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Abstract

In machining of parts, surface quality is one of the most specified customer requirements. Major indication of surface quality on machined

parts is surface roughness. Finish hard turning using Cubic Boron Nitride (CBN) tools allows manufacturers to simplify their processes and

still achieve the desired surface roughness. There are various machining parameters have an effect on the surface roughness, but those effects

have not been adequately quantified. In order for manufacturers to maximize their gains from utilizing finish hard turning, accurate predictive

models for surface roughness and tool wear must be constructed. This paper utilizes neural network modeling to predict surface roughness

and tool flank wear over the machining time for variety of cutting conditions in finish hard turning. Regression models are also developed in

order to capture process specific parameters. A set of sparse experimental data for finish turning of hardened AISI 52100 steel obtained from

literature and the experimental data obtained from performed experiments in finish turning of hardened AISI H-13 steel have been utilized.

The data sets from measured surface roughness and tool flank wear were employed to train the neural network models. Trained neural

network models were used in predicting surface roughness and tool flank wear for other cutting conditions. A comparison of neural network

models with regression models is also carried out. Predictive neural network models are found to be capable of better predictions for surface

roughness and tool flank wear within the range that they had been trained.

Predictive neural network modeling is also extended to predict tool wear and surface roughness patterns seen in finish hard turning

processes. Decrease in the feed rate resulted in better surface roughness but slightly faster tool wear development, and increasing cutting

speed resulted in significant increase in tool wear development but resulted in better surface roughness. Increase in the workpiece hardness

resulted in better surface roughness but higher tool wear. Overall, CBN inserts with honed edge geometry performed better both in terms of

surface roughness and tool wear development.

q 2004 Elsevier Ltd. All rights reserved.
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1. Introduction

In machining of parts, surface quality is one of the most

specified customer requirements where major indication of

surface quality on machined parts is surface roughness.

Surface roughness is mainly a result of process parameters

such as tool geometry (i.e. nose radius, edge geometry, rake

angle, etc.) and cutting conditions (feed rate, cutting speed,

depth of cut, etc.). In finish hard turning, tool wear becomes

an additional parameter affecting surface quality of finished

parts. Hard turning process can be defined as turning ferrous
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metal parts that are already hardened, into finished

components. The greatest advantage of using finish hard

turning is the reduced machining time and complexity

required to manufacture metal parts and some other benefits

are detailed in the literature [1–5]. However, in current hard

turning practice, industry chooses the correct tool geometry

less than half of the time, uses proper machining parameters

only about half of the time, and uses cutting tools, especially

Cubic Boron Nitride (CBN), to their full life capability only

one third of the time. These sub-optimal practices cause loss

of productivity for the manufacturing industry. Improve-

ments to the current process planning for finish hard turning

are needed to improve cost effectiveness and productivity.

One of such improvements can be made to finish hard
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turning by developing predictive models for surface rough-

ness and tool wear when using CBN tools.

There are numerous machining factors that affect surface

quality in hard turning using CBN cutting tools, but those

effects have not been adequately quantified. In recent

studies, Chou et al. [7,13], Thiele et al. [9,11], and Özel et

al. [15] performed experiments on hard turning of various

steels using CBN tools and identified the factors affecting

surface roughness, tool wear, cutting forces and surface

integrity.

The quality and the integrity of the finish-machined

surfaces are affected by workpiece material hardness and

properties [6,8–11,15]. It is known that a suitable CBN tool

must be matched for different workpiece materials to get

favorable surface finishes where workpiece material hard-

ness is usually between 45 and 70 HRC [8–11,13,15]. It is

also known that the surface roughness decreases with

increasing hardness. Furthermore, workpiece hardness

has a profound effect on the cutting life of the CBN tools

[7,12,13,15].

On the other hand, CBN cutting tools demand prudent

design of tool geometry [1–5]. They have lower toughness

than other common tool materials, thus chipping is more

likely [2]. Therefore, proper edge preparation is required to

increase the strength of cutting edge and attain favorable

surface characteristics on finished metal parts. CBN cutting

tools designed for hard turning feature negative rake

geometry and an edge preparation (a chamfer or a hone,

or even both) as shown in Fig. 1.

Edge geometry of the CBN tool is an important factor

affecting surface quality. Hodgson et al. [2] reported that the

chamfered cutting edge of CBN tools results in a significant

reduction in tool life and they usually develop notch wear.

Koenig et al. [4] suggested that the chamfer is unfavorable

in terms of attainable surface finish compared to honed or

sharp edges. Chou et al. [7] tested three types of edge

preparation for CBN in finish turning of hardened steels.

The results indicated that the honed cutting edge has worse

performance than the other two, based on tool flank wear

and part surface finish. Koenig et al. [4] also reported that an

increase in feed rate raises the compressive residual stress

maximal and deepens the affected zone. Theile et al. [11]

showed that cutting edge geometry has significant impact on

surface integrity and residual stresses in finish hard turning

and large hone radius tools produced more compressive

stresses, but left ‘white-layers’ on the surface. On the other

hand, the tool nose radius has an inverse relationship with
Fig. 1. Cutting with various edge geometry CBN tools.
surface quality but nose radius cannot be made very large.

