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The management of cutting tool wear and tool life is a long-standing topic in machining research and practice.
Although a wide range of analytical and data-driven wear models has been proposed, their direct applicability in
defining a robust tool life criterion and for practical tool life prediction remains limited. In this paper, we analyze
several alternative functional forms for the flank wear—time (VB-t) relationship with the specific aim of defining an
analytically tractable tool life criterion based on the minimum wear intensity and the inflection point of the wear
curve. Linear, power, exponential and third-degree polynomial models are compared in terms of goodness of fit,
monotonicity and the possibility of deriving closed-form expressions for the inflection point and the corresponding
lifetime. Based on these criteria, monotonically increasing exponential and cubic polynomial models are identified
as the most promising candidates. Their applicability is illustrated using a representative turning test, using a
single measured wear curve as a case study rather than full statistical validation. The analysis shows that once
the model parameters are identified for a given cutting system, the proposed framework can provide a transparent,
analytically defined lifetime criterion and can support prediction of the remaining tool life. The work is therefore
intended as a methodological contribution and as a starting point for future, more comprehensive experimental

validation and for integration into digital tool condition monitoring systems.
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1. Introduction

In recent years, digitalization, high-speed data (5G),
especially advanced sensor technology [1], artificial
intelligence (AI) [2] and, related to these, digital twin [3]
have led a number of researchers to work on the wear
process of cutting tools, tool life, its predictability and
automatic tool monitoring [4],[5] or other international
programs in this field, in view of the fact that Industry 4.0
is the fourth digital industrial revolution, in which
information technology (IT) and automation are
becoming increasingly intertwined, leading to a
fundamental change in manufacturing methods, where
sensors, machines, workpieces (parts) and IT systems are
linked along the manufacturing process [6].

Numerous approaches have been proposed for tool
condition monitoring and tool wear prediction in turning
and milling, ranging from physics-based models to
machine-learning-based solutions. Nevertheless, in many
practical applications the tool life is still determined
indirectly, using relatively simple analytical wear models
and empirically selected wear limits. The aim is always
to produce accurately, cost-effectively and in an
environmentally friendly way, and this is inextricably
linked to making the most of the knowledge and tools
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available [7]. This is one of the reasons why further
analysis of the wear mechanism of cutting tool edges, the
causes and the process of wear are necessary. For
adaptive optimization of cutting parameters, multisource
machining data can be used (e.g. cutting force [8],[9] or
vibration [10],[11]), which help to set up a tool wear
prediction model. In several studies [12]-[15] the tool
wear prediction models were investigated using
multisource matching data. In addition to the multisource
machining data, wear is greatly influenced by the right
choice workpieces and cutting tool material [16].
Marousi et al. [17] came to the conclusion that even the
grain structure of the material is a highly influential
factor in wear, also stated that fractal analysis of signals
can be used to monitor the tool wear. Then there are
studies in which the effect of clamping and possible
displacement of the workpiece and the tool on wear is
also examined; with the knowledge, data can be used to
filter out most of negative factors [18].

With the knowledge of all kinds of data (e.g. from
tool makers), the expected tool life can be predicted
approximately, but unfortunately in practice the precise
prediction of tool wear using traditional machine learning
methods is highly challenging due to variable cutting
conditions and the limited availability of tool wear data.
To address these dual challenges, Biyao Qiang et al. [19]
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propose a physics-informed transfer learning (PITL)
framework for predicting tool wear under varying
working conditions. Of course, there are other models
that determine the life expectancy based on different
methods [20]. Li et al. [21] introduced a data-driven tool
wear monitoring approach using radar images. The
method integrates radar image features and utilizes two
models: a decision tree based on AdaBoost and a stacked
bidirectional long short-term memory (BiLSTM)
algorithm. Together, these models enable both the
recognition of tool wear states and the prediction of tool
wear progression.

The problem with most of these models is that they
are not capable of online monitoring, with their help, tool
life can only be determined afterwards. The reason for
this is that the models that work with the geometric
dimensions [22] of the wear are much more accurate
[23],[24], this measurement could only be performed by
pausing (offline) the cutting process. Models that work
with physical data obtained during cutting [25] must be
much more complex, because that is the only way to
provide valid results. Pengfei Ding et al. [26] propose a
time-varying cutting force modelling method that
accounts for tool wear, deformation, workpiece size
change, elastic recovery and chip separation. There are
also models that can be used to pre-determine (with
reservations, of course) the tool life, without any cutting.
Nanyuan Zhang et al. [27] present an efficient approach
of tool wear simulation using the numerical SPH-FEM
method.

