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A B S T R A C T

This paper presents a novel experimental setup for recording the cutting process of external longitudinal turning in situ, capturing data such as cutting force, vi
bration, acoustic emission (AE), rake face temperature, surface quality, and tool wear. The primary objective of this setup is to generate reliable, repeatable data for 
developing a comprehensive grey-box model. To achieve this, the measurements were partly automated. Additionally, a complete post-processing pipeline has been 
introduced to combine all relevant data. To validate the setup, external longitudinal turning experiments were conducted and two of these were analysed for 
sensitivity to tool wear. This was achieved by analysing the mean and variance of the resultant force FZ, resultant vibrations aZ and AE signal, in order to demonstrate 
the impact of tool wear on the measurement. The experiments were also used to train an autoencoder to analyse the process data.

1. Introduction

Machining is a fundamental manufacturing process that involves 
shaping materials into complex components with great precision. 
Despite significant technological advancements in tool coating and 
cutting edge geometry, tool wear remains a persistent challenge in 
machining. The prediction of wear on uncoated tools has been exten
sively researched in the past to optimise tool life and surface quality. 
However, the high mechanical and thermal loads mean that uncoated 
tools no longer achieve an acceptable service life. To enhance tool life 
and performance, coatings have been developed. Protection against 
abrasive wear, increased thermal and chemical resistance, and reduced 
friction are all offered by these. This allows them to reach longer tool life 
in modern applications. Predicting the wear progression of coated tools 
is especially difficult. Models have been developed to monitor and 
predict tool life under various specific conditions [1–4]. However, reli
ably predicting wear progression and tool life specifically with analyt
ical models (white-box) remains challenging. This is due to the 
multi-layered process-dependent effects that appear during the cutting 

process and which are hard to model analytical due to the high 
complexity.

In recent years, machine learning (ML) techniques have emerged as a 
promising tool for predicting tool wear, thanks to their ability to model 
complex, non-linear relationships from data [5–9]. However, this 
research has often been based on small datasets created using a limited 
number of sensors [10]. As these datasets have not been published, 
further research requires the acquisition of new datasets, making com
parison and development of machine learning algorithms for tool wear 
prediction more difficult.

Moreover, while powerful within the bounds of their training data, 
purely data-driven ML models (black-box) lack interpretability and 
often generalisability. To address these limitations, grey-box models, 
which combine physical knowledge with data-driven models, have 
gained attention [11,12]. These models aim to improve robustness and 
extrapolation capability while providing insights into the underlying 
physical mechanisms.

This paper presents a novel experimental setup that records the 
cutting process in external longitudinal turning in situ, including cutting 
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force, vibration, acoustic emission (AE), rake face temperature, surface 
quality, and tool wear. The aim is to enable the reliable generation of 
repeatable data in order to create a comprehensive grey box model. To 
validate the setup, some external longitudinal turning experiments were 
carried out. Two of these experiments are then investigated with regard 
to their sensitivity to tool wear.

2. Experimental setup

The planned experiments are designed to be conducted in a series of 
repeated timed cutting intervals, with each interval lasting between tc =

30 s. Tool failure will be defined as reaching a maximum flank wear 
width of VBmax = 300 μm, tool breakage, or a significant change in chip 
formation. Each cutting edge will be tested under fixed cutting param
eters. The setup aims to vary cutting depth ap, cutting speed vc and feed 
rate f, as well as coating thickness tCoating and hardness HVCoating. The 
workpiece material will also vary. Table 1 outlines the proposed varia
tions to these process parameters.

The planned machining process involves repeatedly performing 
external cylindrical turning on the shafts up to a length of lS = 500 mm. 
The shafts start with a diameter of dS = 150 mm and will be used until a 
diameter of dS = 80 mm is reached. Additionally, once a shaft is 
mounted in the lathe, an initial turning pass will be performed to 
compensate for any misalignment.

2.1. Cemented carbide cutting insert and TiAlN cutting tool coatings

As tools cemented carbides cutting inserts, fine grained tungsten 
carbide (WC grain sizes ≤1 μm) with 10 wt% Co binder and a geometry 
CNMG160608-MM5 were used. In Fig. 1 the used cemented carbide 
cutting inserts are displayed using light microscopy. A relative complex 
shape and a rough surface topography of the cutting edge is visible.

For a wear resistant tool coating well investigated and established 
TiAlN coatings deposited with flexible PVD technologies was selected. to 
have the possibility to modify and adapt coating properties and structure 
to requirements [13–15]. The PVD TiAlN coatings were prepared using a 
CemeCon CC800/9 sinox ML sputtering system. The process chamber 
has a volume of about 0.8 m3 and is equipped with magnetron sources 

(dimensions 500 mm × 88 mm). The residual pressure before starting 
the process was below 10− 3 Pa. Before deposition the PVD TiAlN coating 
the substrates were cleaned using an industrial ultrasonically sustained 
water-based cleaning line for cemented carbide substrates. After clean
ing the tools are transferred to the coating machine and mounted at 
sample holders like shown in Fig. 2.

The deposition processes for TiAlN coatings consisted of four main 
steps: (I) heating (II) Ar ion etching for substrate cleaning; (III) sputter 
deposition by increasing of the reactive gas flow gradually from zero to 
approximately 200 sccm for TiAlN coatings and increasing the target 
power up to maximum values and gradually increasing the substrate 
bias starting from − 30 V d.c. up to − 60 V d.c.; and finally (IV) the 
deposition of the TiAlN coating under constant process conditions. The 
deposition rate is around 1 μm/h. The main coating parameters are 
summarized as. 

• Targets: four TiAl (50:50 composition) targets
• Target power: TiAl 4 kW, pulsed d.c. (50 kHz, duty cycle 50 %)

Table 1 
Process parameter range.

