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bstract

Tool nose design affects the surface finish and productivity in finish hard turning processes. Surface finishing and tool flank wear have been
nvestigated in finish turning of AISI D2 steels (60 HRC) using ceramic wiper (multi-radii) design inserts. Multiple linear regression models and
eural network models are developed for predicting surface roughness and tool flank wear. In neural network modelling, measured forces, power
nd specific forces are utilized in training algorithm. Experimental results indicate that surface roughness Ra values as low as 0.18–0.20 �m are
ttainable with wiper tools. Tool flank wear reaches to a tool life criterion value of VB = 0.15 mm before or around 15 min of cutting time at
C

igh cutting speeds due to elevated temperatures. Neural network based predictions of surface roughness and tool flank wear are carried out and
ompared with a non-training experimental data. These results show that neural network models are suitable to predict tool wear and surface
oughness patterns for a range of cutting conditions.
 2007 Elsevier B.V. All rights reserved.
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. Introduction

Hard turning is a cost-effective, high productivity and flex-
ble machining process for ferrous metal workpieces that are
ften hardened above 40 HRC and up to 62 HRC. This pro-
ess has become a popular technique in manufacturing of gears,
hafts, bearings, cams, forgings, dies and molds. Hard machin-
ng is performed dry using ceramics and polycrystalline cubic
oron nitride (PCBN, commonly CBN) cutting tools due to
he required tool material hardness [1–5]. Hard turning is a
athe machining process where most of the cutting is done with
he nose of the inserts. The process stability and the reliabil-
ty are dependent upon wear characteristics of tool material.
lank and crater wear governs the end of tool life. While flank
ear progress is steadier, crater formation on the rake face is
ighly influenced by thermal conditions and associated chem-

cal wear. Excessive crater wear weakens the cutting edge and
auses a catastrophic failure of the tool [6]. Therefore, a major-
ty of earlier hard turning research concerned with composition,
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(
i
t
n
[

s

924-0136/$ – see front matter © 2007 Elsevier B.V. All rights reserved.
oi:10.1016/j.jmatprotec.2007.01.021
per inserts

hermal and wear characteristics of ceramic and CBN cutting
ools [7–11], in addition to the effects of work material hard-
ess, tool geometry and cutting conditions on surface integrity
f the finish machined parts [12–15].

Since hard turning demands a strong and prudent tool cutting
dge, nose design with proper edge preparation becomes cru-
ial to provide high edge strength as well as to attain favorable
urface roughness and subsurface residual stresses.

Performance of ceramic and CBN cutting tools and the qual-
ty of the surfaces machined are highly dependent on the cutting
onditions, i.e. cutting speed, feed, depth of cut and the tool nose
adius which significantly influence surface roughness, white
ayer formation and tool wear [7,16].

Conventional inserts have a nose radius along with a proper
dge preparation that is often a chamfered and/or honed. To
mprove the overall efficiency of hard turning, a multi-radii
wiper) design on the nose of the inserts is introduced as shown
n Fig. 1. In essence, a wiper design tool increases feed rate
wice while maintaining same surface roughness compared to a

ose radius tool which is referred as high feed rate hard turning
17].

Recently, high feed rate machining without sacrificing from
urface roughness become an important development with the
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2.1.1. Experimental design
A three factor–three level factorial design was used to determine the effects of

cutting speed, feed rate and cutting time on resultant forces, surface roughness
and tool wear in hard turning of AISI D2 steel. The factors and factor levels
Fig. 1. Wiper insert design: r�1 and r�2 are the radii of wiper curvature.

