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Abstract In this paper, we introduce a procedure to
formulate and solve optimization problems for multiple
and conflicting objectives that may exist in turning
processes. Advanced turning processes, such as hard
turning, demand the use of advanced tools with specially
prepared cutting edges. It is also evident from a large
number of experimental works that the tool geometry and
selected machining parameters have complex relations with
the tool life and the roughness and integrity of the finished
surfaces. The non-linear relations between the machining
parameters including tool geometry and the performance
measure of interest can be obtained by neural networks
using experimental data. The neural network models can be
used in defining objective functions. In this study, dynamic-
neighborhood particle swarm optimization (DN-PSO)
methodology is used to handle multi-objective optimization
problems existing in turning process planning. The objec-
tive is to obtain a group of optimal process parameters for
each of three different case studies presented in this paper.
The case studies considered in this study are: minimizing
surface roughness values and maximizing the productivity,
maximizing tool life and material removal rate, and
minimizing machining induced stresses on the surface and
minimizing surface roughness. The optimum cutting con-
ditions for each case study can be selected from calculated
Pareto-optimal fronts by the user according to production
planning requirements. The results indicate that the pro-

posed methodology which makes use of dynamic-neigh-
borhood particle swarm approach for solving the multi-
objective optimization problems with conflicting objectives
is both effective and efficient, and can be utilized in solving
complex turning optimization problems and adds intelli-
gence in production planning process.

Keywords Dynamic-neighborhood particle swarm
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1 Introduction

In a globally competitive manufacturing environment,
simultaneously increasing productivity, while improving
and maintaining high quality surfaces in finish turning of
hardened parts (hard turning) is required to gain a
competitive advantage for manufacturers. Hard turning
processes demand the use of advanced tools with specially
prepared cutting edges as reported in previous literature.
Koenig et al. [1] presented the advantages of using hard
turning over grinding and its potential to control surface
integrity by optimizing tool geometry and machining
parameters. Matsumoto et al. [2] addressed the issue of
obtaining favorable surface integrity in hard turning
processes. It is also evident from a large number of other
experimental works that the tool geometry and selected
machining parameters have complex relations with cutting
forces, tool life, surface roughness and integrity of the
finished surfaces. Chou et al. [3] showed the influence of
using various cubic boron nitrite (CBN) contents in the
cutting tools on tool wear and surface integrity. Thiele et al.
[4] have shown that cutting edge geometry has a great
influence on the residual stresses induced by hard turning.
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Özel et al. [5] have identified the factors influencing cutting
forces and surface roughness. This complex nature of
parameter relations makes it difficult to generate explicit
analytical models for hard turning processes. On the other
hand, according to a review by Dimla et al. [6], the
relations between the machining parameters including tool
geometry and the performance measure of interest can be
obtained with non-linear models by training neural net-
works using experimental data as reported by many
researchers. Özel and Nadgir [7] applied neural networks
modeling to predict tool wear in different edge geometry
tools in hard turning. It is also highly complicated to predict
surface roughness generated by machining processes as
claimed by Benardos and Vosniakos [8]. Özel and Karpat
[9] have also shown that neural network modeling is a
viable approach for predicting both surface roughness and
tool wear for honed and chamfered cutting tools.

In obtaining optimal solutions for these multi-objective
problems, a number of heuristic algorithms including
genetic algorithms (GA), evolutionary algorithms (EA)
and simulated annealing (SA), as well as a recently
developed optimization algorithm called particle swarm
optimization (PSO) are used. These methods are summa-
rized by Zitzler et al. [10]. The PSO is a population based
search algorithm, which was inspired by the social behavior
of bird flocks as originally developed by Eberhart and
Kennedy [11]. The PSO operates on a population of
potential solutions. Conventional optimization techniques,
such as gradient-based methods, do not function effectively
solving multiple objective functions without reducing the
objectives into a single function and handling it according-
ly. On the other hand, the PSO algorithms have some
drawbacks such as exploration and exploitation while
searching the solution space [12]. Many researchers such
as Coello and Lechuga [13] find the PSO as an efficient
alternative over other search algorithms especially when
dealing with multi-objective optimization problems.