Process Parameter Symbol Values

Cutting Depth ap 1.2–1.6 mm
Cutting Speed vc 80–320 m/min
Cutting Feed f 0.15–0.35 mm
Coating Thickness tCoating 3.2–5.4 μm
Coating Hardness HVCoating HV 2100
Workpiece Material ​ C45 (1.0503) + N, X5CrNi18-10 (1.4301)

Fig. 1. 3D light microscope images of an uncoated cemented carbide cutting insert. left:100x magnification with colors indicated height profile, right: uncoated 
cutting edge with 500x magnification. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 2. Cutting inserts and samples for characterization inside the vac
uum chamber.
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• Reactive gas: nitrogen (N2); Gas flows: Ar: 200–300 sccm; N2: 200 
sccm

• Process pressure: approximately 0.4 Pa
• process temperature approx. 250 ◦C
• Substrate rotation: 1 rpm of planetary and additionally two-fold 

rotation on satellites. This means a three-fold rotation of cemented 
carbide cutting inserts

After the coating process the coated tools and substrates were 
demounted. As substrate material for characterization polished steel 
substrates, e.g., HSS (1.3343) as well as pieces of Si wafers and the 
above-described cemented carbide cutting inserts were used. The sub
strates were fixed at sample holders and coated in two-fold rotation. 
Fig. 2 shows an image of different samples inside the process chamber. A 
photo of a TiAlN coated cemented carbide insert is displayed in Fig. 3.

The indentation hardness and the indentation modulus of the coat
ings on polished HSS (1.3343) substrates were measured by a Fischer
scope H100 commercial instrument. The hardness and indentation 
modulus were derived from load - indentation depth curves. The 
indentation depth was around 300 nm. Hardness measurements of 
TiAlN coatings on different substrates were performed. The rough 

surface of the cemented carbide cutting inserts significantly affects the 
hardness measurement and lead to a large variance of and consequently 
makes a determination of coating hardness inaccurate. In contrast the 
coated polished steel substrate. The reproducible run of load- 
indentation curves allows a precise measurement of coating hardness. 
From load indentation curves different hardness values were derived. 
For the TiAlN coating on polished HSS substrates Vickers hardness 
values around 2100 HV were determined, which means only a moderate 
hardness for TiAlN coatings but a significant higher hardness compared 
to uncoated cemented carbides with measured Vickers hardness of 
around 1580 HV.

Abrasive wear rates of the coatings were determined with the ball 
cratering test operating with an alumina suspension (alumina glycerin 
suspension, 25 % by weight Al2O3, particle size 1 μm). To quantify the 
results, the volume of the crater ground into the coating was divided by 
the normal load and the track length of the rotating ball. With a value of 
3.1 10− 15 m3/Nm for TiAlN coating the resistance against abrasive wear 
is more than 10 times higher as for uncoated tool substrates. The coating 
adhesion was determined by Rockwell (HRC) indenter tests. After DIN 
4856 - 2018-02 an adhesion class of two for the TiAlN coatings was 
detected and thus a good coating adhesion to the substrate was gener
ated. Furthermore, the coating quality at the cutting insert as well as at 
the cutting edge was verified by light microscopy. The TiAlN coating 
was deposited with a thickness of 3.5 μm ± 0,3 μm onto cutting inserts. 
Microscope images of a TiAlN coated cutting edge are displayed in 
Fig. 4. The cutting edge topography of a TiAlN coated cutting insert is 
comparable to an uncoated cutting edge (Fig. 1). In combination with 
coating thickness the roundness of the cutting edge slightly increases. 
The radius was measured by light microscopic investigation. The un
coated cemented carbide cutting insert exhibit a cutting-edge radius in 
the range of 38 μm whereas TiAlN coated cutting inserts exhibit cutting- 
edge radius values in the range of 42 μm. The coating quality and 
properties (see Table 2) are promising and are suitable for cutting ex
periments and further investigations.

2.2. Machine setup

The experiments were carried out on a Max Mueller Gildemeister 

Fig. 3. Photo of a TiAlN coated cutting insert.

Fig. 4. Light microscope images of a TiAlN coated insert cutting edge; left: 100x magnification; right: 500x magnification.

Table 2 
Hardness and mechanical properties of TiAlN coating on polished steel.

TiAlN coating properties Values Unit

Martens hardness HM 11.6 ± 0.7 GPa
Plastical hardness HUpl 26 ± 2 GPa
Plastical Vickers hardness HVpl 2200 ± 190 HVpl 0.005
Vickers hardness HV 2100 ± 168 HV 0.005
Indentation modulus EIT 265 ± 12 GPa
Abrasive wear rate 3.1 ± 0.4 10− 15 m3/Nm
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MD5S CNC lathe using CNMG160608-MM5 indexable inserts with a 
custom TiAlN coating. The Walter C4-DCLNL-27055-16 turning tool was 
used in conjunction with the Walter C4-LC2085-5048 tool holder. This 

setup produced the following cutting parameters: tool orthogonal 
clearance α0 = 16◦, tool orthogonal rake angle γ0 = − 6◦, wedge angle β0 
= 80◦, tool cutting edge inclination λs = − 6◦ and corner radius rε = 0.8 
mm.

The workpieces were clamped in the lathe using a three-jaw chuck 
and a tailstock. Fig. 5 provides an overview of the entire setup, while 
Fig. 6 shows a detailed depiction of how the tool is setup.

To measure the rake face temperature in situ with the 2-colour py
rometer, an interruption to the turning process is necessary. To achieve 
this, the workpieces are flattened. Initially, the flattening is t = 4.5 mm 
deep and will be machined again if it does not interrupt the next external 
longitudinal rotation. To minimise the impact of interrupted cutting on 
tool wear, flattening is applied across the entire secant line width, as 
illustrated in Fig. 7.

2.2.1. Force measurement, acceleration and acoustic emission
To measure the cutting forces a 3-component dynamometer type 

9257B, Kistler Instrumente GmbH, is mounted between the tool holder 
and the machine turret, Fig. 6. To achieve this, a metal platform is 
directly fixed to the turret. The design of the metal platform allows still 
the rotation of the turret to move the cutting tool out of the cutting 

Fig. 5. Overview of the machine metup (left: inside the lathe chamber, right: on top the lathe).

Fig. 6. Setup of tool, dynamometer, acceleration sensor and AE sensor.

Fig. 7. Flattened shaft at starting diameter dS = 150 mm.

Fig. 8. Setup of the temperature measurement.
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plane. To fix the tool holder on to the dynamometer a clamp is used. The 
acceleration sensor W356A03 NC, PCB Piezotronics, is glued to the 
turning tool. This is not done directly, because conductivity of the setup 
introduced noise to the acceleration measurement. To combat this, a 
ceramic isolator was used as an interface to the turning tool. The AE 
Sensor of the Optimizer4D measurement system, QASS GmbH, is 
directly glued to the turning tool.

