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Abstract. Nowadays, finishing operation in hardened steel parts which have wide industrial applications is done by hard turning. Cubic boron
nitride (CBN) inserts, which are expensive, are used for hard turning. The cheaper coated carbide tool is seen as a substitute for CBN inserts in the
hardness range (45-55 HRC). However, tool wear in a coated carbide tool during hard turning is a significant factor that influences the tolerance
of machined surface. An online tool wear estimation system is essential for maintaining the surface quality and minimizing the manufacturing
cost. In this investigation, the cutting tool wear estimation using artificial neural network (ANN) is proposed. AISI4140 steel hardened to 47
HRC is used as a work piece and a coated carbide tool is the cutting tool. Experimentation is based on full factorial design (FFD) as per design
of experiments. The variations in cutting forces and vibrations are measured during the experimentation. Based on the process parameters and
measured parameters an ANN-based tool wear estimator is developed. The wear outputs from the ANN model are then tested. It was observed
that as the model using ANN provided quite satisfactory results, and that it can be used for online tool wear estimation.

Key words: hard turning, coated carbide, cutting force, vibration, ANN.

1. Introduction

In the recent past, hard turning has been getting wide industrial
acceptance over traditional grinding for the finish turning of
hardened steels. Hard turning has some distinct advantages,
like higher material removal rate, the same machine for soft and
hard turning, less work cycle time and absence of hazardous
cutting fluids [1-4]. Coated carbide tool is seen as a substitute
for the expensive cubic boron nitride (CBN) inserts which are
widely used for hard turning. But tool wear in carbide inserts
is higher, leading to machine downtime. It is reported that the
tool wear constitutes about 20% of the total downtime, leading
to a drastic increase in production costs [5, 6]. To prevent such
critical situation, the status of tool wear during machining
should be known. Monitoring the status of the tool is referred to
as tool condition monitoring (TCM). Many authors have shown
interest in TCM [7-13]. TCM can be done using direct, as well
as indirect methods. Indirect methods are popular because they
can be implemented online.

Vibration, current, cutting force, power, torque, and acoustic
emission acquired are the widely-used indirect methods which
use sensor signals to correlate wear in machining processes.
Cutting force is considered to be one of the most important
parameters for predicting tool wear [14]. In worn tools, owing
to the increased friction, both static and dynamic components
of the three orthogonal cutting forces increase. For sensing the
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cutting forces, tool dynamometers are widely used. Another
prominent feature used in TCM is the vibration signal. The
amplitude of the vibration signal in the dynamic frequency band
of the tool holder’s natural frequency along the z direction is
more profound to wear, and it can be considered a feature for
TCM [15-17].

Since tool wear is a complex phenomenon, the signal infor-
mation from a single sensor is inadequate to predict the wear
accurately. Hence, it is advisable to employ multiple sensors.
The highlight of the multi-sensor system is the abundance of
information available, which can be used for decision making.
Many researchers have used a combination of force and vibra-
tion signals, as well as acoustic emission signals, to monitor
tool wear and roughness [18-20].

The estimation of tool wear from the sensor signals is per-
formed by developing a mathematical model from the exper-
imental data, referred to as the regression equation. Since the
relationship between features from sensors and tool wear are
nonlinear, the regression equation may not hold well. The artifi-
cial neural networks (ANN) using a mapping technique between
the input and output are extensively employed [21-23] when-
ever the relation is nonlinear. The selection of input parameters,
hidden layer, and inner error depend upon the cutting process
in ANN.

The main research factor in hard turning is the estimation
wear in coated carbide cutting tool which can be used as a re-
placement for expensive CBN tools. Even though many investi-
gations have been carried out on wear estimation and TCM, the
research work in TCM considering multilayer coated carbide
inserts on hard turning, using multiple sensors which could
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Fig. 1. Experimental procedure

sense the occurrences in machining, are very limited. Thus, the
present work deals with the estimation of tool wear in coated
carbide tools during hard turning of AISI 4140 steel in dry
environment. An ANN-based tool wear estimator is developed
based on the signals from a dynamometer, tri-axial accelerom-
eter, cutting speed, feed, depth of cut, and machining length.

