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1. Introduction and Motivation

Gear hobbing is a prevalent process in the field of soft 
machining of cylindrical gears, due to its high productivity. The 
process has been continuously optimized in the past and was 
adapted to new requirements for the manufactured gears. An 
optimized manufacturing strategy aims to maintain the required 
component quality while minimizing manufacturing costs. Tool 
wear, which increases with longer machining times, is a key 
factor influencing component quality. Premature tool 
replacement before reaching a critical wear condition can result 
in additional costs, while excessive use of the tool can have a 
negative impact on component quality. In the worst case

undetected wear lead to catastrophic tool breakage, making it 
impossible to resharpen and reuse the tool. Consequently, 
precise monitoring of tool wear is imperative for determining 
the optimal timing of tool replacement.

Tool condition monitoring (TCM) is a methodical approach 
for monitoring tool wear during the manufacturing process. 
This method is based on the use of sensor technology for direct 
or indirect detection and prediction of the tool condition [1]. 
The TCM methodology incorporates a range of sensors, 
including those that measure acoustic emission, airborne sound, 
and acceleration. The causes of the recorded signals are 
primarily deformation and friction during chip formation, tool 
and chip breakage and tool vibrations [2, 3]. By analyzing the 
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recorded signal data, taking into account the specific process 
characteristics, tool wear can be predicted on site [1].

While the potential of TCM in scientific literature for 
machining processes such as turning [2, 4, 5], milling [6, 7] and 
drilling [8] has already been extensively investigated, there are 
only a few scientific studies that deal with the potential of TCM 
in gear hobbing [9, 10]. In this report the relationships between 
signal data, process parameters, and wear are systematically 
analyzed. Black-box models for wear monitoring are trained 
using characteristic values derived from the recorded signal 
data. These models are then expanded with results of a 
manufacturing simulation to set up a first grey-box approach 
and enable improved wear monitoring.

2. Experimental Methodology

The objective of this study is to examine the potential of 
various data-based models for wear monitoring, which is a part 
of TCM, based on acceleration data. To this end, fly-cutting 
trials were conducted, during which the resulting vibrations 
were recorded and subsequently analyzed.

The gears were manufactured from 20MnCr5 case-hardened 
steel. The geometry of the workpiece is presented in Table 1. 
The gear is an exemplary of an application from the field of 
automotive engineering.

Table 1. Workpiece Geometry

Symbol Value Unit

Normal module mn2 2.557 mm
Number of teeth z2 39 -
Pressure angle αn2 17.5 °
Tip diameter da2 116.2 mm
Helix angle β2 23 °
Workpiece width b2 30 mm
Root circle diameter df2 100 mm

The tool geometry was a double start right-hand helical hob 
made of Carbide K30 with an AlCrN coating. The cutter had 
ni0 = 17 gashes and an outer diameter of da0 = 80 mm. The other 
specifications of the tool are listed in Table 2.

Table 2. Tool Geometry

Symbol Value Unit

Normal module mn0 2.557 mm
Number of starts z0 2 -
Number of gashes ni0 17 -
Tip diameter da0 80 mm
Tool addendum haP0 4.31 mm
Tool tip radius ρaP0 0.85 mm

The trials were carried out on an LC180 gear hobbing 
machine from LIEBHERR. The investigations were carried out 
in the fly-cutting trial, an established analogy test for gear 
hobbing [11–14]. In this experiment, a single fly-cutter, which 
was previously wire eroded from the hobbing tool, is used to 
mill the component. The trial setup is depicted in Fig. 1. The 
machine was equipped with several sensors to record the signal 
data. In previous studies the position on the counter holder of 
the tool was identified as the most suitable position for wear 

detection in addition to the position on the counter bearing [9].
In these investigations, only acceleration sensors were used to 
monitor wear behavior, as these had already shown good 
potential in previous studies and data processing is easier than 
with AE sensors, for example. Therefore, a triaxial acceleration 
sensor of type ASC P 203A11-T51 was mounted on both the 
counter bearing and the counter holder. 

Fig. 1. Experimental setup

The signal data was recorded for each loop of the fly cutting 
trial of the individual trials using the LABVIEW software. The 
acceleration sensors cover a frequency range of 
f = 0.2 Hz – 10 kHz. The highest possible sampling rate of the 
measuring card used was fs = 12.8 kHz. Thus, frequencies up 
to a maximum of f = 6.4 kHz could be evaluated; according to 
the NYQUIST-SHANNON sampling theorem [15].

