunk LS-C) with an operating frequency of approximately 20 kHz. The schematic
structure of the machine was introduced in Sect. 1 and is shown in Fig. 2. The process is
controlled via energy. Additionally, the amplitude of vibration at the sonotrode and the
normal force applied to the workpieces need to be determined. These parameters are
determined based on standard practice using parameter studies (design of experiment-
DOE). Two parameter sets were defined. The reference parameter set is summarized in
Table 1. A second parameter set was additionally investigated to evaluate the influence
of increased force and amplitude.

For the welding tests, electrolytic tough pitch cold-rolled copper plates (Cu-ETP) with
a thickness of 1 mm are used. Two plates with the dimensions of 60 x 30 mm are welded
on a spot of 5 x 5 mm with a 15 mm overlap. The geometry is shown in Fig 1.

The objective of these experiments is to investigate the influence of a broad range
of external factors on the USMW process. To this end, several test groups have been
defined. Within each group, including the reference group, welds were produced using
parameter set 1 or parameter set 2. The reference group (R) establishes a baseline for
standard process behavior. This group uses half-hard copper (Cu-ETP R240), does not
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undergo additional cleaning, and pneumatic clamping is used to ensure precise posi-
tioning without shifting during welding. This study conducted 476 welds for this group.
Seven additional groups were defined to systematically investigate the influence of mate-
rial properties and process variations representative of industrial practice. Group S
investigates the influence of reduced material hardness using soft copper (Cu-ETP R220)
(221 welds). Group H employs a harder copper material (Cu-ETP R290) while keeping
all other conditions unchanged (126 welds). Group F introduces surface contamination
by applying a thin layer of different oils and greases between the joining partners prior
to welding (246 welds). This leads to reduced surface friction. In group C, the specimens
undergo chemical cleaning in an ultrasonic bath with 2-propanol, after which the sol-
vent evaporates (75 welds). Group A examines the influence of surface modification by
mechanically roughening the sheets using an abrasive fleece (45 welds). Group X inves-
tigates the effect of omitting pneumatic clamping during welding (42 welds). Group O
comprises additional industrially relevant variations that do not fall into the previously
defined categories (41 welds). In total, 796 welds were produced within the additional
test groups, resulting in an overall dataset of 1272 welding experiments.

These variations represent plausible industrial conditions and were deliberately
selected to amplify potential influences on the welding process. Table 2 summarizes the
test groups.

The selection of sensors in this study is based on two criteria: achieving the most com-
prehensive mapping possible of the ultrasonic metal welding process and using sensors
representative of industrial practice. As shown in Fig. 2, a total of six analog voltage-
based measurement signals are recorded. All signals are digitized using a National
Instruments data acquisition system with a simultaneous sampling rate of 500 kS/s per
channel. This high sampling rate ensures accurate capture of the ultrasonic working fre-
quency of 20 kHz and its higher harmonics. The measurement software synchronizes all
channels at the start of each weld.

The electrical power signal of the ultrasonic generator is monitored to capture the
energy input and determine the start and end of the welding cycle. A strain gauge-based
force sensor, which is integrated into the piston rod of the pneumatic cylinder, records
the normal force applied during weld formation. Due to the indentation of the sonotrode
into the workpieces, the force is not constant. It temporarily decreases as the material
softens and undergoes plastic deformation. The machine compensates for this by adjust-
ing the pneumatic pressure. The indentation depth is measured using a linear variable
differential transformer (LVDT).

Table 2 Overview of the weld specimen configurations

Test series Additional information Base material Treatment Count [-]
R Reference (foil clean) Cu-ETP R240 EXW 476

S Soft Cu-ETP R220 EXW 221

H Increased hardness Cu-ETP R290 EXW 126

F Contamination Cu-ETP R240 1:100 grease dilution 246

C Chemically cleaned Cu-ETP R240 2-Propanol 75

A Roughened Cu-ETP R240 abrasive fleece 45

X Without clamping Cu-ETP R240 EXW 42

@) Other Cu-ETP R240 other 41

Total 1272
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Fig. 2 Schematic structure of an USMW system: experimental setup and sensor equipment

Two laser vibrometers are used within the setup. One is a Polytec VibroFlex Xtra
VEX-I-120 targeted on the sonotrode to measure its excitation. The other is a Polytec
VibroFlex QTec VFX-I-160 targeted at the anvil. The latter serves as a reference signal
to validate the performance of the integrated shear-force sensors in the anvil. Recent
work has demonstrated that shear-force measurements obtained with this sensor-inte-
grated anvil design closely reproduce the dynamic amplitude and frequency response
measured by laser vibrometers at the anvil, yielding a mean coefficient of determination
of R? ~ 0.99 across 175 welding experiments under varying process conditions, while
offering a more robust and industrially integrable alternative to laser-based measure-
ments [14]. Consequently, all subsequent analyses rely on the shear-force sensor rather
than the vibrometer to characterize the anvil vibration. The piezoelectric shear-force
sensors are connected to a summing box, and their combined charge signal is converted
into a proportional voltage signal via a Kistler 5015A laboratory charge amplifier.