Since conventional gradient-based optimization tech-
niques are not suitable for solving multi-objective optimi-
zation problems; meta-heuristic search algorithms are often
employed in these cases. Stochastic and population based
search algorithms are suitable for finding Pareto optimal
solutions for multi-objective functions. Many GA-based
approaches have been proposed to solve multi-objective
optimization problems for machining processes, e.g., Cus
and Balic [14], and Saravanan et al. [15]. The PSO has
reportedly performed as well as GAs on many test problems
[13], and it is an efficient and general method to locate the
Pareto front of the multi-objective optimization problems.
The PSO has been applied successfully to predicting
surface roughness in end milling by El-Mounayri et al.
[16] and optimizating cutting conditions for NC end milling
by Tandon et al. [17]. More recently, Karpat and Özel [18]

applied PSO to hard turning optimization where tool wear
and surface roughness is modeled by neural network
modeling and optimization of machining parameters is
performed by considering tool wear and surface roughness
requirements for a given cutting distance. Tool wear and
surface roughness requirements were combined in a single
objective function and single optimum cutting condition
was obtained by using conventional PSO algorithm.

In this paper, different than the work presented in Karpat
and Özel [18], objective functions will be treated separately
and the group of optimal cutting conditions will be
calculated by dynamic neighborhood particle swam opti-
mization (DN-PSO). DN-PSO is originally proposed by Hu
and Eberhart [19] and utilized to solve optimization
problems with multiple objective functions. Hence, the
objective of this study is to obtain a group of optimal
process parameters which minimize surface roughness
values and maximize the productivity at the same time, or
maximize tool life while maximizing material removal rate,
or minimize tensile stresses on the surface while maximiz-
ing compressive stresses underneath the machined surface
for most optimal surface integrity.

It is widely reported that the PSO algorithm is very easy
to implement and has fewer parameters to adjust when
compared to other evolutionary algorithms. The informa-
tion sharing mechanism among the particles in PSO is
significantly different than the information sharing among
the chromosomes in GAs. In GAs, the entire group moves
toward an optimal solution area. However, in PSO only the
global best or local best solution is reported to the other
particles in a swarm. Therefore, evolution only looks for the
best solution and the swarm tends to converge to the best
solution quickly and efficiently.

2 Multi-objective optimization

The general formulation of multi-objective optimization
problems can be written in the following form:

Minimize (ormaximize) f xð Þ ¼ f1 xð Þ; f2 xð Þ; f3 xð Þ . . . ; fk xð Þf g
subject to gj xð Þ � bj for j ¼ 1; 2; . . . ;m

and hj xð Þ ¼ bj for j ¼ mþ 1; . . . ;mþ p

In this formulation: fi(x) denotes the ith objective
function, gi(x) and hi(x) indicate inequality and equality
type of constraints and the decision variables (machining
parameters and tool geometry) are shown with the vector x,
x ¼ x1; x2; . . . ; xnð Þ 2 <N . The ultimate goal is simulta-
neous minimization or maximization of given objective
functions. When, as in most cases, some of the objective
functions conflict with each other there is no exact solution
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but many alternative solutions. This family of potential
solutions cannot improve all the objective functions
simultaneously. This is called Pareto optimality [20] and
the definition is given below.

Definition 1 Pareto optimal: Consider a point x* in the
feasible solution space, X, x*∈X. The point (a set of
decision variables) is Pareto optimal if and only if there
does not exist another point, x∈X, that satisfies f(x)<f(x*)
and fi (x)<fi(x*) for at least one function.

In other words, this definition states that, for a
minimization problem, there is no other point which can
cause a decrease in one objective function value without
causing a simultaneous increase in at least one of the other
objective function values.

Definition 2 Dominated and non-dominated points: A
vector of objective functions, f(x*), is non-dominated if
and only if there does not exist another vector, f(x), that
satisfies f(x)≤f(x*) with at least one fi(x)<fi(x*). Otherwise,
f(x*) is dominated.

Definition 3 Pareto front: The set X
� ¼ x�1; x

�
2; . . . ; x

�
n

� �
,

which is composed of all the non-dominated Pareto optimal
solutions that comprise the Pareto front of non-dominated
solutions.

