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Abstract: In industry, the capability to predict tool wear is an essential matter as the quality and
performance of a cutting tool directly affect the product quality. Developing a model to predict tool
wear can help control tool wear and maximize tool utilization. Therefore, this study presents a method
of predicting tool flank wear of coated carbide inserts while machining AISI 1050 low carbon steel
with a turning operation. The adaptive neuro-fuzzy approach (ANFIS) was implemented in this
research. Experiments were conducted based on the Design of Experiments (DOE) technique by
developing experiments with four factors at four levels corresponding to the L4 (4*) experimental array
to measure tool flank wear. At the end, a verification test was conducted to illustrate the effectiveness
of this approach. Using ANFIS, average prediction accuracy of 92.42% was obtained and the ANFIS
tool wear model developed indicated how the interaction between factors influenced tool wear.
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1. INTRODUCTION

Turning is a common machining process used
especially for the finishing of components. In machining,
tool wear is a natural phenomenon that refers to the cutting
tool gradually losing its cutting ability, progressively
leading to tool failure [1]. Tool wear is definitely unpleasant
because as it increases to a certain value, the tool needs to be
changed. Replacement with a new tool results in process
interruption and rising machining cost, which is the most
undesirable consequence in the manufacturing field.
Therefore, to achieve high quality machining performance,
machining parameter selection and control are essential.
Several methods used in the selection of optimum cutting
conditions are based on the operator’s experience or a
design data book [2]. The conventional method of
determining the optimal values is the “trial and error”
approach. However, due to the large number of experiments,
“trial and error” is very time consuming. Hence, a reliable,
systematic approach to optimizing parameters is required.
Therefore, mathematical and scientific approaches have
been designed and developed for selecting machining
parameters and predicting the behaviour of machining
performance. The presence of prediction models should
eliminate unnecessary cost and time-consuming trial and
error methods to find stable cutting conditions. Soft
computing techniques are often selected as prediction
models due to their effectiveness and simplicity. Such

methods are useful when exact mathematical information is
not available, and these differ from conventional computing
in that they are tolerant to imprecision, uncertainty, partial
truth, approximation, and met heuristics [3, 4]. ANFIS is
among the soft computing techniques that play a significant
role in modeling input-output matrix relationships. It is used
when subjective knowledge and expert suggestions are
substantial to defining the objective function and decision
variables. ANFIS is ideal for predicting tool wear based on
input variables due to the nonlinear condition in the
machining process [5-9].

As a conclusion of the above review, the aim of the present
work is to develop an accurate perdition model of tool wear
using the ANFIS modeling technique for maximum cutting
tool utilization.

2. METHODOLOGY

2.1 Design of Experiment

Parameter design was implemented in this study because it
is recognized as able to significantly reduce the number of
experiments. The L;s experimental array, as shown in Table
1, was used for its four factors, and each was identified at
four levels as the input variables. The factors and their levels
are presented in Table 2. The parameter range was selected
based on the tool manufacturer’s recommendation.
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Table 1. L;s Experimental array and measured tool wear

Ex. Cutting parameter level TO(OI wear
PI___P2___P3 P4 um)
1 1 1 1 1 27.22
2 1 2 2 2 18.33
3 1 3 3 3 65.75
4 1 4 4 4 38.33
5 2 1 2 3 67.78
6 2 2 1 4 18.33
7 2 3 4 1 30.56
8 2 4 3 2 40.22
9 3 1 3 4 18.89
10 3 2 4 3 77.54
11 3 3 1 2 21.67
12 3 4 2 1 41.67
13 4 1 4 2 125.56
14 4 2 3 1 33.33
15 4 3 2 4 18.89
16 4 4 1 3 54.43

Table 2. Factors and levels used in the experiment

Control fictors Experimental condition levels
1 2 3 4
P1 |Cutting speed (rpm) | 1625 | 1750 | 1875 2000
P2 [Feed rate (mm/rev) 0.05 0.1 0.15 0.2
P3 |Depth of cut (mm) 0.5 0.75 1 1.25
P4 |Lubrication dry flood | MQL | MQL+nanolubricant

