
Investigating thresholding techniques in a real predictive
maintenance scenario

Apostolos Giannoulidis
and Anastasios Gounaris

Aristotle University of
Thessaloniki, Greece

agiannous@csd.auth.gr
gounaria@csd.auth.gr

Nikodimos Nikolaidis and
Athanasios Naskos
Atlantis Engineering,
Thessaloniki, Greece

nikolaidis@atlantis-
engineering.com
naskos@atlantis-
engineering.com

Daniel Caljouw
Philips Consumer Lifestyle -

The Netherlands
Daniel.Caljouw@philips.com

ABSTRACT
We deal with a real predictive maintenance (PdM) scenario
in an Industry 4.0 setting. With a help of the Sibyl platform,
we can monitor live data from key components of a Philips
factory equipment; in this work, we focus on a cold-forming
press. Due to the dynamic environment of the operation of
this press, unsupervised anomaly detection techniques are
used to timely detect the wear, where early anomalies are
interpreted as warning signs of a forthcoming failure. Typi-
cally such techniques assign an anomaly score, and the prob-
lem we face is how to appropriately set a threshold for this
score. We introduce and compare four generally applica-
ble thresholding techniques, two of which are dynamic, i.e.,
they continuously refine the threshold during the episode
lifetime. We discuss the properties of these techniques and
quantitatively evaluate their behavior in our case study.

1. INTRODUCTION
Predictive maintenance (PdM) is a key component in the
smartization process of manufacturing industries as Industry
4.0 advocates. The objective of PdM in an industrial setting
is to detect and predict upcoming failures in crucial parts of
the production line. The results of successful PdM include
a safer environment for employees to operate, economical
benefits, and valuable knowledge gained about the produc-
tion process itself. To achieve these results, several data an-
alytics, machine learning, and data-mining techniques are
proposed. According to the data that are available, un-
supervised, semi-supervised, and supervised techniques are
employed.

Our case calls for unsupervised techniques since there is no
labelled data available and we aim to mitigate the need for
expert knowledge as much as possible. Moreover, the oper-
ation is taking place in a dynamic environment in the sense
that, in each production episode, the equipment is config-
ured differently. To date, there is no known way to leverage
historical data from previous episodes to tune the running
production episode. The unsupervised learning techniques
that we employ perform continuous anomaly detection and
as such, they rely on computing anomaly (i.e. dissimilar-
ity) scores, which correspond to the state of the monitoring

component. In PdM, an anomaly should be detected not
only when there is a fault in the equipment but also when
there are warning signs that a fault is going to occur shortly.
However, to transform the anomaly score into a decision, an
appropriate threshold is set. The threshold parameter is
crucial for most of the techniques used in anomaly (or devi-
ation) detection [23]. Setting such a threshold is not trivial.
In real industrial environments, since there is no opportu-
nity to perform exhausting tests to decide threshold values
or a constant threshold may be deprecated after some period
of time due to external changes, the need for self-tuning and
dynamic thresholding techniques arises.

The contribution of this work can be summarized in three
items:

1. We present a baseline and three additional threshold-
ing techniques, one of which is a novel proposal of ours
(called self-tuning), while the other two are based on
existing techniques that are extended to become ap-
plicable in our setting.

2. We evaluate the presented techniques in a real-world
PdM case.

3. Finally, we discuss the inherent properties of the in-
vestigated techniques.

An earlier version of this work has appeared in [7]. In this
manuscript, apart from clarifications and small additions, we
present new experimental results considering more episodes
that have become available.

Finally, we note that PdM is considered an end-to-end pro-
cedure, which may involve IoT technologies, data collection,
data cleaning and general preprocessing, model building and
inference, and decision support systems (DSS) apart from
anomaly detection. Each of these modules can be imple-
mented by different services as done by Sibyl platform [17].
Here, we focus on the anomaly detection module exclusively.
A key characteristic is that this module in our setting is
not restricted to fault diagnosis but, essentially, it performs
prognosis. This is due to the fact that we aim to detect
anomalies in the operational data that precede serious faults.
However, the proposed solution also relies on a DSS post-
processing system to trigger maintenance actions in a ju-
dicious manner based on the reported anomalies. Such a
system is out of our scope.