There are numerous methods used to solve multiple
objective optimization problems. The most common meth-
od is to combine all objectives into a single objective
function through the use of “weights” or utility functions
and solve for a single solution as reported by Marler and
Arora [21]. Weighted-sum method is applied for multi-
parameter turning optimization using neural network
modeling and particle swarm optimization in Karpat and
Özel [18]. The combined objectives approach yields a
unique solution that can be readily implemented, but this
solution largely depends on numerical weights or utility
functions that are often difficult to select, and are often
somewhat selected arbitrarily. The Pareto optimal non-
dominated solution set avoids this problem and may
provide numerous prospective solutions (sets of machining
parameters and tool geometry) for the decision maker
(manufacturer) during process planning for hard turning
processes. In this study, Pareto optimal non-dominated
solution set approach is adopted and multi-objective
optimization problem is handled with DN-PSO.

2.1 Dynamic neighborhood-particle swarm optimization
(DN-PSO)

PSO is a population based stochastic optimization tech-
nique developed by Eberhart and Kennedy [11] inspired

from social behavior of bird flocks. The PSO is
initialized with a population of random solutions and
this initial population evolves over generations to find
optima. In PSO, different from genetic algorithms, each
particle in the population has a velocity, which enables it
to fly through the problem space. Therefore, each particle
is represented by a position and a velocity vector.
Dimensions of position and velocity vectors are defined
by the number of decision variables in the optimization
problem. Modification of the position of a particle is
performed by using its previous position information and
its current velocity. According to the value of the
objective function, each particle knows its best position
ever (personal best, pbest) and the best position achieved
in the group (group best, gbest) among all personal bests.
For a single objective problem, the result of the optimiza-
tion problem will be the position vector of gbest at final
iteration. These principles can be formulated as:

v kþ1
i ¼ wv k

i þ c1rand1 pbesti � x k
i

� �
þ c2rand2 gbesti � x k

i

� � ð1Þ
where

v k
i : velocity of agent i at iteration k

x k
i : current position of agent i at iteration k

pbesti : personal best of agent i

gbest : best position in the neighborhood

rand : random number between 0 and 1

w : weighting function

cj : learning rate j ¼ 1; 2

x kþ1
i ¼ x k

i þ v kþ1
i ð2Þ

The first term on the right hand side of Eq. (1) is the
previous velocity of the particle. Weighting function w is
set at a large value at the beginning of the search and
decreased to a smaller value over the iterations to confine
the search in a smaller region in later iterations, or it could
be selected randomly. The second and third terms are used
to change the velocity of the particle according to pbest and
gbest values. The random numbers used in the velocity
update step give the PSO a stochastic behavior. The
iterative approach of PSO can be described as follows:

Step 1 First a population size is specified. Initial positions and
velocities of agents are generated randomly. Then, objective
function values for each agent (or particle) are calculated. For
the first iteration, pbest is set as the current position of each
particle. The pbest with best objective function value among
the agents is set as gbest and this value is stored.
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Step 2 In the next iteration, the new position of the agents
(particles) in the solution space is determined by using
Eq. (1) and (2). Therefore, the particles begin to move
toward the particle with the best objective function value,
gbest.

Step 3 The objective function value is calculated for new
positions of each particle. If an agent achieves a better
position, the pbest value is replaced by the current value.
As in step 1, gbest value is selected among pbest values. If
the new gbest value is better than the previous gbest value,

the gbest value is replaced by the current gbest value and
stored.

Step 4 Steps 1, 2, and 3 are repeated until the iteration
number reaches a predetermined iteration number.

The velocity update step in the PSO is stochastic due to
the random numbers generated, which may cause an
uncontrolled increase in velocity and therefore instability
in the search algorithm. In order to prevent this, velocities
are limited to the dynamic range of the particle on each
dimension [12].

The formulation of the PSO given with Eq. (1) and (2)
corresponds to the global version of the PSO. In addition, a
local version of the PSO algorithm also exists. In the local
version, particles have information only of their own and
their nearest neighbor best (lbest) [11]. gbest is then
replaced by lbest in the algorithm.

The above given version and variations of PSO are not
suitable for solving multi-objective optimization problems
since there is no absolute global minimum (or maximum).
Therefore, the algorithm needs some modifications to
locate the Pareto front in multi-objective optimization
problems. Hu and Eberhart [19] proposed dynamic
neighborhood-particle swarm optimization (DN-PSO) for
this purpose. In this approach, instead of defining one
global best for the whole population, neighborhoods are
defined for each particle and local gbests are found within
these neighborhoods.