Nomenclature
a, depth of cut (mm)
f feed rate (mm/rev)

F, feed force (N)

F, radial force (N)

F, tangential force (N)
Rockwell hardness
V. cutting speed (m/min)
Vi tool flank wear (mm)

L machining length (mm)
mean square error

A, power spectral density (g%/Hz)

2. Experimental details

2.1. Cutting tool, equipment, and workpiece material. The
experiments have been conducted using industrial type Kirloskar
lathe with 2.2 KW spindle power in dry conditions. The work
piece material is heat treated AISI4140 alloy steel. The hardness
is 47 £1 HRC. The dimensions of the cylinder-shaped bar used
for experimentation are 80 mm diameter and 250 mm length.
Prior to the machining tests, the work material was centered
and cleaned by getting rid of the layer of rust from the outside
surface. The cutting tool used is CVD coated Ti(C, N) 4+ Al,O;
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Fig. 2. Experimental setup

durotomic carbide tool, designated as TH1500 grade (manu-
factured by SECO). ISO designation of the cutting insert is
CNMG120408 with nose radius equal 0.8 mm. The tool holder
used for the present investigation is PCLNR 2525 M12 type
with the following cutting specifications: back rack angle equal
—6°, negative cutting edge inclination angle equal —6°, major
cutting edge angle equal 95°.
The experimental details are depicted in Figs. 1, 2.

2.2. Measurement of cutting force. By making use of a piezo-
electric force dynamometer (Kistler type 9257B) the cutting
forces acting on the cutting tool are sensed. Prior to the cutting
experiments, calibration of the dynamo- meter is performed by
applying known weights. The mean force components along
the x, y, and z-direction are measured. F, is the dominant force
in hard turning, as reported in [6]. A model plot of the mean
force measured along the radial direction is shown in Fig. 3.
Windows-based Dynaware software is used for signal acquisi-

V. =70 m'min
£=0.1 mmrev
a,= 03 mm
L =400 mm

Radial foree (N)

0 10 20 30 40 30 60
Time (s)

Fig. 3. Radial force plot
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tion. The mean force values collected during the experimenta-
tion is used as one of the inputs for the ANN-based tool wear
estimation system.

2.3. Measurement of vibration signals. Vibration is one of the
prominent signals considered for tool wear monitoring. Here,
measurement of vibration is performed by means of a triaxial
accelerometer made by Kistler (§766A). The amplitude of vi-
bration signals in dynamic frequency band close to the nat-
ural frequency of tool holder is highly sensitive to tool wear
[17, 18]. The tool holder’s natural frequency used for the ex-
perimentation was found to be around 4.9 kHz. Consistent peak
was observed for all the experiments in the particular dynamic
frequency range of 4.5-5.5 kHz. The overall amplitude in the
dynamic frequency band of the vibration signal is calculated
using the relation given below:

G = [PS()df (1)
where:
Gy, — overall amplitude in the frequency band
fi — lower limit of frequency in Hz.
f, — lower limit of frequency in Hz.
S(f) — power spectral density (PSD) function in g*/Hz.
The vibration signals which are captured using an acceler-
ometer are analysed using the Dewesoft software. The ampli-
tude data collected during various cutting conditions are used
as input values for ANN system training and testing. The power
spectral density plot for vibration signal is depicted in Fig. 4.
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Fig. 4. Power spectral density plot

2.4. Measurement of tool flank wear. To measure tool flank
wear, the insert is detached fom the tool holder after machining.
Optical microscope is used for measuring the tool flank wear.
The tool flank wear image acquisition for a particular cutting
condition (V. = 170 m/min, f = 0.1 mm/rev, a, = 0.3 mm, and
L = 600 mm) is shown in Fig. 5.
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Fig. 5. Optical microscope image of tool flank wear

3. Experimental designs

For systematic carrying out of the experiments, all the cutting
conditions are framed as per design of experiments (DOE). The
levels of process parameters considered are given in Table 1.
A total of 81 experimental conditions are formulated as per the
full factorial design (FFD). For formulating the ANN network,
the data from experimentation are used. The recommended range
specified by SECO is (f = 0.08-0.3 mm/rev and a,, = 0.2-3 mm)

Table 1
Factors and their levels
Level V. (m/min) f(mm/rev) | a, (mm) L (mm)
1 70 0.08 0.30 200
2 120 0.10 0.45 400
3 170 0.12 0.6 600

4. Feature selection

4.1. Influence of process parameters. To find the influence of
cutting speed (v), feed rate (f), depth of cut (a,) and length (L)
on tool wear, the analysis of variance is carried out. The ANOVA
table is depicted in Table 2. Table 2 of ANOVA shows the de-