Figure 1: Cold-forming press from [17]

The remainder of this work is structured as follows. Section
2 provides a higher level description of the case study and
formulates the problem. The existing unsupervised anomaly
detection technique is presented in Section 3. In Section 4,
we present the additional thresholding techniques. Also, we
provide a qualitative discussion about the integration of such
techniques in a real PdM scenario. Finally, we evaluate the
presented thresholding techniques in real-world PdM case
scenario and discuss the related work in Sections 5 and 6,
respectively. We conclude in Section 7.

2. CASE STUDY DESCRIPTION
The current use case aims at the production line of a Philips
factory and more specifically, the cold-forming press that is
a part of the production line. A high level representation
of the specific cold-forming press is shown in Figure 1. A
metal strip is fed as input to the press. The final form
of the strip is the result of various parts of the press (aka
modules or dies) that cut, bend, and flatten the input strip
and are placed in the correct order to produce the desired
output shape. These modules are considered complex and
expensive pieces of equipment, and are subject to failures
induced by age and other reasons. Essentially, the modules
are used in such a pipelined manner that the output of one
module forms the input of the next module. Firstly, the
metal strip goes through an input reel and the first quality
check is performed. Then, the metal strip arrives in the press
and is processed by each of the six modules in sequential
order where every one of the modules changes the shape of
the strip. More specifically, the press performs a circular
motion in order for the modules to strike with force to the
metal strip giving the desired shape. When the strip passes
through all of the modules, it exits the press and the second
quality check is performed.

We cannot monitor the condition or the status of each mod-
ule without setting the machine off operation. During condi-
tion checks, the whole press is removed from the production
line in order to plan preventive maintenance inspections.
The cost of such removals and especially the cost of faulty
parts of the machinery can be large for the company. This
calls for a non-intrusive predictive maintenance solution in
the cold-forming press.

There are multiple monitoring data regarding this cold-forming
press and the metal strip, which are continuously collected.
With regards to the metal strip, the part number, the thick-
ness, and the temperature entering the press are monitored.
In addition, at the end product of the press, the thickness,
the shape, and other proprietary quality measurements are
collected during the quality check. To track the condition
of the cold forming process, acoustic emission sensors are

Figure 2: Typical shape of a punch

Figure 3: Signal shape when operation of press was manually
stopped halfway.

brought into service; altogether, the different acoustic sen-
sors include 6 channels, and at each press operation step, the
contact of the module with the metal strip is captured using
the sensor. The sensor transforms the piezoelectric signal
emanated by the contact of each module with the material
into acoustic waves. We are interested in the part of the
circular motion of the press, where modules interact with
the metal strip. Several hundreds of acoustic emission mea-
surements are collected in that part of the motion, which
are fed to our PdM solution.

2.1 Data Description and Notation
There is a distinct data stream for each of the six channels
of acoustic emission signals described above. Each channel
corresponds to a different part (die) of the press and pro-
duces 500 values per punch, where each value corresponds to
the acoustic emission at a specific angle when the press per-
forms a single punch. An example is shown in Figure 2. For
the purpose of this work, to apply our techniques, we collect
these signals in coherent sequences referring to the same die
setting, termed as episodes. Each episode concerns one of
the channels and starts after a maintenance action is per-
formed in the corresponding die or after a human interaction
with the die takes place. The episode ends when a failure in
a die occurs (which is detected from the downstream quality
checks of produced product most of the times) or the die is
reconfigured for other purposes and the specific production
process stops.

More formally, an episode Epi = {x0, x1, ..., xf} is a mul-
tivariate time series, where each xt = {x0

t , x
1
t , ..., x

499
t } is

a 500-dimensional vector, which corresponds to one hit at



timestamp t, 0 ≤ t ≤ f . Timestamp f refer to the final hit
of the die in the specific episode.

For each episode Epi, we perform domain expertise-driven
data cleaning, removing all xt entries that correspond to a
sensor failure, problematic events or manual operation. For
example, an operation manually stopped in halfway results
in zero xt signals (see Figure 3). Such errors can be eas-
ily detected and excluded due to their obvious difference
from the signals like the one in Figure 2. Also, there are
some additional cases of single anomaly punches (problem-
atic events), which are monitored and are detected via an
automated process (e.g. when double material is passed to
the press); we also exclude such values.