Figure 1 shows a two-dimensional objective function
space in a min-min problem. The Pareto front is the
boundary of the objective value region, which is the lower
left side of the objective function space for min-min

Fig. 1 Pareto front illustrated with solid line for a min-min problem [18]

Fig. 2 The concept of dynamic neighborhood in the solution space [18]

Fig. 3 The betterment process for the position of the particles in DN-
PSO algorithm
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problems. The objective of the proposed algorithm is to
drop those solutions onto the boundary line indicated by a
solid line.

For this purpose, the first objective function is fixed to
define neighborhoods and the second objective function is
used in optimization. According to the DN-PSO algorithm;
(1) the distances between the current particle and other
particles are calculated in terms of the first objective
function, (2) based on these distances, the nearest m
(neighborhood size) particles are found, (3) the local best
particle among neighbors is selected in terms of the second
objective function as illustrated in Fig. 2.

In this study, the neighborhood size is selected as m=2.
As an example, for a particle whose objective function
values correspond to point 6 in the objective function space,
the nearest neighbors in terms of the first objective function
are points 5 and 7. Since point 5 has a lower objective
function value in terms of the second objective function,
point 5 is selected as a local gbest for point 6. Similarly,
point 3 is selected as the local gbest for point 1. This
procedure is repeated for all particles and local gbests for
each particle are found. Since after each iteration the
positions of the particles, and therefore their objective
values, change, neighborhoods are defined dynamically at
each step.

Another important term pbest, which is the best position
in the memory of a particle, is updated according to Pareto
dominance principle. The new pbest should simultaneously
improve both objective functions as shown in Fig. 3.

In the PSO, only two parameters need to be defined.
Those are weighting function w and learning rates c1 and
c2. The values of these parameters are adapted from Hu and

Eberhart [19] where weight w was chosen as (0.5+(Rand/2))
and learning rates were taken as 1.49445. These parameters
appear to work well with many benchmark multi-objective
optimization problems [19].

The above given formulation is only valid for two-
objective optimization problems. For cases where there are
more than two objective functions, different algorithms
have been proposed by Coello and Lechuga [13], Fieldsend
and Singh [22], Mostaghim and Teich [23]. Since the PSO
and its variations are relatively new, development of better
methodologies is an ongoing research area.

3 Swarm-intelligent neural network system (SINNS)

Neural networks are nonlinear mapping systems consisting
of neurons (processing units), which are linked by weighted
connections. Neural networks have user-defined inputs and
produce an output which reflects the information stored in
connections during training. A neural network consists of at
least three layers: input, hidden, and output layer. The
output expression of a 3-4-1 feed-forward neural network
(Fig. 4) with sigmoid activation functions in the hidden
layer and linear activation function in the output layer in
terms of its weight and bias terms is given in Eq. (3).
Learning in neural networks, that is the calculation of the
weights of the connections, is achieved by minimizing
the error between the output of the neural network and
the actual output over a number of available training data
as given in Eq. (4).

OutputNN ¼ tansig

w11 w12 w13

w21 w22 w23

w31 w32 w33

w41 w42 w43
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775�
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0
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0
BB@

1
CCAþ b5 ð3Þ

SSError ¼
Xk
i¼1

Outputactualð Þi � OutputNNð Þi
� �2 ð4Þ

Backpropagation is the most commonly used method to
calculate values for the weight and bias terms of the neural
network model. In the backpropagation method, all weights
are adjusted according to the calculated error term using
steepest descent method. This procedure is repeated many
times until the sum of squared error term reaches an
acceptable level. The neural networks are desired to have
good generalization capability. The Levenberg-Marquardt

method together with Bayesian regularization is used to
improve the generalization capability in neural networks.
Bayesian regularization tries to keep the values of weights
small and smoothly distributed during training.

The structure of the neural network, normalization of
input-output pairs, and appropriate selection of the number
of hidden layers and the number of neurons in each hidden
layer has a strong influence on the performance of the
trained neural network. In this study, the non-linear tanh
activation functions are used in the hidden layer and input
data are normalized in the range of [−1, 1]. The weights and
biases of the network are initialized to small random values
to avoid immediate saturation in the activation functions.
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Throughout this study, the data set is divided into two sets:
Training and test sets. Neural networks are trained by using
a training data set, and their generalization capacity is
examined by using test sets. The training data is never used
in the test data. When the number of training data is limited,

instead of backpropagation, more advanced training algo-
rithms such as Bayesian regularization are more appropriate
[9]. The details of Bayesian regularization and the
procedure of selection of neural network topology are
detailed in Özel and Karpat [9]. The same procedure is also
adopted in this study where the number of neurons in the
hidden layer is decided upon the observation of a consistent
number of effective parameters, and error terms.