The importance on edge geometry implies additional

importance to tool wear. As tools wear, their edge geometry

may change and thus affect the part surface quality.

Performance of CBN cutting tools is highly dependent on

the cutting conditions, i.e. cutting speed, feed, feed-rate, and

depth of cut. Especially cutting speed and depth of cut

significantly influence tool life [9]. Change in the edge

geometry, increased cutting speed and depth of cut result in

increased tool stresses and tool temperatures at the cutting

zone [14]. Since CBN is a ceramic material, at elevated

temperatures chemical wear becomes a leading wear

mechanism and often accelerates weakening of cutting

edge, resulting in premature tool failure (chipping). Thiele

et al. [11] noticed that in the case of increasing feed rate,

residual stresses change from compressive to tensile.

CBN content is also a very important factor for the

cutting performance. In general tools with low CBN

(50–70 vol%) are better performers [13].

Another factor that is often ignored is tool vibration. The

divergence or waviness in surface roughness is due to tool

vibration and chip effects [10]. In order to reduce tool

vibration, it is necessary to provide sufficiently rigid

tool and workpiece fixtures. Assuring that there is minimal

tool vibration, hence eliminating waviness, is an easy way to

improve surface roughness.
2. Experimental design and statistical analysis

In the past, various methods have been used to quantify

the impact of machining parameters on part finish quality.

Though the processes that previous researchers have

utilized are similar in nature, they all vary slightly in their

execution. All of the relevant literature includes some kind

of design of experiments that allows for a systematic

approach to quantifying the effects of a finite number of

parameters. Some experiments were full-factorial designs

with a small number of factors, while others were fractional

factorial designs meant to screen factors for impact.

In an earlier study, Thiele et al. [9] used a three-factor

full factorial design to determine the effects of workpiece

hardness and tool edge geometry on surface roughness in

finish hard turning using CBN tools. They performed three

replicates of each factor level combination in order to

account for variability in the process. After completing the

experiments, they conducted an analysis of variance

(ANOVA) to discern whether differences in surface quality

between various runs were statistically significant. This

analysis found that edge geometry and feed rate impacted

surface quality. In addition, the ANOVA showed that the

interaction between the hardness and edge geometry, and

the interaction between hardness and feed rate were

significant. This analysis showed that edge geometry is

significant, which explains why at low feeds the theoretical

and actual surface roughness measurements diverge.



Table 1

Factors and levels for Chou et al. [13]

Level CBN content V (m/min)

Low 0.60 60

Medium 0.70 120

High 0.92 240

Table 3

ANOVA table for VB tool flank wear [13]

Source DF MS F-ratio p-Value

V 2 0.01850 480.89 0.000

C 2 0.14904 3874.3 0.000

L 9 0.04760 1237.4 0.000

V!C 2 0.00143 37.08 0.000

V!L 18 0.00170 44.09 0.000

C!L 18 0.00234 60.76 0.000

V!C!L 18 0.00027 7.11 0.000

Error 30 0.00004

Total 99
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In order to represent the effect of CBN content on surface

roughness, experimental data generated by Chou et al. [13]

for hard turning of AISI 52100 steel using CBN tools were

used. In their experiments, Chou et al. used a two factor-

three level fractional factorial design as shown in Table 1. In

addition surface roughness and tool flank wear readings are

taken along the axial cutting length (L) up to 127 mm (5 in.)

every 12.7 mm.

Tables 2 and 3 present ANOVA results for experimental

data generated by Chou et al. [13]. In addition to degrees of

freedom (DF), mean square (MS) and F-ratio, p-values

associated with each factor level and interactions were

presented. It is important to observe the p-values in the

tables. For the surface roughness generation, most of the

factors are apparently significant—only the p-value for V!
C is large indicating statistically insignificance. However

for the tool flank wear progress, all of the linear and

interaction terms indicate some significance.

In this study, effects of cutting edge geometry, workpiece

hardness, feed rate and cutting speed on surface roughness

and tool wear in the finish dry hard turning of AISI H13 steel

were experimentally investigated. Low CBN content inserts

with two distinct edge preparations and through-hardened

AISI H13 steel bars were used. The hone inserts have edge

geometry with a radius of 0.01 mm, and chamfered inserts

have 0.1 mm chamfer land and 208 chamfer angle. All

inserts have 1.19 mm nose radius. A four factor-two level

fractional factorial design was used to determine the effects

of the cutting edge geometry, workpiece hardness, feed rate

and cutting speed on surface roughness and tool flank wear

in the finish hard turning of AISI H13 steel. The factors and

factor levels are summarized in Table 4. These factor levels

result in a total of 16 unique factor level combinations.
Table 2

ANOVA table for Ra surface roughness [13]

Source DF MS F-ratio p-Value

V 2 0.30557 383.16 0.000

C 2 0.32231 404.14 0.000

L 9 0.09862 123.66 0.000

V!C 2 0.00114 1.44 0.254

V!L 18 0.01599 20.05 0.000

C!L 18 0.00295 3.70 0.001

V!C!L 18 0.00244 3.06 0.003

Error 30 0.00080

Total 99
Sixteen replications of each factor level combinations were

conducted resulting in a total of 256 tests. Each replication

represents 25.4 mm cutting length in axial direction. The

response variables are the workpiece surface roughness and

the cutting forces.