From the literature, it can be concluded that usable
wear analysis and tool life prediction can only be
obtained from operational data (wear, temperature,
performance or power). The most effective of these are
offline wear measurement [28]-[30] and power
measurement [31]. Wear measurement can be performed
on tools that are currently outside the grip, in the tool
magazine or in the turret head. The cutting power can be
continuously monitored and compared to that produced
by the original wear-free tools (MAZAK application)
[32].

Against this background, there is still a need for
transparent, analytically tractable wear models that can
be calibrated for a given cutting system and then used to
define and predict tool life in a consistent way. The
present work therefore focuses on the analytical
description of the flank wear—time relationship VB(f) and
on the definition of a tool life criterion that is consistent
with the physical shape of the wear curve. The specific
objectives are:

* to compare several candidate functional forms
(linear, power, exponential and cubic polynomial)
in terms of goodness of fit, monotonicity and
analytical tractability,

* to derive closed-form expressions for the inflection
point of VB(¢) and for the minimum wear intensity,
and to relate these to a rational lifetime criterion and

* to illustrate the practical use of the most promising
models on a representative turning test, based on a
single measured wear curve.

The study is intended as a methodological
exploratory contribution. It does not aim at a full
experimental or preliminary analytical study or at
developing a complete real-time monitoring system, but
at providing a mathematically transparent framework
that can be combined with different measurements and
monitoring strategies in future work.

1.1. Causes of wear

Based on a wide range of research over the past century,
researchers still agree that wear on cutting tools is caused
by several physical, mechanical and chemical effects,
including [33]:

« abrasive wear,

 adhesion wear,

« diffusion wear,

* oxidation wear,

* chipping wear and

* wear resulting from plastic deformation.

The main wear mechanisms occurring during
machining include abrasive wear, adhesive wear,
oxidation wear, and diffusion wear. These mechanisms
primarily affect the rake face and flank face of the cutting
tool, thereby influencing tool life, surface integrity, and
overall machining performance [34]. The proportion of
these effects depends on the specific technological
conditions, but it can be concluded that the thermal effect
of the machining process plays a decisive role in their
development and significance [35].

Koren [36] and Roumesy [37] also confirm that if a
tool is operated under the technological conditions
recommended by the manufacturers for the workpiece
material, without edge deformation and rapid edge
burnout (oxidation), then abrasion and diffusion effects
are the most important for the development of wear.
Abrasive wear typically increases rapidly at the
beginning of machining and then tends to stabilise,
whereas diffusion wear becomes increasingly significant
with longer cutting times. The combined effect of these
two mechanisms determines the characteristic overall
wear behaviour of the cutting tool as a function of
machining time.

1.2. The process of wear

The edges of cutting tools wear and tear during
machining. The extent of wear is usually described by the
average wear (VB) measured on the major flank
(Figure 1), according to ISO 3685, the generally
allowable wear rate for high-speed steel and carbide
VBatiowed = 0.3 mm, and for ceramics VBajiowed = 0.2 mm
[38]. Reaching this value represents the theoretical tool
edge failure time, the tool life (7). The average back wear
is the average wear over the edge length b - (b/4 + r¢), as
shown in the figure. b is the original edge length of the
tool, which is equal to the theoretical chip width. The
maximum back wear VBmax is most often measured near
the tool tip or at the end of the tool length in the grip, the
allowable magnitude of which is generally recommended
to be twice the value of VBaiiowed.
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When machining tough materials, cratering wear
develops on the front surface, the extent of which can be
described by the crater depth (K7), but it is difficult to
measure, tool wear is most commonly characterized by
the VB—t diagram, i.e. the wear curve. This wear curve
can generally be divided into three stages. In stage I, wear
increases relatively rapidly and is dominated mainly by
abrasion. In stage II, wear develops approximately
linearly, while diffusion becomes increasingly
significant due to the temperature rise associated with the
wear process. In stage 11, wear accelerates progressively,
leading ultimately to complete tool failure [39].

Table 1 summarizes the characteristics of the three
stages of the wear curve and the reasons for the increase
in wear. Phase II is represented by the author as a simple
straight line, although it is only an approximation, since
at some point the degressive phase changes into a
progressive one, which means that there must be an
inflection point at the transition, the exact interpretation
and definition of which are among the cornerstones of
our research [40].