In total, these synchronized measurements provide a comprehensive representation of
both the excitation introduced by the sonotrode and the dynamic reaction of the work-
pieces and anvil, enabling detailed process analysis across varying welding conditions.

After the welding experiments, the quality of the specimens must be determined. The
mechanical tensile shear force is used as an indicator of quality for the connection.

3 Methodology

This chapter presents the data-driven workflow for predicting weld quality in USMW.
The methodology covers the entire process, from raw sensor signals to the final tensile
shear strength prediction. First, the raw measurements are preprocessed systemati-
cally to eliminate noise and extract relevant frequency components. Next, change point
detection divides the signals into meaningful segments that reflect the dynamic evolu-
tion of the welding process. A comprehensive set of statistical and temporal features is
then extracted from these segments. These features then serve as input for a supervised
ML model that predicts weld strength and provides insight into the most influential pro-
cess characteristics.
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3.1 Data preprocessing

The sensors presented in the previous chapter provide raw measurement signals that
require processing before further evaluation. First, the recorded voltage values are con-
verted into the corresponding physical units. Where necessary, such as with the LVDT
sensor, an offset correction is applied. Next, the relevant frequency components are
extracted from the noisy raw data. For vibration signals, the primary interest lies in the
operating frequency of approximately 20 kHz and its first two higher harmonics at 40
kHz and 60 kHz, respectively. Due to the decreasing amplitudes of higher orders and the
requirement for very high sampling rates, additional harmonics contribute limited value
to the analysis.

To isolate these frequency components, fifth-order Butterworth bandpass filters are
applied. Previous studies have shown that bandpass filtering achieves results comparable
to significantly more computationally demanding methods, such as wavelet transforma-
tions [9]. Considering the requirements for future real-time or near-real-time process
monitoring, where computational efficiency is critical, the simpler filtering approach is
preferred. Since the operating frequency may fluctuate slightly during the welding pro-
cess, the passband is intentionally widened to 1000 Hz.

In the final preprocessing step, the amplitude curve of the high-frequency vibration
signals is extracted. To accomplish this, the signal envelope is calculated using a Hil-
bert transform [15]. The resulting envelope signal no longer contains high-frequency
oscillatory components, which makes the original high sampling rate unnecessary. Con-
sequently, the envelope is downsampled to reduce the amount of data and the computa-
tional load.

To further smooth the amplitude curve, a low-pass filter is applied. This removes low-
frequency disturbances that arise in the area of the operating frequency band, ensuring a
clean representation of the signal’s overall amplitude trend. Figure 3 illustrates this pro-
cessing chain using an example from the shear force sensor. It shows the raw signal, the
bandpass-filtered signal, and the extracted envelope. The figure clearly demonstrates the
strong amplitude reduction and smoothing effect of the filtering steps.

1500 +

1000 +

500

Shear Force [N]

—500

-1000

T T
0 200 400 600 800
Time [ms]

Fig. 3 Measurement data from the shear force sensor of an example measurement; blue: raw data, red: filtered
data, green: envelope
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Sensors that do not measure high-frequency vibrations, such as the strain gauge sen-
sor or LVDT sensor, are also subjected to low-pass filtering to suppress noise. Addition-
ally, all sensor signals must be examined for potential measurement errors. For example,
optical sensors may be disturbed by particles passing through the measurement beam,
and faulty wiring or defective components can introduce invalid data. Such corrupted
signals must be detected and removed prior to process evaluation to avoid misleading
predictions.

Even though the sensor signals are synchronized by the measurement device, small
deviations in time and in the start of the weld can still occur. To make sure that each
weld is exactly synchronized, the time O is set where the power signal has the value 0.2
kW. This is especially important in the feature calculation step, where the first segment
could be influenced by deviations in start time. An overview of all preprocessing param-
eters is given in Table 3.

During experimental investigations, the measured normal force exhibited systematic
day-dependent drifts, despite identical process parameter settings and constant pneu-
matic pressure levels. All welding experiments conducted within a single day showed a
comparable force level, whereas measurements from different days were shifted by an
approximately constant offset, with deviations reaching up to 12 % from the calculated
nominal force value.

In this study, a dedicated reference group was evaluated, in which all welding experi-
ments were performed using identical machine settings and process parameters. There-
fore, no systematic variation of the mechanical process conditions is expected within
this group. Despite the constant parameterization, the observed day-dependent offsets
persist in the measured sensor signals. To evaluate whether these offsets have an influ-
ence on the actual joint quality, the resulting shear tensile strengths were analyzed for
the same reference group. No systematic trend or correlation with the measurement day
was observed. The mechanical performance of the welds thus remains unaffected by the
observed signal offsets.

