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Abstract

Clocked manufacturing processes such as sheet metal forming and cutting processes pose a challenge for process monitor-
ing approaches due to inaccessibility of tool components and high production rates which make direct measurement of the
physical process conditions unfeasible. Auxiliary data such as force signals are acquired and assessed, often still relying on
control and run charts or even visual control in order to monitor the process. The data of these signals are high-dimensional
and contain a large amount of redundant information. Therefore, the processing of such signals focuses on compressing
information into as few variables as possible that still represent the important information for the manufacturing process. Due
to repeatability in clocked sheet metal processing, the data generated consist of a series of time series of the same operation
with varying physical conditions due to wear and variations in lubrication or material properties. In this paper two major
research objectives are identified: (i) the theoretical evaluation of representation learning methods in context of clocked
sheet metal processing, and the connection with (ii) the practical evaluation of the learned representations with a given use
case to track the wear progression in series of strokes. The contribution of this paper is the comparison of varying time series
representation learning techniques and their performance evaluation in a theoretical and practical scenario.

Keywords Fine-blanking - Force signal - Time series data mining - Representation learning - Wear

1 Introduction

Clocked sheet metal processing technologies are complex,
efficient and used for the mass production of in part safety
critical set of workpieces in automotive and aerospace indus-
try [1]. The constant pressure to reduce cost and improve
quality in these industries enforces an improvement of the
process capabilities. At the same time, more digitization is
required in order to enable networked production. However,
extracting relevant data in clocked sheet metal processing
is challenging and the inaccessibility of tool components
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makes direct measurement of physical process conditions
hardly feasible. Nevertheless, the changes in physical pro-
cess conditions have major effect on the process stability
and need to be determined indirectly. It has been shown that
acoustic emissions [2], acceleration [3] and force signals
contain valuable information about wear progression, fault
diagnosis, and process stability in general. The force signal
of a single stroke, e.g. a forming or blanking operation, is
a periodical time series that remains almost identical in a
series of strokes with the same tool setup. Minor deviations
or changes of the profile can represent changes in the under-
lying physical conditions of the process [4].

The signal is a high-dimensional time series in which
every observations or data point is viewed as one dimen-
sion. Generally, when dealing with such high-dimensional
raw data, two main problems occur — high computational
costs for processing and analysing them and a need for large
storage space. Therefore, a representation or an abstraction
of the data is required to process the data effectively or even
online. While reducing the dimensionality of a time series,
the aim is to preserve as much information contained in the
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raw data and as much fundamental characteristics of the time
series as possible.

In an early work of Jin et al. [5], a feature preserving
data compression method was developed on strain (tonnage)
signals of a stamping press. The diagnosis of stamping pro-
cesses showed that Principal Component Analysis (PCA)
applied on low-sampled force data is already capable of
extracting some useful information for detecting coarse vari-
ations. In [6], PCA was used as a statistical feature extraction
method and its capability to explain process variations was
compared with features engineered by an expert in field.
It has been shown that features extracted by PCA perform
very similar on the task of identifying variation in the pro-
cess. Engineered features were more interpretable, but PCA
application required far less domain knowledge and is also
transferable to different kinds of cutting processes [6].

Niemietz et al. [7] demonstrated a potential of detecting
a wear increase using an autoencoder (AE). A convolutional
AE (CAE) was trained on the first strokes of the experiment
and its reconstruction error was investigated as a measure
for tool wear increase. In a recent paper, Niemietz et al.
[8] investigated the force signal variations in clocked sheet
metal processing by applying a specially designed feature
extraction toolkit to different sub-segments of the process
signature and projected the features onto the actual wear
progression, utilizing different techniques such as PCA or
an AE. For selected non-corrupted data sets the extracted
variation was successfully linked to the wear progression.

Wear progression is one major but not the only factor
influencing the signals in a clocked-sheet metal processing.
A manufacturing process is regarded as stable only when all
the measured variables have constant means and constant
variances over time [9]. This requirement seems obvious
in order for the process to perform reliably and predictably
over time. Widely used and well-established tools for stabil-
ity monitoring are run charts and control charts. To enable
digitization and drive innovation forward, new approaches
to stability assessment are researched. Zhang at al. [10]
described a statistical process control monitoring system
that integrates outlier identification, using clustering and
a feature extraction technique Discrete Wavelet Transform
(DWT). Recently, Jensen et al. [11] introduced the stability

Fig. 1 Scheme of the different
areas of the stability assessment
pipeline development with an
emphasis on the efficient repre-
sentation learning part

Fine blanking
punch force
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index (SI) which they argued was the best practice for stabil-
ity assessment.