From a practical point of view, the interpretation
and definition of the tool life criterion are essential when
analysing the wear curve. In general, the allowable wear
value, in this case the allowable flank wear VBajiowed, has
traditionally been determined based on machining tests
and manufacturing experience. However, this approach
may lead either to underutilization or over-utilization of
the cutting edge. For different cutting speeds
(vei<vea<ves), the tool lives determined at the intersection
of the wear curves with VBaiowed (71, T2, T3) do not always
coincide with the lifetimes corresponding to the
maximum permissible wear. In the case of the wear curve
for w1, the tool life meets the predefined criterion with
nearly maximum utilization, whereas for vc; the available
tool life can be utilized more effectively, and for v.; there
may still be a reserve in tool life before the maximum
wear limit is reached. By contrast, if the cutting edge is
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I
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original edge

Microscopic image
of flank wear

Figure 1. Interpretation of wear types

used beyond the permissible limit, over-utilization may
occur, which can result in tool breakage or in
unacceptable deterioration of the surface roughness and
dimensional accuracy of the machined workpiece.

Applying  VBaiowea according to the ISO
recommendation on the v; curve, we entered the stage of
dangerous progressive wear, i.e. TI<T1. On the v3 curve,
we did not use the performance of the tool because we
stopped before the start of the progressive phase, so
T3> T3. We stopped on the v, curve just at the beginning
of the progressive phase, we also used the edge of the tool
with VBaiiowed, 1.€. T2=T2.

Table 1: Analysis of wear curve sections [40]

Characteristics 1. Degressive wear

II. Linear wear III. Progressive wear

o Repetitive radius of curvature
of chip with smooth
reflective underside

o Part surface finish smooth

o Slight flank wear

Visual Clues

e “Clean hiss” of serrations
and “constant trickle” of
regular chip sections

e No unusual “spikes”

Aural Cues

Tactile Cue e Part surface feels smooth

Machinist’s
Thoughts

e Tool basically “new” and
working smoothly

¢ Chips begin to show
changing curvature and
duller underside

o Surface finish on part poorer

e Collar begins to form

e More flanks wear

e Less regular chip sections
interrupt even “trickle”
e Some “spikes” heard

e Some “ears” on part surface

e Expected deterioration
occurring

o Chips irregular and broken
with uneven serrations and
dull underside

o Dull surface finish

e Large collar

e Heavy flank wear

o Chips obviously uneven
o Spikes intense with squealing
possible

e Rough “ears” on part

e Must stop before damage
occurs

T1, T2, T3 - obtained when applying VBaioweds; T1, T2, T3 — lifetime according to the maximum allowable wear;
Vel, Ve2, Ve3 - cutting speeds for wear curves; ¢ - cutting time; VB— flank wear
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2. Tool life criterion, the possibility of
predicting life

The maximum allowable wear rate is defined by the
minimum wear intensity:

I = %(t) - minimum (1).
The wear intensity is the ratio of the instantaneous
wear to the time elapsed since the chipping, after which
the wear curve enters the third, intense over-wear phase.
There is an inflection between the initial and maximum
allowable wear, where the degressive phase enters the
progressive range, i.e.
_ B _
==

v, = VB(t)' 0 (2).

The wear rate (vy) and the wear intensity (/) derived
from the wear curve are plotted with the inflection (#nr)
and the lifetime (7) in Figure 2.

The minimum values can be determined by an
extreme value calculation after derivation of the wear
function fitted to the measured points. As described
above, the following requirements can be made of the
fitted functions:

1. as close to reality as possible, with a good fit to the
measured data,

2. provide a simple way to determine the lifetime (7),
i.e. to calculate the minimum of the wear intensity
(1) in a closed form,

3. compute the inflection point tinr of the function VB-
t in closed form,

4. there should be a clear, numerical relationship
between fi,y and T to predict the expected
occurrence of the end of life and

5. it should preferably be monotonically increasing, as
wear increases monotonically during machining.

E wear curve, VB(t) /
o
>
t (min)
g tinf (Min) T (min)
E wear speed, VB(t)’
=
> T t (min)
= wear intensity, VB(t)/t
E
E
: \
- t (min)

Figure 2: The wear pit, wear rate and wear intensity

2.1. Functions fitted to the measured values of
the wear curve VB (t)

In this research, we first examined the goodness-of-fit of
the traditionally used linear and power functions fitting
VB points to real-world VB using Microsoft Excel®. As
an example, Figure 3 illustrates that their correlation
coefficients are below the R>0.900 value still considered
acceptable in engineering practice.