Based on these findings, the offsets are attributed to measurement- and system-related
influences rather than process-induced effects. Consequently, the absolute signal level
is not considered physically meaningful for the reference group. For this reason, the

Table 3 Overview of preprocessing filter settings and downsampling parameters

Signal Filter type Passband / cut-off (kHz) Purpose

LVDT indentation Low-pass fe=0.5 Quasi-static displacement
Normal force Low-pass fe =0.015 Force trend extraction
Electrical power Low-pass fe=04 Energy input monitoring
Shear force Band-pass 20-21 Fundamental frequency
Vibrometer (anvil) Band-pass 20-21 Fundamental frequency
Vibrometer (sonotrode) Band-pass 20-21 Fundamental frequency
Shear force Band-pass 40-41 2nd harmonic
Vibrometer (anvil) Band-pass 40-41 2nd harmonic
Vibrometer (sonotrode) Band-pass 40-41 2nd harmonic

Shear force Band-pass 60-61 3rd harmonic
Vibrometer (anvil) Band-pass 60-61 3rd harmonic
Vibrometer (sonotrode) Band-pass 60-61 3rd harmonic

Envelope extraction: Hilbert transform applied after band-pass filtering
Downsampling: Factor 500 (from 500 kS/s to 1 kS/s)

Synchronization: Power signal with value 0.2 at time 0
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time-dependent sensor signals are normalized at the beginning of the process. The nor-
malization is performed by computing the mean value of the normal force signal within
the first 80 ms of the pre-weld preview phase and subtracting this value from the entire
signal. This normalization removes the day-dependent offset while preserving the tem-
poral signal evolution that contains the relevant process information.

3.2 Change point detection
Adaptive signal segmentation using change point detection is employed to better cap-
ture the true process behavior. Instead of dividing signals into predefined, equal-length
segments, the proposed method detects statistical changes in the time series, producing
segments that reflect phase-dependent dynamics. This addresses the question of how
differences in time curves can be extracted as features for ML, since classical algorithms
require scalar inputs [16]. Features are therefore extracted from the processed measure-
ment data in a way that preserves the relevant signal characteristics.

Change point detection is the problem of identifying points in a time series where the
underlying data distribution of the signal changes. In general, the problem can be mod-
eled as follows:

X1,%2,...,x7;;—>;;find 71,79, ..., 7k such that P(x;) changes at 7;,

where z1,...,27 are time-series or signal samples, 71,...,7x are change points, and
P(z;) is the unknown generating distribution.

Change point detection methods are typically divided into two categories: online
detection methods, which detect real-time anomalies in signals, and offline detection
methods, which detect changes after all samples have been received.

Initial work [17] in this field focused on statistical methods for detecting shifts in the
mean of independently and normally distributed time series. Since then, approaches
based on the Likelihood Ratio, Bayesian methods, and Maximum Likelihood Estimation
have been described in the literature [18]. Modern approaches employ deep learning
methods such as Neural Networks [19], Autoencoders [20], and LSTMs [21], which have
shown strong results in detecting changes in real-world data. However, these methods
often require large amounts of data.

In this study, ruptures [22] is used, a Python package for offline change point detection
in multivariate time series. Ruptures provides a unifying framework for:

+ Cost functions (linear models [L1, L2], kernel-based, maximum likelihood
estimation, etc.)

+ Search methods (exact [dynamic programming] and approximate [window-based,
binary segmentation])

+ Constraints (known and unknown number of change points)

The unifying nature, along with the straightforward implementation of various search
methods and cost functions, makes ruptures an excellent choice for quick experimenta-
tion and comparison across different methods.

Here, ruptures is applied in three different ways to identify change points in the
recorded sensor signals: univariate, multivariate, and hybrid. Each approach provides
different insights into the underlying structure of the data and allows to assess the stabil-
ity of the detected change points across signals.
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In the univariate setting, ruptures is applied independently to each of the sensor sig-
nals. For each signal, a separate segmentation process is performed using the selected
cost function and search method. This results in six distinct sets of change points, one
for each signal. This approach allows to examine how each signal behaves individually
and to identify signal-specific events or distributional shifts that may not be present in
the other channels.

In the multivariate setting, all signals are jointly modeled as a multivariate time series.
Ruptures is applied to the combined signal matrix, allowing the algorithm to detect
change points that correspond to coordinated changes across multiple sensors. This
approach captures system-level events that occur simultaneously across several channels
and helps identify change points that are consistent at the multivariate level but may not
be strongly expressed in any single signal.