Longitudinal turning of hardened steel bars was

conducted on a rigid, high-precision, production type

CNC lathe (Romi Centur 35E) at a constant depth of cut

at 0.254 mm. The bar workpieces were held in the

machine with a collet to minimize run-out and maximize

rigidity. The length of cut for each test was 25.4 mm in

the axial direction. Due to the availability constraints,

each insert was used for one factor-level combination,

which consisted of 16 replications. (A total of three honed

and three chamfer inserts were available.) In this manner

each edge preparation was subject to the same number of

tests and the same axial length of cut. Finally, surface

roughness and tool wear measurements were conducted

after machining axial cutting length of 25.4 mm (1 in.) up

to 406.4 mm (16 in.) during each factor-level combination.

The surface roughness was measured with a Taylor-

Habson Surtronic 3Cprofilometer and Mitutoyo SJ-digital

surface analyzer, using a trace length of 4.8 mm, a cut-off

length of 0.8 mm, and an M1 band-pass filter. The surface

roughness values were recorded at eight equally spaced

locations around the circumference every 25.4 mm

distance from the edge of the specimen to obtain

statistically meaningful data for each factor level combi-

nation. CBN inserts were examined using a tool-maker

microscope to measure flank wear depth and detect

undesirable features on the edge of the cutting tool by

interrupting finish hard turning process. The effects of

edge geometry, cutting conditions on forces generated in

finish hard turning are presented elsewhere [15].
Table 4

Experimental factors and levels

Level HRC Edge geometry V (m/min) f (mm/rev)

Low 51.3 Honed 100 0.1

High 54.7 Chamfered 200 0.2



Table 5

ANOVA table for Ra surface roughness in finish hard turning of AISI H13

using CBN tools

Source DF MS F-ratio p-Value

H 1 0.02859 0.5802 0.448

V 1 2.58310 52.415 0.000

E 1 0.05681 1.1528 0.286

F 2 5.66360 114.93 0.000

L 15 0.02060 0.4180 0.970

H!V 1 0.55220 11.206 0.001

H!E 1 1.23390 25.036 0.000

H!f 1 0.00289 0.0584 0.810

H!L 15 0.03242 0.6578 0.817

V!E 1 0.97134 19.710 0.000

V!f 1 0.52002 10.552 0.002

V!L 15 0.04579 0.9291 0.536

E!f 1 0.32329 6.5601 0.012

E!L 15 0.04004 0.8126 0.661

f!L 21 0.03627 0.7360 0.784

Error 81 0.04928

Total 173
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Tables 5 and 6 present ANOVA results for experimental

data generated in-house for finish hard turning of AISI H13

steel using CBN tools. From the ANOVA for surface

roughness, factors such as Hardness, Length, interaction

terms such as H!f, H!L, V!L, E!L, f!L are found to be

statistically less significant on generation of surface

roughness.

For the tool flank wear progress, the least significant

factor found to be interestingly insert edge radius and where

as interaction terms such as H!V, H!E, V!L, E!L are

found to be not so significant after all.
3. Regression based modeling

In order to accurately model the surface roughness in

hard turning, one needs to first understand why current
Table 6

ANOVA table for VB tool flank wear in finish hard turning of AISI H13

using CBN tools

Source DF MS F-ratio p-Value

H 1 0.02725 55.127 0.0000

V 1 0.02277 46.066 0.0000

E 1 0.00097 1.9648 0.1648

F 2 0.02534 51.256 0.0000

L 15 0.01489 30.124 0.0000

H!V 1 0.00014 0.2751 0.6014

H!E 1 0.00045 0.9169 0.3412

H!f 1 0.00253 5.1164 0.0264

H!L 15 0.00134 2.7104 0.0021

V!E 1 0.02646 53.532 0.0000

V!f 1 0.00175 3.5405 0.0635

V!L 15 0.00046 0.9231 0.5424

E!f 1 0.00283 5.7336 0.0190

E!L 15 0.00039 0.7918 0.6830

F!L 21 0.00156 3.1508 0.0001

Error 81 0.00049

Total 173
models fail. A basic theoretical model for surface roughness

is given with Eq. (1)

Ra Z
f 2

32re

(1)

where f is feed rate and re is the tool nose radius. According

to this model, one needs only decrease the feed rate or

increase the tool nose radius to improve desired surface

roughness. However, there are several problems with this

model. First, it does not take into account any imperfections

in the process, such as tool vibration or chip adhesion.

Secondly, there are practical limitations to this model, as

certain tools (such as CBN) require specific geometries to

improve tool life [11].

It has been shown that the actual surface roughness in

experiments with low feed rates does not match the

theoretical surface roughness. There are two main effects

that lead to the degradation of surface roughness: adhesion

and ploughing. The frictional interaction between the tool

and workpiece has a significant impact on surface quality.