In this study, the neural networks trained with Bayesian
regularization are used to model machining operations
where it is not easy to obtain analytical and good empirical
relations. The estimation error of the neural network models
is always less than 5% on test data sets, which were never
used during training.

In order to obtain a family of solutions that will provide
useful information to the user during the selection of
machining parameters, neural network models should be
integrated with the multi-objective particle swarm optimiz-
er. The neural network models integrated with the particle
swarm optimizer was named swarm intelligent neural
network system (SINNS) and its architecture is shown in
Fig. 5.Fig. 5 Swarm intelligent neural network system (SINNS)

Fig. 4 The neural
network architecture used in the
SINNS
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Single or multiple neural network models are grouped
together under the neural network model and its output is
fed into the multi-objective particle swarm optimizer where
the objective functions and constraints are defined. As a
result, the Pareto front corresponding to the objective
functions is produced. There is no other user intervention
in the system.

4 Applications in turning optimization problems

Hard turning machining exhibits a unique behavior, which
is different than conventional turning operations. Applica-
tion of hard turning technology can be improved by
utilizing advanced optimization algorithms which helps
manufacturers to make educated decisions when faced with
multiple objectives to be satisfied. Finish hard turning,
using cubic boron nitride (CBN) tools, allows manufac-
turers to simplify their processes and still achieve the
desired surface roughness, which can compete with
grinding operations.

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. Performance of CBN cutting tools is highly dependent
on cutting conditions such as cutting speed, feed, feed-rate,
and depth of cut. Cutting speed and depth of cut have a
particularly significant influence on tool life.

It has been observed that decreasing feed rate helps
obtain a good surface finish but increases machining time.
High cutting speeds may help reduce the surface roughness,
but since tool life at high cutting speeds is just a few couple
minutes this solution is not applicable. In some cases
surface roughness is improved with increasing tool wear;
therefore, attention should be paid to the relation between
tool wear and surface roughness. It is therefore crucial to
obtain a group of optimum conditions, which may serve
different purposes under different circumstances.

4.1 Case study 1: minimizing surface roughness
and minimizing machining time

It has been shown that the actual surface roughness
obtained in experiments does not match the theoretical
values due to adhesion, ploughing and geometrical effects,
which cannot be easily modeled with analytical models. To
overcome this problem, neural networks, which are known
to have a great capacity for capturing actual process
information, are designed with the data obtained from
surface roughness and tool wear experiments.

Tool wear and surface roughness behavior of AISI H13
steel machined with honed and chamfered CBN tools
(honed inserts with a radius of 0.01 mm and chamfered
inserts with 0.1 mm chamfer land and 20° chamfer angle)
are observed [9]. The experimental results presented by
Özel and Karpat [9] were obtained by longitudinal turning
of hardened AISI H13 steel bars with 54.7 HRC that 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 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 prepara-
tion 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 inch) up to 406.4 mm (16 inches)
during each factor-level combination. The surface rough-
ness was measured with a Taylor-Habson Surtronic 3+
profilometer 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 [9]. 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 combination [9].

Table 1 Summary of the experimental results reported by Özel and Karpat [9]

Honed inserts Chamfered inserts

Cutting
speed
(m/
min)

Feed rate
(mm/rev)

Axial cutting
length (mm)

Tool
wear
(mm)

Surface
roughness
(μm)

Cutting
speed
(m/
min)

Feed rate
(mm/rev)

Axial cutting
length (mm)

Tool
wear
(mm)

Surface
roughness
(μm)

100 0.1 406.4 0.13 0.38 100 0.1 406.4 0.2 0.5
200 0.1 406.4 0.16 0.33 200 0.1 406.4 0.25 0.54
100 0.2 406.4 0.13 0.42 100 0.2 406.4 0.25 1.25
200 0.2 406.4 0.13 1 200 0.2 406.4 0.15 1.15
200 0.05 406.4 0.15 0.25 N/A
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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 the finish
hard turning process [9]. The factor levels and measured
tool wear after 406.4 mm of cutting as well as average
surface roughness values for honed and chamfered tools are
given in Table 1.

