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Abstract
An optimization problem of the AISI 52100 hard-steel turning process is examined. A new approach is presented in which not
only the machine parameters (cutting speed, feed rate, and depth of cut) but also the stochastic industrial variables of setup time,
insert changing time, batch size, machine and labor costs, tool holder price, tool holder life, and insert price are considered. By
representing each of these variables by a given probability distribution, the goal was to analyze their impact on the total process
cost per piece (Kp). Experiments were carried out following a central composite design to model tool life (T), average surface
roughness (Ra), and peak-to-valley surface roughness (Rt) using a response surface methodology. Then, stochastic programming
was used to model Kp’s expected value and standard deviation. The approach to the optimization problem aimed to maximize the
probability for the cost to be less than a target value, subject to the experimental space and to maximum values of both Ra and Rt.
The results were optimal values for the cutting conditions that provide a suitable confidence interval for Kp. The most-significant
industrial variables on Kpwere ranked. In addition, it was found that, in the addressed case, cutting conditions for maximum tool
life actually increase Kp.

Keywords Stochastic programming . Hardened-steel turning . Process cost optimization

1 Introduction

Recently, advances in the machining of hardened steels, such
as hard turning, have significantly contributed to product qual-
ity in manufacturing industries [1–3]. In fact, hard turning is a
manufacturing process widely applied in industry. Compared
with grinding, hard turning can provide equal or even better
surface finish [4] with higher material removal rates [5]. Other
benefits provided by hard turning include coolant reduction or
elimination, process cost reduction, productivity increase, im-
proved material properties, and reduced power consumption
[6–8].

Gears, shafts, bearings, bushes, dies, crushing cones, and
jet engine mounting are some of the applications of hardened
steels [9]. In particular, AISI 52100 hardened steel is frequent-
ly used to manufacture bearings, ball screws, gauges, axles,

and joints because of its strength and corrosion resistance [10].
AISI 52100 is considered to be one of the hard-to-cut steel
alloys [11] in terms of cutting tool materials and economical
machining.

Nevertheless, only a few studies on hardened-steel turning
optimization have considered the impact of industrial vari-
ables and their effect on the variability of the process cost.
Industrial variables include setup time, insert changing time,
batch size, and others [12]. Most of them are stochastic, and
some are not controllable. There are already different
stochastic-programming models available in the literature
[13], and some researchers have already applied them in
manufacturing systems to analyze setup times [14], batch size
[15], and machines and labor [16]. Within this context, this
study aimed to optimize the total process cost per piece for
AISI 52100 hardened-steel turning by also taking into account
the following stochastic variables: setup time, insert changing
time, batch size, machine and labor cost, tool holder price, tool
holder life, and insert price.

This work is structured as follows. In Section 2, a review of
the literature about response surface methodology (RSM), to-
tal process cost per piece in turning, and stochastic program-
ming is presented. In Section 2.3, an equation used to calculate
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the variance of a continuous function dependent on stochastic
variables is given. The materials and methods are described in
Section 3, including the designed experiments and the math-
ematical modeling. Results and discussion are presented in
Section 4. The equation was validated by a real case study
and using Monte Carlo simulation. Tool life maximization
and its impact on machining cost were also analyzed quanti-
tatively. Finally, Section 5 presents the conclusions.

2 Literature review

2.1 Design of experiments and mathematical
modeling

Many studies have already used the design of experiments
(DOE) strategy to analyze different sorts of industrial process,
such as resistance spot welding [17, 18], the 3D-printing pro-
cess [19], laser beammachining [20], and hard turning [21]. In
particular, research on hard turning has progressed in different
directions over time, but a large number of studies have fo-
cused on mathematical modeling and optimization. In such
approaches, DOE is frequently used, because it makes possi-
ble the analysis of how each of the decision variables and their
interactions affect the results of interest [22]. DOE often re-
duces the number of experiments needed to analyze the pro-
cess and to build analytical models of the results of interest,
which decreases the experimental cost [23].

The analytical models are commonly built by the RSM.
The RSM is a DOE method composed of statistical and math-
ematical techniques used to model an objective function de-
pendent on multiple input variables [24]. The RSM is known
as a practical and economical experimental method and has
recently been used to model outputs of machining processes
[20, 21, 25].

A response surface model can be represented by a second-
order polynomial, as in Eq. (1).

Y ¼ β0 þ ∑
k

i¼1
βixi þ ∑

k

i¼1
βiix

2
1 þ ∑

i< j
∑βijxix j þ ε ð1Þ

For instance, a central composite design (CCD) [24] can be
used to define the experimental runs. After the experiments
are executed, a regression model, such as the ordinary least-
squares (OLS) method, is used to build the mathematical mod-
el. If the model presents satisfactory adjustments and resid-
uals, then it is possible to formulate and solve an optimization
problem.

In hardened-steel turning optimization, surface roughness,
tool life, and other outputs are generally represented by re-
sponse surface models. Some other process outputs, however,
can be directly calculated by equations available in the

literature and, for this reason, do not necessarily require the
use of the RSM. One example is the process cost, which is
described in Section 2.2.