Grzesik [16] showed that to minimize this effect, the setup

should provide that the minimum undeformed chip length

should be equal to the critical depth of penetration of the

cutting edge. Fang and Safi-Jahanshahi [17] suggested

linear and exponential empirical models for surface rough-

ness as functions of cutting speed (V), feed (f) and depth of

cut (d)

Ra Z c0Vc1 f c2 dc3 (2)

Kopac et al. [18] utilized a Taguchi experimental design

to determine the optimal machining parameters for a desired

surface roughness for traditional turning. Taguchi design

method was used to identify the impact of various

parameters on an output and determine the combination of

parameters to control them to reduce the variability in that

output. They chose a design for five factors: cutting speed,

cutting material, workpiece material, cutting depth, and

consecutive cut. In addition to these factors, they also

specifically considered seven second-order interactions

between these factors. According to their analysis, the

most significant influences on surface quality are cutting

speed, cutting material, cutting depth, and consecutive cut.

They also found that the interactions between cutting speed

and cutting depth, cutting speed and consecutive cut, and

cutting material and consecutive cut were all significant.

Feng and Wang [19] conducted testing and used

regression analysis to develop a complete empirical model

of surface roughness for traditional turning. They created a

resolution V-design using feed, workpiece hardness, tool

point angle, depth of cut, and spindle speed. This type of

design confounds 3, 4, and 5-way interactions with each

other; however, they assumed these interactions to be

insignificant. After performing the tests, the data was

analyzed and a regression model was determined. Their

analysis concluded that all of the first-order factors were



Fig. 2. Linear and exponential models for surface roughness hard turning of

AISI 52100 steel using CBN tools (data obtained from [13]).
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significant in their impact on surface roughness. They

suggested an exponential model for surface roughness

including workpiece hardness (H), cutting tool point angle

(A), cutting speed, feed, depth of cut, and cutting time (T) to

account for tool life, hence productivity

Ra Z c0Hc1 Ac2 Vc3 f c4 dc5 Tc6 (3)

However, those models do not include the effects of

insert edge geometry and CBN content, therefore lack in

completeness to capture machining factors dominant in

finish dry hard turning. A modification to the exponential

model given in Eq. (3) can be made by replacing tool point

angle with edge radius of the CBN insert to account for

effect of edge preparation and dropping the term represents

effect of depth of cut since it has been shown that in finish

hard turning depth of cut does not influence surface

roughness and tool flank wear greatly [9].

In this paper, a modified exponential model for both

surface roughness and tool flank wear is suggested

considering finish hard turning process using CBN tools.

In the model, surface roughness or flank wear depth is

function of work material hardness, CBN content in tool

material, edge radius of the CBN cutting tool, cutting speed,

feed rate and cutting time. Therefore, the influence of tool

wear upon surface roughness is also reflected in the model

as shown in Eq. (4)

Ra Z c0Hc1 Cc2 Ec3 Vc4 f c5 Lc6 (4)

where Ra is surface roughness (mm), VB is flank wear depth

(mm), H is work material hardness in Rockwell-C scale, E is

edge radius of the CBN tool (mm), C is CBN content in

percentage volume, f is feed (mm/rev), V is cutting speed

(m/min), L is cutting length in axial direction (mm).

Multiple linear regression models for surface roughness

can be obtained by applying a logarithmic transformation

that converts non-linear form of Eq. (4) into following linear

mathematical form:

ln Ra Z ln c0 Cc1 ln H Cc2 ln C Cc3 ln E Cc4 ln V

Cc5 ln f Cc6 ln L (5)

The equation can be rewritten as

y Z b0 Cb1x1 Cb2x2 Cb3x3 Cb4x4 Cb5x5 Cb6x6 C3

(6)

where y is the logarithmic value of the measured surface

roughness, b0, b1, b2, b3, b4, b5, b6 are regression

coefficients to be estimated, x0 is the unit vector, x1, x2,

x3, x4, x5, x6 are the logarithmic values of hardness, CBN

content, edge radius, cutting speed, feed and axial cutting

length, 3 is the random error.

The above equation in matrix form becomes:

y Z Xb C3 (7)
Thus, the least squares estimator of b is

b Z ðX0XÞK1X0y (8)

The fitted regression model is

ŷ Z Xb (9)

The difference between the experimentally measured and

the fitted values of response is a residual

e Z y K ŷ (10)

This regression analysis technique using least squares

estimation was applied to compute the coefficients of the

exponential model by using the sparse experimental data

generated by Chou et al. [13] for hard turning of AISI 52100

steel using CBN tools. The following exponential models

for surface roughness and tool flank wear were determined

and are given, respectively

Ra Z 0:00762C1:8701V0:42944L0:49905 (11)

VB Z 0:016256C1:8048V0:13510L0:54859 (12)

These exponential models are compared with linear

regression models generated for the same experimental data

sets and they are shown in Figs. 2 and 3. Accordingly,

exponential regression models for surface roughness and

tool flank wear are given, respectively, for the experimental

data generated for finish hard turning of AISI H13 steel

using CBN tools in-house

Ra Z 1:0632H0:5234E0:1388VK:0229f 1:0198L0:0119 (13)

VB Z 2:562!10K8H2:9656E0:1074VK0:0562f K0:2618L0:5420

(14)

Above exponential models are also compared with linear

regression models generated for the same experimental data

sets and they are shown in Figs. 4 and 5.