2.2.2. Temperature measurement
To measure the temperature of the rake face in the interrupted part 

of the cutting process, a two-colour pyrometer Fire-3, en2Aix GmbH, is 
used, Fig. 8. The measuring unit is placed outside the machine. An op
tical fibre is used to direct the light emitted from the rake face to the 
sensor. The optical fibre is fixed to the top of the clamping plate for the 
tool holder using an adjustment plate and a cantilever. The adjustment 
plate enables fine alignment of the fibre optic with the rake surface to be 
achieved. The cantilever can be used to rotate the fibre optic out of the 
way when the cutting edge needs to be changed or images of tool wear 
need to be taken. To reliably return the fibre optic to the measurement 
position, an indexation and a clamp has been introduced. To increase the 
measurement accuracy, the fibre optic must be as close as possible to the 
surface. In this case, a distance of dFibre = 7 mm was achieved. To protect 
the fibre from chips, a metal shell was placed around it.

2.2.3. Workpiece surface measurement
The surface measurement is realised using a scattered light sensor OS 

500, OptoSurf GmbH, which measures the surface along the direction of 
rotation. To produce comparable, high-resolution measurements for 
different cutting parameters, the workpiece surface is measured in a 
second pass over the freshly turned surface, at a constant rotation ve
locity for all experiments. To achieve this the measurement will be done 
by a fixed rotation velocity of vOS = 76 m/min.

To enable movement of the scattered light sensor, a guide system is 
installed on the tailstock’s guide rails, Fig. 9. The sled on the guide rails 
is connected to the lathe’s feed axis so that it moves in z-direction at a 
fixed distance from the workpiece. The sensor itself is placed inside a six- 
axis adjustable holder to enable perpendicular alignment of the sensor 
with the workpiece, as well as setting the gap of dOS = 5 mm between the 
sensor and the shaft for varying shaft diameters dS.

2.2.4. Wear measurement
To measure tool wear without removing the tool from the holder, a 

gantry with a microscope VHX-7020, Keyence Deutschland GmbH, and 
an adjustable magnification lens VH-Z20T, Keyence Deutschland GmbH, 
is placed on top of the lathe, as shown in Fig. 5. The microscope can be 
lowered into the processing area, where it is fixed in place to take pic
tures The gantry is necessary to be able to lift the heavy shafts into the 
machining area using a crane. A hinge connecting the camera, motor, 
and portal allows the camera to rotate up to 90◦ around the cutting edge 

Fig. 9. Setup of the workpiece surface measurement.

Fig. 10. Microscope setup at different angels (top left: aligned 45◦ between rake face and flank face, bottom left: aligned to flank face, right: aligned to rake face).
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of the tool, enabling images of the rake and flank faces to be captured, as 
shown in Fig. 10. The hinge is fixed at a 35◦ angle to the primary cutting 
edge. This ensures that both the primary and secondary cutting edges 
are visible when images of the free flank are taken. To improve 
repeatability, an indexation is used to fix the camera at the different 
angles. The camera motor VHX-S90F, Keyence Deutschland GmbH, in 
combination with the microscope controller VHX-X1F, Keyence 
Deutschland GmbH, enables the tool to be brought into focus, as well as 
enabling focus variation for greater depth of field and 3D surface 
mapping.

Between cutting experiment intervals, a microscope image with 150x 
magnification is taken of the rake face, flank face and the area at a 45◦

angle between them. Additionally, an image of the flank face is captured 
at a lower magnification of 100x. This makes it easier for the evaluation 
to identify the original cutting edge in its worn state. Images are taken 
with focus variation to ensure that large areas of the tool are in focus, 
despite the curvature and angle of the surface. A height map of the 
surface is also captured using focus variation. To reduce reflections, the 
microscope takes the same image multiple times with different lighting 
settings and then combines the best parts of each to create the final 
image.

2.3. Sensor setup

The signal from the 3-component dynamometer is amplified using a 
3-channel signal amplifier 5019B130, Kistler Instrumente AG. The three 
amplified signals are connected to an analogue-digital converter (ADC) 
NI-9215, National Instruments Corporation. The ADC is plugged in an 
Ethernet connector chassis cDAQ-9184, National Instruments Corpora
tion. Additionally, an Arduino Uno R3, Arduino SA, 5V Digital Output is 
connected to the fourth input to the ADC NI-9215. From here on out, the 
Arduino Uno R3 will be referred to as the ’Uno Trigger’. The 2-colour 
pyrometer has two outputs, which are already amplified by the mea
surement system itself. These are connected directly connected to a 

second ADC NI-9215, National Instruments Corporation, module, which 
is also plugged into the Ethernet connector chassis. The position signal 
from the rotary axis of the lathe is accessed via a self-made signal splitter 
directly from the rotation encoder inside the machine. To reduce the 
frequency required for capturing the position signal, a ripple-carry bi
nary counter CD4024B CMOS, Texas Instruments, is employed to divide 
the TTL signal by four. Both the reduced and original signal of the 
encoder are connected to the second ADC module. The accelerations 
sensor is connected to a ADC NI-9234, National Instruments Corpora
tion, module. This ADC supports integrated electronic piezoelelectric 
(IEPE), which is required by the acceleration sensor. The ADC NI-9234 is 
also plugged into the Ethernet connector chassis. The Ethernet 
connector chassis establishes synchronisation between the different ADC 
modules connected to it. As measure frequency fNI = 51.2 kHz was 
selected, which is the maximum frequency supported by the ADC NI- 
9234 module. The Ethernet connector chassis is accessed via the local 
network using a computer. The connection is established with the soft
ware NI Max, while data acquisition is done with the software MATLAB 
R2024b. The scattered light sensor is directly connected to the com
puter. To access the sensor and save the measurement, the manufacturer 
software for the sensor was used. The measure frequency is determined 
through an external trigger signal. For this the Uno Trigger 5V digital 
output connected to the ADC module was spliced and connected to the 
scattered light sensor. The digital output produces a 5 V TTL signal with 
the a frequency fSL = 2 kHz. The Optimzer4D measurement system, 
which measures the AE, is a closed system, that uses it’s own amplifier 
and computer. Here, the measurement frequency fAE was set to 200 kHz. 
This frequency was selected as preliminary tests showed no significant 
effects above 100 kHz.

