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A self-configuring real-time tool condition monitoring (TCM) system for milling applications using vibration
signals is introduced. A suite of signal processing and machine learning algorithms was developed to define a
generalized correlation between distortion-resistant features of usable and worn tools. Using only a few sec-
onds of learning data acquired at the early stage of tool life, the system synthesizes worn tool features in-pro-
cess to define the decision-making boundaries, independent of the utilized cutting parameters, machines,
and sensors. It provides high detection accuracy and reduces the lead time and cost needed for system devel-

opment and calibration, introducing the plug-and-play concept to TCM.
Crown Copyright © 2024 Published by Elsevier Ltd on behalf of CIRP. All rights reserved.

1. Introduction

Tool condition monitoring (TCM) is crucial for minimizing waste,
preventing scraping of expensive parts, maintaining machining qual-
ity, and increasing machining efficiency. Available real-time TCM sys-
tems utilize indirect measurement of process indicators, such as
force, vibration, acoustic emission and power signals, which require
extensive scientific expertise and long processing times to define the
correlation between the acquired signals and the tool condition [1].
The adoption of artificial intelligence (Al) for TCM has expanded to
maximize the system accuracy and reliability while minimizing the
system learning effort for effective implementation in an industrial
environment featuring a large variability in machining platforms,
part material and geometry, tools, and sensor configurations [2].

Supervised Al learning methods used for TCM possess severe limi-
tations due to their reliance on [1,3]: (i) overwhelmingly large data-
sets that still do not fully describe the process (i.e., the nonlinear
relation between the acquired signals and the tool condition under
different cutting conditions), in addition to the sensitivity of acquired
signals to surrounding noises, the development and implementation
high cost, and the long lead-time, (ii) generation of labelled data for
different levels of tool conditions, which is very difficult to attain in
an industrial setting, (iii) static datasets which require allocating pro-
duction resources to perform learning tests to adapt to the changes
in process and platform variables, and (iv) TCM devotion to a specific
combination of the tool geometry, machine tool and instrumentation
utilized for learning. None of such systems utilized the data collected
during the production cycle to perform self-configuring of the
dynamic system database.
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2. In-process self-configuring TCM approach

This research introduces a self-configuring TCM approach that over-
comes aforementioned TCM limitations. In [4], the authors introduced
a wavelet scattering convolution neural network (WSCNN) TCM
approach that provides a stable representation of signals in the time-
frequency domain. WSCNN extracts key features associated with signal
energy, overcoming crucial TCM development challenges in terms of
feedback signal sensitivity to cutting conditions and surrounding
noise. This minimized the TCM learning effort to one cut per tool con-
dition. In this paper, the authors extend the WSCNN-TCM system by
incorporating self-configuring capability to significantly reduce the
TCM learning dependency on tool geometry, sensor characteristics,
workpiece material, and machining platform.

In the proposed self-configuring approach, shown in Fig. 1, the
WSCNN features are extracted from each 1-second segmented triax-
ial vibration signals in Block (1). The signal distortions due to varia-
tion of cutting conditions are linearized by decomposing the signal x
(t) into multiscale information across different frequency bandwidths
of cascaded wavelet transforms [4]:

Wa(s,1) = (0 = [ X(0vs, (¢~ D)t (1)

where Wx(s,7) denotes the wavelet transform of x(t) at scale s and
translation 7, and v, (t) represents the scaled and translated wave-
let function. The scattering coefficients Sx(11,22) are then calculated
through scaling the modulus of the transformed signals:

SX(21,42) = [Wx + ¢ | * ¢22 @)

where |Wxx¢;,;| signifies the modulus of the convolution of the wave-
let transform at the first layer with a low-pass filter ¢,;(t), and ¢;(t)
represents a second low-pass filter. The output of the first WSCNN
layer is further sifted through more densely spaced sequences of
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Fig. 1. In-process self-configuring TCM approach.

band filters in the 2"¢ layer. This ensures that the extracted features
represent the signal energy and remain locally invariant to signal dis-
tortions, masking the cutting parameters effect. The wavelet band fil-
ters of each layer are preselected to extract the WSCNN features at
the tool passing frequency and its harmonics, where the effect of tool
wear on the processed signals is clearly distinguishable [4]. A 2-way
communication module with the machine control was developed for
real-time acquisition of speed and tool ID using a PROFIBUS interface
module NI cRIO-PB.

