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0  INTRODUCTION

Manufacturing processes are aimed at transforming 
materials into goods, generating wealth [1]. 
Camposeco-Negrete [2] states that cost and quality 
are the main goals of manufacturing companies. To 
improve quality in this type of process, several authors 
have studied the turning process using mathematical 
strategies in order to contribute to the efficiency of 
these processes, such as: the Taguchi method [3], ant 
colony optimization [4], genetic algorithm [5] and 
response surface methodology (RSM) [6]. 

The primary input parameters in the turning 
process, i.e., cutting speed, feed rate and depth of 
cut [7], are directly responsible for the quality and 
productivity characteristics of the process, such as the 
amount of material removed, tool wear, and finishing 
of the product [8].

Furthermore, the finishing of the machined parts 
can be evaluated according to the surface roughness, 
which are irregularities presented on the surface 
of the parts, characterized by grooves made by the 
tool during the machining process [9] of the cutting 
parameters (ranging from a single parameter per 

experiment) in the quality responses, such as tool 
life and surface roughness. This paper makes use of 
only one roughness parameter (arithmetic average 
roughness, Ra), considering the calculation of its 
metrics of the roughness characteristics (Ra, Ry, Rq, Rz 
and Rt). The average arithmetic roughness (Ra) is the 
arithmetic mean of the absolute values of the ordinates 
of the effective (measured) profile in relation to the 
midline in a sample length (Fig. 1). In addition, Ra is 
the most used parameter for general quality control 
[10].

The steel used in the turning process of this study 
was AISI 12L14 carbon steel (used in studies such 
as: Peruchi et al. [11], Kishawy et al. [12], Overcash 
and Cuttino [13], Milstein and Marschall, [14]). The 
surface roughness of the turned parts and how their 
roughness is affected by the wear of the cutting tool 
was studied. The interaction of the wear on the tool 
(notch wear, flank wear, crater wear, among others) 
and the cutting parameters used in the process can be 
critical to the machined work surface finish [15] and 
[16] and may give unsatisfactory results.

As a result, to minimize experimental costs, it 
is necessary to use strategies such as the design of 
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experiments (DOE), which is a statistical technique 
capable of modelling and optimizing experiments. 
According to Naves et al. [17], response surface 
methodology (RSM) is a type of DOE widely used in 
several follow ups. Among all the RSM designs, there 
is the specific one known as central composite design 
(CCD). This design can generate complete quadratic 
models [18].

Fig. 1.  Definition of the arithmetic average roughness Ra;  
Adapted from [10]

Furthermore, an experimental study was carried 
out to model the responses of interest (relative to the 
average roughness of the machined surfaces) where 
an experimental arrangement was created for three 
process variables (cutting speed, feed rate, and depth 
of cut) and for a noise variable (new and wear tools). 
This experimental arrangement created from RSM, is 
used to model machining parameters as in Mandal et 
al. [19], Bouacha et al. [20], Paiva et  al. [21], Iqbal et 
al. [22], Al-Ahmari [23], Paiva et al. [24], Sahin and 
Motorcu [25], Kwak et al. [26], Özel and Karpat [27], 
Öktem et al. [28], Kwak [29], Benga and Abrão [30] 
and Suresh et al. [31].

Each of these theoretical positions makes a 
significant contribution to the understanding of the 
ordinary least squares method (OLS). This method 
is an algorithm used to estimate multiple linear 
regression model coefficients, factorial and response 
surfaces.

According to Montgomery [18], RSM is presented 
as an efficient approach for the application of a robust 
parameter design (RPD), in which it is characterized 
by a set of techniques to determine the levels of 
controllable factors with the purpose of reducing the 
sensitivity of the process [32]. In this way, the RPD 
application aims to ensure that the average response is 

presented at a desirable level, while the variability of 
this level is minimized [18] and [33].

As a matter of fact, when optimizing an RPD 
(or robust optimization), it is necessary to use 
experimental arrangements such as the crossed 
array design [18]. In a robust optimization, there is a 
dual response surface (DRS), these functions being 
for the mean (μ) and variance (σ2) of the analysed 
characteristic, simultaneously optimizing both 
functions using RPD concepts, using multi-objective 
techniques such as mean square error (MSE).