2.2 Total process cost per piece in turning

The total cost of machining a piece is considered to be one of
the most important aspects in metal cutting industries for
manufacturing a product [1]. It comprises manufacturing
costs, which are directly related to the process (such as ma-
chines, labor, and tools), and other indirect costs (quality con-
trol, raw materials, indirect labor, etc.) [26]. The manufactur-
ing cost of a piece is also defined as the sum of operation, tool,
and tool change costs per piece [21]. Diniz, Marcondes e
Copini [12] provided Eq. (2), which is used to calculate the
manufacturing cost, also known as the total process cost per
piece (Kp).

Kp ¼ Tt
Sh þ Smð Þ

60
þ Ct

T
Kth

N th
þ Ki

Ni

� �
ð2Þ

In Eq. (2), Tt is the total cycle time, measured in minutes;
Sm + Sh are, respectively, labor and machine costs per hour; Ct

is the cutting time (min); T refers to tool life (min); Kth is the
tool holder cost; Nth is the average tool holder life, measured
in edges; Ki is the insert cost; and Ni is the number of cutting
edges of the insert. Tt is calculated by Eq. (3).

Tt ¼ Ct þ ts þ ta þ tp
Z
þ Nt

Z
ti

T t ¼ Ct þ ts þ tp
Z
þ Nt

Z
ti ð3Þ

where ts is the secondary time, ta is the tool approximation and
retreat time, tp is the setup time, Z is the batch size, Nt is the
number of tool changes in the same batch, and ti is the insert
changing time. Ct is calculated by Eq. (4).

Ct ¼ l f � π� D
1000� f � Vc

ð4Þ

where lf is the piece length, d is the piece diameter, f is the feed
rate, and Vc is the cutting speed. Equation (5) is used to cal-
culate the number of tool changes (Nt).

Nt ¼ Max: 0; I Z
Ct

T
−1

� �� �
ð5Þ

where I ZCt
T −1

� �
is the smallest integer number greater than or

equal to ZCt
T −1:

Based on Eqs. (2), (3), (4), and (5), there are many variables
that influence the total process cost per piece (Kp).
Among them, cutting speed (Vc) and feed rate ( f ) are
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quantitative cutting conditions. Along with depth of cut
(d), these three machine parameters have been used as
decision variables in several works on hard-turning pro-
cess optimization [4, 10, 27, 28]. The most common
results of interest are average surface roughness, mate-
rial removal rate, cutting forces, tool wear, process cost,
and energy consumption. When it comes to the
manufacturing industry, the optimization of results relat-
ed to cost, productivity, and quality is frequently the
main goal [29].

Some industrial variables are stochastic and uncontrollable,
which means that production systems must be aware of how
the variability affects their results. Among the variables relat-
ed to the calculation of Kp, the following ones have already
been pointed out and investigated in previous studies.

& Setup time (tp) and insert changing time (ti): Samaddar
[14] presented some findings on how the setup time (tp)
variance may affect a production system. In fact, it is pos-
sible that setup times are stochastic in practice, so the
solutions of deterministic models may result in deteriorat-
ed quality if applied to real-life problems, according to Tas
et al. [30]. The authors also stated that there is always
inherent variability in the execution time of a specific ac-
tivity. Because insert changes are setup activities, the in-
sert changing time (ti) should also be considered a stochas-
tic variable.

& Batch size (Z), labor, and machine costs (Sm + Sh):
An increasing number of companies have been
adopting a just-in-time philosophy [31]. As a result,
batch sizes (Z) may vary according to the customers’
demands, which are usually considered random [32].
In addition, Francas et al. [16] investigated how ma-
chine and labor flexibility may reduce production
costs of manufacturing networks. In these scenarios,
machine and labor costs (Sm + Sh) also have a sto-
chastic nature.

& Tool holder price (Kth), insert price (Ki), and tool holder
life (Nth): Canyakmaz et al. [33] studied the impact of
stochastic item prices on the optimal inventory setting.
According to the authors, price uncertainties are one of
the most critical challenges of manufacturers, and such
uncertainties may be caused by unstable economies,
strikes, exchange rates, and other contributing factors.
Hence, tool holder price (Kth) and insert price (Ki) may
be included in the group of stochastic variables related to
Kp. Finally, in real-life operations, predicting the tool hold-
er life (Nth) is extremely difficult, but it may also be ap-
proximated to a given probability distribution.

Therefore, some of the industrial variables related to Kp

could be included in the optimization problem using
stochastic-programming methods.

2.3 Stochastic programming

2.3.1 Variance of a continuous function of normal variables

There are already different strategies to model the variance of
analytical models y = zTβ [13, 25], which are commonly used
in the RSM. However, it is also possible to model the variance
of a general continuous function dependent on stochastic
variables.

Let f (x) be a continuous function dependent on vector x

¼ x1
x2

� �
composed by two normally distributed variables.