Based on the measurements and the literature [11],
we tried exponential functions followed by third degree
polynomials on several VB data sets. Some of these
relationships can be found in the literature. The functions
are the followings (I1.-V.):

Process: turning

—~ 0,45 ¢
E 04 A / Material: X6CrNiTi1810
E 0,35 4 vB=0.0112t+ 0.0677 Tool material and form: Tizit
> 03 - R =0.8507 GM35 (P20) TiC-TiN coated;
: \\ SPJN 120404
0,25 -
= Technological parameters:
0,2 - ’_/ 5o osaap| |18 mimi
’ =0. ' =0,243 fford
0.15 5 /é—"/ ' R=08002 | |a=imm
0,1 - ¥ Flood cooled
0,05
0 N —e&—VB (mm)
0 5 10 15 20 25 Power of VB (mm)
t (min)

= . Linear of VB (mm)

Figure 3: Linear and power function fitting
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1. Sum of two exponential functions
(VB. exp. exp) [11]

The function
VB =A(1—e™ ) +B(eft —1) 3),

where 4, B, a, f are the constants of the equation to be
determined during function fitting.

The inflection point

1 Aa

The tool lifetime
To calculate the minimum wear intensity, the following
transcendental equation was obtained:

—A+B+Ae (at +1) + BePt (Bt —1) =0  (5),

which cannot be solved analytically; therefore the
lifetime T cannot be calculated in closed form, and there
is no numerical relationship between finr and 7.

II. Exponential, non-monotonically increasing
(VB.exp. n.mon) [14]

The function

VB =t- eA+Bt+CI:2 (6),

where A4, B, C are the constants of the equation.

The inflection point

-B¥/B2%-8C
4c

(7
If B? - 8C > 0, between the two extremes, the slope of the
curve is negative, i.e. the wear decreases over time along

this section, which is physically impossible. The curve is
not monotonically increasing.

tinf1,2 =

The tool lifetime

T=-2 (8)

2C

1I1. Exponential, monotonically increasing
(VB.exp.mon)

The function

BZ
VB =t- """ ()
where 4 and B are the constants of the equation.
The inflection point
2
tinf = —3 (10)
The tool lifetime
4
ie.
T =2ty (12).

1V. Polynomial, non-monotonically increasing
(VB.pol. n.mon)

The function

VB=A-t3+B-t>+C-t (13),
where 4, B, C are the constants of the equation.
The inflection point
B
ting = = 35 (14)
The tool lifetime
B
T=- o2 (15),
ie.
3

Note that the non-monotonic increasing nature of the
function allows for "backtracking", a reduction in wear
in the process, which cannot occur in reality.

V. Polynomial, monotone increasing
(VB.pol.mon)

The function

VB=A-t3+3-A-C-t*+3-A-C*-¢t (17),
where A4, C are the constants of the equation.
The inflection point
ting = —C (18)
The tool lifetime
T=—--C (19),
ie.
T =2ty (20).

2.2. Degree of goodness of fitted curves,
practical usefulness based on measured
data

Several tens of wear curves were recorded on a universal
lathe, where the workpiece was chucked and tip-
supported. In the present manuscript, detailed plots are
shown for one representative wear curve in order to
facilitate the analytical discussion of the different model
structures. The remaining curves were used to verify
qualitatively that the main observations are not limited to
a single experiment, but no full statistical evaluation was
carried out.

The workpieces diameter was between 60-120 mm
and the length was 400 mm; the material grade was
austenitic corrosion resistant steel X6CrNiTi1810. The
HSS-E high-speed steel, uncoated and CERATIZIT
brand GM35 TiC-TiN coated P20 carbide plate were
tested. The MITUTOYO Quick Vision ELF Pro
measuring microscope and workshop microscope were
used for wear measurement. Based on the criteria
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Table 2: Evaluation of fitted functions

. . Criteria
Sign of function 1 5 3 4 s
L VB.exp.exp + - + - +
IL. VB.exp.n.mon + + - - -
III VB.exp.mon + + + + +
v VB.pol.n.mon + + + + -
V. VB.pol.mon + + + + +

described in Chapter 2, the functions discussed in
Chapter 2.1 were evaluated in Table 2 and fitted to the
measured points using VisualBasic® software. It can be
seen that for the GM35 carbide plate all functions satisfy
criterion 1., but only IIT and V. fully satisfy the others.

The evaluation of Table 2 is supported by Figure 4.
It can be seen that the non-monotonic increasing
functions (VB.exp.n.mon, VB.pol.n.mon) can have
several inflection points, which precludes the possibility
of a concrete prediction of the lifetime, unlike the
monotonic  increasing  functions  (VB.exp.mon,
VB.pol.mon), where the end of the lifetime can be
precisely determined by knowing the single inflection.