The technical solutions described hereby are enforced through
an end-to-end modular and extensible PdM system, called
Sibyl, the software engineering aspects of which are described
in [18].

3. A PROFILE-BASED SOLUTION TO ANAL-
YSE PUNCH SIGNALS

Given a stream of data-points, Sibyl’s Profile-Based algo-
rithm (PB) aims first to construct a normal representation
of such data in an unsupervised manner and, then, to de-
tect deviations as new data arrive based on the normal rep-
resentation constructed. The algorithm is separated into
two main steps: 1) Construction of profile and 2) Anomaly
detection.

With regards to the first step, a profile pf = {xt, ..., xt+n−1}
is constructed from n continuous time points ensuring that
the maximum distance between two of the profile members,
denoted as m = max(dist(xi, xj)), xi, xj ∈ pf , does not
exceed a threshold; dist is a distance function chosen.

The rationale behind the profile construction is to select data
from a normal operation period of the press while not relying
on domain experts’ feedback. Since the normal operation
changes from episode to episode, the algorithm should be
capable of reliably calculating the profile at runtime. There-
fore, to construct the profile online, we use a threshold lm,
which limits the m value defined above. The full process can
be seen in Alg. 1. After the first n points ({x0, ..., xn−1}) of
an episode Ep have arrived, PB considers them as a poten-
tial profile. We calculate the maximum inner distancem and
check if it is less than lm. If this is the case, a profile pf has
been constructed; otherwise, we wait until the next point
arrives and make the same test for the points {x1, ..., xn}.
This iterative procedure is followed until a profile is found.

After a profile pf is constructed we move to the second step
for anomaly detection. Whenever a new point xt arrives,
we calculate its distance from pf. The distance dt of a data-
point xt from the profile pf is determined by the closest
point of the profile, dt = min(dist(xt, x), ∀x ∈ pf). For
the distance dist, any distance metric, such as city-block,
mahalanobis, jaccard and so on, could have been used. In
this work, we employ either Euclidean or Euclidean with Dy-
namic Time Warping (DTW). Euclidean is a robust distance
metric that can be computed fast. On the other hand, DTW
is a computationally intensive calculation but can handle
shifts in signals.

The dt distance value is used as the anomaly score of the
point xt. To produce alarms, we use the threshold value
th. This threshold is calculated based on the m value of the
profile weighted by the factor parameter (see Alg. 1). We

Algorithm 1 The Profile-Based PdM solution

Input: Ep, lm, n, factor
pf ← {x0, ..., xn−1}
m← max(dist(xi, xj), ∀(xi, xj) ∈ pf × pf)
cnt← 0
while m > lm do ▷ first step

cnt← cnt+ 1
pf = {xcnt, ..., xcnt+n−1}
m← max(dist(xi, xj), ∀(xi, xj) ∈ pf × pf)

th← factor ×m ▷ threshold calculation
tcurr ← cnt+ n
while tcurr ≤ f do ▷ second step

xt ← Ep[tcurr] ▷ get the next arrived data-point
dt ← min(dist(xt, x), ∀x ∈ pf)
if dt > th then

ProduceAnAlarm(tcurr)

tcurr ← tcurr + 1

Figure 4: An example of the PB technique.

refer to this thresholding technique as baseline.

In Figure 4, an example of pf is shown. Here, pf is formed
by the points inside the circle. We use a factor equal to
1 and the m distance is shown with dotted lines. Suppose
that the next point after the construction of the profile is
x10. The closest point of x10 is x7, and so, the distance of
x10 from x7 is the minimum distance of x10 from the whole
pf. This distance remains smaller than factor × m, hence
x10 is tagged as a normal observation. The next point is
x11. The closest point to x11 from pf is x2. This point is
tagged as anomaly because the minimum distance from x11

to pf is larger than factor ×m.

4. THRESHOLD SETTING SOLUTIONS
In the current work, we focus on tuning the anomaly score
threshold parameter. In order to make a final decision, e.g.,
replace a component of the press, schedule a maintenance
action, and so on, a threshold parameter is used. If the pro-
duced anomaly score is higher than the threshold, then we
assume that there is a deviation in the monitoring compo-
nent, which triggers further actions; therefore, the threshold
should be set in an as informed manner as possible.