In general, the majority of the research has been con-
ducted by applying one representation learning or dimen-
sionality reduction method on a specific data set. In this
paper, the contribution is a unique comparison of a range of
widely used representation learning methods by an evalu-
ation with different sets of field data acquired in clocked
sheet metal processing technologies. The aim is specifically
to a) identify and evaluate time series representation learn-
ing methods in context of an exemplary clocked sheet metal
processing technology, since there was generally no best
time series representation learning method presented in the
literature up to this date, and to b) explore new possibilities
for unsupervised assessment of the stability of the repre-
sentations for building a novel signal stability assessment
pipeline (see Fig. 1). The stability of the representation is
then linked to the progression of wear during a series of
strokes, and therefore, a step to link the stability of a sig-
nal to the stability of the process is given. Fine-blanking is
investigated as an representative of the clocked sheet metal
processing technology.

This paper is organized as follows: In Chapter 2, methods
and approaches utilized throughout the paper are described.
The following Chapter 3 first introduces the data analyzed,
the way they were acquired and the different representation
learning methods are evaluated afterwards. The theoretical
approach is linked with a practice of tool wear monitoring
and process stability in Chapter 4. The last Chapter 5 then
concludes on the results and findings and proposes the pos-
sible next steps.

2 Methodology

Time Series Representation Learning. The aim was to
implement a range of time series representation learning
methods that covers all the known approaches and levels
of complexity and analyze the outputs. This part provides
an overview of different representation learning methods
ranging from already established Discrete Fourier Transform
(DFT) to novel ones such as AE.

——> Preprocessing —> Representation learning —  Stability assessment
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DFT decomposes an input signal into a series of sinu-
soids which characteristics can be easily measured. Proposed
by Agrawal et al. [12] for sequence databases mining, DFT
nowadays belongs to the major time series representation
techniques [13]. A time series is mapped to lower dimen-
sionality space by using only the most significant Fourier
coefficients. As opposed to DFT, DWT considers localiza-
tion of the identified frequencies in the time domain. It uses
wavelets (functions) constructed from a “mother” wavelet
by translations and dilations.

As opposed to other presented representation techniques,
Piecewise Aggregate Approximation (PAA) is a method
designed specifically for time series by [14]. PAA divides
the time series into w equisized windows and calculates an
average in each of the windows. The established method
used in the literature to extract the relevant variations from
the signals is the PCA. PCA decomposes a data set to
orthogonal components that explain maximum amount of
variance. These, so called principal components, are lin-
early uncorrelated variables of which the first few are usually
able to explain most of the variance. The idea of normal
PCA method is to remove second-order dependencies from
the data. PCA could thus produce misleading results when
higher-order dependencies exist between the variables. To
solve this, data can be transformed to a more appropriate
higher-dimensional space using a nonlinear function (i. e.
kernel) and afterwards projected back to lower-dimensional
subspace. This approach is termed as Kernel PCA (KPCA).

Recently proposed and promising representation learning
techniques are often based on machine learning. This holds
true for a technique utilizing an AE for condition monitor-
ing purposes, introduced by [15]. First part (encoder) can be
viewed as a classical fully connected neural network which
compresses the input signal x into a low-dimensional rep-
resentation (embedding). However, as opposed to a simple
neural network, an AE has a second part (decoder) decoding
the representation with a goal to reconstruct the input signal
as accurately as possible to the output signal X. The encoding
(low-dimensional representation) from the narrowest part of
the whole architecture (i. e. bottleneck) should preserve all
the information needed for the AE to reconstruct the signal
again.

Fig. 2 Distance correlation
evaluation technique schema

Another time series representation method, recently intro-
duced in [16], addresses the problem of insufficient research
efforts in representation learning of time series. Generic
RepesentAtlon Learning (GRAIL) is similarly to KPCA,
based on nonlinear dimensionality reduction principle (ker-
nels). The kernel function parameters are however estimated
in more sophisticated way. In [16], the implemented kernel
is called Shift-Invariant Kernel (SINK).