A core contribution of this work is the development of long short-
term memory recurrent neural network (LSTM) that can predict the
values of WSCNN features when the tool gets worn using only the
WSCNN features extracted from a usable tool. It maps a generalized
correlation between WSCNN features of usable and worn tools,
regardless of the tool geometry, sensor type and machining platform.
The development of this network, which is described in Section 4,
facilitates the utilization of the data collected during the production
cycle to perform self-configuration, as shown in Block (2) (Fig. 1). The
WSCNN features extracted at the tool early life stage (1 to 3 seconds
of stable cutting) are fed to the developed LSTM to predict the values
of worn WSCNN features. This process is done once per tool. Features
extracted from the new tool using WSCNN and the synthesized worn
WSCNN features using LSTM are then utilized to train a structure of
binary support vector machine (SVM) models. This structure is then
used to define the tool wear state in real-time during the rest of the
cutting process, as shown in Block (3). The SVM separates the two
tool classes (i.e., usable and worn) using the sequential minimal opti-
mization technique by determining a linear hyperplane function f
(x) = x*w+b, where w is minimized to ascertain the widest possible
margin between the two classes. The function f{x) defines instances
into two categories: f(x)>0 for samples belonging to class 1 and f(x)<
0 for samples belonging to class 2. To cluster nonlinearly separable
data, SVM utilizes a slack variable with a penalization parameter,
allowing for some samples to fall within the boundary of the separa-
tion margin. SVM models were selected due to their versatility in
mitigating overfitting and generalization capabilities owing to their
inherent design to minimize structural risk [5]. Moreover, they show
efficiency in handling limited training data, making them the best
candidate for the proposed approach. A voting function is used to
render a final decision based on fusing the outputs of the triaxial
vibration signals. The approach employs a logic algorithm that dis-
cards outlier misclassifications amid the consistently detected tool
condition (e.g., a worn class falls between two usable classes).

3. Experimental setup
An extensive experimental investigation was carried out to dem-

onstrate the accuracy of the developed self-configuring TCM system
tested with variable machining platforms (machine-tools and

factorial test matrix with a total number of 558 milling tests using
usable and worn tools, including one repetition. The tests utilized 13
carbide tools with different diameters ®, number of flutes Z, and cor-
ner radii R ranged between 16 mm to 100 mm, 2 to 7, and 0.8 mm to
6.0 mm, respectively. Only Set-1 of tests was used to build and vali-
date the LSTM and to define the usable to worn WSCNN features cor-
relation. Set-2 to Set-7 were carried out to demonstrate the accuracy
and generalization of the self-configuring TCM prediction for differ-
ent combinations of process and platform variables that the system
was never trained for. Table 2 shows the combinations of machine
tool, sensor, and workpiece material (A17075T6 and Ti6AI4V) for each
test set. The table shows also whether the tests were based on
learned tools or learned cutting conditions or both. The tests were
carried out on two 5-axis machining centres: DMU 100P duoBlock
(vertical, 28 kW spindle power and Siemens 840D control), and
Makino A88 (horizontal, 50 kw spindle power and a Fanuc 16iMA
control). Straight slot and side milling cuts were performed (with cut
lengths of 500 mm and 240 mm for Al7075T6 and Ti6Al4V workpie-
ces, respectively.), except in Set-7, where machining of different fea-
tures of curved slots, and straight and inclined pockets, shown in
Fig. 2 (c), were conducted.