2.2 Experiment Setup and Procedure

The experimental setup is shown in Fig. 1. The 16
experiments were conducted based on the experimental
array. The machine used in this study was an Okuma LB15
I CNC lathe machine. The lubrication system was
implemented accordingly based on the lubrication mode
used in each experiment as stated in the array. Dry cutting
was performed under a cooling system or air blow
condition. The second mode was flood cutting, which was
done using soluble cutting fluid Mobilcut 100, manufactured
by Mobil. It is a conventional milky soluble oil, which
forms a stable emulsion when mixed with water. The cutting
fluid was obtained by mixing oil in water at a ratio of 1:20
oil to water as recommended by the manufacturer. The third
lubrication mode was the MQL mode. This cutting condition
was implemented using a developed cutting fluid delivery
system. The delivery system parameters were set at 400
pulse/min pulsing rate, 20 Mpa air pressure and 10 ml/h
delivery rate. The nozzle was attached to a flexible holder to
allow adjusting the orientation of cutting fluid delivery for
efficient fluid delivery. The nozzle was fixed at the tool
turret to ensure continuous cutting fluid delivery to the
cutting point throughout the whole cutting process. The oil
used in MQL was ECOCUT SSN 332, produced by
FUCHS. The last lubrication mode was nanolubricant. It
uses the exact same cutting fluid delivery system, setup and
delivery parameters as the MQL lubrication mode
mentioned previously. The major difference is the cutting
fluid used. Nanolubricant was prepared by dispersing
nanopowder into cutting oil (ECOCUT SSN 332). The
nanopowder was Silicon Dioxide (SiO2) of 5-15 nm size
under the BET testing method with 99.5% metal basis.

Table 3 shows the properties of Silicon Dioxide. Because
the average particles size of Silicon Dioxide is 5-15
nanometres, the concentration of nanopowder added was 1%
of the weight of the cutting oil used, as obtained from one of
our previous research works [10]. The cutting oil and
Silicon Dioxide were first stirred into a mixture using a
hotplate magnetic stirrer, which employs a rotating magnetic
field that causes the stir bar to spin very quickly. After that,
the solution was placed in an ultrasonic vibration bath for 4
hours to attain effective nanoparticle dispersion. The
ultrasonic energy in this device served to break up the
nanoparticle aggregates suspended in the solution.

The tool used throughout the study was a coated carbide
insert confirmed to ISO designation DNMG150608. The
workpiece was an AISI 1050 low carbon steel round rod
with a diameter of 32 mm and length of 200 mm. The
oxidized layer of the workpiece was removed by cutting
0.25 mm of the material prior to the experiment. A
preliminary study on the tool wear behaviour of the selected
tool was carried out before conducting the experiment to
understand the behaviour of tool wear. The experiment to
obtain the tool wear curve was done under fixed cutting
conditions and dry cutting mode. The cutting speed, feed
and depth of cut were 1900 rpm, 0.20 mm/rev and 1.00 mm,
respectively, for every experimental run. The time for each
run was recorded and the tool flank wear was measured after
each run with a Somotech Microscope. A curve of average
tool flank wear against time was plotted to observe the wear
rate.

(b) Tool, workpiece and lubrication mode setting

Fig. 1. Experiment Setup
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Table 3. Properties of silicon dioxide Nanopowder

Properties Description
Purity 99.50%

APS 15-20nm
SSA 170-200m2/g
Colour White

Bulk Density <0.10g/cm3
True Density 2.4g/cm3
Refractive index 1.46

3. EXPERIMENTAL RESULTS

Figure 2 shows the tool life curve of a coated carbide insert
for machining AISI 1050 low carbon steel in dry cutting
mode, 1900 rpm cutting speed, 0.20 mm/rev feed rate and
1.00 mm depth of cut. The curve indicates the relationship
between the average tool flank wear with accumulating
cutting time. According to the ISO standard, flank wear is
measured by the width of the flank wear area, VB, shown

schematically in Fig. 3.
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Fig. 2. Tool life curve of coated carbide insert for machining
of AISI 1050 in dry cutting mode, 1900 rpm cutting speed,
0.20 mm/rev feed rate and 1.00 mm depth of cut
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Fig. 3. (a) Regions of tool wear on a cutting tool; (b)
measurement of flank wear [1]

The tool life curve can be divided into three stages: break-in
wear stage at the onset when the tool wear rate is faster and
occurs over a very short time period, and it ends after 0.38
min for average tool flank wear of 42 pm. The second stage
is steady state wear, when the tool wear rate is slow and
steady. The last stage is the accelerating tool wear stage,
when wear accelerates rapidly, followed by tool failure. It
starts at average tool flank wear of 115.47 um and continues

until the end of the tool life. N.R. Dhar et al. (2006) stated
that the rapid tool rate at the break-in wear stage is caused
by attrition and microchipping at the sharp cutting edges
[11]. In order to obtain fair results and avoid the influence of
unsteady wear in the running-in stage, machining was
started with a new, sharp insert that was initially worn to a
steady-state wear level (45-60 pm average tool flank value).
Due to the initial wear being unstable, cutting the same
amount of material did not ensure a constant amount of tool
wear. Therefore, for subsequent experiments, the net
average tool flank wear values were taken as the tool wear
values by taking the difference of the final average and
initial average tool flank wear.