To automate the experiment as much as possible, a second Arduino 
Uno R3, Arduino SA, is used, which will be referred to as the ’Uno 
Controller’ from here on out. A mechanical switch is connected to the 
Uno Controller, which allows to change the state of a digital input 
channel. The Uno Controller is connected to the computer and directly 

Fig. 11. Schematic representation of the installed sensors and measuring devices.
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controlled by the Software Matlab Simulink R2024b. When the software 
detects that the state of the digital input channel changed, it sends a 
trigger signal via the Uno Controller digital output channel to start the 
Optimzer4D measurement system and the 3-channel signal amplifier. 
Additionally, it starts the recording of data from the Ethernet connector 
chassis. When the state of the digital input channel changes back, the 
trigger signal is dropped and recording stops. The recorded data from 
the Ethernet connector chassis is then saved. For the measurements 
using the scatter light sensor, the switch is activated a second time. In 
this case a different digital output is used to send a trigger signal which 
activates the Uno Trigger. A recording of the Ethernet connector chassis 

is also started, using only the trigger signal from the Uno Trigger and the 
rotary axis position signal from the NI cDAQ. To capture the surface 
scatter sensor signal, the measurement must be set to ’ready’ manually 
in the device software, after which recording will start upon detection of 
the Uno Trigger’s trigger signal. After switching back a second time, the 
trigger signal is dropped again and the recorded data from the Ethernet 
connector chassis is saved.

3. Data postprocessing

In order to be used for modelling later on, the data has to be 

Fig. 12. Visualization of the synchronisation process using the acceleration sensor (Complete cutting time at start: 90 s; process parameters: ap = 1.6 mm, vc = 170 
m/min, f = 0.35 mm).
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formatted and processed so that it can be accessed uniformly. Following 
a cutting experiment, four types of data file are created. One is created 
by Matlab (.mat) and contains force, acceleration, temperature, and 
rotary axis encoder signals. A second file (.txt) is created by scattered 
light sensor software and contains reflection intensity data of the sensor 
from 16 different angles. Another Matlab file (.mat) is also created in 
addition, which includes the Uno Trigger signal and the rotary axis 
encoder signal. The Optimzer4D measurement system can be used to 
export the AE measurement (.bin). Finally, the camera images are saved 
in JPEG format and the height information is extracted into an file (.csv) 
using a Keyence exporter script.

The first step in the post processing stage is to merge the data from all 
the files. Next, the data must be synchronised so that it can be inter
preted simultaneously. Finally, additional values such as the number of 
rotations or the area of air cutting can be calculated. Postprocessing is 
performed using the Matlab software.

The first step involves using custom import functions to read the 
different files and load them into the Matlab workspace. Next, the sig
nals contained in the files must be synchronised. Initially, the acceler
ation sensor data is synchronised with the signals captured by the 
Ethernet connector chassis, as the ADC NI 9234 module introduces a 
time delay depending on the frequency fNI.

As the AE sensor uses its own measurement system, it needs to be 
synchronised with the other sensors captured by the Ethernet connector 
chassis, such as those measuring cutting force, cutting temperature, tool 
vibration and workpiece rotation. As the acceleration sensor captures a 
signal most closely related to the AE sensor, it is selected for synchro
nisation. Specifically, the cutting acceleration ac is used as comparison, 
because the largest amplitudes in the signal occur in this direction. The 
interruptions of the cut are used to synchronise the signals. These in
terruptions must occur at the same time in both signals and can therefore 
be used to align them. However, as they only appear once per rotation, 
simply shifting the signals to match is not enough to correct for an 
asynchrony of complete rotations. The process therefore begins by 
identifying the starting point of the acceleration ac, which is done by 
looking for increasing values starting from the resting position of the 
signal around zero when cutting is initiated, Fig. 11. This signal is then 
processed using a Hampel filter on its envelope. This provides a rough 
estimate of the start time of the signal. Next, the exact start of the cutting 
process is determined. To do so, the previously estimated start point is 
used as a reference and a 1-s section of the filtered signal is selected and 
filtered using a moving average filter. Fig. 11 shows just a 0.5 s section of 
this step to improve the visibility of the signal. This section is then 
searched again for the exact start of the cutting process. This is achieved 
by identifying the first instance in which the signal surpasses a pre
determined threshold within a specified time window. The threshold is 
calculated by taking half the mean value of the signal in the final third of 

the section. Now that the exact start of the cutting process has been 
established, the distinctive air-cutting features of the signal can be 
selected as a reference point for synchronisation. To achieve this, a small 
time window of the stable turning process 1 s after the starting point is 
used. The distance of 1 s to the start point ensures that the cutting 
process is already in a steady state and does not exhibit artefacts that 
would make identifying air-cut windows difficult. During this time 
window, the minima representing the air-cut areas are searched for. The 
second minimum found is then selected, after which a time window half 
the distance between the next minimum is applied. The Matlab function 
“findchangepts” then identifies the start and end of the air cut in this 
window by splitting the signal in this window in three parts, that have 
similar mean values. Because the signal in the while the air-cut is close to 
zero, as seen in Fig. 12, the algorithm can reliably find this area. The 
point in the middle is then used as the synchronisation point. These steps 
are repeated for the AE sensor. The two synchronisation points are then 
used to align the AE sensor data with that of the acceleration sensor by 
shifting the timesteps to match at the synchronisation point. As the 
dynamometer, temperature and rotation axis encoder signals are 
already aligned with the acceleration sensor, further alignment between 
them and the AE sensor is unnecessary.

The next step is to synchronise the data from the scattered light 
sensor. As this measurement is taken in a second process step of the 
experiment with a different rotation velocity vOS, synchronisation is 
performed differently to that of the AE sensor. First, the measurement 
points of the scattered light sensor are matched to the trigger signal in 
the measurement of the Ethernet connector chassis, which was captured 
in parallel for the second step of the experiment. This measurement 
includes the rotation encoder signal, which is used to determine the 
position of the shaft. This measurement is also performed in the first step 
of the experiment. As the rotation encoder signal is captured in both 
steps of the experiment and the feed f and distance of the cut are the 
same, these can be used to synchronise the scattered light sensor. The 
idea is that the scattered light sensor measurement at a given point of 
rotation can be mapped to the same position in the cutting process. As 
the position of the absolute rotation encoder is captured relative to the 
starting point, a common point in the process first has to be identified, 
which is then enhanced by synchronising the areas of air cutting in the 
scattered light sensor. The stopping of the shaft at the end of the 
experiment is used as the common point, as this is the most concise point 
to identify in the rotation encoder signal. The position of the scattered 
light sensor is then adjusted to match the cutting process values at this 
point. The air-cut areas of the scattered light sensor are identified using 
the intensity change of the reflected light caused by the flattened area. 
The intensity reaches a maximum exactly in the middle of the flattened 
area, as the flat surface reflects a higher proportion of the emitted light 
than the curved surface of the shaft. For a specific rotation, before the 

Fig. 13. Example of an annotated microscope image of the free flank (blue: visible tool, red: free Flank wear, Black: Background). (For interpretation of the ref
erences to colour in this figure legend, the reader is referred to the Web version of this article.)
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end of the process, this maximum is aligned with the synchronisation 
point in the cutting acceleration ac, which is found in the same way as 
described for synchronising the AE sensor for this rotation.