Considering a Taylor series limited to the linear term and
applied for a, one obtains Eq. (6)

f Χð Þ ¼ f x1; x2ð Þ ¼ f μx1;μx2ð Þ ¼ þ ∑
n¼2

i¼1
x1−μið Þ ∂ f x1; x2ð Þ

∂xi
ð6Þ

or Eq. (7)

f x1; x2ð Þ− f μx1 ;μx2

� � ¼ x1−μx1

� � ∂ f x1; x2ð Þ
∂x1

þ x2−μx2

� � ∂ f x1; x2ð Þ
∂x2

ð7Þ

Taking both sides to the second order and applying the
expected value, one obtains

E f x1; x2ð Þ− f μx1 ;μx2

� �� 	2
¼ E x1−μx1

� � ∂ f x1; x2ð Þ
∂x1

þ x2−μx2

� � ∂ f x1; x2ð Þ
∂x2

� �2
ð8Þ

or

Var f x1; x2ð Þ½ � ¼ E x1−μx1

� � ∂ f x1; x2ð Þ
∂x1

� �2
þ x2−μx2

� � ∂ f x1; x2ð Þ
∂x2

� �2( )

þE 2� x1−μx1

� �
x2−μx2

� � ∂ f x1; x2ð Þ
∂x1

∂ f x1; x2ð Þ
∂x2

� �2( )

ð9Þ

Hence, the variance of a function of two independent var-
iables evaluated in the mean vector μ becomes

Var f xð Þ½ � ¼ ∂ f μð Þ
∂x1

� �2
σ2
x1 þ

∂ f μð Þ
∂x2

� �2
σ2
x2 þ 2

� ∂ f μð Þ
∂x1

� �
∂ f μð Þ
∂x2

� �
σx1σx2 ð10Þ

Likewise, the variance of a function dependent on n vari-
ables is
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Var f xð Þ½ � ¼ ∑
n

i¼1

∂ f μð Þ
∂xi

� �2
σ2
xi þ 2

� ∑
n−1

i¼1
∑
n

j¼iþ1

∂ f μð Þ
∂xi

� �
∂ f μð Þ
∂x j

� �
σxiσx j ð11Þ

In the format of matrices, it is possible to use Eq.
(11) to obtain the standard deviation (SD) of f (x) as in
Eq. (12)

SD f xð Þ½ � ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var f xð Þ½ �

p
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∇ f xð ÞTΣ∇ f xð Þ

q
ð12Þ

where ∇f(x) is the gradient vector of f (x), and Σ is the
variance and covariance matrix of the variables in x, as
in Eq. (13).

Σ ¼
σ2x1 ⋯ σxnx1
⋮ ⋱ ⋮
σx1xn ⋯ σ2

xn

2
4

3
5 ð13Þ

2.3.2 Modeling the probability of attending a maximum cost

Equation (14) presents an optimization problem whose
goal is to maximize the probability of the objective
function f (x) being less than or equal to its upper
specification limit (USL) submitted to the problem con-
straints gi (x).

max
x

P f xð Þ≤USL½ � ¼ ∫
USL

−∝
ϕ E f xð Þ½ �;

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var f xð Þ½ �

pn o
s:t: :

gi xð Þ≤ui; ∀i ¼ 1;…; k

8>>>><
>>>>:

ð14Þ

where φ{} is the probability density function composed
by the expected value and the standard deviation of f
(x) [13].

For instance, if f (x) is the mathematical model for
the process cost, then the goal is to maximize the prob-
ability of the cost being less than or equal to a

predefined value USL. The constraints gi(x) may in-
clude the experimental space constraint or even other
output models that are not defined as objective func-
tions, but as other constraints of the problem: surface
roughness, material removal rate, and others.

3 Materials and methods

3.1 Experimental procedure

Experiments were executed in a CNC Nardini Logic
175 lathe (Fig. 1a), with a maximum rotation speed of
4000 rpm and a cutting power of 5.5 kW. The work-
pieces of AISI 52100 had the following chemical com-
position: 1.03% C, 0.23% Si, 0.35% Mn, 1.40% Cr,
0.04% Mo, 0.11% Ni, 0.001% S, and 0.01% P. Their
initial dimensions were Ø 49 × 50 mm, and they were
quenched and tempered, providing a hardness between
49 and 52 HRC up to a depth of 3 mm below the
surface. The hard-turning process was executed with
wiper mixed ceramic (Al2O3 + TiC) inserts (CNGA
120408 S01525WH), coated with a thin layer of titani-
um nitride (TiN). The tool holder had a negative geom-
etry with ISO code DCLNL 1616H12 and an entering
angle χr = 95°.

To measure tool life, wiper inserts were worn until
their flank wear (VBC) indicator on the tool tip reached
0.30 mm. This was the adopted criterion for the end of
tool life, and it was measured by an optical microscope.
The arithmetic mean roughness (Ra) and the maximum
peak-to-valley roughness (Rt), both in micrometers, were
measured at the end of life of each wiper insert. These
responses were measured using a portable roughmeter
set to a cutoff length of 0.8 mm. The measurements
were taken at three different points of the workpiece,
as indicated in Fig. 1b. Each point was measured four
times, and their mean value was considered. More de-
tails of the method are described elsewhere [34].