A total of 18 trials were carried out for the investigations in 
this study. The process parameters were varied in three stages 
in terms of cutting speed and axial feed in order to vary the type 
and location of wear. The cutting speed was varied between
vc = 600 m/min, vc = 700 m/min and vc = 800 m/min, while the 
axial feed was varied between fa = 1.3 mm, fa = 2 mm and 
fa = 3 mm. These parameters correspond to a maximum chip 
thickness, according to HOFFMEISTER, ranging from 
hcu,max,hoff = 0.14 - 0.22 mm [16]. All trials were performed in 
climb cut without the use of cooling lubricant. Each cutting 
speed/axial feed combination was performed twice for
verification purposes. The stop criterion for each individual 
trial was set at a maximum permissible wear width of 
VBmax,per = 100 µm. 

3. Experimental Results

In Fig. 2, the results of the tool life LT are presented in terms 
of the machined length L achieved during the experimental 
tests. The machined length L is calculated using formula (1).

L = z2⋅b2
cos (β2) ⋅ N (1)

With increasing cutting speed vc, the average tool life LT

decreased. At a cutting speed of vc = 600 m/min, the tool life 
LT also decreased with increasing axial feed fa. At a cutting 
speed of vc = 700 m/min, however, the tool life LT remained 
constant when the axial feed was increased from fa = 1.3 mm 
to fa = 2 mm. When the axial feed was further increased to 
fa = 3 mm the tool life decreased significantly by ΔLT = 125% 
to LT = 8 m. At the highest cutting speed of vc = 800 m/min, the 
tool life initially increased by 60% from LT = 10.7 m to 
LT = 17.2 m when the axial feed was increased from 
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fa = 1.3 mm to fa = 2 mm. An increase in the axial feed from 
fa = 2 mm to fa = 3 mm resulted in a reduction in tool life of 
ΔLT = 60%, with the tool life of LT = 10.2 m again.

In all trials, a breakage was detected on the tool at the end 
of its tool life. The observed breakage occurred at the tool's tip 
or trailing flank. On the right side of Fig. 2 two examples of 
these breakages are illustrated. 

The wear behavior did not correlate linearly with the process 
parameters. In addition, breakouts of the cutting edge are 
caused by random influences. This is evident from the 
significant deviations observed in some of the repeat trials.
Both factors make it difficult to make a purely analytical 
prediction of wear behavior. Therefore, it is necessary to 
integrate data, recorded from the process, into a model 
approach to build grey-box models. 

Fig. 2. Experimental results

4. Data Preparation

In the following section the signal processing and analysis 
methods that were used to determine characteristic values from 
the recorded raw data are presented. These characteristic values 
serve as input variables for the wear monitoring models
described in section 5. The data set was created by evaluating 
one loop from each fly-cutting trial. In Fig. 3 the kinematics of 
the fly-cutting trial are illustrated. 

The tool is positioned with the approach distance E below 
the lower edge of the workpiece and then moved tangentially 
across the workpiece in order to cover all generating positions 
GP with a single fly-cutter that a complete hobbing tool would 
cut. After each loop U, the tool is moved axially by the amount 
of the axial feed. In order to be able to compare the different 
axial feeds with each other, the loop U in which approx. 20 mm 
of the workpiece was machined was selected in each case. For 
the three axial feeds, this results in the loops U shown on the 
right in Fig 3.

Fig. 3. Kinematic of fly-cutting trial

In Fig. 4, the time domain and frequency domain of a 
recorded signal are presented. Five characteristic values were 
derived from the signal data. The maximum value MaxTime and 
root mean square value RMS from the time domain, as well as 
the maximum excited frequency FMax, maximum amplitude 
MaxFFT and spectral entropy H from the frequency domain. The 
spectral entropy H is an indicator of the impulsiveness of a 
signal. First, the characteristic values for the entire loop U were 
determined. In addition, the characteristic values for the 
individual generating positions GP representing sequences (see 
top right in Fig. 4) of the signal were determined. The number 
of tool engagements per generating position is 39, which 
corresponds to the number of teeth on the workpiece. The five 
characteristic values were calculated for each channel of the 
two triaxial sensors, resulting in a total of 30 characteristic 
values. Each channel corresponds to one axis direction.

