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Abstract

Tool wear represents a central challenge for manufacturing companies. The resulting workpiece rejects
and machine downtimes cause significant costs. One difficulty lies in predicting the optimal tool change
timing. In practice, two suboptimal scenarios occur: Either tools are changed too early, not fully utilizing
their service life, or too late, which can result in quality losses or tool breakage. In the context of Industry
4.0 and manufacturing digitalization, large amounts of process data are continuously generated, enabling
indirect process control of tool wear. The temporal dependence of process data and the multitude of
influencing factors require the development of powerful analysis methods.

This paper examines the development of a concept for detecting tool condition using a Transformer-
based approach in milling and drilling processes. The captured motor current of the machine axes is
analysed. The concept uses implicit labelling of training data, utilizing only sensor signals from unworn
tools. The Transformer encoder learns a representation of the unworn machining state, based on which
a linear decoder performs time series prediction. The reconstruction error, i.e., the deviation between
predicted and actual values, serves as an indicator of tool condition. Statistical parameters of the
reconstruction error enable quantitative comparison between normal and worn tool behaviour.

Besides presenting the concept, the implementation, development of a suitable model architecture and
determination of optimal hyperparameters are addressed.
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A direct measurement of tool wear through continuous

Cutting processes are an essential part of modern industrial
manufacturing. The cutting tools used in this process are
subject to continuous wear on the cutting edge, which
significantly influences the quality and efficiency of the
entire manufacturing process.

The technical impacts of tool wear are complex and
consequential:

As the cutting edge becomes dull, the contact angle
changes and the contact area between tool and workpiece
increases. This leads to increased cutting forces and
enhanced friction. The resulting increase in heat generation
further accelerates the wear process, creating a self-
reinforcing effect. Especially with thin-walled work pieces,
the increased cutting forces can lead to deformations that
compromise dimensional accuracy and induce unwanted
residual stresses in the boundary zone. Additionally, the
occurring flank wear deteriorates the surface quality of the
workpiece [Klocke 2008], which, if the prescribed
dimensions and surface values are not maintained, leads to
the rejection of the affected workpieces.

measurements is not practical in ongoing production, as the
production flow would need to be interrupted for it.
Therefore, possibilities for indirect process control are being
researched, where tool wear is monitored based on process
parameters that occur during machining.

In the context of Industry 4.0 and the increasing
digitalization of manufacturing, large amounts of process
data are continuously generated. These data contain
valuable information about the condition of tools and
machines but also present new challenges: The complexity
and high volume of data require innovative approaches to
data analysis and interpretation. Particularly the temporal
dependency of process data and the multitude of
influencing variables necessitate the development of
powerful analytical methods [Yan 2017].

Deep learning approaches have established themselves as
promising tools for tool condition monitoring. A significant
breakthrough was achieved in 2017 with the Transformer
architecture in the publication "Attention Is All You Need" by
Vaswani et al. [Vaswani 2017]. This new type of deep
learning model has fundamentally expanded the state of the
art in various fields such as natural language processing,
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machine vision, and speech recognition, delivering
remarkable results. The underlying attention mechanism
enables learning complex relationships between dependent
elements and recognizes patterns in data that might remain
hidden with classical approaches. This capability makes the
Transformer architecture a promising candidate for various
industrial applications [Kamath 2022].

2 STATE OF THE ART

In the literature, there are different definitions for classifying
a measurement method as direct or indirect. Ghani et al.
define methods for direct wear detection as measurement
techniques that capture the actual geometric changes
caused by the wear of the tool [Ghani 2011]. Teti et al.
define this more generally and refer to all metrological
approaches for determining tool wear as direct, but not the
evaluation of process variables that occur anyway, such as
cutting forces or vibrations [Teti 2010]. In the state of the
art, the definition of Teti et al. is followed when classifying.
The commonality of both definitions is that wear
measurements during machining are very difficult to
perform due to the continuous contact between tool and
workpiece are made almost impossible by the presence of
cooling fluids [Ghani 2011].