More specifically, we evaluate three techniques in addition
to the baseline one. These techniques are applicable to any
anomaly detection algorithm, where an anomaly score is pro-



Algorithm 2 Windowed 2T with Standard Deviation
(M2T) [23]

Input: Multiplier factor: factor, Anomaly Scores: As =
{dts, ..., dtl}, Window: w
Aw ← {dtl−w, ..., dtl}
th1← µ(Aw) + factor × σ(Aw)
Aw ← {dt ∈ Aw|dt < th1}
th← µ(Aw) + factor × σ(Aw)
return th

duced. Furthermore, we explore a simple extension to two
of them. Each of these techniques comes with its pecu-
liarities, which we discuss in turn, and their suitability is
largely application-dependent. In summary, the techniques
described in this section aim to either replace the threshold
calculation in Alg. 1 or even to recalculate it upon the ar-
rival of each new point. We define the time series of anomaly
scores As = {dts, ..., dtl}, where ts is the timestamp of the
data-point that arrived right after the construction of pro-
file, and tl is the timestamp of the most recent data-point
arrived until now.

4.1 Moving 2T
The 2T technique is introduced in [23]. A common tech-
nique would use the mean and the standard deviation of all
anomalies scores in As, where a data-point is tagged as an
anomaly if its anomaly score is factor times the standard
deviations away from the mean. The rationale of 2T is that
the set (or the time series in our context) of anomaly scores
will eventually contain some outliers. So, these outliers will
increasingly contribute to the calculation of the threshold.
Therefore, by applying twice (or more) the threshold com-
putation technique as shown in Alg. 2, we can eliminate the
effect of the outliers that are removed after the first pass.

In our context, we transform 2T into a streaming technique,
called Moving 2T (M2T ). To do so, we use a time window
over As. The window contains values from the last w points
of As. Then, we apply the technique described above on the
w last values of As. Furthermore, we test a simple exten-
sion called M2T-X, where, after the final calculation of the
threshold, if a data point is characterized as an anomaly, we
exclude it from the As in future threshold calculations.

4.2 Dynamic threshold
In [9], a novel Long-Short-Term-Memory deep learning model
to detect anomalies in telemetry data is presented. The deep
learning model outputs an error (anomaly score) forming a
time series. In order to set threshold on such an error time
series, the authors present a dynamic threshold setting tech-
nique, which is referred to as Dyn. Using a time window
selecting the last w anomaly scores, they calculate a thresh-
old based on an objective function. That objective function
aims to drop the mean and the standard deviation and, at
the same time, penalizes a large amount of reported anoma-
lies. To further mitigate the presence of false positives, they
use a limiting dp parameter. After the calculation of th, Dyn
groups anomalies into sequences, i.e., continuous values that
exceed the threshold th and extracts the max value of each
sequence. Sequences are then sorted by this value. Then,
the technique calculates the percentage difference between
adjacent maximums in the sorted array. If the percentage
difference at some point exceeds the dp limit, then all se-

Algorithm 3 Profile-based with self-tuning

Input: Ep, lm, n, factor
pf ← {x0, ..., x2n−1} ▷ *changed
m← max(dist(xi, xj), ∀(xi, xj) ∈ pf × pf)
cnt← 0
while m > lm do

cnt← cnt+ 1
pf = {xcnt, ..., xcnt+2n−1} ▷ *changed
m← max(dist(xi, xj), ∀(xi, xj) ∈ pf × pf)

pf = {xcnt, ..., xcnt+n−1} ▷ *changed
pfth ← {xcnt+n, ..., xcnt+2n−1} ▷ *added
distancesth ← [] ▷ *added
for xt ∈ pfth do ▷ *added

dt ← min(dist(xt, x), ∀x ∈ pf) ▷ *added
distancesth.append(dt) ▷ *added

th← µ(distancesth) + factor × σ(distancesth) ▷
*changed
tcurr ← cnt+ n
while tcurr ≤ f do ▷ second step

xt ← Ep[tcurr] ▷ get the next arrived data-point
dt ← min(dist(xt, x), ∀x ∈ pf)
if dt > th then

ProduceAnAlarm(tcurr)

tcurr ← tcurr + 1

quences until that point are considered anomalies. A more
detailed description can be found in [9].