Fig. 3. Linear and exponential models for tool flank wear hard turning of

AISI 52100 steel using CBN tools (data obtained from [13]).

Fig. 5. Linear and exponential models for tool flank wear finish hard turning

of AISI H13 steel using CBN tools (data generated in-house).
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In Figs. 2–5, each cluster represents one cutting

condition along a certain cutting length. Relatively poor

results obtained between cutting conditions 62 and 72 in

Figs. 2 and 3 which correspond to cutting condition with

highest cutting speed (0.240 m/min) and highest CBN

percentage (90%) tool for AISI-52100 steel. Although

exponential regression models for tool wear demonstrated

good performance for both AISI-52100 and AISI-H13 steel,

surface roughness predictions did not yield good results

especially for AISI-H13 steel.

It is believed that neural networks would model surface

roughness and tool flank wear better than regression models.

On the other hand, tool flank wear and surface roughness

can be modeled independently from each other. Using a

single neural network, it is possible to train and predict as

many as performance measure desired. In order to further

investigate this hypothesis, a feed forward multilayer

neural network was developed to predict surface roughness
Fig. 4. Linear and exponential models for surface roughness finish hard

turning of AISI H13 steel using CBN tools (data generated in-house).
and tool flank wear by using latest developments in neural

networks literature.
4. Neural network modeling

In the past, a large number of researchers reported

application of neural network models in tool condition

monitoring and predictions of tool wear and tool life. An

exclusive review of the current literature is presented by

Sick [27].

In the context of tool condition monitoring with neural

networks, two methods have been applied, direct or indirect

monitoring methods. Direct methods rely on sensing

techniques that measure the wear during process by using

optical, radioactive, proximity sensors and electrical

resistance measurement techniques. However, direct

measurement of on-line tool wear is not easily achievable

because of the complexity of measuring above given signals

during process. Indirect methods measure other factors that

are the causes of tool wear such as cutting forces, acoustic

emission, temperature, vibration, spindle motor current,

cutting conditions, torque, and strain and snapshot images of

the cutting tool. The information obtained from these

measurements is more than necessary for tool wear

measurement therefore necessary information should be

extracted from them. The information can be used for either

modeling the relation between cutting process variables and

tool wear, or classification of worn or unspent tools.

Because of their matching and approximating capabilities

neural networks are suitable to model tool wear patterns.

Elanayar and Shin [20] proposed a model, which

approximates flank and crater, wear propagation and their

effects on cutting force by using radial basis function neural

networks. The generic approximation capabilities of radial

basis function neural networks are used to identify a

model and a state estimator is designed based on this
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identified model. A wide range of tool monitoring

techniques utilizing neural networks has been reviewed by

Dimla et al. [21]. They concluded that neural networks are

adequate for tool condition monitoring. They also pointed

out the confusion in the interpretation of TCM techniques in

literature as on-line or off-line systems. They concluded that

the methods that are proposed to be an on-line technique

should be tested in real-time and their success should be

decided afterwards. Ghasempoor et al. [22] proposed a tool

wear classification and continuous monitoring neural net-

work system for turning by employing recurrent neural

network design.

In the study of Li et al. [23], neural network models have

also been integrated with analytical models such as Oxley’s

theory to form a hybrid machining model for the prediction

of tool wear and workpiece surface roughness. Neural

networks are used to predict difficult-to-model machining

characteristic factors.

Liu and Altintas [24] derived an expression to calculate

flank wear in terms of cutting force ratio and other

machining parameters. The calculated flank wear, force

ratio, feed rate and cutting speed are used as an input to a

neural network to predict the flank wear in the next step.

Tsai and Wang [25] compared six types of neural network

models and a neuro-fuzzy network in predicting surface

roughness. Their study revealed that multilayer feed-

forward neural network with hyperbolic tangent-sigmoid

transfer functions performed better among feed-forward

neural network models. Özel and Nadgir [26] developed a

back-propagation neural network model to predict tool wear

on chamfered and honed CBN cutting tools for a range of

cutting conditions. Sick [27] demonstrated a new hybrid

technique, which combines a physical model describing the

influence of cutting conditions on measured force signals

with neural model describing the relationship between

normalized force signals and the wear of the tool. Time-

delay neural networks are used in his studies. Scheffer et al.