The last representation technique investigated in this
paper is Time Series Feature Extraction Library (TSFEL).
Introduced by [17], the aim of this Python package is to
transform a time series into a set of properties (features)
which characterize the time series (feature space).

Representation Learning Evaluation Techniques. A
desired representation learning method should:

e Reduce dimensionality,
e Shorten computational time,
e Preserve local and global characteristics of the data.

To compare representation learning methods based on these
criteria, four different evaluation techniques were designed
or implemented. As opposed to most of representation evalu-
ation done in the research (e. g. in [16]), there are no labels
available in this use case which posed a challenge in the
design of the techniques introduced in the following.

The first technique focuses on the global characteristics
of the data and uses correlation of time series distances. Due
to the preprocessing steps and exact alignment of process
signatures, Euclidean distance is applied to measure dis-
tances between the time series. At first Euclidean distances
between consecutive original time series are measured. Next,
representations of the original time series are computed
using the representation method which performance is to be
evaluated (see Fig. 2). Once all data are transformed to the
low-dimensional representation space, Euclidean distance
measure is applied again to the consecutive representations.
The Pearson correlation coefficient is than used to meas-
ure the strength of linear correlation between the Euclidean
distances in the original space and the representation space.
The distances between two consecutive time series in the
original space and the representation space should preferably

Representation learning
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stay the same and the correlation should be high for the
desired representation.

Time series classification has been used to evaluate rep-
resentations in the majority of papers concerned about time
series representation learning. The basic idea is to assign
each time series sample to a class which is in the case of
1-nearest neighbor (1-NN) classification the class of the one
nearest neighbor. Time series, respectively their representa-
tions, are classified using leave-one-out 1-NN. At first, the
original time series are labeled with their indexes and classi-
fied (each time series is assigned the label of its first nearest
neighbor). Next, representations are obtained, and the same
procedure is repeated with them. Finally, the accuracy is
calculated as a score of classifying the time series in original
space with the same label (index) as the representation in the
representation space. In other words, the nearest neighbor of
a time series in the original space is ideally the same one as
the nearest neighbor of its representation in the representa-
tion space. Since the process signatures are very similar,
expecting exactly the same label would be very strict. For
this reason it is considered a match when the labels (indexes)
fall within a toleration window of +10. High accuracy is
in this case an indicator of an ability of the representation
learning method to preserve local characteristics of the data.

Different so-called measures of distortion were examined
in [18] in order to assess the quality of a data representa-
tion in context of machine learning applications. Let X and
Y be arbitrary finite metric spaces. Given original distance
dy(Q, C) of two time series Q and C, and a distance of repre-
sentations dy(f(Q), f(C)) of the same time series, a distortion
measure is a summary statistic of the pairwise ratios p;(Q, C)
(see Eq. 1). Intuitively, the distortion is small when the ratios
of distances p;(Q, C) is close to 1.

dy(f(Q).f(C))

pi(Q.C) = 4.0.0)

ey
Based on established sigma-distortion measures, Vanka-
dara et al. [18] designed their own distortion measure which
evaluated specific requirements for later machine learning
application.

Finally, to ensure maximal possible dimensionality reduc-
tion, intrinsic dimension is determined as a minimal num-
ber of features needed to represent a data set with minimal
information loss. The intrinsic dimension estimators have
gained considerable attention in the last years because of
their relevance for data reduction. Ceruti et al. [19] intro-
duced their Dimensionality from Angle and Norm Con-
centration (DANCo) algorithm for intrinsic dimension
estimation which was used in this paper. For the evaluation
purposes, intrinsic dimension ratio is defined as the intrinsic
dimension of a representation divided by the number of its
dimensions.
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Stability Assessment Methods. Out of a variety of pro-
cess monitoring approaches applied throughout literature,
three best suited methods were implemented and modi-
fied for the specific task of clocked sheet metal processing
technologies force signal stability assessment. The first and
most obvious characteristic of a stable process is a mean
that remains constant over time. The Analysis of Variance
(ANOVA) method proposed by [20] aims to detect sig-
nificant changes of the process mean. In order to use the
ANOVA method, data are divided into subgroups and a
null hypothesis that all subgroup means are equal is stated.
Counter intuitively, it compares subgroup variation to within
subgroup variation to assess the mean differences. To test
the null hypothesis, F test needs to be conducted with the F
value computed defined in Eq. 2 [9].