In the hybrid approach, change points are identified using only one chosen signal, and
the resulting set of change points is then applied to all the signals. This produces a com-
mon segmentation across the multivariate data, but the boundaries are derived from a
single signal that is considered most informative or reliable for change point detection.
This approach ensures alignment of segments across signals, enabling consistent down-
stream feature extraction while avoiding the computational cost and potential noise sen-
sitivity of fully multivariate detection.

In this methodology, an exact algorithm based on Dynamic Programming (Dynp) is
used to search for change points, as described in [22]. This algorithm first identifies an
optimal change point using the specified cost function (which partitions the signal into
sub-signals) and then recursively solves for the remaining change points within each
resulting sub-signal.

The L2 cost function denoted as cr,, is chosen based on preliminary tests. This cost
function corresponds to the mean-shift model where each segment has constant mean
and same variance. The cost function ¢y, is given by

b

L, War) = Y vt — a3 (1)

t=a+1

where ¥, 1 is the empirical mean of the sub-signal y,_ .

3.3 Feature extraction
After segmentation, descriptive features are extracted from the full signal and each sub-
segment. To characterize signal behavior, a compact set of features is computed, includ-
ing the maximum, minimum, mean, median, sum, sum of squares, and segment length.
These features capture the essential amplitude, distribution, and energy characteristics
of the signal, avoiding unnecessary complexity that would result in overfitting by making
the feature space too big. These features are calculated for each segment, as well as for
the entire signal, resulting in seven features per segment and per sensor signal.

To benchmark the benefits of change-point-based segmentation, a second feature
set is generated using fixed, uniformly sized segments whose boundaries are defined
beforehand. This enables direct comparison of adaptive and non-adaptive segmentation

strategies.
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To further improve the results of the prediction, additional metadata could be used as
features. But in this study, only the features from the time series should be considered.

3.4 Machine learning model

A supervised ML model is trained based on the extracted process features to predict the
resulting tensile shear force of the welded joint. In this regression task, the feature set
serves as the model input, and the tensile shear strength acts as the target variable.

3.4.1 Model choice

Given the requirements for a regression model that is robust, computationally efficient,
and partially interpretable, an ensemble method based on decision trees was selected.
Specifically, the ExtraTreesRegressor (Extremely Randomized Trees) is used [23]. Deci-
sion-tree-based models are well-suited for heterogeneous feature sets and nonlinear
relationships, offering the following advantages:

They perform hierarchical, rule-based splits that naturally capture complex interac-
tions in the data. They require minimal preprocessing and scaling of numerical features.
They provide built-in feature importance measures.

However, single decision trees tend to overfit. The Extra Trees algorithm mitigates
this issue by creating an ensemble of decorrelated trees where feature selection and split
thresholds are strongly randomized. This reduces variance, improves generalization, and
results in faster training than classical tree ensembles, such as Random Forests.

Previous work, including that of Miiller et al. [9], has shown that Extra Trees achieves
high predictive accuracy for ultrasonic welding applications. This makes the method a

well-founded choice.

3.4.2 Pipeline and hyperparameters

Model training is implemented entirely using the scikit-learn framework [24]. The train-
ing procedure is embedded in a structured ML pipeline. Numerical features are stan-
dardized. The estimator itself is configured as follows:

+ ExtraTreesRegressor

« 500 estimators

+ Maximum tree depth: 20

+ Minimum samples per split: 2

These hyperparameters represent a compromise between model complexity, training
time, and predictive accuracy. A moderate number of trees and a restricted maximum
depth ensure efficient training while maintaining sufficient expressive power to capture
the relevant process dynamics.

The dataset obtained from the experiments is split into training and test sets. To
ensure robust validation, a ShuffleSplit cross-validator with five random permutations
of the data is used. This allows the model’s performance to be evaluated across multiple

train-test combinations.

3.4.3 Performance metrics
Model performance is quantified using three standard regression metrics:

+ Coefficient of determination R?, measuring explained variance



Stockemer et al. Discover Mechanical Engineering (2026) 5:45 Page 12 of 25

+ Mean absolute error (MAE), representing the average magnitude of prediction errors
+ Root mean squared error (RMSE), penalizing larger errors more strongly due to the

squared term

These complementary metrics evaluate accuracy and deviation from the true tensile
shear strengths measured.

3.4.4 Feature selection and importance

To analyze and reduce the feature set, as well as increase interpretability, feature impor-
tance is estimated using permutation importance. In this approach, each feature is ran-
domly permuted multiple times (50 times in this study) while all other features remain
unchanged. Disrupting the information content of a single feature and measuring the
resulting decrease in the model’s performance (quantified via R?) directly assesses how
much the model relies on that feature to make accurate predictions. Features whose per-
mutation causes a significant decrease in performance are considered highly influential.
Features with little or no impact are considered less important and can be removed from
the model [25].

Based on these importance values, the top # features (n = 15, 50, or 100 in the experi-
ments) are selected and passed to the final Extra Trees pipeline. This procedure identifies
the most influential signal segments and characteristics, thereby improving transparency
and reducing computational effort.