Fig. 4. Characteristic values calculated from the signal data

5. Results of Wear Monitoring

In this chapter the results of the individual models for wear 
monitoring are presented and discussed. First, it was checked 
whether wear could be monitored during the trial using the 
threshold value method. With this method, individual 
characteristic values are continuously monitored. As soon as a 
threshold value is exceeded, the tool is considered worn. This 
requires a direct correlation between wear and the 
characteristic value. For verification purposes, the coefficients 
of determination for the correlation between the individual 
characteristic values and the maximum wear width VBmax were 
calculated. In Fig. 5 the evaluation for two trials and one sensor 
channel as an example are illustrated. The characteristic values 
calculated from the accelerations recorded at the counter holder 
in the X-direction over the entire loop U are shown. 

Fig. 5. Results threshold method
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For the trial with vc = 600 m/min and fa = 2 mm, a very good 
correlation with coefficients of determination above R² = 0.9 
were calculated for both the characteristic value RMS and 
MaxFFT. The root mean square error, on the other hand, was 
very large with RMSE = 125 µm. The method was therefore 
only able to accurately represent the change caused by wear at 
the end of the tool life. The very low coefficients of 
determination from the other characteristic values and the same 
characteristic values for the other trial indicate very limited 
usability and high susceptibility to errors of this model. 
Furthermore, this method is unable to discern potential 
interactions between the characteristic values as wear 
progresses.

Therefore, black box models were developed that can 
simultaneously consider multiple characteristic values and 
consider the interactions between wear and characteristic 
values. The basis for the application of these models is an 
adequately prepared data set. An essential prerequisite for this 
is a certain size of the data set. For this reason, the characteristic 
values from the individual generating positions were used in 
the following, rather than those for an entire loop. In this 
context, only generating positions where machining took place 
at the points of interest on the tool were considered. The points 
of interest were defined as the cutting edge areas where 
maximum wear widths of more than VBmax = 100 µm occurred 
during the trials. For the present trials, these were the areas T, 
TF-A, and TF-B.

The second prerequisite for an adequate data set is a 
balanced class distribution of the individual data points. 
Accordingly, the number of data points in the data set should 
be approximately the same for each wear condition. 

As explained in Chapter 3, the tool breakouts resulted in a 
high number of data points with low maximum wear widths
and a low number of data points with a maximum wear width 
above VBmax = 100 µm in the generated data set. As a result, 
only 30% of the data points with a wear width below 
VBmax = 100 µm were randomly selected for the training data 
set. This resulted in a data set of 2064 data points, each with 32 
features, see Fig. 6. The features consist of the 30 characteristic 
values of the sensor channels as well as the cutting speed vc and 
axial feed fa. The output data of the models included the 
maximum wear widths on the tool, which were divided into 
three areas: the tip area VBmax,T, the area of the trailing flank 
near the tip VBmax,TF-A, and the remaining area of the trailing 
flank VBmax,TF-B. Furthermore, an additional output variable 
was included in the analysis, namely the quadratic mean value 
of the three previous wear parameters VBRes, see formula in 
Fig. 6.

Fig. 6. Description of the data used

After creating the data set, three different black box models 
were trained. Implementation and training were carried out in 

the PYTHON 3.11.11 programming language using the SCIKIT-
LEARN LIBRARY 1.7.0 [17].

The first model trained was a random forest model. These 
models deliver robust results, especially for small data sets. 
Random forest is an ensemble method for regression models 
that calculate nonlinear relationships between features without 
requiring a lot of computing power. The random forest model 
has three main hyperparameters that must be set before 
training. The three main hyperparameters are the number of 
trees ntrees, the minimum leaf size mLS, and the number of 
predictors to sample NPTS. [18]

For the given dataset, a systematic hyperparameter variation 
was performed in order to achieve optimal model performance. 
The final model was configured with ntrees = 100, mLS = 5, and 
NPTS = 32.