Table 1
Full factorial of nominal cutting conditions.
Set Tool* Ve fz a, ae No. of
# (m/min) (mm/tooth) (mm) (P%) cuts
®16Z2R04 700 3.0,5.0
$16Z2R33
$20Z2R04 880
®20Z2R33
®2572R04 1,100 0.1,0.14 100 160
1 ®25Z2R33
®25Z3R04
®2573R33
$50Z4R04 2,200
®50Z4R33
2 ®20Z2R33 880 0.1 5.0 20,40, ...,100 20
®50Z4R04 2,200 0.1,0.125 3.0,50 10,20,...90 144
3 ®50Z4R33 2,200 0.1,0.125 5.0 20,40,...,100 94
4  ®100Z7R08 188 02,04 07,15 30 16
5  ®32Z3R33 50 0.08,0.12 5.0 25,50, 75 22
$50Z4R60 50 0.08, 0.1 4.0,70  25,50,75 48
6  ®50Z4R60 50 0.08,0.12 40,70  25,50,100 48
7  ®25Z2R33 1,100 Variable Variable Variable 6

* @xx, Zx and Rxx stands for the tool diameter in mm, number of flutes and corner
radius in tenths of mm, respectively. Runout error < 13 xm.

Table. 2
Testing platforms and parameters.
Set#  Machine Accelerometer  Material Learned  Learned
tool? cutting
conditions?
1 DMU 100 PCB 356A01 Al7075T6  Yes Yes
2 DMU 100 PCB 356A01 Al7075T6  Yes No
3 DMU 100 WITNESS Al7075T6 Yes No
4 DMU 100 WITNESS Al7075T6  No No
5 DMU 100 PCB 356A71 Ti6Al4V No No
6 Makino 88  G-Link-200 Ti6Al4V No No
7 DMU100 PCB 356A01 Al7075T6  Yes No

Fig. 2 shows the experimental setup and instrumented machines.
Four triaxial accelerometers were employed independently: (1) a
lightweight voltage-output accelerometer (PCB 356A01), (2) a minia-
ture charge-output (PCB 356A71), (3) a battery-powered wireless
micro-electromechanical system (MEMS) MicroStrain G-LINK-200
accelerometer, and (4) a developed self-powered, miniature wireless
MEMS accelerometer WITNESS [6]. These accelerometers have differ-
ent characteristics in terms of sensitivity and measuring range. The
self-configuring TCM performance was tested using signals from
each of the accelerometers individually, sampled between 1.5 kHz
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Fig.. 2. Experimental setups on (a) DMU 100 and (b) Makino A88 machining centres,
and (c) Set-7 Part geometry.

and 10 kHz based on the tool rotational speed to maintain high reso-
lution of the acquired signals. All accelerometers were mounted on
the spindle head. Tool wear was measured using a ZEISS Smartzoom5
digital microscope. A flank wear (VB) value of 0.25 mm was used as a
tool-life ending criterion. Tools with VB below this threshold are con-
sidered usable. Accelerated tool flank wear and chipping were gener-
ated on the cutting edges through controlled milling processes prior
to performing the cutting tests, excluding crater and build-up-edge
wear. To validate the system accuracy through different stages of tool
life, tests were conducted using a randomly selected tool (#32Z3R33,
Set-5) to capture the evolution of VB up to 0.65 mm using different
cutting condition combinations.

4. LSTM development and validation

The synthesis of WSCNN features for worn tools necessitates defin-
ing a correlation between usable and worn features across diverse tool
geometries. This entails an examination of the effect of cutting tool
geometry parameters (tool diameter, number of flutes, and corner
radius) on the WSCNN features’ values. Features extracted from the
tests conducted using usable tools in Set-1 were utilized for this study.
Results showed a linear correlation between WSCNN features and the
tool geometry parameters: direct proportionality to corner radius and
inverse proportionality to tool diameter and the number of flutes. Sim-
ilar linear correlations were found for features extracted from worn
tools. These correlations allowed projecting the correlation generated
between usable and worn WSCNN features for one tool geometry to
other tool geometries. However, it is unfeasible to analytically describe
this projection function at different scales of WSCNN features for dif-
ferent tool geometries, machining platforms and sensor types. There-
fore, to automatically define the usable to worn WSCNN features
correlation, a sequence-to-sequence long short-term memory recur-
rent neural network (LSTM) model was developed [7] to model the
progressive dependencies between the two tool conditions in the
WSCNN coefficients over wavelet filter bands.