The neural network, designed for the first case study,
takes cutting speed, feed rate, and cutting length as inputs
and predicts tool wear and surface roughness along the
workpiece cutting length. For the first neural network,
which predicts tool wear 3-6-1, and for the second neural
network, which predicts surface roughness 4-6-1, neural
network architecture is selected. The details of selection
process are given in Özel and Karpat [9].

The following optimization problem can be defined for
chamfered and honed tools separately as below and used in

multi-objective particle swarm optimizer in SINNS archi-
tecture. Decision variables cutting speed V and feed rate f
are constrained within the ranges of the experiments.

fi ¼ minimize Surface roughnessð Þ

f2 ¼ minimize Machining Time =
L

f � N

� �

subject to

100 m/min � V � 200 m/min

0.05 mm/rev � f � 0.5 mm/rev Honed insertsð Þ
0:1mm/rev � f � 0.2 mm/rev Chamfered insertsð Þ

ð5Þ

In order to handle constraints, a simple modification to
the particle swarm optimization algorithm is sufficient. The
additional rules that should be implemented in DN-PSO
algorithm are: (1) Particles should be initiated within
feasible region. (2) When updating memories, only the

Fig. 6 Neural network model in
SINNS for case study 1
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Fig. 7 The Pareto front of non-dominated solutions for machining
parameters using a chamfered inserts
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Fig. 8 The Pareto front of non-dominated solutions for machining
parameters using honed inserts
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particles within feasible region should be kept in memory.
DN-PSO optimization algorithm combined with constraints
was converted into a code in Matlab software.

The results obtained for chamfered and honed tools are
shown in Figs. 7 and 8. The DN-PSO algorithm initiated
with 100 particles. After 100 iterations, 77 non-dominated
solutions for honed and 73 non-dominated solutions for
chamfered are found after 50 iterations. Total computation
time is less than 20 minutes with a Pentium IV 1.6 GHz
processor. The performance of the proposed SINNS
methodology is dependent upon the number of iterations
and the population size of the particles in the DN-PSO. The
usage of cascaded neural network system (see Fig. 6)
resulted in larger computation time in this case study.

Since the selection of feed rate influences surface
roughness and machining time conversely, minimization
of surface roughness and minimization of machining time
are contradicting objectives. In order to obtain a good
surface finish, feed rate should be reduced, which then
increases the machining time. Therefore, a compromise
between surface roughness and machining time should be
made. According to some candidate solutions listed in
Table 2, machining time can be reduced more than one
minute with a 0.1 micron sacrifice in surface roughness

estimation by setting the cutting conditions to V=200
m/min and f=0.125 mm/rev instead of V=100 m/min and
f=0.1 mm/rev.

As for honed edge, since lower feed rate experiments
were performed during experimentation, better surface
roughness values were obtained. Similarly, at the cost of
increasing surface roughness slightly shorter machining
times can be obtained by adopting optimum cutting
conditions given in Table 2. Figures 9 and 10 demonstrate
an increasing trend in material removal rate, an important
productivity indicator.

Some of the optimal cutting speed, feed rate pairs from
the Pareto fronts with corresponding surface roughness and
machining times are shown in Table 2.

4.2 Case study 2: maximizing tool life and maximizing
material removal rate

As mentioned earlier, wear behavior of CBN tools are
different than conventional tools; therefore, the tool life
expressions developed for conventional tools does not
apply to CBN tools [3]. In order to be competitive in
today’s market conditions, manufacturers should find the
most economical way to manufacture their product, which
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Fig. 9 The Pareto front of non-dominated solutions with MRR for
machining parameters using chamfered inserts
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Fig. 10 The Pareto front of non-dominated solutions with MRR for
machining parameters using a honed inserts

Honed inserts Chamfered inserts

Cutting
speed
(m/
min)

Feed rate
(mm/rev)

Mach.
time
(min.)

Surface
roughness
(μm)

Cutting
speed
(m/
min)

Feed rate
(mm/rev)

Mach.
time
(min.)

Surface
roughness
(μm)

200 0.05 1.58 0.26 100 0.1 1.99 0.61
197.7 0.094 1.07 0.31 200 0.125 0.79 0.70
184.8 0.12 0.84 0.43 192.8 0.147 0.70 0.83
163.4 0.18 0.64 0.74 200 0.175 0.57 1.05
178.7 0.2 0.55 0.93 200 0.2 0.49 1.21

Table 2 Some selected opti-
mal machining parameters for
case study 1
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can be possible by selecting the optimum machining
conditions.