The results of the model are shown in Fig. 7. The first ten 
measured and calculated maximum wear widths VBmax of each 
tool edge area in the test data set are shown, as well as 
characteristic values for evaluating the model quality. The 
characteristic values for evaluation are the coefficient of 
determination R², the root mean square error RMSE, the mean 
absolute error MAE, and the mean absolute percentage error 
MAPE. The best results were achieved for the wear prediction 
of the TF-A range. A R² = 0.92 was determined with a 
RMSE = 26 µm and a MAPE = 11%. A similar MAPE = 11% 
was also determined for the resulting wear value VBRes, but 
with higher MAE and RMSE and lower R². Slightly lower 
accuracies were achieved for the predictions of the other 
cutting edge areas, T and TF-B, see Fig. 7. This is because the 
TF-A area was the area where the highest wear most frequently 
occurred in the trials. The data set therefore contained the data 
points with the highest variance and an even distribution across 
all wear conditions for this area. In addition, the cutting edge 
area TF-A is also the area where the largest volume of chips is 
machined. This area is therefore of critical importance to the 
machining process, and changes in it can be detected more 
readily by sensors than in other areas.

Fig. 7. Results Random Forest Modell

A neural network was trained as a further model. A neural 
network is a model consisting of interconnected artificial 
neurons (nodes) organized in layers. It approximates complex, 
nonlinear functions by transforming weighted inputs through 
activation functions and learning the weights from data using 
optimization methods (e.g., gradient descent). [19]

A feedforward network (multi-layer perceptron, MLP) was 
used in this study. The data set used was the same as before. 

Process-
parameters
◼ vc

◼ fa

Char. 
values
◼ MaxTime

◼ RMS
◼ MaxFFT

◼ FMax

◼ H

Wear
◼ VBmax,TF-A

◼ VBmax,TF-B

◼ VBmax,T

◼ VBRes

Input data Output data

2064 Data points
32 Features

80 % Training data
20 % Test data

Data set

Rake face

T

TFLF

A B

VB

Clearance

R² 0.81
RMSE 36 µm
MAE 20 µm
MAPE 24 %

0
100
200
300
400

1 2 3 4 5 6 7 8 9 10

VBmax,TF-B

0
100
200
300
400

1 2 3 4 5 6 7 8 9 10

VBT

0
100
200
300
400

1 2 3 4 5 6 7 8 9 10

VBmax,TF-A

0
100
200
300
400

1 2 3 4 5 6 7 8 9 10

VBRes

VB
m

ax
/ µ

m
VB

m
ax

/ µ
m

Test data / - Test data / -

R² 0.74
RMSE 43 µm
MAE 31 µm
MAPE 34 %

R² 0.84
RMSE 37 µm
MAE 22 µm
MAPE 11 %

R² 0.92
RMSE 26 µm
MAE 13 µm
MAPE 11 %

Test data / -

measured
predicted



Steffen Hendricks  et al. / Procedia CIRP 141 (2026) 19–24 23

First, a neural network was trained using a classification 
approach. The network predicts whether the maximum wear
width is greater or less than VBmax = 100 µm. A 
hyperparameter variation was conducted to achieve optimal 
performance. The selected hyperparameters were as follows: 
number of hidden layers NHL = 2, number of neurons in the first 
and second hidden layers N1 = 64 and N2 = 32, respectively, 
activation function 𝜙𝜙(⋅) = ReLU and solver S = L-BFGS.

In Fig.8, the confusion matrices of the wear classification
for the individual cutting-edge regions are presented. 
Confusion matrices indicate the number of test samples 
correctly classified as positive (TP), correctly classified as 
negative (TN), incorrectly classified as positive (FP), or 
incorrectly classified as negative (FN) [20]. In the context of 
wear monitoring, values incorrectly classified as negative (FN) 
are particularly critical. 

In addition to the confusion matrices, the evaluation metrics 
accuracy (Acc), precision (P), recall (R), and F1-score (F1) are 
reported. All models achieved an accuracy above Acc = 0.9.
This indicates that the models are highly suitable for the binary 
classification task of determining whether a tool is still 
operational or has exceeded acceptable wear limits.

The incorrect predictions can on the one hand be due to 
considering only the data from the 10th rotation for wear 
monitoring, in which the exact maximum wear width VBmax is 
unknown. On the other hand, it is not possible to assess the 
threshold of a change of the maximum wear width at which the 
model responds. Therefore, in a second step, a neural network 
was trained using a regression approach.