In Table 3, the coefficients of the function curves
shown in Figure 4, the corresponding inflection points,
edge holdings and correlation indices are given, which
can be used to write the concrete equations. The
correlation indices close to R=1.00 stand out, in contrast
to the values of R=0.80 and 0.85 in Figure 3, noting that
similar values were observed for wear curves recorded
under other technological conditions. To demonstrate the
results, we chose the technological set-up shown in
Figure 3 because tooling companies recommend a tool
life of 7=10-20 min for carbide flap tools, considering
economic and productivity aspects, and the tool life falls
within this range.

It should be emphasised that the very high
correlation coefficients reported in 7able 3 quantify only
the goodness of fit on the same experimental data that
were used to identify the model parameters. They do not
represent predictive accuracy in the sense of forecasting
wear on independent experiments. If the turning tests
were repeated several times under identical cutting
conditions, some scatter of the measured wear curves and
tool life would be expected, and the errors of the fitted

05 -
€ VB(t) fitted to the
—e—V/B.measured, mm _
E measured pointscurves
«@ ~——VB.exp.n.mon, mm
044~
——VB.exp.mon, mm
VB.pol.n.mon, mm
0,3 - ——VB.pol.mon, mm
——VB.exp.exp, mm
0,2 1
_— — — &
“W—
0,1 1 /
t (min)
0,0 . . . . .
0 5 10 15 20 25

Figure 4: Exponential functions and polynomials of
degree three fitted to the measured values in Figure 3

models with respect to individual repetitions would
inevitably increase. Quantifying such predictive
performance would require a dedicated experimental
campaign with repeated tests and an appropriate
statistical analysis, which is beyond the scope of this
preliminary study.

2.3. The possibility of lifetime forecasting

For most of the recorded wear curves, we found that, by
connecting the measured points, the inflection falls
within two-thirds of the distance from the origin to the
start of the real phase III. This suggests that the real
conditions are best approximated by the VB.pol.mon
functions, as confirmed in Table 4.

Examining T7Table 4 and Figure 5, fitting
polynomials to the measured wear intensity and
measured wear rate plots, we obtain a confirmation of the
relationship T=1.5t¢ according to Equation 20, which
agrees numerically well with the calculated data in the
VB.pol.mon column of 7able 3. This agreement suggests
that, in principle, dense wear measurements combined
with rapid numerical evaluation could allow the end of
tool life to be anticipated before the conventional VB
criterion is reached, typically by about 25-30% of the
service time in the examples studied. However, this
should currently be regarded as a conceptual
demonstration based on limited experimental data. A

Table 3: Numerical data for the fitted functions in Figure 4

st VBen VBep VBml o VBl Vhew,
Coefficient A -2.280 -2.480 0.0002 0.000145 0.140
Coefficient B -0.310 -0.270 -0.00633 9.00x10°
Coefficient C 1.04x107? 6.00x102 -1.02x10

Coefficient o 1.150
Coefficient p 0.360
VB(t) inflection point tinf, (Min) -—-- 7.460 10.560 10.200 5.640
Minimum wear intensity T, (min) 14.810 14.930 15.830 15.300 -
VB(t) correlation index R 0.9971 0.9908 0.9740 0.9752 0.9976
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Table 4: Wear intensity (Imeasured) and wear rate
(Vw measured) values for the measured VBmeasured data
in Figure 4

Imeasured Vw measured
(mtin) Vl(;::;")“ed (mm/min) (n?i;) (?nljf) (mm/min)
VBmeasured/t AVB/At
0.1 0.02 0.200
1.0 0.10 0.100 0.9 0.08 0.089
2.2 0.12 0.055 1.2 0.02 0.017
4.4 0.14 0.032 2.2 0.02 0.009
8.8 0.14 0.016 4.4 0.00 0.000
13.2 0.15 0.011 4.4 0.01 0.002
16.8 0.19 0.011 3.6 0.04 0.011
20.4 0.29 0.014 3.6 0.1 0.028
223 0.42 0.019 1.9 0.13 0.068

statistically robust assessment of prediction accuracy
would require repeated measurements under identical
cutting conditions and an evaluation of the scatter of the
T/tins relation, which is planned for future work.