In a recent work by Mamalis et al. [24], a new tool life
equation for CBN tools when machining 100Cr6 steel (62
HRC) has been proposed (Eq. 6). This proposed tool life
equation, which is valid in the whole cutting speed range
for a given feed rate and depth of cut, has two extreme
values.

T ¼ A

V 3 þ B� V 2 þ C � V
ð6Þ

The coefficients A, B, and C of (Eq. 6) were calculated
under different cutting conditions and the results are in
good agreement with experimental values [24]. It was also
shown that different feed rate and depth of cut values
changes the location of the two extreme values of the tool
life curve.

In this study, the experimental data given in [24] is used
to design a neural network model which predicts tool life
according to given cutting speed, feed rate, and depth of cut
values. A neural network with two hidden layers and
sigmoid transfer functions with network topology of 3-4-
2-1 is chosen and trained with Bayesian regularization. The
same procedure is adopted in selecting optimal network
topology and using 5% error criteria. The experimental
values obtained at feed rate of 0.075 mm/rev and depth of
cut of 0.1 mm are excluded from the data set during
training. The comparison of predicted and actual data
together with other experimental values is shown in
Fig. 11. As in the previous case study, the neural network
model is inserted in SINNS to obtain the Pareto front
between tool life and material removal rate. Since it is
desirable to maximize both tool life and material removal
rate, necessary modifications in the DN-PSO algorithm
should be performed.

The optimization problem can be defined as:

f1 ¼ maximize Tool lifeð Þ
f2 ¼ maximize Material removal rate = V � f � dð Þ
subject to

11m/min � V � 120m=min

0:025mm/rev � f � 0:125mm/rev

0:05mm � d � 0:25mm

ð7Þ

where V is cutting speed, f is feed rate, and d is depth of cut.
Again, the search is initiated with 100 particles, and 90
non-dominated solutions are found after 50 iterations. The
computation time was less than 10 minutes in this case. The
Pareto front can be seen in Fig. 12.

Some of the optimal cutting conditions are listed in
Table 3.

4.3 Case study 3: minimizing machining induced stress
and minimizing surface roughness

Machining induced residual stresses, the stresses which
remain in a machined part after manufacturing, on the
machined surface and subsurface strongly affects the
fatigue life of a component. Although some analytical
models make use of slip-line theory [25] or finite element
modeling [26] to predict residual stresses, a majority of the
work has been performed experimentally [4, 27–31]. In
their work, Mittal and Liu [27] focused on the influence of
hard turning on residual stresses. They first showed that
machining conditions such as cutting speed and feed rate
affect the residual stress, and by using experimental
observations they adjusted cutting parameters to maximize
fatigue life in rolling contact. They concluded that the
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Fig. 11 Tool life (depth of cut 0.1 mm) data from [24]
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Fig. 12 The Pareto front of non-dominated solutions for machining
parameters in case study 2
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difference in fatigue life can be 47 times between best and
worst machining conditions [27].

The effects of tool edge geometry, workpiece hardness,
workpiece material, and tool wear were also investigated by
various researchers [4, 27–31]. It has been shown that high
workpiece hardness, large hone radius, and high feed rate
results in higher compressive residual stresses in the ma-
chined subsurface [28]. With increasing tool wear, the
residual tensile stresses on the surface increases and the
residual compressive stresses on the subsurface also
increase remarkably [32]. On the other hand, depth of cut
has been found to have no effect on residual stresses [32].

Jacobson et al. [29] performed machining experiments
on heat-treated bainite steel with 58 HRC. They selected
bainite steel to show its favorable properties in terms of
residual stresses and proposed it as an alternative material
for AISI 52100 as bearing steel, which is commonly used in
hard turning. They machined so called B8 test rings by
using CBN tool −6° rake angle with 0.1 mm/rev feed and
0.1 depth of cut with cutting speed ranging from 50 m/min
to 999 m/min. The residual stresses in feed and speed
direction and surface roughness values are then measured.

The measured surface roughness values with respect to
cutting speed and residual stresses in feed direction are
given in Figs. 13 and 14 as obtained from reference [29].