Fig. 8. Results neural network - Classification

The results of the regression model are presented in Fig. 9. 
The layout of the figure is analogous to that of Fig. 7. The wear 
predictions are significantly less accurate compared to the 
random forest model. The best performance was achieved for 
the predicted wear value VBRes, with a coefficient of 
determination of R² = 0.81. Several factors may contribute to 
this outcome, one of which is the relatively small dataset, which 
is not well suited for training neural networks.

Fig. 9. Results neural network - Regression

Furthermore, a grey-box model was trained, which 
combines data from a production simulation with the black-box 
model. On the one hand, to further improve the accuracy of the 
models. On the other hand, to be able to better interpret wear 
behavior and identify cause-and-effect relationships between 
wear and process.

Therefore, the theoretical maximum cutting force Fc,max

occurring in each generating position was used as an additional
input feature for the regression neural network model. To 
calculate Fc,max, a process simulation was performed using 
SPARTAPRO software to first determine the unformed chip
geometries for each generating position GP. The cutting force
Fc was then calculated from these unformed chip geometries 
using the GUTMANN approach, and the maximum value Fc,max

was derived from this [21]. This allows the model to learn a 
physical relationship between the data points and to capture 
correlations between changes in the input features and the 
actual process-induced variations in the cutting force Fc. The 
results of the trained model are presented in Fig. 10. 

Compared to the previous models, the new model produced 
better results for predicting the maximum wear width VBmax in 
each cutting edge area. In particular, the model for the
prediction of the maximal wear width of the trailing flank in 
area A VBmax,TF-A showed a significant improvement compared 
to the previous model with a coefficient of determination of 
R² = 0.89. Compared to the random forest models, similar 
results were achieved. This finding indicates that the models 
can be directly enhanced by incorporating additional physical 
relationships, thereby demonstrating the approach's openness 
to further development.

Fig. 10. Results neural network - Greybox
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5. Summary and Outlook

In this report the potential of various models for wear 
monitoring of the gear hobbing process using acceleration 
sensors was examined. To this end, fly-cutting trials were 
carried out with variations in cutting speed and axial feed. At 
high cutting speeds of vc = 700 m/min and vc = 800 m/min, it 
was observed that increasing the axial feed fa did not lead to a 
reduction in tool life. In the case of vc = 800 m/min, the tool 
life was even extended by increasing the axial feed fa.

Characteristic values were calculated from the acceleration 
values recorded during the trials and a data set was created. 
This data set was used to develop four wear-monitoring models 
for different tool areas, which were then evaluated for their 
suitability for accurate wear monitoring.

The threshold method could be used to monitor wear width 
satisfactorily in some cases and unsatisfactorily in others. In 
summary, the method demonstrated a high degree of 
susceptibility to disturbance variables, such as vibrations from 
outside the machine, and it is not transferable between different 
process parameters.

The random forest model proved to be suitable for 
adequately predicting the wear width. The coefficients of 
determination for the models ranged between R² = 0.71 and 
R² = 0.92. 

The neural network achieved high accuracies over Acc = 0.9
in terms of pure classification, which was intended to 
determine whether the tool wear was below or above a defined 
wear width of VBmax = 100 µm. However, when a regression 
approach was applied, to determine the actual value of wear 
width, significant deviations were found in the prediction of 
wear at some data points. Therefore, a grey-box model was 
applied. A physical variable, the maximum cutting force Fc, 
was added to the input data to optimize the prediction of the
model. The additional variable enabled the network to learn 
how to weight the individual generating positions GP in 
relation to each other. The best coefficient of determination for 
this model was R² = 0,89.

All models can be further expanded in the future. Initially, 
not only one loop of the fly-cutting trial but all loops can be 
evaluated. It should be noted that this also changes the transfer 
path between the cutting point and the sensor, which has an 
additional influence on the signal data. By including all loops, 
different chip geometries are added to the model. Therefore,
the cutting force Fc in the grey box approach may not be 
sufficient, as different chip geometries can result in equivalent 
resultant forces. Consequently, extending the model to include 
cutting force values for individual cutting edge elements can be 
considered. In addition, further characteristic values and 
sensors can be considered. To do this, a feature analysis is first 
necessary to avoid duplicate information and achieve the best 
possible result. Further physical variables, such as the 
theoretical temperature load of the tool, can also be included to 
further improve the model prediction. 

In order to continuously improve the models, further trials 
must be carried out to constantly expand the database. To this 
end, other cutting material combinations must also be 
considered to be able to consider different wear mechanisms 
with the models.
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