ntroduction of wiper geometry inserts. The essence in hard turn-
ng with multi-radii wiper tools is to give insert a more flat
urface on the secondary cutting edge and wipe the scallops that
re typical forms in inserts with a simple nose radius. Hard turn-
ng with wiper inserts provides improved surface roughness or
ncreases the feed rates by a factor of two; hence, results in either
etter surface finish or higher productivity in hard part machin-
ng applications [17]. However, the influence of wiper inserts on
ool wear mechanisms and tool life is still not well understood.
n a recent study, Grzesik and Wanat [18] presented experimen-
al results for machining AISI 5140 (DIN 41Cr4) workpiece
ith a hardness of 60 ± 1 HRC using both conventional nose

adius and multi-point radius (wiper) geometry mixed alumina
Al2O3)–titanium carbide (TiC) ceramic inserts. Lima et al. [19]
resented results for hard turning of AISI D2 tool steel (58 HRC)
sing mixed alumina ceramic inserts with conventional nose
adius geometry and reported that surface finishes as good as
hat produced by cylindrical grinding were attainable. Recently,
avim and Figueira [20] investigated the machinability of AISI
2 tool steel using experimental and statistical techniques.
he influence of cutting parameters (cutting velocity and feed)
nder flank wear, specific cutting force and surface roughness
n machinability evaluation in hard turning with ceramic tools
sing analysis of variance (ANOVA) is presented.

In this study, we investigated machining of AISI D2 steel
orkpieces with 60 ± 1 HRC hardness using multi-radii wiper
ixed alumina ceramic inserts with TiN coating and developed

eural network models for predicting tool wear and surface
oughness.

. Experimental procedure and neural network modelling

.1. Experimental procedure

The main objective of this experimental work was to investigate the influence
f cutting parameters on tool flank wear and surface quality in hard turning of
ISI D2 cold work tool steel using ceramic inserts with wiper (multi-point

adius) nose geometry.
Hard turning experiments were performed using a high rigidly CNC lathe

ith 18 kW spindle power and a maximum spindle speed of 4500 rpm. The
ollowing cutting parameters were used: cutting speed (Vc) of 80, 115 and
50 m/min, feed rates (f) of 0.05–0.10 and 0.15 mm/rev and constant depth of

ut (ap) of 0.2 mm.

The AISI D2 cold work tool steel with the following chemical composition
ere used as workpiece in turning: 1.55% C; 0.30% Si; 0.40% Mn; 11.80% Cr;
.80% Mo; 0.80% V. After heat treatment (quenching in a vacuum atmosphere
t 1000–1040 ◦C) an average hardness of 60 ± 1 HRC was obtained.
ig. 2. SEM images of the flank and crater wear of cutting tool (Vc = 115 m/min
or f = 0.10 mm/rev and tc = 15 min).

Mixed alumina inserts with wiper geometry and a coating with TiN Ref.
C6050 (ISO code-CNGA 120408 S01525 WH) (Fig. 1) were used to machin-

ng of AISI D2 tool steel with a following geometry: −6◦ rake angle, 6◦ clearance
ngle, 95◦ edge major tool cutting and −6◦ cutting edge inclination angle. Type
CLNL2020K12 (ISO) tool holder was used. The bar workpieces were held in

he machine with a collet to minimize run-out and maximizes rigidity.
The acquisition of the cutting forces was performed by a piezoelectric

ynamometer. The values were continuously monitored and recorded through
ut the test by using a charge amplifier of the three channels with data acquisition
apability.

The measurement of surface roughness parameters Ra and Rt on finish turn-
ng surfaces, was made by a stylus instrument, with a cut off of 0.8 mm, in
ccordance to ISO/DIS 4287/1E.

The evaluation of the flank tool wear was made by a toolmaker’s microscope
ith 30× magnification and 1 �m resolution. The admissible flank wear was

stablished according ISO 3685 standard (1993) and measured at corner radius
VBC).

In hard turning, the cutting tool is subjected to maximum temperature and
ressure near the nose. Therefore, the occurrence of higher pressure and/or
emperature result in formation of flank and crater wear as well as possible
roove wear. Fig. 2 shows the crater and flank wear of ceramic tool observed with
canning electron microscopy (SEM) after tests. The flank tool wear presents
rooves generated via abrasive mechanism and adhesion of material confirmed
hrough energy dispersive X-ray spectroscopy (EDS) analysis as given in Fig. 3.
t is evident the presence of the Fe in the material deposited in the flank wear
rea of the tool face.
Fig. 3. Example of EDS analysis in the flank face of cutting tool.
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where α is the learning rate, which should be selected small enough for true
approximation and also at the same time large enough to speed up convergence.
Gradient terms in Eqs. (3) and (4) can be computed by utilizing the chain rule
of differentiation. Effects of changes in the net input of neuron i in layer k to the
Fig. 4. Schematic diag