variation between subgroup means

Fratio = variation within the subgroups &
In Fig. 3, the design of a modified ANOVA approach (mov-
ing ANOVA) for stability assessment is illustrated. At first,
individual dimensions of all representations are merged into
corresponding series. In this way, e. g. first dimensions of
all representations form one series and can be used as an
input for ANOVA. With 10-dimensional representations, 10
input series exist. In the next step, the F ratio is calculated
for every set of 20 consequent data points sampled from the
series. With an offset of the first and the last 10 data points,
every point has now its F-value characterizing behavior of
the series in its closest neighborhood. To get the final stabil-
ity assessment output, F value series of all the dimensions
are simply averaged into the resulting plot. This output is an
indicator of stable and unstable parts in the signal and can
be used for the stability assessment.

The second method relies on assessment of differences
in variations. The idea behind SI from Jensen et al. [11]
is that the long-term variation captures random as well as
non-random patterns in the data (i. e. drift). The goal of
the short-term variation is as opposed to the long-term one
to only capture the random patterns (e. g. common causes
of variation). If the process is stable, the long- and short-
term variation are similar and SI is close to 1. If there are
non-random patterns in the data, the ratio will be greater
1. For purposes of this paper, local stability assessment is
of interest and sets of 50 data points are therefore sampled
from the data. A standard deviation of a set is utilized as the
long-term variation estimate. The 50 data points are then
divided into 10 subsets a 5 data points which are used for
the short-term variation estimate.

Finally, the regression analysis identifies trends through-
out the signal. All of upward or downward shifts, increasing
or decreasing trends could be interpreted as signs of instabil-
ity. Possible drift or trend can be detected by fitting a straight
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Fig.3 Moving ANOVA
approach—extracting dimen-
sions from representations,
ANOVA of every set and finally Representations ——— > Moving ANOVA for each dimension — Average over all dimensions
average over sets throughout all
dimensions Dim. 1 Moving ANOVA output
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Table 1 Specifications of the used data sets

Data Set ID Strokes Material Wear data
E, 3204 X5CrNil8-10 Yes
E, 3340 X5CrNil8-10 Yes
KS; 8112 51Crv4 No
WZV, 29,142 100Cr6 No

line to the data — linear regression. The null hypothesis is
in this case that all of the regression coefficients are equal to
zero. This would imply that the model used has no predictive
capability. By running a F-test, it is inspected if the fitted
line has a statistically significant slope or not. If the null
hypothesis is rejected and the slope is significant, it can be
concluded that the signal is unstable [9].

3 Representation learning methods
assessment

Data Sets.

For this study, a selection of four experiments is presented
in Table 1. The general setup of each experiment similar,
utilizing a servo-mechanical Feintool XFT 2500 Speed

Fig.4 SEM images of tool wear
taken in regular intervals from
the start until the end of E,
experiment

Ot stroke

fine-blanking press with a straightener to relieve the residual
stresses from the metal sheet [1], and a lubrication system to
apply a lubricant film. All experiments were conducted with
a rate of 50 strokes per minute and a metal sheet thickness
of 6 mm. The original experimental data came from a series
of trials with industry collaborations. A number of relevant
data sets were selected for this study to illustrate the appli-
cability of the approach presented.

Four piezoelectric sensors were placed at the punch,
acquiring data with a rate of 10 kHz. Raw force signal data
from the sensors are long time series of sensor profiles
(strokes) repeating over time. These signals were preproc-
essed-segmented into individual strokes and cleaned-in the
same way as in [8]. These preprocessing steps are crucial for
further processing and analysis.

Since tool wear is one of the major factors influencing
the stability of the process [7], microscope images of the
tool cutting edge have been taken in predefined intervals for
experiment E, and E, in order to observe and assess the wear
progression during the experiment (see Fig. 4). For each
examination of the wear progression, the press was stopped,
and the fine-blanking tool was disassembled.The data rep-
resenting the wear increase has been generated by approxi-
mating the amount of damaged coating visible through the
SEM images. To do so, image processing techniques were
used to isolate the area of damaged coating and based on the

1,856t stroke

S 200
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number of pixels of the total image, the share of damaged
tool surface of the total image is taken as a measure for the
wear in this study. For details see [8].