Indirect methods of tool wear detection are based on the
systematic recording of process variables using sensor
systems. The sensor data are further processed and
correlated or compared with tool wear conditions and
forwarded to cognitive decision systems. These perform a
comprehensive analysis and create a condition diagnosis.
The result of this evaluation can be used in two ways: On
one hand, it can be made available to the machine operator
as a basis for decision-making. On the other hand, there is
the possibility of transmitting the information directly to the
numerical control of the machine tool. This enables
automated initiation of adjustment and correction measures
[Teti 2010].

The simple setup and good suitability for practical
application are the essential advantages [Ghani 2011].
Wear detection during ongoing machining enables optimal
determination of the tool change time - both when reaching
the regular end of tool life and in case of sudden failure such
as tool breakage. This increases productivity and reduces
manufacturing costs [Giusti 1987].

The digital transformation of industry has led to an
exponential increase in available process data in modern
manufacturing systems. This development enables new
approaches to data-driven machine monitoring that
significantly improve both error detection and condition
predictions.

The basic principle of these systems is based on training
models with historical sensor data, from which
characteristic features are extracted. During ongoing
operations, the same features are extracted from the
captured sensor signals, and the trained model makes
automated decisions about the machine condition based on
these.

A central challenge lies in identifying meaningful features
for condition description. The available analysis methods -
from classic time series analyses to complex time-
frequency transformations - generate a broad spectrum of
possible parameters. Advanced selection procedures are
used to identify the most relevant features. These include
statistical methods such as Fisher distribution as well as
modern approaches of conditional density estimation using
special decision trees (Conditional Density Estimation
Trees - CDT).

The selected features form the basis for various machine
learning methods. In particular Support Vector Machines
and linear regression models have established themselves
as effective tools for condition prediction [Zhao 2018].

Deep Learning approaches have proven their high
performance in various research areas - with significant
breakthroughs in speech recognition, image classification,
and natural language processing [Graves 2013, Krizhevsky
2017, Mnih 2009]. They are capable of learning high-quality
feature representations directly from minimally processed
or even unprocessed signals. Explicit feature extraction and
selection before decision-making is not necessary, as the
network implicitly extracts and filters relevant features. The
network focuses on the information necessary for the model
and ignores superfluous data. This end-to-end learning
model significantly reduces the need for expert knowledge
[Liu 2022].

3 METHODOLOGY
3.1. Machine tool and drive current measurement setup

In Fig. 1, the experimental setup for the data acquisition on
the tool wear experiments can be seen. Machine data was
gathered using an edge computer connected to the main
control of the NC — control. Force data was collected
simultaneously to identify the usefulness of the data for
machine learning. The acquisition was triggered using the
NC-Code. For a comparison of internal and external drive
current data and the setup, see [Reeber 2024].
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Fig. 1: Experimental setup for recording the machine data
during the tool wear experiments.

3.2 Conceptual Approach

To use the historical sensor measurement data captured by
the edge computer for wear detection, a Transformer model
is trained for time series prediction of axis currents. The
model learns the characteristic current patterns of non-worn
tools. This is based on the physical relationship between
wear and current consumption: A worn cutting edge
requires higher cutting forces, which leads to increased
power consumption and thus higher motor currents. This
relationship is also evident in the cascade control, where
the control deviation of the axis current is compensated by
adjusting the control voltage of the electric motor via pulse
width modulation. The electrical power as a product of
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voltage and current directly correlates with the mechanical
power (product of cutting force and cutting speed).

As input, the model receives the currents of the X, Y, Z, and
spindle axes, as these together represent the relevant
system states of the milling process. The multivariate
approach allows the model to recognize correlations and
dependencies between the axes. This is particularly
important since changes in one axis can have immediate
effects on others. By considering all relevant axis currents,
more complex patterns can be recognized, and the
prediction accuracy increases. For training, only the first 5
meters of tool cutting path length from each test series are
used, representing non-worn tool behaviour. It should be
noted that apart from using a sliding window for sequence
generation and scaling the model inputs, no additional
feature engineering was employed, allowing the model to
train directly with the raw sensor data.