The synchronised signals (cutting force, tool vibration, temperature, 
AE, rotation of the workpiece) are then truncated so that the data in
cludes up to 4 s before and after the cut, in order to identify noise levels 
in the sensors. If there is not enough time before or after the cut, this 
time period is reduced in 0.25 s increments until it fits.

As a final step, the collected data is enhanced. First time windows of 
cutting and air cutting are determined through identifying parts of the 
tool vibration which show no vibrations caused by the interruption of 
the cut. Additionally, the number of interruptions to the cut is counted to 
mark the revolutions. Next, the temperature signal is evaluated when 
the rake face first becomes visible to the fibre during an interruption to 
the cut. Finally, the intensities of the scattered light sensor are used to 
calculate the surface roughness (Aq) and surface form [16].

After processing each cut individually, the next step is to combine all 
cuts made using the same cutting edge. To achieve this, the first 
experiment of that particular cutting edge is loaded as the starting point. 
In this experiment, everything after the fifth last rotation at constant 
feed is cut. Dropping the last five rotation is a compromise between 
using as much of Signal as possible, without including parts of the cut
ting process that don’t represent the constant cutting as the cutting 
process ends. All further experiments with this cutting edge are then 
loaded iteratively and cut so that the signals start after the fifth rotation 
and end after the last fifth rotation at constant feed. The final experiment 
retains the additional time window at the end. The time and rotation 
distance of every loaded experiment are shifted so that they fit with the 
previous experiment.

The images of the flank face captured by the microscope are 
semantically annotated. To achieve this, the 2D image of the flank is 
loaded into the ’Image Labeler’ annotation software in Matlab. The 
image is then segmented into two areas: ’Visible Tool’ and ’Free Flank 
Wear’, Fig. 13. The first category includes any part of the image that is in 
focus. The second category includes standard flank wear, as well as 
adhesion to the flank face and cutting edge. Segmentation is performed 
at pixel level, and the result is exported as a JSON file in the COCO image 
segmentation dataset format.

4. Analytic validation of the setup

To validate the sensitivity of the setup to specify the tool wear, two 
experiments in X5-CrNi18-10 are carried out and subsequentially ana
lysed in relation to changes in the different signals as the tool wears 
down. The hypothesis is that any change in signal contains information 
that can be used for subsequent machine learning. If the signals do not 
change, either the recorded channel does not reflect connection to the 
tool wear, or it is not sensitive enough to reflect the level of change in the 
tool. Two different tools were used until they reached end of tool life. 

Fig. 14. Free flank tool wear progress.

Fig. 15. Tool wear on the free flank after ISO:3685-1993 [ISO93].
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The experimental parameters used for validation, reflect changes in the 
cutting parameters while maintaining the coating properties and 
workpiece material, Table 5.

In both experiments a tool life of tc = 210 s was reached. Fig. 14
shows the progression of wear on the free flank over the combined 
cutting time tc = 210 s. The wear was evaluated manually and the 
different areas of wear on the clearance flank are labelled using the 
definitions from ISO:3685-1993 [17], as shown in Fig. 15 In Experiment 
No. 1, the rake face of the tools broke. It exhibits dominant wear in Area 
C at the beginning, which remains dominant throughout the tool’s 
lifespan. Wear in Area C increases drastically towards the end of the 

tool’s lifespan, caused by chipping of the cutting edge, indicating its end. 
In Experiment No. 2, chip formation could no longer be sustained with 
the given setup. The tool used in Experiment No. 2 exhibits similar wear 
in Areas N, B and C, with Area VBN being the dominant wear area and is 
the source of the unsustainable chip formation at the end of the exper
iment. Both tools exhibited significant run-in wear within the first tc =

30 s of cutting, but displayed different dominant wear areas over their 
lifespans.

Fig. 16 shows the resultant force FZ, resultant vibrations aZ and AE 
signal from combined cutting time tc = 210 s of from both tools. The 
mean and variance over a moving window of tMW = 0.5 s are displayed 

Fig. 16. Mean and variance over the process time from selected sensors.
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for the cutting force, vibrations, and acoustic emission (AE). The resul
tant force FZ and resultant tool vibrations aZ are calculated as the square 
root of the sum of the squares of the three channels of the dynamometer 
and acceleration sensor while for the AE signal, the absolute value is 
taken to calculate the mean and variance. The AE signal is measured in 
mV, which can be scaled arbitrarily at the preamplifier. Consequently, 
the plot of the signal is unitless and is intended for qualitative 
comparison.

In Experiment No. 1, the resultant force FZ, follows a clear S-curve. 
The variance for Experiment No. 1, however, follows an inverted S- 
curve. Together, they depict a cutting process that begins with high 
variation and low forces, followed by a run-in phase and a linear change 
that transitions to an exponential change at the end, resulting in high 
forces and low variation. The mean cutting vibration value for Experi
ment No. 1 initially remains low, increases after tc = 30 s and then drops 
to an even lower level at the end. The AE signal for Experiment No. 1 
does not change significantly during the runtime of the experiment.

In Experiment No. 2, the resultant force FZ increases linearly 
throughout the entire cutting time. There does not appear to be a run-in 
phase, and the variation and mean increase linearly throughout the 
experiment. In contrast, the mean cutting vibration value for Experi
ment No. 2 exhibits a brief run-in phase, after which the signal decreases 
linearly for the remainder of the experiment. The greatest variation in 
cutting vibration occurs during the first tc = 30 s of cutting, after which 
it drops for the rest of the runtime, increasing slightly only periodically 
towards the end. Lastly, Experiment No. 2 shows the greatest change in 
AE sensor readings over the tool life. Here, the mean and variance of the 
signal follow a linear downward trend.