In our context, we perform this calculation for each new dt,
and we check if it belongs to an anomaly sequence. Similar
to the M2T-X, we test the same extension Dyn-X here as
well, where, after the final calculation of the threshold, if
a data point is characterized as an anomaly, we exclude it
from the As in future threshold calculations.

4.3 Self-tuning
Self-tuning is a novel anomaly score thresholding solution
that we propose. In PB, we heuristically try to enforce that
the profile comprises measurements depicting the healthy
equipment’s operation. Building upon this, instead of search-
ing for profile of length n, we search for a profile of length
of double length, i.e., 2n. We use the first part (i.e., the ini-
tial n points) for profile construction and the second half to
calculate a threshold. More specifically, we pass the second
half to PB and get as output a sequence of anomaly scores.
Then, we compute the final threshold as the mean of this
sequence plus the standard deviation multiplied by the fac-
tor parameter. The rationale is that the threshold is better
configured based on the expected value of anomaly scores
in normal data not used for profile construction rather than
based on the measurements directly used for the profile con-
struction as in the baseline. The modified PB algorithm is
shown in Alg. 3. The modifications in the original algorithm
are explicitly annotated in the comments.

4.4 Discussion
Rather than regarding the techniques discussed above as di-
rect competitors, it is important to understand the anoma-
lies each technique targets instead of treating them as black
boxes. In a PdM scenario, the decision to characterize a
point as an anomaly or not could eventually change the pro-
duction schedule of a factory. So, it is important to under-



Figure 5: The upper plot shows the produced error from PB
along its moving average. The bottom plot shows the warning
level when using Dyn.

Figure 6: The upper plot shows the produced error from PB
along with its moving average. The bottom plot shows the
warning level produced by self-tuning.

stand why a point is tagged as an anomaly and what is the
impact of such an anomaly.

All the threshold techniques that we test avoid using a pre-
defined value in the error domain to set a threshold, which
would be a too naive solution that would be ineffective in a
setting, where operational characteristics change frequently.
We can separate them into two groups: a) dynamic ones
(Dyn, M2T ), where the threshold value is calculated contin-
uously during a single episode, and b) constant ones (base-
line, self-tuning), where a threshold value is calculated at
the beginning of the episode.

Each of the two categories has its own characteristics. For
example, as shown in Figures 5 and 6, the dynamic ones
can detect the rising of the error value produced from PB,
but after that, if the error value remains at the same level,
eventually (depending on the w number of historical values),
dynamic techniques adapt to the new potentially erroneous
behavior. On the contrary, in the constant techniques, if the
error value rises and exceeds the threshold, we keep raising
alarms as long as the error remains larger than the threshold.
In addition, dynamic techniques can detect the rise in the
error independently of the absolute value of the error. This
may be valuable information in some PdM applications.

Furthermore, it may be suitable to use different threshold
techniques depending on the output characteristics and the
task. For example, if we are interested in spikes in anomaly
scores (i.e., few consecutive data-points with an obvious
difference), we should use dynamic techniques without the
smoothing step. In our case, we are interested in the general
wear of die components in the press, not only spikes.

An additional note is that we could have used the median

Figure 7: Threshold techniques.

instead of the mean value in the techniques. However, in
our episodes, such a change had no impact and the behavior
remained the same.

Finally, the efficiency of a threshold technique strongly de-
pends on the output of PB. If PB cannot model the devia-
tion in its output, for any possible reason, whatever thresh-
old technique we may use, it cannot perform well.

4.5 An example
To provide a more detailed view of the behavior of the
thresholding techniques and their characteristics, we show
how they perform over the anomaly score produced in one
of the test episodes in Figure 7. As will be explained later,
the parameters for each thresholding technique is selected
by utilizing the two normal episodes so that no false alarms
are produced. The produced anomaly score of that episode
includes a high spike at the beginning, and after that, it re-
mains relatively low for some period before increasing again
and remain at the increased level until the end of episode.
In reality, a fault occurred only at the end of the episode.