The developed LSTM model consisted of four types of layers,
namely, sequence input, LSTM, fully connected, and regression out-
put layers. The sequence layer standardizes WSCNN features length
for the LSTM layer via padding, splitting, and truncating. Subse-
quently, the LSTM layer learns long-term dependencies between
WSCNN features over different frequency bands, by utilizing the evo-
lution of the WSCNN features values over LSTM learning iterations to
update the network predictions [7]. Three LSTM models were devel-
oped for the radial, tangential and axial vibrations respectively. Due
to the WSCNN features generalization capability, these models were
trained offline using only 40 cuts of Set-1 (tests conducted at one fee-
drate and depth of cut combination for 10 tools and 4 cutting speeds).
The network input was the features extracted from usable tools and
the output is the predictions of the WSCNN values at worn tool state.
The rest of Set-1 tests (120 cuts) were utilized for LSTM validation.
The fusion of the discriminative capability of WSCNN features to line-
arize the effect of cutting and setup parameters, the capacity of LSTM
to learn and model complicated sequential patterns, and the ability
to utilize information from previous frequency bands allowed captur-
ing both local and global WSCNN feature patterns. This enabled the
interpolation of the usable-to-worn correlation for different tool
parameters and eliminated the need for network relearning for

different tools, materials, machine setups and sensors with different
frequency response functions.

Hyperbolic tangent function was employed as activation function
for updating LSTM layer states due to its non-linearity mapping, and
gradient-friendly properties. The key parameters influencing the
regression process, namely, the number of LSTM layers, the number
of hidden units per layer, and the dropout percentage, were opti-
mized for network accuracy and generalization capability. The net-
work optimization step led to utilizing two unidirectional LSTM
layers, 200 hidden units per layer and 15 % dropout to achieve a root
mean square error, R-squared, and mean absolute error of 0.05, 0.98
and 0.02, respectively. Fig. 3 (a) shows the high correlation between
the synthesized WSCNN features (i.e., LSTM predictions) and the
WSCNN features of worn tools of Set-1. Such accuracy is maintained
along different tools and setups due to the proportional correlation
between the WSCNN features and tool geometry parameters. This is
evident in Fig. 3 (b) that shows the WSCNN features at usable and
worn state and the synthesized worn features for an unlearned tool,
sensor and cutting condition. Although the combination of WSCNN
and LSTM models should mask the effect of other tool geometric fea-
tures, e.g., rake angle, on the TCM performance, this factor has not
been tested yet.
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Fig.. 3. Actual and synthesized WSCNN features of LSTM using (a) training data and (b)
an unlearned data sequence of tool ®32Z3R33.

5. Experimental results and discussion

The developed LSTMs were integrated in the self-configuring TCM
system, as shown in Fig. 1, to synthesize worn WSCNN features out of
the features extracted from usable tools. At this stage, no offline
learning is needed. For each tool in Table 1, the WSCNN features
extracted from the vibration signals generated during the first 1 to 3
seconds of stable cutting at the early stage of tool life were utilized to
synthesize the worn features values using the developed LSTM mod-
els. The cutting conditions for this training were arbitrarily selected.
Usable and synthesized worn features were then employed to
develop the SVM models’ structure for decision making to define the
tool wear state in real-time. The developed self-configuring system
has achieved 100 % detection accuracy for all 160 full immersion tests
of Set-1 (for AlI7075T6 workpiece material). As described in Section 4,
this set was partially utilized to develop the LSTM model for worn
WSCNN features synthesizing. Therefore, it is essential to benchmark
the proposed self-configuring approach using unlearned cutting con-
ditions, tool paths, and platforms. In Set-2, where a subset of the tests
conducted in Set-1 was conducted for unlearned partial emersion
conditions and cutting conditions, the self-configuring approach has
achieved a detection accuracy of 96 % over the 164 tests. In Set-3, the
proposed approach achieved 94 % accuracy over 94 full and partial
immersion cutting tests for unlearned cutting conditions, using a dif-
ferent accelerometer type. A 100 % accuracy was achieved in Set-4,
when an unlearned tool was utilized with the same sensor used in
Set-3, extrapolating of the learned tool diameter and number of flutes
in the LSTM models.