Fig. 1 a AISI 52100 hard-turning
process with wiper inserts and b
surface roughness measurement
positions
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3.2 Mathematical models and optimization problem

The RSM was applied to build analytical models for
tool life (T), average surface roughness (Ra), and max-
imum peak-to-valley surface roughness (Rt). Using the
CCD, 19 experiments were carried out: eight factorial
points, six axial points, and five center points. The de-
cision variables were cutting speed (Vc), feed rate ( f ),
and depth of cut (d). Table 1 presents the decision var-
iables, their units, and levels, both with coded and
decoded values.

The distance from the axial points to the center point

was calculated by ρ ¼
ffiffiffiffiffi
kn4

p
, where k is the number of

factorial levels, and n is the number of decision vari-
ables. Table 2 shows the experimental data and results.
After the experiments, the OLS method was used to
build analytical second-order polynomial models for T,
Ra, and Rt using Eq. (1), and their coefficients are pre-
sented in Table 3. The models’ adjustments were con-
sidered adequate, because their R2

adj values were higher
than 89%.

The total process cost per piece (Kp), total cycle time (Tt),
and cutting time (Ct) were calculated using Eqs. (2), (3), and
(4), respectively, and the values of the industrial variables are
presented in Table 4. The material removal rate (MRR) was
obtained by simply multiplying cutting speed by feed rate by
depth of cut.

As justified in Section 2.2, out of the 12 industrial
variables presented in Table 4, only seven were modeled
as stochastic: setup time (tp), insert changing time (ti),
batch size (Z), machine and labor costs (Sh + Sm), tool
holder price (Kth), average tool holder life (Nth), and
insert price (Ki).

The batch size is the only discrete variable and fol-
lows a Poisson distribution, which can be approximated
to a normal distribution using Z ¼ X−λffiffi

λ
p [35]. For the other

six variables, which are continuous ones, values were
generated for each variable using different continuous
probability distributions. However, the analysis refers to
a period of time, so the mean values of the variables
were calculated for every week during 3 months of

simulation, and the expected values were computed.
The samples composed by the expected values follow a
normal distribution, according to the central limit theo-
rem [36]. For this reason, normal distributions were used
to represent the stochastic variables. The relative stan-
dard deviation was 10%. Because this is a theoretical
analysis, there was no evidence to infer that the stochas-
tic variables were significantly correlated in the present

Table 1 Levels of the decision variables

Decision variables Levels

Coded levels − 1.682 − 1.000 0.000 1.000 1.682

Vc (m/min) 186.4 200.0 220.0 240.0 253.6

f (mm/v) 0.132 0.200 0.300 0.400 0.468

d (mm) 0.100 0.150 0.225 0.300 0.351

Source: Campos et al. [34]

Table 2 Experimental data and results

Run Decision variables Results of interest

Vc f d T Ra Rt Kp Tt Ct MRR

1 200 0.20 0.15 17.21 0.25 1.41 0.76 0.86 0.19 6.00

2 240 0.20 0.15 11.37 0.27 1.72 0.76 0.83 0.16 7.20

3 200 0.40 0.15 5.96 0.31 2.12 0.72 0.77 0.10 12.00

4 240 0.40 0.15 4.48 0.30 2.15 0.72 0.76 0.08 14.40

5 200 0.20 0.30 9.42 0.25 1.45 0.84 0.87 0.19 12.00

6 240 0.20 0.30 7.37 0.25 1.58 0.82 0.84 0.16 14.40

7 200 0.40 0.30 4.03 0.34 2.01 0.79 0.78 0.10 24.00

8 240 0.40 0.30 6.10 0.29 1.99 0.68 0.75 0.08 28.80

9 186 0.30 0.22 9.51 0.29 1.69 0.74 0.81 0.14 12.28

10 254 0.30 0.22 6.86 0.26 1.81 0.71 0.77 0.10 16.76

11 220 0.13 0.22 14.18 0.21 1.54 0.89 0.95 0.27 6.29

12 220 0.47 0.22 4.12 0.31 2.54 0.72 0.75 0.07 22.75

13 220 0.30 0.10 9.42 0.31 1.94 0.70 0.79 0.12 6.60

14 220 0.30 0.35 4.92 0.31 1.74 0.80 0.80 0.12 23.10

15 220 0.30 0.22 4.89 0.26 1.81 0.81 0.80 0.12 14.52

16 220 0.30 0.22 5.00 0.26 1.71 0.80 0.80 0.12 14.52

17 220 0.30 0.22 4.77 0.26 1.71 0.81 0.80 0.12 14.52

18 220 0.30 0.22 5.01 0.26 1.71 0.80 0.80 0.12 14.52

19 220 0.30 0.22 5.12 0.26 1.71 0.80 0.80 0.12 14.52

Source: Campos et al. [34]

Table 3 Coefficients of the RS models for T, Ra, and Rt

Coefficients RS models

T (x) Ra (x) Rt (x)

β0 4.963 0.260 1.733

β1 − 0.861 − 0.007 0.048

β2 − 3.055 0.028 0.278

β3 − 1.440 0.000 − 0.052

β11 1.115 0.005 − 0.010

β22 1.456 0.000 0.092

β33 0.756 0.018 0.021

β12 1.060 − 0.010 − 0.054

β13 0.918 − 0.008 − 0.029

β23 1.435 0.005 − 0.021

R2
adj 99.74% 98.66% 94.35%
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study, so the correlations (ρ) among the seven stochastic
variables were considered insignificant. Equation (11)

was used to model the standard deviation of Kp, which
leads to Eq. (15).