[28] developed an online tool wear monitoring system for

hard turning by using a similar approach proposed by

Ghasempoor et al. [22]. They combined the static and

dynamic neural networks as a modular approach. The static

neural networks are used to model flank and crater wear and

trained off-line. The dynamic model is trained on-line to

estimate the wear values by minimizing the difference

between on-line measurements and the output of the static

networks that enables the prediction of wear development

on-line. Choudry and Bartarya [29] compared the design of

experiments technique and neural networks techniques for

predicting tool wear. They established the relationships

between temperature and tool flank wear. The amount of

flank wear on a turning tool was indirectly determined

without interrupting the machining operation by monitoring

the temperature at the cutting zone and the surface finish by

using a naturally formed thermocouple. They concluded that

neural networks perform better than design of experiments

technique.
On the other hand, there are very few publications

appeared in the literature for predicting surface roughness

utilizing neural network modeling. In an earlier work,

Azouzi and Guillot [30] examined the feasibility of neural

network based sensor fusion technique to estimate the

surface roughness and dimensional deviations during

machining. This study concludes that depth of cut, feed

rate, radial and z-axis cutting forces are the required

information that should be fed into neural network models

to predict the surface roughness successfully. In addition to

those parameters, Risbood et al. [31] added the radial

vibrations of the tool holder as additional parameter to

predict the surface roughness. During their experiments they

observed that surface finish first improves with increasing

feed but later it starts to deteriorate with further increase of

feed. Lee and Chen [39] proposed an online surface

roughness recognition system using neural networks by

monitoring the vibrations caused by the tool and workpiece

motions during machining. They obtained good results but

their study was limited to regular turning operations of mild

steels. Recently, Benardos and Vosniakos [32] made an

extensive literature review on predicting surface roughness

in machining and confirmed the effectiveness of neural

network approaches. Feng and Wang [33] compared

regression models with a feed-forward neural network

model by using sparse experimental data obtained for

traditional turning of aluminum 6061T and AISI 8620 steel.

Their results indicated that backpropagation neural network

modeling provided better predictions for all of the cutting

conditions that they are trained for. However, the authors

concluded that regression models might perform better

when experimental data generated from experimental

design. Özel and Karpat [34] presented preliminary results

for predicting surface roughness and tool wear using both

regression analysis and neural network models in finish hard

turning.

4.1. Predictive neural network modeling algorithm

Neural networks are non-linear mapping systems that

consist of simple processors, which are called neurons,

linked by weighted connections. Each neuron has inputs and

generates an output that can be seen as the reflection of local

information that is stored in connections. The output signal

of a neuron is fed to other neurons as input signals via

interconnections. Since the capability of a single neuron is

limited, complex functions can be realized by connecting

many neurons. It is widely reported that structure of neural

network, representation of data, normalization of inputs–

outputs and appropriate selection of activation functions

have strong influence on the effectiveness and performance

of the trained neural network [35].

A neural network consists of at least three layers,

i.e. input, hidden and output layers, where inputs,

pi, applied at the input layer and outputs, ai, are obtained

at the output layer and learning is achieved when



Fig. 6. Structure of a neural network.
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the associations between a specified set of input–output

(target) pairs fðp1; t1Þ; ðp2; t2Þ;.; ðpQ; tQÞg are established

(see Fig. 6).

The backpropagation training methodology that is

commonly used in training neural networks can be

summarized as follows. Consider the multilayer feed-

forward neural network given in Fig. 6 and one of its

neuron in Fig. 7. The net input to unit i in layer kC1 is

nkC1
i Z

XSk

jZ1

wkC1
i;j ak

j CbkC1
i (15)

The output of unit i will be

akC1
i Z f kC1ðnkC1

i Þ (16)

where f is the activation function of neurons in (kC1)th

layer. The performance index, which indicates all the

aspects of this complex system, is selected as mean squared

error

V Z
1

2

XQ

qZ1

ðtq KaM
q Þ

T ðtq KaM
q Þ Z

1

2

XQ

qZ1

eT
q eq (17)
Fig. 7. Model of a neuron.
In Eq. (17), aM
q is the output of the network correspond-

ing to qth input pQ, and eqZ ðtqKaM
q Þ is the error term. In

backpropagation learning, weight update can be performed

either after the presentation of all training data (batch

training) or after each input–output pair (sequential

training). The weight update for the steepest descent

algorithm is

Dwk
i;j ZKa

vV

vwk
i;j

(18)

Dbk
i ZKa

vV

vbk
i

(19)

where a 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. (18) and (19) 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 performance index are defined as

the sensitivity shown with Eq. (20) [36].

d
k
i h

vV

vnk
i

(20)

The backpropagation algorithm proceeds as follows:

first, inputs are presented to the network and errors are

calculated; second, sensitivities are propagated from the

output layer to the first layer; then, weights and biases are

updated using Eqs. (18) and (19).

Minimizing the performance index on the training sets

may not result in a network with superior generalization

capability. Methods such as Bayesian regularization, early

stopping, etc. are commonly used to improve the general-

ization in neural networks [37]. In this study, the

Levenberg–Marquardt method is used together with

Bayesian regularization in training neural networks in

order to obtain neural networks with good generalization

capability. The details of Levenberg–Marquardt algorithm

can be found in [37].

The basic assumption in Bayesian regularization is that

the true underlying function between input–output pairs

should be smooth and this smoothness can be obtained by

keeping network weights small and well distributed within

the neural network. This is achived by constraining the size

of the network weights which is referred to as regularization

which adds additional terms to the objective function

F Z bV CaW (21)

where V is the sum of squared errors (performance index)

which defined in Eq. (17), W is the sum of squares of the

network weights, a and b are objective function parameters.