Tool wear was measured at three specific points for every
experiment. The measured net average tool flank wear
obtained in the 16 experiments are summarized in Table 2.
In addition, standard deviation was applied to verify the
relevance of the measured tool wear. Standard deviation
(STD) can be calculated using the following equation:

T(Xi — p)?
N

STD =
\

Where X = measured tool wear;
i =point no.;
p = mean of tool wear;
N = no. of measurements.

According to Chebyshev’s theorem on standard deviation
(STD), low STD values indicate the data is close to the
mean and large STD values signify scattering. The theorem
states that at least 75% of data must lie between p + 2c.
Therefore, in this study, five samples from the 16
experiments were selected to determine the STD. The results
indicate that the tool flank wear measured at 3 different
points were relevant as shown in Table 4.

Table 4. Standard Deviation

I]::I)(() Tool wear (pm) G p+2c
1 80.0 10.8 100
4 98.3 16.5 100
8 83.3 11.8 100
12 95.0 12.3 100
16 113.3 9.4 100

4. ANFIS MODELLING

The measured tool wear values in Table 2 were used as the
training dataset to build the ANFIS model. Five network
layers were used by ANFIS to perform the following fuzzy
inference steps (Fig. 4): Layer 1 - input fuzzification; Layer
2 - fuzzy set database construction; Layer 3 - fuzzy rule base
construction; Layer 4 - decision making; and Layer 5 -
output de-fuzzification [3-5].

To explain this model, two rules and two linguistic values
for each input variable are suggested.

Layer 1: the output of the node is the degree to which the
given input satisfies the linguistic label associated with this
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node. Usually, bell-shaped membership functions are chosen
to represent the linguistic terms because the relationship
between the cutting parameters and surface roughness is not
linear.

First parameter membership function:

Ai(x) = exp[-0.5((x-ai1)/biy )] )

Second parameter membership function:
Bi(y) = exp[-0.5((v-ai)/bi2)’] 2

Third parameter membership function:
Ci(w) = exp[-0.5((u-a;3)/bi3 )’] 3

Fourth parameter membership function:
Di(v) = exp[-0.5((v-ais)/biy )2] (4)

where a;; to ay, bj; to by, are the parameter sets.

As the values of these parameters change, the bell-shaped
functions vary accordingly, thus exhibiting various forms of
membership functions on linguistic labels 4;, B;, C;, and D,.
The parameters in this layer are referred to as principle
parameters.

Layer 2: each node computes the firing strength of the
associated rule. The nodes of this layer are called rule nodes.
The outputs of the top and bottom neurons are as follows:

Top neuron w; =A;(x) *x B;(y)*Ci(u) x D;(v) %)
Second neuron  w; = A;(x) X B;(y)*XCi(u) x Dy(v) (6)

Bottom neuron  wj = Ay(x) X By(y) xCy(u) X Dy(v) (7

Layer 3: every node in this layer is labelled with N to
indicate the normalization of the firing levels. The output of
the top and bottom neurons is normalized as follows:

\-?/:W]/(W]J"Wg"‘...‘i‘W,J (8)
Wo=wy/(w;twyt+...+tw,) 9

Top neuron
Second neuron

Bottom neuron W,=wy/(witwy+..+tw,) (10)
Layer 4: the output of the top and bottom neurons is the
product of the normalized firing level and the individual rule

output of the first rule and second rule respectively.

PT’/Z]ZBTH (a1x+b1y +C/M+d1V) (11)
L?ZZQ = LT’Q (agx + bzy +cou + sz) (12)

Top neuron
Second neuron

Bottom neuron  w,z, =w, (a,x + by +c,u +dv)  (13)

Layer S: the single node in this layer computes the overall

system output as the sum of all incoming signals, i.e.
z = L?]Z] + LT-'ZzZ ot 'bT’nZn

(14)

If a crisp training set {(x*, y*, u*, V) k=1, ... k} is given,
then the parameters of the hybrid neural net (which
determine the shape of the membership functions of the
premises) can be learned by descent-type means. The error
function for pattern & is given by:
Ey = (0" — 2 (15)
where o is the desired output and z" is the output computed
by the hybrid neural net [5].

Layer2

Layer5

J‘
%

pu v

Fig. 4 ANFIS architecture for a Sugeno fuzzy model

5. ANFIS PREDICTION MODEL RESULTS

Surface models with two parameters showing two-way
interactions and relations toward the output response of tool
wear, were constructed and simulated using MATLAB
software. These models not only show the effect of two
machining parameters on machining performance but also
give the output value in numerical form.