Var Kp μð Þ� 	 ¼ ∂Kp μð Þ
∂tp

� �2
σ2tp þ

∂Kp μð Þ
∂ti

� �2
σ2ti þ

∂Kp μð Þ
∂Z

� �2
σ2Z þ

∂Kp μð Þ
∂ Sm þ Shð Þ

� �2
σ2SmþShð Þ þ

∂Kp μð Þ
∂K th

� �2
σ2k th þ

∂Kp μð Þ
∂Nth

� �2
σ2Nth

þ ∂Kp μð Þ
∂Ki

� �2
σ2Ki

ð15Þ

The reason why the other five variables were treated as
deterministic is that their variances were considered insig-
nificant compared with the seven stochastic variables for
this study. Secondary time, in this particular case, consisted
of 30 s only, so its variance was not relevant compared
with the other variables. Tool approximation and retreat
time are executed by the machine, so the variance among
times was almost null. Because the same insert was used,

the number of its cutting edges was in fact deterministic
(always four cutting edges). The piece length and diameter
did not present significant variances, as they were all sup-
plied according to narrow specification limits.

The partial derivatives of the stochastic variables are pre-
sented in Table 5, and the optimization problem is shown in
Eq. (16),

max
x

∫
USL

−∝
ϕ E Kp x;μð Þ� 	

;
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var Kp x;μð Þ� 	q� � s:t: :

xTx≤ρ2Ra xð Þ≤USLRa

Rt xð Þ≤USSRt

8<
:

ð16Þ
where x is a vector composed of the decision variables, and μ
is a vector composed of the expected values of the seven
stochastic industrial variables presented in Table 4. The goal
was to determine the optimal levels for the machine parame-
ters that present good results for Kp considering the variances
of the industrial variables. More specifically, the optimization

Table 4 Industrial variables and
their parameters Stochastic variables Unit Symbol Mean St. Dev.

Setup time min tp 60 6

Insert changing time min ti 1 0.1

Batch size pieces Z 1000 100

Machine and labor costs US$ Sm + Sh 50.00 5.00

Tool holder price US$ Kth 125.00 12.50

Average tool holder life edges Nth 1000 100

Insert price US$ Ki 31.25 3.13

Deterministic variables

Secondary time min ts 0.5 -

Tool approximation and retreat time min ta 0.1 -

Number of cutting edges on the insert units Ni 4 -

Piece length mm lf 50 -

Piece diameter mm D 49 -

Table 5 Partial derivatives of Kp

on μ Variables Partial derivatives

tp ∂Kp

∂tp ¼ SmþShð Þ
60Z

tt ∂Kp

∂ti ¼
N*

t SmþShð Þ
60Z

Z
∂Kp

∂Z ¼ tp−tið Þ SmþShð Þ
60Z2

Sm + Sh ∂Kp

∂ SmþShð Þ ¼ tt
60

Kth ∂Kp

∂K th
¼ Ct

TNth

Nth ∂Kp

∂N th
¼ CtK th

TN th2

Ki ∂Kp

∂Ki
¼ Ct

TNi

Table 6 Results in optimal cutting conditions

Outputs

Ct (min) Tt (min) T (min) Ra (μm) Rt (μm) MRR (cm3/min)

0.08 0.75 5.93 0.28 2.12 26.8
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problemwas tomaximize the probability for the cost to be less
than the USL of US$0.90, submitted to the experimental space
and to the respective USLs of 0.8 μm for Ra and 4 μm for Rt,
which correspond to the N6 ISO roughness grade number
[37].

4 Results and discussion

4.1 Validation of Kp
’ variance

Before Eq. (16) was solved, the result of Eq. (15) was com-
pared with aMonte Carlo simulation at the center points of the
cutting conditions (Table 1). Equation (15) resulted in an ex-
pected value E[Kp] = US$0.853 and a standard deviation
SD[Kp] = US$0.070. With the exact same conditions, Monte
Carlo simulation with 10,000 replications resulted in E[Kp] =
US$0.852 and SD[Kp] = US$0.070.

4.2 Problem solution

The generalized reduced gradient was used to solve the opti-
mization problem presented in Eq. (16). The problem was
built using Microsoft Excel software and its Solver add-in.
The optimal levels of the decision variables were 240.9
m/min for cutting speed (Vc), 0.42 mm/rev for feed rate ( f ),
and 0.26 mm for depth of cut (d). As a result, the 95% confi-
dence interval (CI) for Kp was US$0.73 ± 0.12, and the max-
imum probability of Kp to be less than US$0.90 would be
99.71%. Other results are summarized in Table 6.