Table 2
ANOVA for tool wear
Source | DF SS MS F P Remarks
Ve 2 10.0569 | 0.028476 | 47.47 0 significant
f 2 10.0154 | 0.007703 | 12.84 0 significant
a, 2 10.0377 | 0.018898 | 31.51 0 significant
L 2 10.1901 | 0.095052 | 158.46 0 significant
Ve*f 4 10.0043 | 0.001089 | 1.82 | 0.141 | insignificant
Vc*ap | 4 |0.0018 | 0.000474 | 0.79 | 0.537 | insignificant
Vc*L 4 10.0022 | 0.000569 | 0.95 | 0.444 | insignificant
f*ap 4 10.0032 | 0.000806 | 1.34 | 0.267 | insignificant
f*L 4 10.0012 | 0.000308 | 0.51 |0.726 | insignificant
ap*L 4 10.0020 | 0.000506 | 0.84 | 0.504 | insignificant
Error | 48 | 0.0287 | 0.0006 - - -
Total 80 | 0.3440 - - - -
555
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grees of freedom (DF), sum of squares (SS), mean squares (MS),
F-values (F), and probability (P). A low P-value (<0.05) indi-
cates statistical significance for the source on the corresponding
response (i.e. a = 0.05 or 95% confidence level), indicating that
the obtained models are considered to be statistically significant,
which is desirable, as it demonstrates that the terms in the model
have a significant effect on the response. It is evident from Table
2 that the length and velocity are the significant parameters af-
fecting tool wear, followed by depth of cut and feed.

4.2. Influence of cutting force on flank wear. All the three
components of force (F,, F,, and F,) are measured and the vari-
ations of force with wear are investigated, as in Fig. 6. All the
turning forces components show an increasing trend with wear.

The reason for this trend is that when wear increases, the
area of contact also increases. This leads to more friction be-
tween the work piece and tool, which, in turn, increases the
static and dynamic components of force. All the conditions
reflect higher value for the thrust component of force along
the radial direction (F,) followed by tangential component (F,)
and feed thrust component (F,). The similar was experienced
by previous researchers [1, 3]. The reason for the high value
of thrust component is attributed to the spring back effect of
hardened material.

4.3. Influence of vibration on wear. Power spectral density
(PSD) amplitude of the vibration signal increases with wear in
the z-direction. The amplitude along the z-direction is higher
compared to x and y directions. A similar trend was observed
by Dimla et.al [16]. However, the overall amplitude is low. This
is because the rigid clamping of the tool holder in the tool post
and the tool holder acts like a cantilever beam. Fig. 7 shows the
variation of power spectral density over tool wear for cutting
condition (V. = 170 m/min, f = 1.2 mm/rev, and a, = 0.6 mm).
From the power spectrum it can be seen that the average power
received by the transducer increases with wear. It is because the
wear results in increased friction, which in turn increases the
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vibration. Based on the ANOVA results and the cutting force
and acceleration analysis, the following features are selected
as inputs for ANN:
e Cutting speed (V,),
e Feed (1),
e Depth of cut (a)),
e The mean value of forces in x, y, and z-direction (F,, F,,
and Ft),
e Power spectral density of vibration (A,) in the frequency
range of 4.5-5.5 kHz
e Machining length (L)

5. The proposed ANN architecture

ANN is a modelling tool widely used when the relationships
between the input and output are highly nonlinear in nature.
In ANN, the relation between the input and output is created
by means of a simulated network consisting of interconnected
neurons. The commonly used network is feed-forward neural
network topology, which consists of three layers, as in Fig. §.
The ANN uses a mapping technique through which the network
output is continuously updated, based on the minimum value of
mean square error (MSE). This process is called training. The
training process is shown in the flowchart (Fig. 9).

The algorithm widely used for training is the Leven-
berg-Marquardt (LM) back propagation algorithm. Mean square
error (MSE) is given by:

MSE = Ly (B)? = 1x3m (0j — 62> (@

where:
n — number of epochs
E; — error value between the target output and network
output.
0; — neural network output
6, — target.

Bull. Pol. Ac.: Tech. 65(4) 2017
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Fig. 9. The ANN training process

In this study, tool wear is predicted based on the neural
network, as shown in Fig. 8. Based on the experimentation car-
ried out, the selected features are taken as input and the tool
wear is considered as output. Of the 81 cutting conditions, 57
data points (cutting conditions) are used for training, 12 cutting

Bull. Pol. Ac.: Tech. 65(4) 2017
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Fig.10 The Mean Square Error Plot

conditions are allotted for validation, and another 12 data points
(cutting conditions) for testing. After training the data using LM
back propagation [21-23] algorithm, based upon the minimum
value of MSE, the optimum network is arrived at. The different
trials carried out and the MSE values are shown in Table 3. In
the present case, the 8-10—1 network is the optimum network.
The MSE plot for the training data and validation data is shown
in Fig. 10. The network is cross-validated for the testing data.