The baseline technique yields a high threshold value. This
is one of the main problems encountered in this technique
and one of the main motivating reasons for this work. The
high threshold value is due to the high m distance (i.e., the
maximum inner distance of the profile pf ). It is difficult
to select an optimal lm parameter for the profile-based al-
gorithm, thus the m distance of the profile is unnecessarily
high in some episodes. Highm values denote a sparse profile,
which is more likely to yield lower anomaly scores in gen-
eral. Overall, high m values are prone to situations where
no alarms are produced due to misconfigurations. In the ex-
ample shown, the baseline technique did not manage to raise
an alarm. On the other hand, self-tunning computes a con-
stant threshold for the entire episode but in a different man-
ner and manages to produces alarms at the end of episode,
where anomaly score takes its maximum values. However,
it did not avoid raising false alarms at the beginning.

M2T and M2T-X exhibit identical behavior. This holds in
every episode where no alarms are produced by M2T, since
MT2-X differs only in that it removes previously annotated
outliers’ information to calculate the threshold. M2T-X is
heavily affected by the spike in the beginning of the episode,
which results in a high variance in the anomaly scores time
series and an early increase in the threshold. In the example,
it failed to detect the failure.

Dyn is more aggressive than the other methods. Initially,



the threshold is calculated in such a manner that an anomaly
is detected in the first spike, but after that, the threshold
increases because its calculation is affected by that spike.
On the other hand, Dyn-X does not suffer from this limita-
tion because it ignores the previously annotated anomalies.
Although Dyn-X produces a false alarm in the beginning of
the episode, it derives a threshold, which better catches the
rising in the anomalies scores at the end of the episode.

5. EVALUATION
We assess the efficiency of the techniques using the recall,
precision, and F1 metrics. To this end, we need to define
what true positive (TP), false positive (FP) and false nega-
tive (FN) mean in our setting. We evaluate the techniques
using two different definitions for TP, FP, and FN. In both
cases, we use three different predictive horizons (PH). True
negatives (TN) correspond always to the case that no alarms
are raised in an episode that ends with no failure.

Setting 1: In the first setting, for each episode, we count
one TP if an alarm is raised within the PH period. We
count one FP if at least one alarm is raised before the PH
period. Finally, we count one FN, if no alarm was raised
within the PH period (FN=1-TP). The rationale here is to
have an equal number of TP and FP if alarms are raised
both before and during the PH. Essentially, no matter how
many alarms are raised during the PH, the behavior counts
as a TP if there is at least one alarm raised during that
period. In addition, no matter how many alarms are raised
prematurely, i.e., before the PH, the behavior counts as a
single FP at most.

Setting 2: In the second setting, a stricter definition is used.
Here, each episode is characterized by only one FP or TP
or FN or TN overall. We characterize a whole episode as
FP if an alarm is raised before the PH, because, in the real
world, this would lead to an investigation or unnecessary
maintenance of the component and the production would
stop. An episode counts as a TP if alarms are raised ex-
clusively within PH, which results in the full usage of the
component. Finally, if no alarms are made although the
episode ends with a failure, we characterize the episode as
FN. This setting penalizes techniques that are prone to pro-
duce FPs regardless of whether or not they detect anomalies
in the PH.

Note that in both settings, it is adequate to raise an alarm
a single time to count as a FP; therefore, the characteristic
of self-tuning to persistently raise alarms is not translated
to a strong advantage. Regarding the setting of PH itself,
we use meaningful time periods for the maintenance oper-
ators, although this results in relatively short PH periods
compared to the duration of episodes, which entails that
the likelihood to consider an alarm as a FP is increased.
We also use a buffer period, i.e., the end of the PH does
not coincide with the end of the episode since maintenance
decisions cannot be enacted in an instantaneous manner in
reality. Overall, we employ an evaluation setting that does
not facilitate high performance but captures realistic aspects
encountered in an industrial environment.

Our data comprise 12 preselected episodes, where two of
them have been characterized as normal ones, i.e. after some
period of operation, a preventive maintenance took place
and reported that the corresponding module is in healthy
state. The other 10 episodes end with a reported failure.

Figure 8: PB distances in a normal episode using DTW
(top) and the Euclidean distance (bottom).

We use the 2 normal episodes to tune the parameters of
the presented techniques and the remaining 10 episodes for
testing, where no TN are applicable. The episodes used are
more than the ones mentioned in our work in [7]; so, the
results presented are slightly different but the main message
remains the same.