4.3 Effects of cutting conditions on Kp

Figures 2, 3, and 4 show the response surfaces for E[Kp] and
SD[Kp] for each pair of decision variables. In each figure, the
third decision variable was set in its optimal value. Figures 2 a,
3 a, and 4a show that the E[Kp] varies significantly (from
US$1.00 to US$0.66), depending on the levels of the decision
variables. It is shown that a low expected value for Kp can be
achieved by setting high values for cutting conditions.
However, the values of SD[Kp] did not vary as much (between
US$0.06 and US$0.08), as shown in Figs. 2b, 3b, and 4b.

4.4 Effects of industrial variables on Kp

The individual results of the partial derivatives do not repre-
sent the impact of the industrial variables in a practical way,
because they only represent their impact per unit. For instance,
at the optimal cutting conditions, if ti changes from 1 to 2 min
(a 100% increase), then Kp rises approximately US$0.01.
When it comes to Sh + Sm, if it becomes US$1.00 more ex-
pensive (only a 2% increase), then Kp also increases by
US$0.01.

Therefore, to measure the real impact of the industrial var-
iables, a full factorial design composed of 128 combinations
was designed. Levels − 1 and + 1were established considering
a six sigma confidence interval, as shown in Table 7.

After calculating Kp for all combinations, machine
and labor costs (Sh + Sm) were by far the most signif-
icant variable, followed by insert cost (Ki), setup time
(tp), and batch size (Z). If Sh + Sm increases 30% (or
three sigma), Kp increases US$0.19. Such an impact is

Fig. 2 Surface plot with Vc (S)
and f for a E[Kp] and b SD[Kp]

Fig. 3 Surface plot with Vc (S)
and d for a E[Kp] and b SD[Kp]
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10 times greater than that of the second-most-significant
variable (Ki). The other variables alone did not present
a significant impact. Yet, some two-variable interactions
also had significant effects, such as tp and Z, tp and Sh
+ Sm, and Z and Sh + Sm.

It is also possible to estimate the potential impacts of im-
proving some of the industrial variables. In this case study, if
setup tp was decreased from 60 to 9 min—a single-minute
setup, as aimed at by single-minute exchange of dies
(SMED) applications—and ti was reduced to 0.5 min, Kp re-
duced 6.5% (from US$0.73 to US$0.68). Decision makers
can use these estimations to analyze the feasibility of
implementing SMED or other methodologies in their
manufacturing processes, instead of focusing only on cutting
parameters.

5.4. Minimal cost versus maximum tool life
The solutions of two optimization problems were

compared: (a) Eq. (16) and (b) maximizing the tool
life’s response surface model [T(x)] alone by varying
cutting conditions submitted to the same constraints, as

shown in Eq. (17). Table 8 shows the solutions of both
cases.

max
x

T xð Þ
s:t: :

XTX≤ρ2
Ra xð Þ≤USLRa

Rt xð Þ≤USLRt

8>><
>>: ð17Þ

The solution of Eq. (17) was a maximum tool life of 17.18
min. However, the 95% confidence interval for Kp was
US$0.85 ± 0.15 for 95%, and the maximum probability for
Kp to be less or equal to US$0.90 was 75.47%. More specif-
ically, maximizing the tool life resulted in a 16.9% increase in
E[Kp] and a 18.9% increase in SD[Kp].

To maximize the tool life, in Eq. (17), the levels of the
decision variables (cutting speed, feed rate, and depth of cut)
were set to much lower values compared with Eq. (16), as
shown in Table 8. Tool life showed a 187.5% increase.
However, with lower levels of cutting speed and feed rate,
the cutting time (Ct) rose from 0.08 to 0.22 min, as in Eq.
(3), which meant a 192.6% increase. In other words, the
highest tool life would be useless, because the cutting time
would increase as well. The number of tool changes (Nt)
would be the same (12) within a batch size of 1000 pieces,
and the average number of pieces cut by one cutting edge
would be almost the same: 78 by solving Eq. (16) and 77
for Eq. (17).

Another important finding was that, after tool life was max-
imized, the total cycle time (Tt) increased from 0.748 to 0.894.
This 19.5% increase results in an increase of Kp, as shown in
Eq. (2).

Hence, maximizing the tool life by changing the cutting
conditions does not necessarily reduce the process cost—it
may actually increase it, as observed in this case study.

Table 7 Levels of the variables in the full factorial design

Variable Level − 1 Level + 1 + 3σ impact on Kp

tp 30 90 U$ 0.02

ti 0.7 1.3 U$ 0.00

Z 700 1300 − U$ 0.01

Sm + Sh 35.00 65.00 U$ 0.19

Kth 87.50 162.5 U$ 0.00

Nth 700 1300 − U$ 0.00

Ki 21.88 40.63 U$ 0.03

Fig. 4 Surface plot with f and d
for a E[Kp] and b SD[Kp]
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5 Conclusions

The present study aimed to optimize the process cost of the
AISI 52100 hardened-steel turning process. The cutting con-
ditions were defined considering the impact of the main in-
dustrial variables on the cost. Stochastic programming was
coupled with the RSM to represent the variables and formulate
the optimization problem. The main results can be summa-
rized as follows.