As would be expected due to the different cutting parameters, the 
overall signals in both experiments differ. Experiment No. 1 shows 
higher means and variance throughout the entire cutting time for all 
signals shown. This is due to the higher feed rate and cutting speed. Both 
experiments are interrupted at tc = 30 s intervals to measure tool wear. 
As can be seen, after each stop, the resultant force FZ, resultant vibra
tions aZ and AE signal show a short run-in period, which repeats after 
every stop. Nevertheless, the tc = 30 s time window of continuous cut
ting is long enough to reach a stable process. Both experiments 
demonstrate an increase in mean cutting force, which correlates directly 
with wear of the cutting tool. The mean cutting vibration value is similar 
for both sensors. Initially, there is a brief run-in phase, after which the 
signal decreases linearly for the remainder of the experiment. The AE 
sensor shows different behaviour in the two experiments. Most inter
estingly, the change in variance of this sensor after the stoppage between 
the tc = 30 s cutting windows appears inverted between the two ex
periments. This behaviour is not evident in the mean value of the AE 
sensor or the other two sensors.

As can be seen, the three different sensors show significant changes 
due to tool wear and changes in cutting parameters. The sensors show 
different behaviour over the course of the experiment and are therefore 
not redundant. Together, they can be used to draw conclusions about the 
status of tool wear at a given point.

5. Data analysis with machine learning

This section introduces an initial data analysis using autoencoders. 
We describe the data set and preprocessing, summarize convolutional 
autoencoders in some detail, and present results.

5.1. Generating dataset for ML-based validation

The data was collected using the experimental setup as described in 
Section 5. For the following, we solely focus on the synchronised ac
celeration and force data. Acceleration and force are each measured in x,
y, and z direction, i.e., the data has six channels in total. The workpieces 
are slotted to enable measurements with the optical temperature sen
sors, thus periods of actual cutting are interlaced with shorter periods of 
no cutting. Since the radius of the workpiece is reduced with every 
round, the lengths of the respective intervals change during time. At the 
same time, there are also significant data changes when the tool touches 
and leaves the edge of the workpiece as the acceleration and force values 
are 0 without contact. We consider the recorded six channels for a 
complete run, i.e., Experiment No. 1 in Table 3.

We used the z-component of the measured force to determine the 
boundaries of the regions where cutting takes place, corresponding to 
regions where the force is around 680 N. The data is rapidly oscillating 
because of the high sensor frequency (51.2 kHz). Let fi denote the 
measured oscillating forces, where i denotes the time step. We used an 
exponential moving average ((EMA) ei+1 = eiγ + fi(1 − γ) with γ =

0.995 and e1 = 0 in forward and backward direction to compute two 
functions with less variations. The EMA is known to lag behind the 
actual data changes. We use a threshold of 500 to cut out start and end 
points of actual cutting intervals. The start point is determined by the 
backward EMA, the end point by the forward EMA. In this signal we 
detect 197 intervals of cutting. The first and last 10 intervals are dis
carded, compare Fig. 17, which leaves 177 intervals of cutting. In total 
we have 7 cutting cycles in experiment 1 with a total of 1253 intervals, 
as well as 7 cycles in experiment 2 with 978 intervals.

An example for one rotation of all six channels around t = 15 s is 
visualized in Fig. 18. There we depict the data at a fine scale, amounting 

Table 3 
Experiment parameters.

No. ap [mm] vc [m/min] f [mm] Workpiece Material Tool Coating tCoating [μm] HVCoating [HV]

1 1.6 170 0.35 X5-CrNi18-10 CNMG160608-MM5 TiAlN 3.5 ± 0,3 2071.6 ± 168
2 1.6 130 0.25 X5-CrNi18-10 CNMG160608-MM5 TiAlN 3.5 ± 0,3 2071.6 ± 168

Table 4 
Parameters for sampling the training data.

Categories ax, ay, az, Fx, Fy, Fz

Cutting cycles nc = 7
Sampling rotations in each cycle nr = 124
Snippets in each rotation ns = 10
Time steps 256
Overlap of time steps 32

Table 5 
Autoencoder family.

ks l kf Parameters

5 14 5 848
7 9 5 9064
9 6 9 8184
11 5 5 8360
13 4 5 8152
15 3 9 7560
17 2 17 6584
19 2 11 7096
21 2 5 7608
23 1 21 5864
25 1 17 6184
27 1 13 6504
29 1 9 6824
31 1 5 7144
33 0 33 4248
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to one rotation as explained in Section 4, together with one sample of 
256 times steps. For the training of the ML models, we sampled data 
snippets of length 256 in the constant cutting intervals, i.e., when the 
tool touches the workpiece. One such sample is marked in purple in 
Fig. 19. There are 7 cutting cycles for each experiment datasets. After 
every 30-s cutting cycle, the turning machine stopped to capture images 
of the free flank wear. We sampled 124 rotations in each cutting cycle, 
and 10 snippets in each rotation. To train ML models we collected 
training snippets si overlapping with si+1 in 32 positions, where sample 
number i = 1,⋯,7. For computing validation and test losses of the 
models, we collect the sample snippets without any data overlapping 
with the training data set. The sampling parameters that we used are 
listed in Table 4.

All channels are normalized over all samples to have mean zero and 
variance one to ensure that all the input channels have the same scale. In 
total, the sampled data s ∈ Rn,t,c has dimensions (n, t, c), where n = 8680 
denotes the overall number of samples taken, t = 256 denotes the 
number of time steps, and c = 6 the number of channels We split the 
data into 6944 training samples, 868 validation samples, and 868 test 
samples.

5.2. Outlier detection based on autoencoders

The time-series data is high-dimensional due to the high sampling 

frequency. The data is imbalanced, since the points that mark tool fail
ure are rare. The occurrences of abnormal events and/or tool failure are 
difficult to predict [18]. Most research about machine health monitoring 
is based on large amounts of labelled data (see, e.g., Refs. [19–21]), but 
the labelling is often very time-consuming in real manufacturing ap
plications. Therefore, we use autoencoders, a type of neural networks, to 
reduce the dimensionality and to distinguish the different phases to 
validate the proposed experimental setup.