Configuration. The profile length n in PB is set to 30,
which, based on domain experts, corresponds to an accept-
able time period and is order(s) of magnitude shorter than
an episode length. For lm, we employ a fixed empirical
value, since it is out of the scope of this work to optimize all
parameters. Moreover, a smoothing technique is used over
the produced distances, which is implemented as a moving
average with a window of length 30. This is known to be
more representative in our case study.

Furthermore, as described above, we use the two healthy
episodes to configure the parameters of threshold techniques
to not produce any alarm during these episodes. For exam-
ple, when we test self-tuning and the smallest factor that
does not produce any alarm in the normal episodes is fmin,
in the evaluation process, we will test factors that are equal
to or greater than fmin.

We investigate two distance functions, Euclidean and DTW
when computing the distances between signals. As shown
in Figure 8, the Euclidean metric results in more variance in
the anomaly score. This is due to shifted signals in the angle
domain. Such a shift is due to speed changes in the press, or
due to the cold start after an idle period and does not reflect
a fault. Larger variances in a normal episode result in higher
factor parameters in the threshold techniques in order not to
characterize these data as anomalies. The different behavior
of the distance functions heavily impacts on the techniques’
performance, as discussed below.

Results - Setting 1: In the first setting, we show the re-
sults using euclidean and DTW distance metrics in Figure 9.
The current baseline implementation, where a threshold is
defined according to the maximum inner distance of the pro-
file, yields a 0.27 F1 score using both DTW and Euclidean
distance, respectively. Self-tuning exhibits the most robust
behavior with similar evaluation metrics for both distance
metrics. Under the DTW distance, it succeeds equal perfor-
mance to the best one. In the case of the Euclidean distance,
the self-tuning technique manages to detect one failure less
than the best performing technique (i.e. 0.1 drop in recall
value), which results in slightly decreased F1. However, in
general, it outperforms the baseline in all combinations of
distance functions and PH values.

The best results for the DTW distance are achieved by Dyn-



Figure 9: Setting 1 results for DTW (top) and Euclidean
distance (bottom) and different PH values.

Figure 10: Percentage F1 score improvement over the base-
line technique.

X (using dp = 0.11). The difference between Dyn and Dyn-
X is notable; after Dyn detects some initial deviations man-
ifested as an increase in the anomaly score, it adapts to this
increased anomaly score, which yields suboptimal results in
our setting. Additionally, both M2T and M2T-X could not
operate efficiently when DTW is used. Although both Dyn
and M2T are dynamic approaches, they largely differ in the
calculation of the threshold. Dyn is more greedy and cal-
culates the threshold relatively close to the anomaly score

Figure 11: Setting 2 results for DTW distance and
different PH values.

Figure 12: Setting 2 results for Euclidean distance
and different PH values.

using the dp value in a pruning post-step. On the other
hand, M2T uses a factor, which remains constant, to calcu-
late the threshold each time. Because the DTW results in a
smoother anomaly score, it is more difficult to produce val-
ues that exceed the threshold of M2T or M2T-X. Using the
Euclidean distance, we observe the opposite behavior. Dyn
could not perform well because of the fact that the variance
is higher and it needs a much higher dp (0.25) to suppress
alarms in normal episodes. Such a high dp value results in
no alarms even in the faulty episodes. Using the extended
version of M2T, we get the best results. Finally, Figure 10
shows the percentage improvements in F1 over the baseline.

Results - Setting 2: Here, we are stricter regarding the
assessment of the performance of the techniques and this is
reflected upon the results; see Figures 11 and 12, where only
non-zero values are depicted. Only the dynamic techniques
yield non-zero metrics. The previous discussion on Dyn and
M2T holds here as well. As shown in the results, for this
setting, both extensions succeed in equal F1 scores. This
is an expected behavior since, for Setting 2, we character-
ize the whole episode as a false positive in case of an alarm
outside of the predictive horizon. So even if anomalies are



removed after their appearance, and then alarms are made
inside PH, that does not modify the characterization of the
episode. While in the previous Setting 1, even when the
dynamic techniques raised a false positive alarm, by ignor-
ing previously annotated anomalies, their extensions could
produce alarms inside PH too.

6. RELATED WORK
The benefits of PdM techniques when applied in industrial
settings have resulted in an increase of attention from both
the research community and industries themselves. In [4], a
taxonomy of data-driven prognostic techniques, trends, di-
rections and a comparative overview is provided with respect
to industrial settings. Moreover, open technical challenges
have been identified regarding the consequences of each ap-
plication in an industrial setup. In addition to the aforemen-
tioned remarks, an important conclusion from [10] is that
each application comes with its own unique characteristics;
this also applies to our case, where we reason about the be-
havior of generically applicable thresholding techniques in
our specific case study.