re summarized in Table 1. These factor levels results in a total of 27 unique
actor level combinations. Replications of each factor level combinations were
onducted. The response variables are the workpiece surface roughness, Ra,
eak-to-valley height, Rt, tool flank wear at the corner, VBC, and the forces, Fc,

t, Ff, cutting, thrust and feed forces, respectively (Fig. 4).

.2. Neural network modelling

Neural networks are non-linear mapping systems consisting of neurons and
eighted connection links, which consist of user-defined inputs and produce an
utput that reflects the information stored in connections during training. A mul-
ilayer neural network consists of at least three layers: input, hidden and output
ayer where inputs, pi, applied at the input layer and outputs, ai, are obtained
t the output layer and learning is achieved when the associations between a
pecified set of input–output (target) pairs {(p1,t1), (p2, t2), . . ., (pQ,tQ)} are
stablished as illustrated in Fig. 5. Learning or training as often referred is
chieved by minimizing the sum of square error between the predicted output
f the neural network and the actual output over a number of available training
ata, by continuously adjusting and finally determining the weights connecting
eurons in adjacent layers.

.2.1. Backpropagation algorithm
Backpropagation is the most commonly used training method where the

eights are adjusted according to the calculated error term using steepest descent
ethod. The backpropagation training methodology can be summarized as fol-

ows. Consider the multilayer feed-forward neural network given in Fig. 5. The
et input to unit i in layer k + 1 is:

k+1
i =

Sk∑
j=1

wk+1
i,j ak

j + bk+1
i (1)

he output of unit i will be
k+1
i = f k+1(nk+1

i ) (2)

here f is the activation function of neurons in (k + 1)th layer. The performance
ndex, which indicates all the aspects of this complex system, is selected as mean

able 1
actors and factor levels

actor Factor levels

utting speed, Vc 80, 115, 150 (m/min)
eed rate, f 0.05, 0.1, 0.15 (mm/rev)
utting time, tc 5, 10, 15 (min)
f longitudinal turning.

quared error.

= 1

2

Q∑
q=1

(tq − aM
q )

T (
tq − aM

q

)
= 1

2

Q∑
q=1

eT
q eq (3)

n Eq. (3), aM
q is the output of the network corresponding to qth input pQ, and

q = (tq − aM
q ) is the error term. In backpropagation learning, weight update

an be performed either after the presentation of all training data (batch training)
r after each input–output pair (sequential training). The weight update for the
teepest descent algorithm is

wk
i,j = −α

∂V

∂wk
i,j

(4)

bk
i = −α

∂V

∂bk
i

(5)
Fig. 5. Multilayer feed-forward neural network.
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Table 2
Selecting number of neurons in hidden layer and associated rms errors

SSE SSW rms error (Ra)

Structure 6-4-1 0.03615 12.0002 3.4422
Structure 6-5-1 0.00041 14.4899 0.4936

SSE SSW rms error (VBC)

Structure 6-4-1 0.872589 1.82756 6.0886
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T. Özel et al. / Journal of Materials Pr

erformance index are defined as the sensitivity shown with Eq. (6).

k
i ≡ ∂V

∂nk
i

(6)

The backpropagation algorithm proceeds as follows; first, inputs are pre-
ented to the network and errors are calculated, second, sensitivities are
ropagated from the output layer to the first layer, then, weights and biases
re updated using Eqs. (3) and (4).