& The variance of a general continuous function was dem-
onstrated and used to model the variance of the total pro-
cess cost per piece (Kp). The demonstrated formula was
validated using Monte Carlo simulation.

& Instead of creating unnecessary second-order polynomials
and, thus, raising the variances of the models, direct for-
mulas available in the literature were used to represent the
cutting time (Ct), total cycle time (Tt), and Kp.

& The effects of cutting speed, feed rate, and depth of cut on
Kp were measured, and response surfaces were plotted.
These cutting conditions presented significant impacts
on the expected value of Kp, but not on its standard
deviation.

& The effects of the industrial variables on Kp were mea-
sured based on partial derivatives. At optimal cutting con-
ditions, the most-significant variables onKpwere machine
and labor costs, insert price, setup time, and batch size. If
setup time is reduced from 60 to 9 min, for instance, Kp is
expected to reduce 6.5%. Hence, instead of focusing only
on cutting parameters, this study proves that industrial
variables also have an impact on the process cost.

& The results of this particular case study also showed that
maximizing tool life increased the process cost, because it
required lower levels for the cutting conditions, which
increased the Ct, Tt, and Kp.

It is planned to apply the stochastic programming method
in this work to other processes in future research.

Acknowledgments The authors would like to thank FAPEMIG, FUPAI,
CNPq, and CAPES for supporting this research.

References

1. Kumar R, Sahoo AK, Mishra PC, Das RK (2018) Comparative
study on machinability improvement in hard turning using coated
and uncoated carbide inserts: part II modeling, multi-response op-
timization, tool life, and economic aspects. Adv Manuf 6(2):155–
175

2. Paiva AP, Paiva EJ, Ferreira JR, Balestrassi PP, Costa SC (2009) A
multivariate mean square error optimization of AISI 52100 hard-
ened steel turning. Int J Adv Manuf Technol 43(7–8):631–643

3. Revel P, Jouini N, Thoquenne G, Lefebvre F (2016) High precision
hard turning of AISI 52100 bearing steel. Precis Eng 43:24–33

4. Lima JG, Ávila RF, Abrão AM, FaustinoM, Davim JP (2005) Hard
turning: AISI 4340 high strength low alloy steel and AISI D2 cold
work tool steel. J Mater Process Technol 169:388–395

5. Bartarya G, Choudhury SK (2012) State of the art in hard turning.
Int J Mach Tools Manuf 53(1):1–14

6. Gaitonde VN, Karnik SR, Figueira L, Paulo Davim J (2009)
Machinability investigations in hard turning of AISI D2 cold work
tool steel with conventional and wiper ceramic inserts. Int J Refract
Met Hard Mater 27(4):754–763

7. Huang Y, Chou YK, Liang SY (2007) CBN tool wear in hard
turning: a survey on research progresses. Int J Adv Manuf
Technol 35(5–6):443–453

8. Peruchi RS, Rotela Junior P, Brito TG, Largo JJJ, Balestrassi PP
(2018) Multivariate process capability analysis applied to AISI
52100 hardened steel turning. Int J Adv Manuf Technol 95(9–12):
3513–3522

9. Chinchanikar S, Choudhury SK (2015) Experimental investiga-
tions, performance modeling and cooling techniques: a review. Int
J Mach Tools Manuf 89:95–109

10. Alok A, Das M (2018) Multi-objective optimization of cutting pa-
rameters during sustainable dry hard turning of AISI 52100 steel
with newly develop HSN2-coated carbide insert. Measurement
133:288–302

11. Alok A, Das M (2018) Cost-effective way of hard turning with
newly developed HSN2-coated tool. Mater Manuf Process 33(9):
1003–1010

12. Diniz AE, Marcondes FC, Coppini NL (2013) Tecnologia da
usinagem dos materiais, 6th edn. Artliber, São Paulo

13. Díaz-garcía JA, Ramos-quiroga R, Cabrera-Vicencio E (2005)
Stochastic programming methods in the response, vol 49, pp
837–848

Table 8 Optimal cutting
conditions and corresponding
outputs

Problem Cutting conditions

Vc
(m/min)

f

(mm/ver)

d

(mm)

95% CI for Kp

(U$)

T (min) MRR

(cm3/min)

Eq. (16) − Kp (x, μ) 240.9 0.42 0.26 0.73 ± 0.12 5.93 26.8

Eq. (17) − T (x) 206.0 0.17 0.17 0.85 ± 0.15 17.18 5.7

Int J Adv Manuf Technol (2019) 104:4331�4340 4339–



14. Samaddar S (2001) The effect of setup time reduction on its vari-
ance. Omega 29(3):243–247

15. Hu Z, Hu G (March 2018) A multi-stage stochastic programming
for lot-sizing and scheduling under demand uncertainty. Comput
Ind Eng 119:157–166

16. Francas D, Löhndorf N, Minner S (2011) Machine and labor flex-
ibility in manufacturing networks. Int J Prod Econ 131(1):165–174