From a practical point of view, implementing real-
time tool life prediction with the proposed approach
would require several additional steps. First, the chosen
analytical model structure (e.g. the monotonically
increasing third-order polynomial VB.pol.mon) would
need to be calibrated offline for a given combination of
tool, workpiece and cutting parameters, using several
experimentally measured wear curves to capture the
variability of tool life. During production, wear could
then be estimated either intermittently from direct
measurements of VB or indirectly from process signals,
and the analytical relation between finr and T would
provide an estimate of the remaining tool life. The
present paper addresses only the analytical foundations
of this approach and an illustration based on limited
experimental data; a full implementation and validation
of a real-time monitoring system is left for future work.

Wear measurement during milling — using a shape
recognition system — can even be carried out online,
when the measured blade is briefly out of grip. Fast and
accurate evaluation is ensured by modern IT tools and Al
systems [2],[3]. In turning, measurements are usually
only possible in an off-line mode, e.g. during tool change,
which is a more complex and slower process.

As already mentioned in the introduction, besides
the lifetime prediction, it is of course necessary to
monitor the machining process in the other direction,
detecting accidental collisions and tool breakage, e.g. by
force measurement. If the measured torque or force
component exceeds an allowable limit, the process is
stopped immediately. Such a system is offered by tool
manufacturer CERATIZIT, for example. This ToolScope
tool monitoring system detects collisions, breakage and
also over-abrasion that has already occurred (without
prediction!) during drilling and milling; it can
automatically stop the process [40],[42].

a)

VB (mm)

0,2 4 .
014

0,0 T T T T »

017 t (min)

b)

o
N
wn

Imeasured= VBmeasured/t

o
=
wn

Imeasured (mm/min)

measured = 0.0007t% - 0.0205t + 0.1378
R =0.864
T=15 min

t (min)

c)

i * Vi measured™ AVB/At

v,, = -2E-05t> + 0.0015t2 - 0.0222t + 0.0862 *
R =0.866

o
.

o
o
[==]

o
o
)

tine= 10 min

Vw measured (mm/min)

o
o
B~

0021 o

0 : < * r »
5 10 15 20 25

-0.02 - t (min)
Figure 5: Plots of the a) measured points (¥Bmeasured) 0f
wear curve, b) measured wear intensity (Imeasured)
and c) the wear speed (Vw measured) based on the fitted
polynomials

Once the model parameters have been identified for
a given cutting system, the VB(z) function and its
inflection point can be used to define a consistent lifetime
criterion and to estimate the remaining tool life from the
current wear state. In this sense, the proposed analytical
framework can support real-time or near-real-time
prediction, provided that it is combined with an
appropriate wear measurement or state estimation
method. The present paper, however, is limited to the
analytical aspects and the demonstration on a single wear
curve; a systematic evaluation of prediction accuracy
under repeated experiments remains a subject of future
work.

3. Summary

In this publication, the authors have analyzed the causes
and processes of cutting tool wear based on literature data
and their own experimental experience and combined
this with an analytical investigation of several wear
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model structures. A lifetime criterion based on the
minimum wear intensity and the inflection point of the
VB—t curve has been formulated and expressed in closed
form for selected exponential and polynomial models.
The analytical relations between the inflection time #nr
and the tool life 7"have been illustrated on experimentally
measured wear curves from turning tests, showing that a
relation of approximately 7=1.5fnr holds for the
analyzed datasets. In this way, new wear model structures
have been set up to support the monitoring of tool life and
the cutting process, and to provide a potential basis for
improving the accuracy and reliability of tool life
prediction. With the application of modern IT tools and
artificial intelligence (AI), the proposed analytical
framework could contribute to the increasingly
widespread field of digital twin technology, especially in
the improvement of monitoring systems, for example in
analyzing wear of machine tool components and
predicting failure.

The present study has several limitations. The
analytical comparison of the candidate wear models and
the derivation of the lifetime criterion are illustrated on a
limited number of measured wear curves, in particular on
a single representative curve without repeated
experiments under identical conditions. As a
consequence, the reported goodness-of-fit and the
apparent prediction accuracy reflect these specific
datasets and cannot be interpreted as a statistical
validation. It is expected that, if the wear tests were
repeated many times, the prediction accuracy would
decrease due to experimental variability and
measurement noise. Furthermore, the study does not
include any direct evaluation of online or real-time
monitoring strategies; it is restricted to the analytical
aspects of VB(t) modelling. A comprehensive
assessment of prediction accuracy and robustness, based
on repeated measurements and different cutting
conditions, as well as the integration of the calibrated
models with online sensing and data processing in tool
condition monitoring and digital-twin systems, is left for
future work.
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