In this study, the Levenberg–Marquardt method is used together with
ayesian regularization in training neural networks in order to obtain neural
etworks with good generalization capability. The basic assumption in Bayesian
egularization is that the true underliyng function between input–output pairs
hould be smooth and this smoothness can be obtained by keeping network
eights small and well distributed within the neural network. This is achived by

onstraining the size of the network weights which is referred to as regularization
hich adds additional terms to the objective function

= βV + αW (7)

here V is the sum of squared errors (performance index) which defined in Eq.
3), W the sum of squares of the network weights and α and β are the objective
unction parameters. This modification in performance index will result in a
eural network with smaller weights and biases which will force its response to
e smoother and decrease the probability of overfitting. Training with Bayesian
egularization yields important parameters such as sum of square errors (SSE),
um of squares of weights (SSW) and number of effective parameters used in
eural network, which can be used to eliminate guesswork in selection of number
f neurons in hidden layer [21].

In addition, the non-linear tanh activation functions are used in the hidden
ayer and input data are normalized in the range of [−1, 1]. Linear activation
unctions are used in the output layer. The weights and biases of the network are
nitialized to small random values to avoid immediate saturation in the activation
unctions.

The data set is divided into two sets as training and test sets. Neural net-
orks are trained by using training data set and their generalization capacity is

xamined by using test sets. The training data never used in test data. Matlab’s
eural network toolbox is used to train neural networks. Simulations with test
ata repeated many times with different weight and bias initializations.

.2.2. Prediction of surface roughness and tool flank wear
In this study, surface roughness and tool wear are predicted with a feed-
orward multilayer neural network as shown in Fig. 6. Cutting speed, feed rate,
utting time, mean machining force, cutting power and specific force are used
s inputs to neural network. This neural network is trained with 18 data points
cutting conditions). It is tested on nine data points (cutting conditions) which
re randomly chosen from different cutting conditions. Training procedure for

ig. 6. Architecture of multilayer feed-forward neural network used for predic-
ions.
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tructure 6-5-1 0.872209 1.82501 6.0856
tructure 6-6-1 0.871953 1.82343 6.0834

electing number of neurons in hidden layer and associated rms erros are given
n Table 2. Neural network structure 6-5-1 and 6-4-1 are found to be sufficient
or training using surface roughness, Ra and tool flank wear, VBC data sets,
espectively. Neural network model for tool flank wear for given the training
ata sets used has rms error around 6.085% where as the neural network model
or surface roughness has rms error of 0.4936. Surface roughness and flank
ear predictions are performed for machining after 15 min using multi-radii
iper inserts by designing single output neural networks as shown in Fig. 6.
his approach decreased the size of each neural network thus enabled faster
onvergence and better predictions of flank wear and surface roughness values
s explained in Özel and Karpat [21].

. Results and discussion

.1. Experimental results

The measured force components are represented with a mean
achining force, Fm as given in Eq. (8).

m =
√

F2
c + F2

f + F2
t (8)

utting power, Pc, and specific cutting force, Ks, are also calcu-
ated. Surface roughness and tool wear measurements of mean
urface roughness Ra, and maximum peak-to-valley height, Rt
alues, tool wear measured in flank face of the corner radius,
BC are given in Table 3.
Using the flank wear data presented in Table 3, a multiple

inear regression model is constructed to correlate VBC to the
achining parameters with R2 = 0.85 as given in Eq. (9).

BC = 2.16 × 10−4Vc + 0.23f + 6.5 × 10−3tc − 8.7 × 10−3

(9)

Similarly, using the surface roughness data, a multiple lin-
ar regression model that correlates Ra values to the machining
arameters can be obtained with R2 = 0.73 as given in Eq. (10).

a = −1.8 × 10−3Vc + 3.44f + 1.4 × 10−2tc + 0.16 (10)
These models can be utilized in process planning for fin-
sh hard turning of AISI D2 steel using ceramic wiper inserts.
xperimental data presented in Table 3 is directly utilized in a
atlab code to study the effects of cutting parameters on sur-

ace roughness, tool wear and mean machining force as given in
igs. 7–9.
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Table 3
Experimental results

Tests Factors Fm (N) Pc (kW) Ks (MPa) Ra (�m) Rt (�m) VBC (mm)

Vc (m/min) f (mm/rev) tc (min)