Table 3
Selection of optimal network
S1. | Structure | Square root of | Square root of | Square root of
No MSE-training | MSE-validation | MSE-testing
(nm) (nm) (m)
1 8-5-1 24.62 25.40 25.01
2 8—6-1 29.52 25.90 30.53
3 8-7-1 19.16 18.05 16.84
4 8-8-1 24.08 25.99 24.98
5 8-9-1 18.16 21.58 20.06
6 | 8-10-1* 9.98 16.96 11.12
7 8-11-1 22.65 26.51 28.70
8 | 8-12-1 23.02 18.32 17.14

*

8-10-1" — the selected network

6. Results and discussion

6.1. Regression plots. Mean squared error (MSE) is a perfor-
mance metric adopted to determine the network performance,
while regression (R) is used to calculate the correlation between
measured and predicted values. R = 1 indicates closed relation-
ship while R = 0 is a random relationship. A regression plot of
the estimated values and measured values of tool wear for the
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Test: R = 0.91709
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Fig. 11. Regression plot for testing data

testing data is shown in Fig. 11. The estimated values of tool
wear are highly correlated with the measured data [24]. The
testing data regression value is found to be 0.91709.

6.2. Validation of ANN-based estimation. The ANN is
cross-validated based on the test data given in Table 4. The
estimated values of tool wear from ANN are compared with the
experimental value. The comparison plot is shown in Fig. 12.
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Fig. 12. Measured tool wear and estimated tool wear for cross-vali-
dation data

It can be seen that the ANN values closely match the measured
values. It is evident from the table for cross-validation data that
the error is as low as 6.25%.

The error () is given by the relation:

-

where Wear,,,, and Wear, are the measured (experimental) and
estimated (ANN) values respectively.

Wear,, — Wear,

% Error(g)

) x 100, 3)

Wear,,,

Table 4
Measured and predicted values for cross-validation data

Tool wear(Vy)
Ex.No V (m/min) F (mm/rev) a,(mm) L (mm) A, (g) F.(N) F.(N) F,(N)

Measured Estimated Error%

1 70 0.08 0.3 600 0.06323 33 94.35 68 0.195 0.192771 1.14

2 120 0.08 0.3 400 0.035 18 53.8 40 0.121 0.126111 4.22

3 170 0.08 0.3 200 0.010861 10 1533 12 0.101 0.109636 8.55

4 70 0.1 0.3 200 0.088654 58.33  108.2 103.5 0.065 0.074228  14.20

5 120 0.1 0.3 600 0.04 101.7 176.4 114.3 0.215 0.206638 3.89

6 170 0.1 0.3 400 0.009603 73 108.2 105 0.16 0.15758 1.51

7 70 0.1 0.45 200 0.11344 122.5 174.4 159 0.101 0.104596 3.56

8 120 0.1 0.45 600 0.047548 129.3 308 180.5 0.23 0.22279 3.13

9 170 0.12 0.45 600 0.037299 160.7 366 201.3 0.25 0.297326  18.93

10 70 0.12 0.6 200 0.3246 164 477.1 338 0.145 0.152012 4.84
11 120 0.12 0.6 600 0.091019 240 484.3 410 0.282 0.286256 1.51
12 170 0.12 0.6 200 0.037299 154.8 318.5 278.2 0.176 0.192755 9.52
Avg. error 6.25
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7. Conclusions

This paper proposes ANN architecture for tool wear estimation
of coated carbide tool, which is seen as a substitute for the ex-
pensive CBN tool in hard turning using variation in force and
vibration amplitude. The experimentation is carried out based
on full factorial design as per design of experiments. The pro-
cess parameters, measured cutting force data, and vibration
data, along with machining length are used as input variables
for ANN and tool wear is taken as the output. Experimental
data is used for training. The ANN estimator is formulated after
training using the LM algorithm.

The effectiveness of the ANN estimator for the testing data
is investigated. The average error is found to be below 10%.
Hence, the proposed ANN estimator for tool wear of coated
carbide tool using multiple sensors is found to be satisfactory
in hard turning operations and can be considered for online
wear estimation.
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