In the following Fig. 2 the current of the spindle axis for
different wear states is shown. This measurement comes
from the DMG Mori Lasertec 65 DED hybrid. Three
characteristic phases can be identified. At the beginning,
the current increases significantly, reflecting the
acceleration phase of the motor. The negative sign of the
current indicates the flow direction and depends on the type
of measurement. After this acceleration phase, the current
pattern transitions into the milling process. Subsequently,
the stable operating phase follows, in which the load current
level remains constant. In the Zoom illustration, the entry of
each cutting edge is clearly recognizable. At the beginning
of the cutting-edge entry, the tool is loaded by the
interaction with the workpiece. This sudden additional load
requires higher power from the electric motor, which is
reflected in an increase in current. The final phase is
characterized by the braking phase of the electric motor.
The relationship between the higher average current level
of the considered axes and the wear is clearly recognizable.

The blue curve represents the spindle current measured
with a new, unworn tool. The orange curve demonstrates
the current pattern observed with a tool experiencing
normal wear, while the gray curve illustrates the current
signature of a highly worn cutting tool. The legend box
indicates the cutting distance traveled by each tool.
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Fig. 2: Comparison of Spindle Current Patterns with
Different Tool Conditions.

3.3 Model Implementation and Training

The chosen architecture of the Transformer model is shown
in the following Fig. 3.

Input Sequence
Linear Encoding

Positional Encoding

Attention
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Layer Normalization
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Layer Normalization

Last Sample

Linear Decoding

Fig. 3: Chosen Architecture for the Transformer Model.

The features must be normalized before they can be
passed to the transformer model, as otherwise an unequal
weighting would occur due to the irregular value ranges of
the different features. Furthermore, this is intended to
reduce the risk of exploding or vanishing gradients. The
features are scaled to a value range between 0 and 1.

X — Xmin
Xmax— Xmin (1)
Here, the maximum and minimum values are determined in
advance to ensure the model already covers the axis
currents predominantly used in industry.

The values for x,,q, and x,,;, for all axes are shown in the
following Tab. 1.

Xscaled =

Feature Xmin [A] Xmax [A]
CurrenAtX?SplndIe -200 200
Current X-Axis -50 50
Current Y-Axis -50 50
Current Z-Axis -75 75

Tab. 1: Scaling Values

The generation of training and validation data for the
transformer model is carried out using a sliding window
approach. From each measurement record, overlapping
time sequences of a defined length are extracted. The
selected offset t,frg., Of four time steps increases the
temporal distance between the input sequence and the
value to be predicted. This increases the complexity of the
prediction task and prevents the model from relying too
heavily on immediately preceding values of the sequence.
This approach maximizes the number of training examples
per measurement record.

This formula defines how the individual sequences are
extracted from the original dataset and linked to their
corresponding target values.

fXi(@®) = y(©) )
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X)) = [x(tstare + tshift)r ...,X(t + tshife + lseq)] (3)
y() = x(t + tshife + lseq + toffset) (4)
Where:

tseare: Starting point from which sequences are generated,
heret=0.

tonire: Sliding window for sequence generation

lseq: Sequence length

y: Target Value, t,fss.c = 1 for the subsequent value, here
Loffset = 4.

The same positional encoding as in the publication
"Attention Is All You Need" by Vaswani et al. [Vaswani
2017] is wused, which introduced the transformer
architecture with attention mechanism. This encoding adds
deterministic information about the sequence order to each
timestep and its features, as the transformer architecture
itself has no inherent way of understanding sequential
relationships. The encoding involves sine and cosine
functions of different frequencies:

PE(pas,Zi) = sin (LSZL) (%)
10000%model
PE(pas,2i+1) = cos <Lszz> (6)
10000%model

Here, pos refers to the position of the token or sample within
the sequence. The variable i is the respective dimension
index and dp.q4e IS the chosen dimension of the
transformer encoder. By using these trigonometric
functions, each position in the sequence receives a unique
encoding pattern that the model can learn to interpret,
allowing it to understand the temporal relationships
between different timesteps in the input data sequence.