In addition to individual feature importance, grouped permutation importance is eval-
uated. This method measures the predictive contribution of entire feature groups rather
than single variables. For each group, all contained features are permuted simultane-
ously and the resulting change in model performance is measured. A larger performance
drop indicates a higher collective importance of the corresponding group [26, 27].

In this study, feature groups are defined according to sensor type and signal segment.
This grouping enables the identification of which sensors contribute most strongly to
the prediction and which temporal process phases contain the most relevant informa-
tion, thereby supporting a physically interpretable analysis of the welding process. This
is particularly relevant for change-point-based segmentation, as it allows the predictive
relevance of individual welding phases to be assessed directly.

4 Results and discussion

This section first presents the experimental welding results and the resulting variabil-
ity of the dataset. Subsequently, the influence of adaptive change-point-based segmen-
tation on weld quality prediction is evaluated. Overall, the analysis demonstrates that
adaptive segmentation improves prediction accuracy compared to non-segmented sig-
nals and achieves optimal performance with a compact number of physically meaningful
segments.

Table 4 summarizes the descriptive statistics of the tensile shear forces obtained for all
investigated test groups.

The achieved shear force of the joint exhibits a clear dependence on the respective test
series. The reference condition (R) yields a mean shear force of 2553 N with a standard
deviation of 261 N. The relatively large range (2255 N) and the presence of 16 statistical
outliers indicate occasional low-strength welds, which is also reflected by the low mini-
mum value (1043 N).
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Table 4 Descriptive statistics of all groups
Test series Count[-] Mean[N] Median[N] Std.Dev.[N] Min[N] Max[N] Range[N] Outliers[-]

R 476 2553 2568 261 1043 3297 2255 16
S 221 2186 2181 130 1852 2613 761 5
H 126 3029 3079 248 2007 3516 1509 1
F 246 2250 2271 316 1227 2960 1733 3
@ 75 2563 2528 220 2184 3449 1265 1
A 45 2209 2184 368 1331 3011 1680 0
X 42 2220 2265 198 1663 2635 972 1
@) 41 2400 2369 288 1717 3003 1286 0
Total 1272 2450 2429 356 1043 3516 2473 20

Chemically cleaned specimens (C) show a comparable mean shear force (2563 N),
with slightly reduced variability (220 N) and only one detected outlier. The narrower
range (1265 N) compared to the reference group suggests a more homogeneous process
behavior.

The hardness series (H) achieves the highest mean (3029 N) shear forces. Despite a
broad range of 1509 N, only one outlier is detected, indicating robust and stable joint
formation for the harder base material. The elevated minimum value (2007 N) further
underlines the consistently high strength level in this group.

Reduced strength levels are observed for the soft material condition (S), the roughened
specimens (A), and the contaminated condition (F). The soft material group exhibits a
low mean shear force of 2186 N but also the smallest standard deviation (130 N) and the
narrowest range (761 N), indicating comparatively uniform but reduced joint strength.

In contrast, the roughened specimens (A) and contaminated specimens (F) show
larger scatter (368 N and 316 N, respectively) and wider ranges. The contaminated group
(F) exhibits three outliers and a low minimum value (1227 N), highlighting the detri-
mental and less predictable effect of surface contamination on joint performance.

Specimens welded without clamping (X) show a decreased mean shear force (2220 N)
with moderate variability (198 N) and one outlier. The reduced minimum value (1663
N) compared to the reference condition indicates the sensitivity of the process to insuf-
ficient mechanical fixation.

The overall dataset results in a mean shear force of 2450 N. The comparatively large
overall standard deviation (356 N) and range (2473 N) reflect the combined variability
introduced by the different material conditions and process variations investigated.

Figure 4 shows the preprocessed time-series data from the shear force sensor. The
signals display pronounced variations both between different weld groups and within
individual groups. Furthermore, signal shape and magnitude differ substantially even
at identical nominal settings, although the two parameter sets remain distinguishable
in the sensor response. Parameter set 2 exhibits higher amplitudes and shorter dura-
tions, which can be attributed to the increased welding pressure, resulting in larger
anvil motion, and to the lower applied welding energy. The remaining sensor signals are
shown in Fig. 10. These observations confirm that the dataset contains meaningful pro-
cess disturbances and underline the necessity of advanced feature extraction methods
capable of capturing phase-dependent signal behavior.