Preprocessing Influence on Representation Learning
and Evaluation Methods. In order to assess the representa-
tion learning methods comprehensively and to decide which
of the introduced methods performs the best on the fine-
blanking force signals, effects of different preprocessing
steps on the methods need to be investigated. Four different
preprocessing variants are chosen to investigate their influ-
ence on the representation learning and evaluation methods.
In case of raw data, the only preprocessing step taken on
the cleaned and segmented data is the combination of the
4 punch force sensor signals into a single one. This is done
simply by averaging the signals and leaving the potentially
corrupted signals out. For normalization and standardiza-
tion steps, MinMax scaling—normalizing each data point
of each stroke to lie between 0 and 1-and the so called
Z-score—standardizing the data such that their distribution

Fig.5 Performance of the
representation learning methods

will have a mean value of 0 and a standard deviation of
1 — were used. In order to investigate the effects of outliers
(anomalies) in the data on the representation and evaluation
methods, the Cluster-based Local Outlier Factor (CBLOF)
anomaly detection is used to identify outliers which are
afterwards removed. The dimensionality of representations
is varied as well with the aim of finding an optimal dimen-
sionality for each method and corresponds to the number
following the name of the method in Fig. 5.

Results are shown in Fig. 5. The distance correlation
results for different representation learning methods are not
affected by the preprocessing in greater extent, except of
DWT, TSFEL, CAE, and GRAIL. These four methods also
perform on average worse than the rest evaluated by distance
correlation. Normalization and combination of normaliza-
tion and anomaly detection improve the distance correlation
slightly for all the well performing methods. Dimensionality
does not have greater impact, with results becoming rather
better with increasing representation dimensionality.

a) Distance Correlation

of different dimensionalities —_ 1.00
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Sigma-distortion pointed out the importance of the pre-
processing steps selection. While DWT and TSFEL rep-
resentations show slightly worse results than other meth-
ods overall, the prominent differences originate from the
preceding preprocessing. The sigma-distortion values are
minimized by Z-score standardization preprocessing since
it takes the distribution of the data into account. MinMax
scaling as well as anomaly detection improve the resulting
distortion.

Finally, 1-NN classification gives a clearer picture about
the representation learning methods. The sophisticated
GRAIL or untuned CAE produce accuracy comparable
with the simplest PAA. PCA and KPCA perform already at
5-dimensions superior to other methods, followed by DFT,
PAA, and GRAIL. Preprocessing does not significantly
affect the results in case of 1-NN classification.

Additionally to the evaluation methods introduced in pre-
vious part, elapsed time is measured during the run of each
representation learning method in order to assess its com-
putational cost. The averaged time needed for the different
representation learning methods to run varied significantly
with CAE being clearly the most expensive, followed by
GRAIL and TSFEL.

Interim Conclusion. It was shown that the normaliza-
tion as well as the anomaly detection preprocessing step
improve performance assessed by the evaluation methods
in most cases. The CAE implementation is computationally
expensive compared to the rest of the methods and would
require further tuning efforts in order to unfold the potential
of this powerful approach. TSFEL and DWT implementa-
tions show bad results in most of the evaluation cases. These
three methods are therefore not further examined.

Influence of Different Data Sets on the Representation
Learning Methods Performance. The ultimate objective of
this paper is to design a robust and efficient stroke represen-
tation learning method independent of the data set at hand
or even the analyzed process. It is therefore desirable that
the representation learning methods perform as consistent
as possible throughout the whole range of data sets. Three
representatives of different lengths and varying specifica-
tions are used. All of them were cleaned, segmented, and
normalized using MinMax scaler with anomalies removed
at the end.

In Fig. 6, the results are shown. The distance correlation
results have similar trends across the data sets except of the
GRAIL method results, which depend on the length of the
data set significantly.

Sigma-distortion is in absolute numbers lower for the
KSs and WZV  data sets. The reason for this effect could be
that the longer data sets have distributions closer to normal
distribution. Application of the Z-score as a preprocessing
step might eliminate this effect. Otherwise, the trends are
similar between the representation learning methods with

the exception of KSs, where the PAA and DFT dimensional-
ity have the opposite effect on the sigma-distortion.