Figures 5 (a - c) represent the ANFIS surface models of tool
wear for different combinations of machining parameters.
Depth of cut appears to have significant effect on tool wear.
Machining at high depth of cut shortened the tool life. In
other words, at lower depth of cut, minimal tool wear was
obtained. The interaction between cutting speed and feed
rate shows that using high cutting speed and high feed rate
increased the tool wear. The interaction between cutting
speed and depth of cut indicated that at lower depth of cut,
cutting speed did not have significant effect on tool wear.
However, at higher depth of cut, cutting speed significantly
affected the tool wear. Using higher cutting speed and depth
of cut resulted in high tool wear. The interaction between
feed rate and lubrication mode shows that applying
lubrication had no significant effect on reducing the tool
wear at lower feed rate values. However, at higher feed
rates, the lubrication mode had significant effect on reducing
the tool wear. At high feed rate, MQL in nanolubrication
condition exhibited the lowest tool wear compared to other
lubrication modes.

To investigate the ANFIS model accuracy and error, three
new experimental tests were carried out, while the proposed
ANFIS model was used to predict tool wear in the same
conditions as shown in Table 5. The individual error
percentage was obtained by dividing the absolute difference
of the predicted and measured values by the measured value,
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as given in Equation (11), where e; is individual error, V,, is
the measured value and V,, is the predicted value [4].

(16)
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Fig. 5. The ANFIS surface models for tool wear at different
machining parameter combinations

Meanwhile, accuracy was calculated to measure the

closeness of the predicted value to the measured value. The

model accuracy is the average of individual accuracy as seen
in Equation (12), where 4 is the model accuracy and N is the
total number of data sets tested.

_ a7

The error for the dataset result was calculated and the
ANFIS model accuracy was determined (Table 5). The
highest percentage of error for ANFIS model prediction was
6.91%. The low error level indicates that the tool wear
results predicted by ANFIS were very close with the actual
experimental values. Table 5 also shows that the ANFIS
model accuracy was 94.8%. This signifies that the proposed
model can predict tool wear satisfactorily (Fig 6).

Table 5. Accuracy and error of ANFIS model tool wear

prediction
Test No. Level of cutting parameters Measured tool | Predicted tool | Error % | Accuracy %
P1 P2 P3 P4 wear (um) wear (um)

1 1 1 1 1 27.22 29.10 6.91 93.09
2 2 1 3 2 40.22 42.93 6.74 93.26
3 3 2 4 3 77.54 735 521 94.8
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Fig. 6. Measured and Predicted Tool Wear

6. DISCUSSION

From the results, it is clear that using MQL + SiO2
nanolubrication produces the lowest tool wear. This can be
explained by Figs. 7 and 8 and the fact that chip deformation
flows over the tool, leading to localized regions of intense
shear due to the friction at the rake face (known as
secondary shear). A coefficient of friction greater than 0.5
will result in a higher frictional force component Fy, leading
to sticky friction. Then chip flow will occur only within the
workpiece and not at the tool-workpiece interface.
Consequently, the deformed chip thickness will increase,
leading to a decrease in cutting ratio and shear angle @ and
increase in shear length. Hence, the cutting force F,
component required to remove the chips will increase
significantly, and consequently, tool wear will increase as
well (Fig. 8) [11]. Furthermore, at higher plastic
deformation, the chips are welded to the tool face, hence,
effectively changing the tool geometry and rake steepness.
This results in higher tool wear rate as the bits of the welded
chip will eventually break off. These bits tend to be
problematic due to the very hard and abrasive work
hardening they undergo.
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Applying the lubrication system to the tool-chip interface
will reduce the coefficient of friction, leading to less cutting
force and tool wear. However, introducing the SiO,
nanolubrication system would show much less friction as
well as tool wear. This would mainly be attributed to the
tribological properties of the SiO, nanoparticles, which
reduce the coefficient of friction at the tool-chip interface
during machining as they act as billions of nano-scale quasi-
spherical structured rolling elements (Fig. 11). Additionally,
it is believed that the cutting zone temperature will decline
as well and result in less tool wear.

7. CONCLUSION

This research work was aimed at developing an accurate

model for predicting tool wear using ANFIS modelling for

maximum cutting tool utilization. The following conclusions

can be drawn based on the experimental results of the study:

1. ANFIS modelling is an adept technique for tool wear
prediction with low error and high accuracy levels of
6.91 and 94.8% respectively.

2. High cutting speed and high feed rate increase tool wear.

3. At lower depth of cut, cutting speed effect on tool wear
is not significant. However, at higher depth of cut,
cutting speed significantly affects tool wear.

4. Using MQL with SiO, nanolubrication, produces the
lowest tool wear compared to other lubrication modes.
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a) Shear mechanism b) Schematic of chip removal

Fig. 7 Schematic of chip removal and shear mechanism in
the cutting zone [11]

Workpiece

Fig. 8 Cutting mechanism [11]
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Fig. 9 Rolling elements in the tool-chip interface [10]
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