As a baseline, weld quality prediction was first performed using features extracted
from the complete, non-segmented signals. The results are shown in Fig. 5.
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Fig.4 Preprocessed time series for the shear force sensor with the corresponding resulting tensile shear strength

Table 5 Prediction result for non-segmented features
Segmentation approach Data size Segments MAE [N] R2 RMSE [N]
- (1272, 54) 1 1392+9.7 0.70 + 0.040 1909 £ 16.2

Table 6 Comparison of the prediction quality from 2 to 10 fixed segments

Segmentation approach Data size Segments MAE [N] R2 RMSE [N]

Fixed (1272,100) 9 130.1£95 0.748 £0.033 1760+ 143
Fixed (1272,50) 5 1304+95 0.738 £0.035 1794 + 146
Fixed (1272,100) 10 1306 £ 85 0.740 £ 0.034 1784 £14.0
Fixed (1272,100) 8 1309+93 0.746 £ 0.030 1767 +13.0
Fixed (1272,100) 6 131.0+938 0.738 £0.036 1792+ 148

Shown are the five best results for this approach

The data set comprises 1272 welds, each with 54 features, calculated from nine
extracted time series, each with six features. The segment length, the seventh feature, is
not calculated for the whole signal. While this approach already yields reasonable pre-
diction accuracy, the performance indicates that important temporal information is lost
when the signal is treated as a single segment. This confirms that segmentation is neces-
sary to capture the phase-dependent dynamics of the welding process.

A total of 220 different model configurations were evaluated, varying segmenta-
tion approach, number of segments, feature subset size, and reference signal for hybrid
segmentation.

Table 6 summarizes the best results obtained using fixed equal-length segmenta-
tion. The results show that increasing the number of fixed segments improves predic-
tive accuracy up to approximately eight to ten segments. This behavior indicates that
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Table 7 Comparison of the prediction quality for different number of segments
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Segmentation approach Data size Segments MAE [N] R2 RMSE [N]
Hybrid (Shear force sensor) (1272, 50) 3 1285+7.1 0.751 +£0.027 1747 £9.7
Hybrid (Shear force sensor) (1272, 50) 4 1364 +8.7 0.722 £0.036 1846+ 143
Hybrid (Shear force sensor) (1272, 50) 6 1364 +£9.1 0.724 £0.032 1840+ 13.0
Hybrid (Shear force sensor) (1272, 50) 5 1384+109 0.709 +0.043 1888+ 174
Hybrid (Shear force sensor) (1272, 50) 2 1387+96 0.707 £ 0.039 189.7 £ 15.7
Table 8 Comparison of the prediction quality for different data sizes

Segmentation approach Data size Segments MAE [N] R2 RMSE [N]
Hybrid (Shear force sensor) (1272, 50) 3 1285+ 7.1 0.751 +0.027 1747 +9.7
Hybrid (Shear force sensor) (1272, 100) 3 130.1+83 0.747 +£0.034 176 +11.5
Hybrid (Shear force sensor) (1272,219) 3 1324+88 0.739 +0.037 1787 £125
Hybrid (Shear force sensor) (1272, 15) 3 135374 0.727 £0.025 1834 +10.7
Table 9 Comparison of the prediction quality for different segmentation approaches
Segmentation approach Data size Segments MAE [N] R2 RMSE [N]
Hybrid (Shear force sensor) (1272, 50) 3 1285 +7.1 0.751 £0.027 1747 £9.7
Univariate (1272, 50) 3 1289+79 0.743 £ 0.028 1777 £125
Multivariate (1272, 50) 3 131.8+84 0.739+£0.025 1790+ 106

dividing the signal into multiple temporal regions enables the extraction of additional
predictive information. However, the comparatively large number of required segments
suggests that fixed segmentation distributes informative process transitions across arti-
ficial boundaries and therefore requires finer subdivision to capture relevant dynamics.
In addition, the use of fixed segment boundaries complicates the interpretation of fea-
ture importance, as relevant signal characteristics may be split across different segments,
preventing a consistent assignment of influential features to specific physical process
phases.

Table 7 compares prediction performance for different numbers of segments obtained
using change-point-based hybrid segmentation. The results demonstrate that three seg-
ments provide the best predictive accuracy. Using fewer segments fails to capture impor-
tant process transitions, whereas increasing the number of segments leads to a gradual
reduction in performance. This behavior indicates oversegmentation, which increases
feature dimensionality and sensitivity to noise while reducing generalization capability.

Notably, adaptive segmentation achieves optimal performance with substantially fewer
segments than the fixed approach. This indicates that change point detection concen-
trates informative signal transitions into a compact set of statistically derived temporal
regions that align more closely with the physical welding progression.

Table 8 compares prediction performance for different numbers of selected features.
Intermediate feature subset sizes consistently provide the highest predictive accu-
racy. While the results are shown here for the hybrid approach, all other segmentation
approaches also achieve their best performance with 50 selected features. Very large

feature sets slightly reduce performance due to overfitting, whereas strongly reduced
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feature sets fail to capture sufficient process information. This confirms that permuta-
tion-importance-based feature selection provides an effective balance between informa-
tion content and model complexity.