The model's hyperparameters were established through
comprehensive optimization using the Python library
Optuna. This tool systematically evaluated various
hyperparameter combinations by measuring their impact on
error metrics. Parameters that couldn't be determined
through Optuna's automated process—such as sequence
size and loss function—underwent cross-validation to
identify their optimal values. In the following Table 2, the
evaluated hyperparameters are presented with the selected
optimal values highlighted in bold.

interface. In detail, Table 3 displays the specific hardware
components that were employed in this study.

Component Specification

Operating System Windows 10 Enterprise

Edition 64-bit
RAM 128 GB
Processor Intel Core i9-10920X 3,50
GHz
) . .. NVIDIA Quadro RTX 4000
Graphical Processing Unit 8 GB VRAM

Hard Drive Toshiba SSD 2 TB

Parameter Value

16, 32, 64, 128

Mean Absolute Error,
Mean Squared Error

Sequence Size
Loss Function
Dimension Transformer-
Encoder
Number Attention Heads

Number Attention Layers

Learning rate at the
Beginning of Training

32, 64,128, 256

1,2,4
1,2,3

le-6 to 1e-3: 0,0009

Dropout Rate 0,1t00,3: 0,15
Weight Decay 0,00001
Learning Rate Reduction 0,1t00,9: 0,33
Batch Size 128

Tab. 2: Hyperparameter Evaluation and Selection.

The Transformer model was trained with the programming
language Python 3.11.9 using the PyTorch framework
utilizing the Graphical Processing Unit with the CUDA 12.5

Tab. 3: Employed Hardware Components

The model underwent a comprehensive training process
spanning 93 epochs, with each epoch requiring
approximately 182 seconds to complete, resulting in a total
training duration of nearly 4,7 hours.

3.4 Tool State Classification Logic

For classifying the tool as worn, reference distributions
were created for both unworn and worn tool inserts. A
higher tool cutting path length of 30 meters for normal tool
behaviour was selected to ensure that slightly worn tools
are also classified as normal. Additionally, a reference
distribution for worn tool behaviour was created from every
measurement file with a tool cutting path length exceeding
60 meters. This 60-meter threshold was established
because all tool inserts surpassed a flank wear of 150
micrometres at this point. The highest measured flank wear
of a tool insert after 60 meters exceeded 1700 micrometres.

For all distributions, only data points between samples 2000
and 8000 were utilized. This selective sampling was
implemented because the model exhibits higher
reconstruction errors during the accelerating and braking
phases. The model couldn't learn these transition phases
as effectively as the in-process patterns since each
measurement file contains only one accelerating and one
braking phase, providing limited training examples for these
states compared to the abundant in-process data. The
obtained reference distributions are shown in the following
Fig. 4.

= Normal ---. Normal Mean: 0.92 === Decision Boundary: 1.40
== Worn === Worn Mean: 3.26

T

0.80

Density

8

4 6
Mean Absolute Error Value

Fig. 4: Reference Distributions for Classifying the Tool
State.

During processing, measurement data are continuously
transmitted while the model simultaneously generates
predictions, allowing reconstruction errors to be calculated
in parallel. To reduce the influence of short-term
fluctuations and enable a reliable comparison with the
reference distributions, the mean of the last 200
reconstruction errors is used as the basis for condition
assessment. This mean absolute error is then classified
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relative to the reference distributions, and its corresponding
percentiles are determined. These percentiles are
subsequently converted into probabilities using sigmoid
functions, which—unlike linear mappings—offer tuneable
parameters for task-specific calibration.

The functions for the sigmoid curves are show in Equation
7 and 8.

1
Prorma(x) =1 —

7 eCamsm ™

1

Pyorn(x) = 13 ocam—50)) (8)
In the following Fig. 5, the sigmoid functions for probability
conversion for normal and worn tool behaviour are
displayed. The tuneable parameter alpha is setto a« = 0,1,
which controls the steepness of the transition between the
two states in the probability curves.
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Fig. 5: Sigmoid functions for probability conversion.