17. Almeida FA, De Paula TI, Leite RR, Gomes GF, Gomes JHF, Paiva
AP, Balestrassi PP (October 2018) Amultivariate GR&R approach
to variability evaluation of measuring instruments in resistance spot
welding process. J Manuf Process 36:465–479

18. Almeida FA, Gomes GF, Sabioni RC, Gomes JHF, De Paula VR,
Paiva AP, Costa SC (2018) A gage study applied in shear test to
identify variation causes from a resistance spot welding measure-
ment system. Stroj Vestn J Mech Eng 64:621–631

19. Alafaghani A, Oattawi A (2018) Investigating the effect of fused
deposition modeling processing parameters using Tagushi design of
experiment method. J Manuf Process 36:164–174

20. Belinato G, Almeida FA, Paiva AP, Gomes JHF, Balestrassi PP,
Rosa PARC (2018) A multivariate normal boundary intersection
PCA-based approach to reduce dimensionality in optimization
problems for LBM process. Eng Comput:1–12

21. Gaudêncio JHD, Almeida FA, Turrioni JB, Quinino RC, Balestrassi
PP, Paiva AP (2019) A multiobjective optimization model for ma-
chining quality in the AISI 12 L14 steel turning process using fuzzy
multivariate mean square error. Precis Eng 56:303–320

22. Montgomery DC (2017) Design and analysis of experiments, 8th
edn. John Wiley & Sons, Hoboken, NJ

23. de Almeida FA, Gomes GF, De Paula VR, Corrêa JE, Paiva AP,
Gomes JHF, Turrioni JB (2018) A weighted mean square error
approach to the robust optimization of the surface roughness in an
AISI 12 L14 free-machining steel-turning process. Stroj Vestn J
Mech Eng 64(3):147–156

24. Myers RH, Montgomery DC, Anderson-Cook CM (2016)
Response Surface Methodology: Process and Product
Optimization Using Designed Experiments, 4th edn. John Wiley
& Sons, New York

25. Torres AF, Miranda RPR, Paiva AP, Campos PHS, Balestrassi PP,
Ferreira JR (2019) Stochastic optimization of AISI 52100 hard
turning with six sigma capability constraint. IEEE Access 7:
46288–46294

26. Cauchick-Miguel PA, Coppini NL (1996) Cost per piece determi-
nation in machining process: an alternative approach. Int J Mach
Tools Manuf 36(8):939–946

27. Campos PHS, Ferreira JR, De Paiva AP, Balestrassi PP, Davim JP
(2013) Modeling and optimization techniques in machining of
hardened steels: A brief review. Rev Adv Mater Sci 34(2):141–147

28. Bouacha K, Yallese MA, Khamel S, Belhadi S (2014) Analysis and
optimization of hard turning operation using cubic boron nitride
tool. Int J Refract Met Hard Mater 45:160–178

29. Labidi A, Tebassi H, Belhadi S, Khettabi R, Yallese MA (2018)
Cutting conditions modeling and optimization in hard turning using
RSM, ANN and desirability function. J Fail Anal Prev 18(4):1017–
1033

30. TaşD, GendreauM, Jabali O, Jans R (2019) A capacitated lot sizing
problem with stochastic setup times and overtime. Eur J Oper Res
273(1):146–159

31. Linn RJ, Benjamin Y, Wei Z (2000) Just-in-time scheduling with
machining economics for single-machine turning process. J Manuf
Syst 19(4):219–228

32. Tempelmeier H, Hilger T (2015) Linear programming models for a
stochastic dynamic capacitated lot sizing problem. Comput Oper
Res 59:119–125

33. Canyakmaz C, Özekici S, Karaesmen F (2019) An inventory model
where customer demand is dependent on a stochastic price process.
Int J Prod Econ 212:139–152

34. Campos PHS, Belinato G, Paula TI, de Oliveira-Abans M, Ferreira
JR, Paiva AP, Balestrassi PP (2017) Multivariate mean square error
for the multiobjective optimization of AISI 52100 hardened steel
turning with wiper ceramic inserts tool: a comparative study. J Braz
Soc Mech Sci Eng 39(10):4021–4036

35. Montgomery DC, Runger GC (2019) Applied Statistics and
Probability for Engineers, 7th edn. Wiley, New York

36. Montgomery DC, Runger GC (2013) Applied statistics and proba-
bility for engineers, 6th edn. John Wiley & Sons, New York

37. ISO, ISO 1302 (2002) Geometrical Product Specifications (GPS) -
Indication of surface texture in technical product documentation.
International Organization for Standardization (ISO) 2002, p 46

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Int J Adv Manuf Technol (2019) 104:4331�43404340 –


	Impact of stochastic industrial variables on the cost optimization of AISI 52100 hardened-steel turning process
	Abstract
	Introduction
	Literature review
	Design of experiments and mathematical modeling
	Total process cost per piece in turning
	Stochastic programming
	Variance of a continuous function of normal variables
	Modeling the probability of attending a maximum cost


	Materials and methods
	Experimental procedure
	Mathematical models and optimization problem

	Results and discussion
	Validation of Kp’ variance
	Problem solution
	Effects of cutting conditions on Kp
	Effects of industrial variables on Kp

	Conclusions
	References