An autoencoder [22] is a mathematical function a : Rm→Rm that 
aims to reconstruct the input on output. It comprises an encoder network 
e : Rm→Rn, where typically n < m, and a decoder network d: Rn→Rm, 
i.e., a = d∘e. The encoder part of the network maps the input data x ∈

Rm to the so-called latent space representation z ∈ Rn which represents a 
form of compressed data. The decoder part then maps the latent space 
representation z ∈ Rn back to a high-dimensional reconstruction 
xʹ ∈ Rm. In this paper, the data for reconstruction is temporal sequence 
data with six channels. There are different approaches to train an 
autoencoder for such a task: neglect temporal and channel dependencies 
and use dense layers, i.e., a simple fully-connected feedforward neural 
network; use a one-dimensional convolutional neural network (CNN); 
map the data to the frequency domain using some transform and use a 
two-dimensional CNN. In this paper we focus on 1D fully convolutional 
autoencoders which not only still keep the temporal and channel de
pendencies without frequency transformation but also have lower 

Fig. 17. The determination of boundary of cutting process using EMA and Fz force data. Initial (a) and last part (b) are discarded, (c) shows one interval of cutting in 
more detail.
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computation complexity.

5.2.1. 1D fully convolutional autoencoder
A convolutional neural network (CNN) is a class of deep neural 

networks that is robust and easy to understand, so the application of 
CNNs in the real world has been widespread. The convolutional neural 
networks were first proposed by LeCun et al. for handwriting recogni
tion [23]. Classical CNNs are usually used for two-dimensional image 
and three-dimensional data recognition in computer vision. In industrial 
applications, one-dimensional (1D) CNNs allow time-series sensor data 
from the machining process to be used without preprocessing. 

Moreover, 1D CNNs require significantly less computational power 
compared to 2D/3D CNNs, since they operate on simple array operations 
rather than matrix operations. This makes them faster to train and 
suitable for real-time applications [24].

To ease the understanding of the properties of a fully convolutional 
autoencoder, we sketch a simple example in Fig. 20. In this figure a fully 
convolutional autoencoder is represented that is based on the following 
mathematical structure, where : R6→R2 , e : x ↦ z2 is the encoder and 
d : R2→R6 , d : z2 ↦ z4 the decoder:  

Fig. 18. One cutting frame of the six channels of the recorded signals of both the acceleration and force sensor in the first example run.

Fig. 19. A representative cut showing the force data along the z-axis (blue); a sample used in the training (yellow). (For interpretation of the references to colour in 
this figure legend, the reader is referred to the Web version of this article.)
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Even though CNN are termed convolutional, the standard frameworks 
are based on the cross-correlation of the input and a filter. In the encoder 
we usually aim for a reduction of the dimension, thus we use the valid 
cross-correlation defined for input a = (a1,…, an)

T
∈ Rn n and filter f =

(
f1,…, fk

)T
∈ Rk by 

zj =(a⋆validf)j :=
∑k

i=1
ai+j− 1fi, j=1,…, n − k + 1.

Neural networks often satisfy a so-called universal approximation 
property, for this a non-linear so-called activation function is necessary. 

We utilized a very basic example, the so-called rectified linear unit 
(ReLU). This function acts component-wise on the input and is defined 
by ReLU(x) = max(0, x). In this basic example, these two are used to 
define the encoder. Mostly, several valid cross-correlations followed by 
application of an activation function are used. The dimension reduction 
is linear in the sizes of the filters, since the activation function do not 
change dimensionality. With l convolutional layers with filter sizes k1,

…, kl , we reach a dimensional reduction of size 

n −
∑l

j=1

(
kj − 1

)
= n+ l −

∑l

j=1
kj.

Fig. 20. Simple example of a 1D fully convolutional autoencoder.

Fig. 21. Example for average pooling of size 2.

a1 := x ∈ R6, z1 := a1⋆validf1 ∈ R4, a2 := ReLU ∈ R4, z2 := a2⋆validf2 ∈ R2,

z3 := a3⋆fullf3 ∈ R4, a4 := ReLU ∈ R4, z4 := a4⋆fullf4 ∈ R6.
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This can be used to tune the size of the latent space or to select the 
number of layers given a fixed filter size. For the decoder we need to 
recover the original dimension, here so-called transposed of full cross- 
correlations are used. They can be described by the valid cross- 
correlation of the input padded by k − 1 zeros on top and bottom and 
the filter. The arising increase in the dimension is given by n+ 2(k −

1) − k+ 1 = n+ k − 1. The autoencoder in the scheme in Fig. 20 re
constructs the given input a1 = x on output, z4 = a1. The two- 
dimensional latent space contains all information necessary to recon
struct a six-dimensional vector. All computations can be carried out for 
vectors with more entries, only the latent space dimension grows line
arly with the input dimension. The first entry only depends on the 
receptive field of the first five entries, the second on the last five. All- 

convolutional neural networks based solely on convolutions (i.e., 
cross-correlations) are shift invariant. Using the valid cross-correlation 
with filters only reduces the dimension linearly. A higher dimension 
reduction is obtained using pooling. We explain average pooling with 
size 2 in Fig. 21. Average pooling with size k reduces the dimension by at 
least a factor k, since non-integer fractions are not used in the pooling. It 
can be interpreted as a valid cross-correlation with fixed filter 
(1,…,1)T

/k ∈ Rk using a stride of k. Shifting input by k results in the 
shifted pooled data, as is visible when comparing Fig. 21 a and 21c–. 21 
b shows that in general a shift that is not a multiple of k generates 
completely different pooled arguments. Convolutions and pooling can 
be combined, then the shift invariance only holds for multiples of the 
pooling size.

Fig. 22. Training of autoencoders with various kernel sizes in the hidden layers on both datasets provided. Depicted are the losses over 500 epochs for the kernel 
sizes k ∈ {5,9,23,33}. The smallest loss was achieved consistently in both cases for a kernel size of k = 9. For the training the 8680 training samples of length 256 for 
each dataset have been used.
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In our case the training is based on batches of portions of the time 
series with six channels, i.e., in the so-called “channels last” format the 
input to the network has a shape (batch, steps, features), where steps =
256 and features = 6. In the convolutional layers not one, but several 
filters are used. They comprise a filter bank of shape (size, channels, 
filters), where size is usually some odd integer, channels matches the 
number of features on input and filters determines the number of filters. 
Per filter usually one constant bias value is added to retain the shift 

invariance. This gives 

size ⋅ channels ⋅ filters + filters 

trainable parameters in a 1D convolutional layer. The output is again 
3D and of shape (batch, steps − size + 1, filters), i.e., the dimension 
reduction behaves still as described above, and the number of filters 
defines the number of channels on output. Increasing the number of 
layers and channels increases the capacity of the network to represent 

Fig. 23. Training loss on the dataset of experiment 1 and 2. The size of the dots reflects the model size in terms of trainable parameters.