1-NN classification as well as intrinsic dimension ratio
show consistent results across data sets and confirm the
superior performance of PCA. Intrinsic dimension ratio
gives a good overview of the optimal representation dimen-
sionality. The trends in the results are similar for all the rep-
resentation learning methods and data sets. Based on this
evaluation method, the optimal number of dimensions lies
somewhere between 5 and 10 and is nearly independent of
the preprocessing.

As for the time complexity, KPCA and GRAIL scale
quadratically with the amount of data, while for example
5-dimensional GRAIL taking 30-times more time to run
than 5-dimensional KPCA. Other methods are considerably
less expensive and scale linearly.

Discussion. Some of the evaluation methods show dif-
ferent trends for PAA and DFT dimensionality between the
different data sets and a closer investigation is required in
order to understand the causes of this behavior. PCA and
KPCA show the best results in the distortion measures and
1-NN classification across data sets, followed by DFT and
PAA. KPCA results are nearly identical with those of PCA
and thus do not bring any new extra valuable insights which
would justify the higher computational cost. GRAIL results
do not justify their computation expenses. In fact, GRAIL
performs worse than other representation learning methods
in most of the evaluation points of view.

PCA and DFT perform the best on the use case fine-
blanking based on the quality of their representations evalu-
ated in an unsupervised manner. These methods show prom-
ising results and are primarily applied in the next part in
order to generate stroke representations.

4 Exploration of signal stability assessment
and monitoring of condition changes

The main objectives of this part are the practical application
of the considered approaches and an exploration of a quan-
titative evaluation of the presented representations. It is to
investigate if the identified signal stability assessment meth-
ods can capture the trends towards stable/unstable process
state based on the representations and which of the methods
can also do it consistently for different data sets. For all
evaluation data sets all process parameters have been kept
constant during the execution of the experiment. Therefore,
the tool wear can be considered to have the largest impact on
the process stability, and according to the hypothesis of this
paper, to the stability of the representations of strokes over
time. According to Behrens et al. [21], three stages of wear
rate occur during the lifetime of a tool. An unstable run-in
period at the beginning, followed by a more stable low wear
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Fig.6 Performance of the rep-
resentation learning methods on
different data sets evaluated by
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rate stage, and the last stage of accelerated wear until a pos-
sible breakage of the tool and the end of the tool’s life-cycle.
Since all the data sets were acquired during experiments
starting with an unused punch and executed over several
thousand strokes, the punches are expected to have reached
the beginning of the second wear phase roughly by the end
of each experiment.

This chapter is organized as follows: the three stability
assessment methods, moving ANOVA, SI and regression
analysis, are applied on 5-dimensional PCA to qualita-
tively evaluate the ability of representations to capture tool

@ Springer

wear progression based on three experiments. The com-
bination of normalization and standardization is applied
as preprocessing while the removal of anomalies leads
rather to an unnecessary data loss than an improvement
and is thus not further considered. Finally, the tool wear
was measured during the acquisition of E, and E, data sets
which allows for a quantitative evaluation of the represen-
tation learning methods.

E,and E, Data Sets. The data were acquired continu-
ously only between tool inspections (in case of E, they took
place around 800" and 1,800 stroke).
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The normalized evolution of the maximum punch forces
during the E, experiment is shown in Fig. 7a) (along with
the results of the stability assessment methods). Tool
inspections were correctly identified as the cause of pro-
cess instability by all stability assessment methods. These
events occurred intentionally and are followed by an unsta-
ble ramp-up period of the entire machine/process. However,
other periods of instability identified are not related to tool
inspection and could have a variety of possible causes. Tool
wear is assumed to be the main cause, with an expected evo-
lution of the wear rate corresponding to the gradient of the
normalized cumulative stability measures, which is higher at
the beginning and decreases during the experiment (except
for the unstable events).

Moving ANOVA is more sensitive to the sudden events
and the SI performs similarly with the regression analysis
for both, the E, and E, data sets.