1 80 0.05 5 154.22 0.08 6207.86 0.25 3.63 0.047
2 80 0.05 10 205.59 0.12 9316.20 0.34 4.77 0.070
3 80 0.05 15 209.87 0.13 9706.24 0.52 4.56 0.086
4 80 0.1 5 272.33 0.18 6803.49 0.53 3.15 0.077
5 80 0.1 10 262.70 0.18 6876.04 0.57 3.11 0.111
6 80 0.1 15 277.99 0.19 7218.18 0.55 3.64 0.164
7 80 0.15 5 451.38 0.23 5791.32 0.61 3.10 0.067
8 80 0.15 10 364.15 0.24 6051.85 0.74 3.64 0.111
9 80 0.15 15 332.75 0.22 5558.97 0.61 2.90 0.143

10 115 0.05 5 174.69 0.16 8256.18 0.20 1.67 0.071
11 115 0.05 10 167.64 0.16 8331.79 0.21 1.46 0.091
12 115 0.05 15 166.74 0.17 8834.84 0.25 1.64 0.111
13 115 0.1 5 225.10 0.22 5802.83 0.24 2.23 0.076
14 115 0.1 10 208.83 0.22 5836.78 0.36 2.90 0.104
15 115 0.1 15 205.03 0.22 5669.92 0.50 3.24 0.151
16 115 0.15 5 270.43 0.28 4944.05 0.35 3.00 0.077
17 115 0.15 10 247.10 0.27 4752.68 0.50 2.72 0.112
18 115 0.15 15 272.15 0.32 5588.35 0.59 3.05 0.133
19 150 0.05 5 159.16 0.17 6645.78 0.18 1.51 0.074
20 150 0.05 10 150.24 0.18 7012.23 0.20 2.66 0.098
21 150 0.05 15 241.08 0.21 8432.31 0.21 1.59 0.148
22 150 0.1 5 214.90 0.29 5784.38 0.28 1.91 0.083
23 150 0.1 10 209.05 0.31 6122.50 0.43 2.98 0.106
24 150 0.1 15 229.06 0.32 6343.75 0.62 4.08 0.144
25 150 0.15 5 261.91 0.38 5012.38 0.46 2.89 0.081
26 150 0.15 10 257.22 0.39 5168.53 0.69 3.93 0.120
27 150 0.15 15 261.78 0.39 5165.32 0.70 4.47 0.158

F cuttin
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t, Thrust force; Ff, feed force; Fc, cutting force; Pc = Fc × Vc, where Vc is the

.2. Effect of feed rate and cutting speed on surface
oughness

Feed rate is known to affect surface finish in finish hard turn-
ng with nose radius inserts. This is also valid for multi-radii

iper inserts to a lesser extend. The influence of feed rate on

urface roughness is less when compared to conventional nose
adius inserts according to Grzesik and Wanat [18] and Davim
nd Figueira [20]. Specifically, Fig. 7 illustrates the effects of

Fig. 7. Effect of feed rate and cutting speed on surface roughness.

3

b

g velocity; Ks = Fc/S, where S is ap × f.

eed rate and cutting speed parameters on the surface rough-
ess, Ra after machining of 15 min. Best surface roughness was
btained at the lowest feed rate and highest cutting speed com-
ination as expected.
.3. Effect of feed rate and cutting speed on tool flank wear

Tool flank wear behavior of mixed alumina–titanium car-
ide ceramic wiper inserts is also studied. Tool flank wear at

Fig. 8. Effect of feed rate and cutting speed on tool flank wear.



T. Özel et al. / Journal of Materials Processing Technology  189 (2007) 192–198 197

c
c
V
s
s
u
o
0
e
w
o

3
m

c
a
a
m
A
o
s

s
s
p
n
t
n
2

3
p

t
r
n
m

F
m

w
1
i
d
n

p
n
t

a
r

r
terns against average surface roughness (Ra) patterns for three
different cutting conditions.
Fig. 9. Effect of feed rate and cutting speed on mean machining force.

orner location of the insert was measured. In most cutting
onditions, tool flank wear reached to the tool life criterion of
BC = 0.15 mm before 15 min of cutting time. Fig. 8 is con-

tructed to illustrate the main effects of feed rate and cutting
peed on the tool flank wear after machining of 15 min. This fig-
re depicts that the feed rate of 0.05 mm/rev and cutting speed
f 80 m/min produced lowest tool flank wear, where feed rate of
.15 mm/rev and cutting speed of 150 m/min resulted in the high-
st amount of tool flank wear. Tool flank wear tends to increase
ith an increase in cutting speed, however a trend reversal was
bserved for feed rate of 0.1 mm/rev.