The calculated probabilities must then be normalized with
the Equations 9 to 11.

Peotar = Pnormai + Pworn 9
— Pnormal
Pnormal,normalized ~p (10)
total
— Pworn
Pworn,normalized - p (11)
total

A mean absolute error value of 1.4 results in the 77.63
percentile for the normal unworn distribution and a 22.63
percentile of the worn distribution. After probability
conversion and normalization this evaluates approximately
to a 50% probability for both tool states and marks the
decision boundary between both distributions.

4 VALIDATION
4.1 Model Evaluation

The achieved model quality of the model trained with data
from the DMG Mori Lasertec 65 DED is examined. For this
purpose, the result of the time series prediction is
considered.

In the following Fig. 6 and Fig. 8, we present the transformer
model's predictions on previously unseen test data, which
was measured on the same machine alongside the true
measured values for the spindle axis. The resulting
absolute reconstruction error is displayed for both normal
unworn (Fig. 7) and worn tools (Fig. 9), providing a clear
visualization of the model's performance in distinguishing
between these two states.

As mentioned earlier the model exhibits higher
reconstruction errors during the accelerating and braking
phases. But it is evident that the reconstruction error
increases as expected.
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Fig. 6: Transformer Prediction and real measured values
for a normal unworn tool.
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Fig. 7: Absolute Reconstruction Error for a normal unworn
tool.
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Fig. 8: Transformer Prediction and real measured values
for a worn tool.

0 2000 4000 6000

I B Reconstruction Error  ———— MAE Spindle-Axis Error ‘
12.0 T
MAE: 1.é4A
RMSE: 2.18A
Max: 9.65A
A |

Error Magnitude
[=)]
o
T

0.0

2000 4000 6000 8000 10000 12000 14000 16000

Sample

Fig. 9: Absolute Reconstruction Error for a worn tool.
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4.2 Classification Logic Evaluation

The classification logic was validated by simulating the
cutting process using all current measurements from the
test dataset, for which the corresponding tool cutting path
was known. Due to reduced model performance during
acceleration and deceleration phases, the evaluation was
limited to the steady state cutting phase.

Fig. 10 shows the proportions of the classification results
based on the mean absolute reconstruction errors
calculated using a sliding window of 200 points for each
measurement file, alongside the corresponding mean
spindle current. The results demonstrate a clear transition
pattern in tool condition. Throughout the initial segment (0-
30 meters of tool cutting path length), the classification
predominantly indicates normal tool condition, except for a
brief deviation around the 20-meter mark where a small
proportion of worn tool status is detected. Beyond
approximately 35 meters, the classification results show a
significant shift towards the worn tool status, which
becomes increasingly dominant for the remainder of the
cutting path. The progressive reduction of the mean spindle
current correlates strongly with the transition from normal to
worn tool condition, providing additional evidence for the
validity of the classification logic.

Classification Results

I Normal
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Proportion
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Fig. 10: Results of the Classification Logic Evaluation.

5 SUMMARY AND OUTLOOK

This study evaluated a transformer-based approach for tool
wear classification using an implicit labelling concept. The
model was trained exclusively on historical motor current
data from unworn milling tools, eliminating the need for
explicitly labelled worn tool data.

The transformer encoder learned to represent the normal
unworn machining state, enabling a linear decoder to
perform time series prediction. The reconstruction error-the
difference between predicted and actual values-served as
key indicator of tool condition.

Beyond presenting the conceptual framework, this research
provided comprehensive details on implementation, model
architecture and optimized hyperparameters. Evaluation
demonstrated strong overall model performance with
limitations primarily in acceleration and deceleration
phases due to their limited representation in the training
dataset.

For practical application, we developed and validated a
classification algorithm based on reference distributions
that converts reconstruction error percentiles to
probabilities using a sigmoid function, testing it through
simulations with independent test data.
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