Maximal punch force

—— Cum. Moving ANOVA
Cum. SI

—— Cum. Regression

Linear

~— Moving ANOVA S|
| |

—— Regression

0.5

0.0

0 500 1000 1500 2000 2500 3000
Strokes

b)KS

0.5

0.0 4

0 1000 2000 3000 4000 5000 6000 7000 8000
Strokes

Fig.7 Normalized maximal punch forces of raw data and stability
assessment pipeline output of a E, and b KS;

KS; Data Set. In the case of KS; data set, all three sta-
bility assessment methods indicate that the signal was more
unstable in the beginning (gradient in the period 1 in Fig. 7
b) and converged towards more stable stage (period 2 and
3) until around the 7,500™ stroke where it began to become
unstable again. The scanning electron microscope (SEM)
images in Fig. 4 also confirm the results of the stability pipe-
line outputs and show, that the wear rate was considerably
higher in the first 5,000 strokes and decreased in the second
half of the experiment. Minor differences between the stabil-
ity assessment methods can be observed in the case of KS;
data set. The regression analysis identifies slightly higher
instability at the beginning, resulting in its higher gradient
in cumulated form. The SI is the most sensitive to sudden
instability events.

Wear RMSE Evaluation. Tool wear measurements dur-
ing acquisition of E, and E, data sets enable a final evalu-
ation of the representation learning methods in context of
the stability assessment techniques and wear progression. In
the lower part of Fig. 8, a polynomial line was fitted to the
wear values. Curves of cumulated moving ANOVA, SI as
well as regression stability are shown and their abilities to
approximate the wear progression are examined. To quantify
the fit to the wear progression, the Root Mean Square Error
(RMSE) of each line is calculated (Fig. 8 upper part).

The resulting plot proves that wear can be approximated
well by analysis of the differences in signal variations
(SI) for E, data set. In case of E,, the stability assessment
technique ability to capture wear progression depends sig-
nificantly on the representation learning method. Moving
ANOVA (differences in means) potentially identifies differ-
ent causes of instability in the data. DFT representations
seem to preserve information about the wear progression
consistently throughout data sets, whereas TSFEL as a pure
feature extraction method performs poorly. GRAIL approxi-
mated the wear progression of E, data set well but this was
not consistent with its E, results.

Discussion. A possible link between theoretical evalu-
ation and practical use for condition monitoring purposes
with quantitative evaluation was shown. As for the signal
stability assessment, the capability of the stability pipeline
highly depends in the data it is applied on. For E, and E,
data sets, the SI and the regression analysis on PCA as well
as on DFT resulted in interpretable and convincing output
corresponding with the tool wear measurements. All the
stability assessment methods performed well for KSs, inde-
pendent of the representation learning method, and showed
a higher gradient at the beginning of the experiment which
then decreased towards the end of it. Since working with
field data, it is also important to note the importance of data
acquisition quality which could potentially cause incon-
sistencies in the results and affect them significantly. It has
been proved that the tool wear is the major contributor to
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a) E, Cum. Stability Wear RMSE

b) E, Cum. Stability Wear RMSE
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Fig. 8 RMSE of cumulated stability assessment output for a E, and b E,, and measured wear plot for ¢ DFT, d TSFEL, e GRAIL representations

the stability of the process, but not the only one. Ramp-up
periods, machine stops, or cold starts are events causing the
signal instability in clocked sheet metal processing as well.

5 Conclusion

This paper provides an overview of current capabilities of
commonly used representation learning methods on time
series acquired in clocked sheet metal processing, evaluates
them in a theoretical study and explores a practical signal
stability assessment as a potential link to the process insta-
bility caused by increasing wear of tool components.

The results in Fig. 5 illustrate three things: (i) the dimen-
sions required to appropriately represent variation in meas-
urements, (ii) the trade-off between using different methods
to obtain either the global structure or the local structure of
a data set, and (iii) that while the study results show a trend,
they also show that for some experiments the general trend
does not hold. Therefore, more data need to be prepared and
collected to validate the degree of freedom required to rep-
resent variations in the signal(s) on a larger scale, possibly
incorporating similar measurements from other processes.
In addition, the study shows that by tracking the fluctuations
in the low dimensional representations, an approximation
of the wear increase measured in the presented experiment
can be achieved.

However, although it has been indicated that changes or
variations in representations can be linked to changes in the
physical conditions e.g. relating to wear, the complex inter-
play between various condition changes in a running process
environment imposes additional challenges to research the
influence of isolated changes on representations and vice

@ Springer

versa. This suggests that an understanding of the so-called
process noise [22] or fluctuations in the signals should be
better understood. Additionally, the load collective of fine-
blanking consists of three process forces that effect each
other and the process outcome. Therefore, analysis in the
interaction between the forces on the signal side is the next
step to investigate the usage of the pipeline presented in this
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