For Set-5, milling tests of a different workpiece material (Ti6Al4V)
were conducted using a combination of two unlearned tools and dif-
ferent cutting conditions and sensor type. Fig. 4 shows the perfor-
mance of the self-configuring TCM system throughout the evolution
of the tool life span. The high level of agreement between the mea-
sured VB and the system output is evident. This system was able to
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Fig.. 4. Tool wear evolution detection, Tool ®32Z3R33 (Set-5 Table 1).

accurately detect the tool condition as usable until it reached a VB of
0.21 mm after 485 seconds of cutting. This was followed by a 60 sec-
ond transition period, where the system output alters between
“usable” and “worn” condition near the VB learning boundary
(0.21 mm < VB < 0.32 mm). As cutting proceeded beyond such limit,
a worn tool condition was detected in agreement with the measured
VB. The system showed an accuracy of 97 % in detecting the tool
wear state for this set of tests. It should be noted that any outlier mis-
classifications (shown in Fig. 4 for demonstration) is discarded by the
logic algorithm, described in Section 2.

To test the self-configuring TCM system capability with new plat-
forms, Set-6 tests included conventional milling of Ti6GAl4V on an
unlearned machining centre (MAKINO 88) using unlearned tool
geometries, cutting conditions and a commercial battery-powered
wireless accelerometer. The system showed 94 % accuracy in detect-
ing the tool wear state at these conditions. This is attributed to: (i)
the WSCNN features capability to steadily preserve the energy
induced in the vibration signals by tool wear regardless of the cutting
conditions, (ii) the WSCNN features’ linear correlation with tool
geometry parameters, and (iii) the generalization of the developed
LSTM in modelling the sequence-to-sequence correlation between
usable and worn WSCNN features.

To demonstrate the performance of the developed self-configur-
ing TCM system in real industrial applications, Set-7 tests were con-
ducted to machine curved slots, and straight and inclined pockets
(Fig. 2(c)). Fig. 5 shows the system output during rough milling and
finishing of an inclined pocket using worn and usable tools, respec-
tively. Despite the variations in tool path and cutting conditions, the
system has demonstrated 100 % accuracy in defining the tool wear
state. An “air cut” status is presented by the system logic function
when > 50 % of the processed signal segment does not include tool-
workpiece interaction. The generalization and high reliability of the
system can be assessed by the fact that it has an average accuracy of
97 % throughout the 558 cutting tests, shown in Table 1, even when
unlearned workpiece materials, tools cutting conditions, platforms
and instrumentation were used.
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Fig.. 5. (a) Roughing using worn tool, and (b) finishing using unworn (usable) tool to
machine an inclined pocket in Set-71.

the self-configuring TCM system utilizes these tests to develop LSTM
models to avoid recurring costs needed to expand the learning range
to cover the abovementioned confining aspects. For instance,
expanding the [4] system to cover Sets 2 to 7 would double the cost
due to the additional learning tests needed.

6. Conclusions

A generalized in-process self-configuring approach was devel-
oped for real-time detection of tool wear state of milling tools, which
is an enabling technology for a new generation of TCM intelligence.
The presented development overcomes the limitations of available
TCM systems in literature and provides high detection accuracy using
only one to three seconds of signals acquired in-process. This was
achieved by developing a generalized correlation between features
extracted from usable and worn tools. A suite of machine learning
algorithms for multi-signal processing and fusion was developed to
extract a stream of representative features and build decision-making
boundaries in real-time. This system is insensitive to the surrounding
noise and significantly reduces the time and cost associated with a
TCM system’s deployment and expansion, which make it a unique
candidate for implementation in industrial facilities. Such TCM
framework isolates the variability of the machining process (tool
geometry, workpiece material, cutting conditions, tool engagement)
and platform (machine tool and sensor type). To the authors’ best
knowledge, this capability has never been attained by Al-based TCM
systems reported in the open literature, thus responding to the
industrial need for unsupervised TCM for multi-axis milling.
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