Fig. 24. Data reconstructed using the trained autoencoder with k = 9. While the reconstruction of the data in (b) is worse then in (a), the performance is reasonably 
good in both cases. (a) Reconstruction of data – good fit (b) Reconstruction of data – bad fit.
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functions.

5.2.2. A family of fully convolutional autoencoders
Selecting the number of layers and the kernel sizes and numbers of 

channels in each, both for encoder and decoder, influences the dimen
sion of the latent space, the number of trainable model parameters, and 

the training process. We focus on symmetric layers in the encoder and 
decoder. To ensure a comparable amount of dimension reduction we 
fixed the dimension of the latent space to 96 time steps and 2 channels, i. 
e., of shape (96, 2), given training samples of 256 time steps with 6 
channels, i.e., of shape (256, 6). To ease the search for a suitable ar
chitecture we decided to select a fixed kernel size ks and a fixed number 

Fig. 25. Visualization of latent spaces corresponding to good and bad fits shown in Fig. 24a and b.

Fig. 26. Isomap and t-SNE visualization of the latent space from the test dataset of experiment 1. A clear clustering of the cutting cycles is visible.

Fig. 27. Isomap and t-SNE visualization of the latent space from the test dataset of experiment 2. Here, no clusters are visible, and the analysis of the latent space 
remains inconclusive.
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of filters
nf = 8 in the first layers of the encoder and thus the last layers of the 

decoder. We use one average pooling layer of size 2 as last layer in the 
encoder and a corresponding upsampling layer in the first layer of the 
decoder, leaving the channels intact. We need to find a structure that 
maps 256 to 192 = 2 ⋅ 96 using 1D convolutional layers. For this we need 
a filter bank of 2 filters with possibly smaller filter size kf . We use Leaky 
Rectified Linear Unit (LeakyReLU) activation functions defined as 

LeakyReLU(x) =

{
ax, x < 0
x, x > 0 , a = 0, 3. Using the filter arithmetic for 

valid convolutions, we arrive at the structure for the encoder shown in 
Table 5, the decoder has a mirrored structure.

5.3. Results

We trained a family of autoencoders with varying kernel sizes ks, kf 
(see Table 5).

We use the mean squared error (MSE) loss, and the AdamW opti
mizer. Training was conducted over 500 epochs with a learning rate of 
0.001 and a batch size of 64. Fig. 22a and b show training and validation 
losses. In all configurations, the initial losses were reduced significantly, 
only the training loss for k = 33 appears to stall at a higher value. For the 
remaining experiments and results we use kernel size k = 9, which 
appears to be performing well for both experiments. Fig. 23 shows final 
training losses for both experiments for the family of autoencoders, i.e., 
models with the same latent space, after training on sample snippets of 
length 256 for 500 epochs. Models with larger sizes typically achieve 
lower loss. However, if the CNN kernel size is too small, such as k = 5, it 
may lead the model to capture more noise than meaningful signal fea
tures. We also note that loss values are consistently higher for data 
coming from experiment 2. Fig. 24 shows the reconstructed signal pre
dicted by the autoencoder together with the true data. Fig. 24a shows a 
data set that is well predicted. For Fig. 24b we chose data that a high loss 
value, indicating a worse fit. However, in both cases the signals are 
predicted reasonably well. Data near the boundary is reconstructed less 
accurate due to the use of CNNs without padding, thus missing infor
mation on the boundary.

Fig. 25 shows latent space signals corresponding to the fits shown in 
Fig. 24. While a difference in the two cases is visible, it is unclear how to 
interpret these signals. To further visualize the latent space, we thus use 
the nonlinear dimension reduction techniques t-SNE [25] and Isomap 
[26]. Both algorithms were executed 10 times with different random 
seeds and to check if the identified clusters change due to different 
random initial start. Results are shown in Figs. 26 and 27. For experi
ment 1, the cutting cycles form relatively clear clusters in the latent 
space. This suggests the latent vectors of shape (96,2) have learned the 
features from different cutting cycles, as early cutting cycles are mapped 
to a different part of the latent space than later cycles. For experiment 2, 
some ordering according to cycle number is visible in the t-SNE plot. 
However, as no clear clusters are visible in the Isomap analysis this 
might be an artifact of the method. One reason for the difference to 
experiment 1 might be that experiment 2 used lower cutting speed and 
feeding rate. The change of tool wear was more stable and does not show 
significantly fast signal change. While further research is required to 
investigate these differences, the results indicate that the trained 
autoencoder can successfully reduce the dimensionality of the data and 
can identify clusters, thus can serve as a basis for future outlier detection 
and tool wear prediction.

6. Conclusion and outlook

As demonstrated, the proposed novel data acquisition concept can 
generate unique data that is sensitive to changes in tool wear a and 
process parameters. The setup enables in situ measurement and makes 
subsequent cutting experiments for one tool more comparable. The high 

degree of automation in data capture reduces possible user errors and 
makes the collected data more uniform. This was achieved by analysing 
cutting force, vibration and acoustic emission (AE), as well as using an 
auto-encoder approach. Furthermore, the high potential of auto- 
encoders for feature extraction was demonstrated. This is a promising 
starting point for future machine learning approaches that require a 
smaller input size, which can be extracted from the latent space of the 
encoders. The main achievements of this work are. 

• A novel data acquisition concept for cutting based on a combined 
sensor concept is developed

• The concept has been validated and sensitivity in monitoring the tool 
wear during cutting is improved

• The application of autoencoder on the signal data as part of the 
concept enables fast process parameter adaption

It is planned to use the shown setup in a larger series of tests to 
develop a grey box model that is able to predict the tool life for the two 
materials used analysing different tool coating properties and parameter 
combinations with the help of the data recorded in the process. Various 
greybox approaches such as SINDY will be used and compared. 
Furthermore, an active learning approach based on a Gaussian process 
will be implemented to minimise the number of experiments required to 
achieve this goal. The dataset which is created for this purpose will be 
curated and made publicly available in accordance with the guidelines 
of the DFG.

CRediT authorship contribution statement

Sebastian Schibsdat: Writing – original draft, Software, Methodol
ogy, Investigation, Data curation, Conceptualization. Ya-Jing Wu: 
Writing – original draft, Software. Martin Keunecke: Writing – original 
draft, Methodology, Investigation. Sarah Baron: Writing – review & 
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