This modification in performance index will result in a

neural network with smaller weights and biases which will

force its response to be smoother and decrease the

probability of overfitting. The weights and biases are

assumed to be random variables with specific distiributions.



Fig. 8. Neural networks used in training and predicting surface roughness

and tool wear.
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The regularization parameters are related to the unknown

variances associated with these variables. If b[a, the

objective function will try to minimize the network error or

else (b/a) the objective function will drive weights to

smaller values at the expense of network errors. Therefore,

choosing the correct parameters is crucial in regularization.

This selection is performed by making use of Bayes’ rule

[38]. Training with Bayesian regularization yields important

parameters such as sum of square errors (SSE), sum of

squares of weights (SSW) and number of effective

parameters used in neural network, which can be used to

eliminate guesswork in selection of number of neurons in

hidden layer. Besides, it is advantageous to use Bayesian

regularization when there is limited amount of data. This

approach is described in Section 4.2.

The non-linear tanh activation functions are used in the

hidden layer and input data are normalized in the range of

[K1,1]. Linear activation functions are used in the output

layer. The weights and biases of the network are initialized

to small random values to avoid immediate saturation in the

activation functions.

Throughout this study, the data set is divided into two

sets as training and test sets. Neural networks are trained by

using training data set and their generalization capacity is

examined by using test sets. The training data never used in

test data. Matlab’s neural network toolbox is used to train

neural networks. Simulations with test data repeated many

times with different weight and bias initializations.

4.2. Prediction of surface roughness and tool flank wear

In this study, two different neural networks are used. In

the first group surface roughness and tool wear are predicted

with a feed-forward multilayer neural network as shown in

Fig. 8a by using direct process parameters tool edge

geometry, Rockwell-C hardness of workpiece, cutting

speed, feed rate and cutting length as inputs to neural

network. This neural network is trained with 173 data points

(cutting conditions). It is tested on 36 data points (cutting

conditions) which are randomly chosen from different

cutting conditions from the data set consists of 209 data

points (cutting conditions). The performance of this network

is later compared with regression models. In the second

group, it is decided to design neural networks for chamfered

and honed tool edge geometry separately. It has been

reported that cutting force signals are sensitive to tool wear

and considering the reliability of measuring cutting forces

[23,24]. Therefore, the mean values of cutting forces are

included as inputs as shown in Fig. 8b for more accurate

prediction of surface roughness and flank wear. Surface

roughness and flank wear predictions are also performed for

chamfered and honed tool edge geometries separately by

designing single output neural networks. This approach

decreased the size of each neural network thus enabled

faster convergence and better predictions of flank wear and

surface roughness values. As a result, four different neural
network models with seven inputs and one output are

obtained. Consequently, the inputs are workpiece hardness

in Rockwell-C, cutting speed (m/min), feed rate (mm/rev),

axial cutting length (mm), and mean values of three force

components Fx, Fy, Fz (N) measured during finish hard

turning. The neural networks are trained with 111 data

points (cutting conditions) and tested on 16 data points

(cutting conditions).

Number of neurons to be used in the hidden layer of a neural

network is critical in order to avoid overfitting problem, which

hinders the generalization capability of the neural network.

Number of hidden layer neurons is usually found with trial and

error approach. In this study, a systematical approach is

adapted by using the output parameters of Bayesian

regularization algorithm. The basic idea is to obtain

approximately the same number of effectively used par-

ameters (NOEP) over the trials. This assumes that the resultant

neural network has enough number of parameters to represent

the training set. In the mean time, the consistency of sum of

squared errors (SSE) and sum of network weights (SSW) is

maintained. An example of this procedure is given in Table 7



Table 7

An example training procedure for selecting number of neurons in hidden

layer

SSE SSW NOEP rms error, VB rms error, Ra

Structure

5–13–2

Trial 1 3.33 28.04 81 (106) 8.77 7.70

2 3.26 28.98 83 (106) 9.32 8.44

3 3.38 26.36 81 (106) 8.63 7.74

4 3.43 26.82 78 (106) 9.65 8.42

5 3.43 27.02 79 (106) 9.62 8.66

6 3.26 31.11 84 (106) 8.02 8.29

Avg 9.01 Avg 8.20

Structure

5–15–2

Trial 1 3.00 36.14 92 (122) 7.98 7.77

2 3.11 33.93 91 (122) 8.66 7.84

3 2.99 35.34 92 (122) 7.71 8.08

4 3.12 31.15 91 (122) 9.02 7.92

5 3.02 34.77 91 (122) 8.24 7.9

6 3.05 34.84 91 (122) 7.96 8.48

Avg 8.26 Avg 7.98

Fig. 10. Predicted and measured tool flank wear finish hard turning of AISI

H13 steel using CBN tools.
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for training neural network for flank wear and surface

roughness prediction.

As seen from Table 7, network structure 5–15–2 is

chosen after the observation of consistent number of

effective parameters and error terms. Small flank wear and

surface roughness rms errors on the test data confirms the

reliability of this approach. The output parameters of

training with Bayesian regularization with respect to

epoch number are given in Fig. 9. It can be seen that

training of neural networks can be achieved quickly.