Table 9 compares the three investigated segmentation strategies. The hybrid change-
point-based approach consistently achieves the highest predictive accuracy. Univariate
segmentation yields slightly lower performance, while fully multivariate segmentation
performs similarly but requires substantially higher computational effort. The superior
performance of the hybrid approach indicates that selecting a physically meaningful ref-
erence signal enables robust identification of relevant process transitions while main-
taining computational efficiency. Overall, the best-performing configuration uses three
segments and a feature subset of 50 features with the hybrid approach based on the
shear force sensor. Compared with the fixed segmentation approach, the predictive per-
formance improves only marginally. However, the primary advantage lies in the mark-
edly enhanced interpretability and improved transferability to new welding setups or
process conditions, as the segmentation aligns with physically meaningful process stages
rather than dataset-specific time partitions. Based on these results, this configuration is
examined in greater detail in the subsequent analysis.

Figure 5 shows the relationship between predicted and measured tensile shear forces
for one representative cross-validation split, with data points colored according to the
respective test group. The predictions closely follow the diagonal reference line, indi-
cating good agreement between predicted and measured values across the full strength
range. No systematic deviation is visible for individual welding conditions, suggesting
that the model generalizes well across different material states and process disturbances.
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Fig. 5 Predicted versus measured tensile shear force for one representative cross-validation split for the hybrid
change-point-based approach. Points are colored according to the test group, and the dashed line indicates per-
fect agreement (R? = 0.784, MAE = 116.8N)
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Table 10 Mean absolute error (MAE) of the predicted tensile shear force for each test group
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Fig.6 Processed sensor signals for an exemplary weld from the reference group with added segmentation for the
three segment hybrid approach

The remaining deviations are primarily observed for groups with higher intrinsic vari-
ability and smaller sample sizes, consistent with the subgroup error analysis. The corre-
sponding scatter plots for the remaining four cross-validation splits are provided in the
appendix and show comparable prediction behavior.

To further assess model robustness across different welding conditions, the prediction
error was evaluated separately for each test group. The resulting mean absolute errors
are summarized in Table 10. The error remains relatively consistent for the majority of
groups, including the reference condition (R), cleaned specimens (C), hardened material
(H), contaminated samples (F), and unclamped welds (X), all showing MAE values in the
range of approximately 125 to 140 N. The soft material condition (S) exhibits an even
lower error level, indicating a particularly consistent relationship between sensor signals
and the resulting joint strength for this group.

In contrast, substantially higher prediction errors are observed for the roughened
specimens (A) and the group with other conditions (O), with MAE values close to 190 N
and 210 N, respectively. These groups exhibit comparatively large standard deviations
in tensile shear force (Table 4), indicating increased internal variability and less uniform
welding behavior. In addition, both groups contain only a small number of samples,
which reduces the statistical representativeness of the training data and increases sensi-

tivity to individual weld deviations. Such heterogeneous process conditions and limited
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Fig. 7 Processed sensor signals for an exemplary weld from the contaminated group with added segmentation
for the three segment hybrid approach

sample sizes lead to weaker and less deterministic relationships between sensor signals
and joint strength, thereby increasing prediction uncertainty.

To provide physical context for the segmentation and the resulting feature relevance,
Figs. 6 and 7 show representative processed sensor signals for a weld from the reference
group and from the contaminated group, respectively, including the detected three-seg-
ment hybrid partitioning using the shear force signal.

A comparison between the contaminated weld and the reference weld reveals clear
differences in both signal evolution and detected segmentation boundaries. For the
reference weld, the first segment ends at approximately 100 ms, whereas for the con-
taminated weld it extends to roughly 450 ms, indicating a substantially prolonged initial
surface interaction phase under contaminated conditions.

While the sonotrode vibrometer signal shows only minor variations between both
cases, the shear force signal exhibits pronounced differences, confirming its suitability
as the reference signal for segmentation. The contaminated condition reduces friction
between the joining partners, which results in lower shear force amplitudes in the anvil
during the early welding stage. Only after the surface cleaning phase progresses do the
amplitudes increase. The indentation signal also differs considerably, most likely due to
the reduced friction and associated lower heat generation, which delays material soften-
ing and plastic deformation. Consequently, the contaminated weld shows a slower initial
increase in indentation compared to the reference weld. Overall, the reference condition
exhibits steeper early signal gradients and therefore transitions earlier into the subse-
quent process phase. These observations confirm that the detected change-point-based
segments correspond to physically meaningful welding stages.