PdM techniques can be distinguished based on the form of
input data they manipulate in two main categories, namely
event-based techniques (processing discrete data) and sensor-
based ones (processing continuous data commonly stemming
from sensors). Regarding the first category, there are both
supervised and unsupervised approaches. The techniques
tend to use predefined event codes or artificial ones, ex-
tracted from raw data, in order to detect a deviation in the
data and predict anomalies. Manco et. al predict failures in
train doors using events from pre-installed software in [15].
In [5], the authors try to predict the number of stoppages of
a packing machine using ARIMA and Prophet algorithms.
Extreme learning is used in [6] for the prediction of failure
in trains in the near future. The ARMA algorithm is used in
[1] as a feature along with other thirteen statistical features
and PCA is performed before the event prediction process
using KNN, RF, and SVM. In [20], a novel framework is
proposed for vehicle failure prediction. Another supervised
methodology is presented in [22] using a graph with rela-
tions among known anomaly sequences and sub-sequences
of the data. Finally, the authors in [17] use both super-
vised and unsupervised methods for event-based predictive
maintenance in the same industry case study, where a novel
algorithm with Matrix Profile [24] was used to transform
data into time series of events. Here, we emphasize on the
impact of thresholding rather than the presentation of a new
technique.

In settings where sensor values are available, a common ap-
proach is to predict the Remaining Useful Lifetime (RUL)
of a component [12; 8]. Aiming to mitigate the need for
fine-tuning in a supervised setting, transfer learning [13]
and AutoML [21] are used. In our work, an unsupervised
technique is chosen to model the deviation in data. Un-
supervised models are preferable when we are dealing with
dynamic environments and no labels are available. E.g., the
authors in [3] employ clustering algorithms.

Our work mostly relates to PdM proposals that focus on
setting the anomaly score judiciously. The authors in [9]
use a Long Short-Term Memory (LSTM) deep neural net-
work to detect anomalies in telemetry data. To set thresh-
old on the error produced from the model, they propose a

novel dynamic thresholding technique Dyn, which chooses a
threshold that optimises an objective function. We explicitly
consider this approach as discussed in the main technical sec-
tions of this work. For the same problem, this technique was
used in [16], where the difference is that the model used to
produce the error was a transformer instead of LSTM. Fur-
thermore, in [11], the authors extend the dynamic threshold
to fit to their case. More specifically, they perform an ad-
ditional pre-processing step in the error signal before they
apply the Dyn algorithm. We also extend Dyn, as described
previously yielding the Dyn-X variant. In addition, the au-
thors in [19] employ a dynamic thresholding technique to
produce outliers using the concept of sliding window. The
2T solution is presented in [23]. David et al. in [2] use
a dynamic thresholding technique over each feature to per-
form DDoS flood attack detection; in our work, there is a
single feature considered due to the specificity of our case
study. Finally, in [14], the threshold configuration is opti-
mized based on historic data. In our case, data from previ-
ous episodes provide little information on how to tune the
current episode.

7. CONCLUSIONS
In a real world dynamic PdM environment without any la-
belled training data, it is more appropriate to employ unsu-
pervised anomaly detection using an advanced thresholding
technique rather than just a constant threshold value over
the produced anomaly scores. In this work, we investigate
four such thresholding techniques in an industrial setting
that involves a cold-forming press. Our results show that
the appropriate choice of the thresholding technique could
lead to significantly higher F1 scores compared to the cur-
rently running choices. Dynamic techniques along with our
proposed extensions seem to be the dominant alternatives.
However, the choice of a thresholding technique strongly de-
pends on the characteristics of the problem. For example,
self-tuning, which is not dynamic, is the most appropriate in
an environment where we are interested in persisting alarms.
Also, in our work, we discuss the impact of the distance func-
tion employed. In the future, we aim to extend our work
investigating (i) more variants and techniques, such as us-
ing the median instead of the mean values and exploring the
potential of deep learning solutions, and (ii) post-processing
maintenance scheduling decision support.
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