Similar approach is repeated for other network models to

determine the number of hidden layer neurons. Conse-

quently, a network configuration of 7–8–1 is selected for the

tool flank wear (VB) prediction for chamfered tools.

Similarly, network configurations of 7–10–1, 7–10–1, and

7–13–1 are chosen for the tool flank wear (VB) prediction
Fig. 9. An example of training results for selecting number of neurons in

hidden layer.
with honed tools, the surface roughness (Ra) prediction for

chamfered and honed tools, respectively.

Predicted and measured surface roughness and tool flank

wear values for 5–15–2 the neural network structure are

compared in Fig. 10. As it can be seen from the figures, the

computational neural network model provided high accu-

racy in predicting both performance measures i.e. surface

roughness (Ra) and, depth of tool flank wear (VB). The rms

error values can be seen in Table 7.

Comparisons between the predictions of tool wear and

surface roughness by using both regression-based models

are developed and the predictive neural network models are

also performed. The predictions obtained from regression-

based models and predictive neural network models are

compared with the experimental data set that has not been
Fig. 11. Comparison of predicted surface roughness and tool wear using

neural networks vs regression for untrained cutting conditions in hard

turning of AISI H13.



Table 8

Average rms errors for second group of neural networks

Neural network Average rms error

Tool flank wear prediction for honed tools 5.9

Tool flank wear prediction for chamfered tools 2.1

Surface roughness prediction for chamfered tools 9.3

Surface roughness prediction for honed tools 5.4

Fig. 13. Predicted tool wear for chamfered edge geometry CBN tool.
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used in training predictive neural networks for the various

set of cutting conditions as shown in Fig. 11. Predictions

with neural networks outperform the prediction resulted

from regression-based models.

4.3. Prediction of surface roughness and tool flank

wear patterns in hard turning

For the second group of neural networks, prediction

simulations are performed with respect to axial cutting

distance. This is a more realistic approach to investigate the

performance of the neural networks as if they were

implemented as an on-line tool condition monitoring

system. Average rms errors obtained after running simu-

lations for these networks are given in Table 8. With the

addition of cutting forces to inputs, substantially smaller

average rms errors are obtained.

Predicted and measured surface roughness and tool flank

wear values for chamfered and honed tools are given in

Figs. 12–15. All of the simulations are performed under two

different cutting conditions, which are not used in training

the neural networks, to verify the robustness of the system.

Interestingly, while the best result is obtained in tool

wear prediction with chamfered tools, relatively fair results

are obtained in surface roughness prediction with chamfered

tools. This justifies our approach of splitting the neural

network model into four parts since hard turning machining

exhibits a unique behavior, which is different than regular

turning operations. Predictions for honed tools gave quite

consistent results where same levels of average errors were
Fig. 12. Predicted tool wear for honed edge geometry CBN tool.
obtained for both surface roughness and flank wear

predictions. Inclusion of cutting forces into the neural

network model proved their importance in obtaining better

predictions. As expected, tool wear increased with respect to

axial cutting distance in all conditions.

Decrease in the feed rate resulted in better surface

roughness, as supportive to Eq. (1), but also slightly

accelerated tool wear development as can be seen in

Fig. 12. On the other hand, increasing cutting speed resulted

in significant increase in tool wear development as can be

seen in Fig. 13, however resulted in better surface roughness

as can be seen in Fig. 15. It seems that increase in tool wear

contributes into better surface roughness development at

high cutting speeds and it is the opposite at lower cutting

speeds. Increase in the workpiece hardness resultant in

better surface roughness but higher tool wear.

Overall, CBN inserts with honed edge geometry

performed better both in terms of surface roughness and

tool wear development.
Fig. 14. Predicted surface roughness for honed edge geometry CBN tool.



Fig. 15. Predicted surface roughness for chamfered edge geometry CBN

tool.
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5. Conclusions

The objective of this study is the development of

models based on feedforward neural networks in predict-

ing accurately both surface roughness and tool flank wear

in finish dry hard turning. The experimental data of

measured surface roughness and tool flank wear are

utilized to train the neural network models. Trained

neural network models are used in predicting surface

roughness and flank wear for various different cutting

conditions. The developed prediction system is found to

be capable of accurate surface roughness and tool wear

prediction for the range it has been trained. The neural

network models are also compared to the regression

models. As it was anticipated, the neural network models

provided better prediction capabilities because they

generally offer the ability to model more complex non-

linearities and interactions than linear and exponential

regression models can offer. All data, experimentally

obtained and collected from previous studies, have been

used to compare the models based on prediction accuracy

and can be extended to testing relative biases, ability to

extrapolate and others.

In the design of neural networks, our major concern was

to obtain a good generalization capability. In this study,

Bayesian regularization with Levenberg–Marquardt train-

ing algorithm is used. As described earlier, this method is

also utilized to overcome the problem of determining

optimum number of neurons in hidden layer. The results

obtained after simulations proved the efficiency of this

methodology.

Neural network models with cutting force inputs and a

single output yielded better results than neural networks

with two outputs, which predict surface roughness and tool

wear together.
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