It can be seen from the experimental results reported by
Jacobson et al. [29] that the best surface roughness value of
1.7 μm is obtained at cutting speed around 170 m/min as
shown in Fig. 13, the highest compressive residual stress
value of about 225 MPa on the surface (where depth is
zero) is obtained at cutting speed of 290 m/min, and the
highest minimum subsurface compressive residual stress
value of about 680 MPa is obtained at cutting speed of
230 m/min as shown in Fig. 14.

As stated by many researchers, customized residual
stress distributions can be obtained by optimizing machin-
ing parameters. For this purpose, as in previous case
studies, one neural network model for residual stresses
and another for surface roughness are designed and
cascaded as shown in Fig. 15. This neural network model
takes cutting speed and depth below surface as inputs and
produces residual stress distributions while using cutting

0 20 40 60 80 100
-700

-600

-500

-400

-300

-200

-100

0

Depth below surface (micron)

R
es

id
ua

l S
tr

es
s 

(M
P

a)

Vc=50 m/min
Vc=80 m/min
Vc=110 m/min
Vc=170 m/min

0 20 40 60 80 100
-700

-600

-500

-400

-300

-200

-100

0

Depth below suface (micron)

R
es

id
ua

l S
tr

es
s 

(M
P

a)

Vc=230 m/min
Vc=290 m/min
Vc=500 m/min
Vc=999 m/min

Fig. 14 Measured residual stresses on the surface and the subsurface [29]
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Fig. 13 Measured surface roughness of the machined surface for each
cutting speed [29]

Table 3 Some selected optimal machining parameters for case study 2

Feed rate
(mm/rev)

Depth of cut
(mm)

Cutting
speed
(m/min)

Tool life
(min.)

MRR
(mm3/min)

0.025975 0.11823 11 349.8 0.033781
0.040953 0.21028 49.333 216.47 0.42484
0.072226 0.24096 40.831 194.85 0.71061
0.095481 0.24983 40.396 178.26 0.96361
0.125 0.25 55.466 108.57 1.7333
0.125 0.25 82.985 12.297 2.5933
0.125 0.25 120 5.5151 3.75
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speed to predict surface roughness. A 1-3-2-1 neural
network model with two hidden layers for surface rough-
ness and a 2-6-4-1 neural network model with two hidden
layers are designed and integrated into SINNS architecture.
In selection of optimal neural network topology, same
procedure as given in previous cases adopted.

In this case, the optimization problem is written as:

f1 ¼ minimize Tensile residual stress on the surfaceð Þ
f2 ¼ minimize Surface roughnessð Þ
subject to

50 m=min � V � 999 m=min

The Pareto front results for this case study given in
Figs. 16 and 17 showed that for the best (minimum) surface
roughness values and minimum residual stress values on
the surface can be obtained for the optimum cutting speed
range between 150 m/min and 250 m/min. Some selected

optimal cutting speed parameters are given in Table 4. In
this case, population size of 100 particles is used and 65
non-dominated solutions on Pareto front found after 50
iterations. The computation time was less than 10 minutes.

5 Conclusions

In this paper, we introduce a procedure to formulate and
solve optimization problems for multiple and conflicting
objectives that may exist in finish hard turning processes
using neural network modeling together with dynamic-
neighborhood particle swarm optimization technique. The
representative multiple objectives for hard turning are
defined to obtain a group of optimal process parameters
for three different case studies, which minimizes tool wear
and surface roughness values and maximizes the produc-
tivity at the same time, or maximizes both tool life and
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Fig. 15 Neural network model
in SINNS for case study 3
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material removal rate, or minimizes both machining
induced stresses on the surface and also surface roughness.
The neural network models integrated with the particle
swarm optimizer called swarm-intelligent neural networks
system (SINNS) is proposed in order to obtain a family of
solutions that provides useful information to the user during
the selection of machining parameters. Therefore, Pareto-
optimal fronts are computed and presented with stem plots
for representing machining parameters yielding to a certain
merit of interest such as material removal rate, surface
roughness, tool life etc. that can be selected by the user
according to production requirements. The proposed ap-
proach is applied to three different case studies and its
effectiveness is demonstrated. The results indicate that the
proposed swarm intelligent approach for solving the multi-
objective optimization problem with conflicting objectives is
both effective and efficient, and can provide intelligence in
production planning for multi-parameter turning processes.
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