.4. Effect of feed rate and cutting speed on mean
achining force

Cutting forces, and power are related to the productivity and
ost-effectiveness of the finish hard turning process, hence, they
re also investigated. Fig. 9 illustrates the effects of feed rate
nd cutting speed on the mean machining force. Lowest mean
achining force was observed at cutting speed of 115 m/min.
3D concave surface forms in the graph indicating that a near-

ptimum around 115 m/min for lowest forces. Mean force was
ignificantly higher at the lower cutting speed of 80 m/min.

As it is evident from the data curves presented in Figs. 7–9 the
urface roughness and tool flank wear show complex relation-
hip with respect to machining parameters. Although the data set
resented in Table 3 is not large, it is adequate to train artificial
eural networks for modelling these relationships. Therefore,
he experimental data is also utilized in training the artificial
eural networks (ANN) given in Fig. 6 and described in Section
.2.

.5. Prediction of surface roughness and tool flank wear
atterns

By using trained neural network models, prediction simula-

ions are performed with respect to cutting time. This is a more
ealistic approach to investigate the performance of the neural
etworks as if they were implemented as an online tool condition
onitoring system.

F
w

ig. 10. Comparison of predicted (ANN) and measured surface roughness when
achining with wiper tools.

Predicted and measured surface roughness and tool flank
ear values using ANN for wiper insert at cutting speed of
15 m/min and feed rates of 0.05, 0.1 and 0.15 mm/rev are given
n Figs. 10 and 11. All the simulations are performed under two
ifferent cutting conditions, which are not used in training the
eural networks, to verify the robustness of the system.

Interestingly, while the best result is obtained in tool wear
rediction, relatively fair results are obtained in surface rough-
ess prediction. As expected, tool wear increased with respect
o cutting time in all conditions.

Decrease in the feed rate resulted in better surface roughness,
s supportive to the multi-radii wiper design, and also slightly
educed tool wear development as can be seen in Fig. 11.

Surface roughness and tool flank wear also have complex
elationship. Fig. 12 illustrates a plot of the tool flank wear pat-
ig. 11. Comparison of predicted (ANN) and measured tool flank wear at corner
hen machining with wiper tools.
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ig. 12. Comparison of tool flank wear at corner with surface roughness gener-
ted when machining with wiper tools.

. Conclusions

In this study, surface finishing and tool flank wear have
een investigated in finish turning of AISI D2 steels (60 HRC)
sing ceramic wiper (multi-radii) design inserts. Multiple linear
egression models and neural network models are developed for
redicting surface roughness and tool flank wear. The following
onclusions are drawn form the study:

The premise of using multi-radii wiper tools to higher feed
rates while maintaining good surfaces finishes has been real-
ized. Experimental results indicate that surface roughness Ra
values as low as 0.18–0.20 �m are attainable with wiper tools.
In general, low feed rates provided better tool life and bet-
ter surface finishes was obtained at the lowest feed rate and
highest cutting speed combination.
Tool flank wear reaches to a tool life criterion value of
VBC = 0.15 mm around 15 min of cutting time at high cut-
ting speeds due to elevated temperatures. Best tool life was
obtained in lowest feed rate and lowest cutting speed combi-
nation as expected.

Neural network based predictions of surface roughness and
tool flank wear are carried out and compared with a non-
training experimental data. These results show that neural
network models are suitable to predict tool wear and sur-

[

ssing Technology 189 (2007) 192–198

face roughness patterns for a range of cutting conditions
and can be utilized in intelligent process planning for hard
turning.
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