To quantify the predictive relevance of the extracted features, permutation feature
importance was evaluated for the best-performing configuration. Figure 8 presents
the ranking of the most influential individual features. Because segment indices follow
Python-based zero indexing, segment 0 denotes the first temporal welding phase.
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Fig. 8 Permutation feature importance of the best-performing prediction model, showing the 15 most influential
features ranked by their mean decrease in prediction performance when permuted
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Fig.9 Grouped permutation feature importance aggregated by sensor type and temporal segment for the best-
performing model

The permutation importance ranking is consistent with the observed process behavior.
Although features derived directly from the shear force signal are not among the high-
est-ranked individual predictors, the signal remains fundamentally important because
it serves as the reference for change-point detection and therefore defines the segmen-
tation boundaries applied to all sensors. Its contribution to prediction performance is
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therefore better understood as largely structural rather than purely feature-specific,
since it determines the temporal partitioning of the feature representation.

The most influential individual feature corresponds to the mean indentation value in
the first segment, indicating that early material deformation strongly affects the final
joint strength. Features derived from the electrical power signal contribute mainly in the
second segment, reflecting differences between parameter sets and characteristic varia-
tions in energy input. Additional relevance is observed for vibration-related features
computed over the entire signal duration, indicating that both localized phase behavior
and global signal characteristics contain useful predictive information.

Figure 9 presents the grouped permutation importance aggregated by sensor type and
temporal segment. The electrical power signal in segment 1 shows the highest grouped
relevance, followed by indentation-related features in segment 0. This shows that dif-
ferent physical welding stages are characterized by different dominant sensor contribu-
tions. Features derived from the shear force signal and from the third harmonic of the
vibrometer signal show strong importance primarily when computed over the entire sig-
nal rather than individual segments. This is reflected both in the individual feature rank-
ing and in the grouped permutation analysis. Overall, features derived from the electrical
power, indentation, and vibration signals show the highest predictive relevance, whereas
the normal force signal and especially the second harmonic of the vibration signals con-
tribute comparatively less to the prediction.

In addition to model performance metrics, part of the remaining prediction error can
be attributed to inherent process variability and measurement uncertainty, commonly
referred to as error of variance (EOV) (see [28]). These effects arise from sensor noise,
material batch variations, temperature fluctuations, uncertainties in mechanical testing,
and other uncontrolled external influences that cannot be fully captured by the available
sensor signals. Consequently, even an optimal model cannot eliminate this residual vari-
ance entirely.

5 Conclusion and outlook
This study introduced an adaptive change-point-based segmentation framework for
machine-learning-based weld quality prediction in ultrasonic metal welding.

The results demonstrate that statistically derived segmentation improves the extrac-
tion of informative temporal features compared to conventional equal-length segmen-
tation. By identifying intrinsic transitions in the sensor signals, the proposed method
generates compact segment representations that reflect the phase-dependent dynamics
of the welding process. This structured representation not only improves predictive per-
formance but also substantially enhances model interpretability and facilitates transfer-
ability to new welding setups or process conditions, since the segmentation aligns with
physically meaningful process stages rather than dataset-specific time partitions.

Among the investigated strategies, the hybrid segmentation approach, in which change
points are determined from a physically meaningful reference signal (shear force signal
in the anvil) and applied consistently across all sensors, provides the best compromise
between predictive accuracy, robustness, and computational efficiency. Furthermore, the
segment-based feature representation enables direct attribution of predictive relevance
to specific welding stages, significantly enhancing model interpretability compared to

conventional time-series feature extraction.
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Although the present study relies on offline change-point detection to ensure stable

segmentation during model development, the remaining components of the process-

ing pipeline are computationally lightweight and suitable for real-time implementation.

Future work will therefore focus on online or approximate segmentation strategies that

allow adaptive feature extraction during the welding process. This would enable weld

quality predictions prior to process completion and represents an important step toward

fully in-line industrial monitoring.

Overall, the presented methodology demonstrates that combining statistical signal

segmentation with domain-specific process knowledge provides a transparent and prac-

tically applicable foundation for reliable data-driven weld quality monitoring in ultra-

sonic metal welding.

Appendix

Measurement data

In Fig. 10, the processed measurement data of the sensors is shown. For the shear force

and vibrometer at the sonotrode, three different bandpass filters at the higher harmonics

are applied, resulting in three different time series data for these sensors.
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Scatter plots
The following figures show predicted versus measured tensile shear forces for the remain-
ing four cross-validation splits corresponding to the representative example shown in
Fig. 5.

See Figs. 11, 12, 13, and 14

3500 4 Target ,

3000

orwuxTMIAND

2500 A

2000 1

Predicted Values (Shear Force [N])

1500 -

1000

T T v v T T
1000 1500 2000 2500 3000 3500
True Values (Shear Force [N])

Fig. 11 Predicted versus measured tensile shear force for cross-validation split 2 for the hybrid change-point-
based approach
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Fig. 12 Predicted versus measured tensile shear force for cross-validation split 3 for the hybrid change-point-
based approach
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Fig. 13 Predicted versus measured tensile shear force for cross-validation split 4 for the hybrid change-point-
based approach
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Fig. 14 Predicted versus measured tensile shear force for cross-validation split 5 for the hybrid change-point-
based approach
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