An equally significant aspect, MSE is a technique 
presented by Köksoy [34] that presents the sum of 
the variance with the quadratic difference between 
the mean of the response and the target value. For 
problems with multiple characteristics, there is the 
agglutination of several MSE functions in which 
different degrees of importance can be presented [33]. 
Some studies that use MSE as an evaluation metric in 
the turning process [35] to [37]. In this way, the MSE 
was chosen to perform the robust optimization for 
this turning process, from the mean (μ) and variance 
(σ2) functions of the average roughness (Ra) of AISI 
12L14 steel.

This article proposes to determine an optimum 
setup for the turning process of AISI 12L14 steel 
capable of eliminating the effects of tool wear on the 
average roughness of the machined part. For this, a 
robust optimization is proposed, followed by a meta-
modelling of the answers to neutralize the roughness 
of the answers for both a new and a wear tool through 
a weighted objective.

This manuscript is organized as follows: Section 
2 a general bibliographic review is presented, 
addressing the techniques used in the study. Section 
3 the methodological procedure is presented. Section 
4 presents the application of the method for the 
turning process of AISI 12L14 carbon steel, detailing 
the design, steps and the experimental results 
demonstrating the mathematical modelling can be 
confirmed in practice. Finally, section 5 draws the 
conclusions.

1  THEORETICAL BACKGROUND

1.1  Response Surface Methodology

RSM is characterized by statistical and mathematical 
techniques used to analyse and model problems with 
several variables, aiming at the optimization of a given 
response [18] and [38] and characterizing a practical, 
economical, and easy-to-implement methodology [8].
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According to Gomes et al. [39], the second-order 
polynomial significantly represents the problems for 
response surface:
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where Y is the response of interest, k the number of 
independent variables, β the estimated coefficients, x 
the parameters and ε the associated error term.

1.2  Robust Parameter Design

Introduced by Taguchi [40], RPD is a methodology 
to specify parameters of a process so that it presents 
an improvement in quality, ensuring that they reach 
the desired average of the responses, and minimizing 
variability before the quality of response. This make 
the process more stable and insensitive to noise [18], 
[32], [33], [41] and [42].

For problems that allow the use of RPD concepts, 
Montgomery [18] states that RSM is characterized 
as an efficient approach making use of experimental 
arrangements such as the crossed array. Thus, the 
noise variables will be treated as control variables, 
placing them in a single experimental arrangement. 

The crossed array consists of combined 
controllable factors (inner array) and uncontrollable 
factors (outer array) where each run is tested [43]. The 
Fig. 2 presents an example of an RPD with a crossed 
array.

Fig. 2.  Taguchi crossed array

From the RPD concept, it is necessary to use 
DRS for the robust optimization, being of the mean 
and variance, where Brito et al. [44] states that the 
coefficients can be estimated from the OLS algorithm. 

As a dual problem, a range of different multi-
objective optimization techniques can be employed, in 
which the MSE will be used in this paper.

1.3  Mean Square Error

Equally important, MSE is a multi-objective 
optimization technique that, according to Köksoy 
[34], is characterized by the sum of the variance and 
the square of the difference between the target value 
and the mean of the response. Minimizing the MSE 
allows the mean value of the response to approximate 
the target value and successively the lowest value for 
the variability. Eq. (2) presents the formulation of this 
optimization [44]. 

 MSE y y T yj j y jj
( ) ( ) ( ),= −


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where the MSE(yj) is the MSE for the jth response, μ(yj) 
the established model for the mean of the jth response, 
Tyj

 the jth response target (for individual optimization) 
and σ2(yj) the model established for the jth variance.

However, Eq. (2) matches the mean and variance 
for equal levels of importance, in this way, several 
functions that can be weighted for a global MSE 
function can be agglutinated, Eq. (3).
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As the weights w1 and w2 are specified as positive 
constants [44] to [48] and can be defined by different 
convex combinations w1 + w2 = 1 and wn > 0), for 
example, through an arrangement of simplex-lattice 
mixtures.

2  EXPERIMENTAL METHODOLOGY

To find a robust design for the AISI 12L14 free 
machining steels, the procedure was divided into five 
steps described in the sequence.
• Step 1. Determine experimental arrangements: 

Considering the amplitudes of cutting speed 
(Vc), feed rate ( f  ) and depth of cut (ap) variables 
recommended by the tool manufacture, several 
experiments are performed as preliminary tests. 
Considering the maximum tool wear edge of 
VBmax = 0.25 mm. Adopting the crossed array as 
experimental design, including the control and 
noise variables and adopting the variations, to 
perform the experiments randomly.

• Step 2. Execution of the experiments: Before 
the experimental matrix generated in Step 1, one 
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must execute the experiments in a random way 
and store their answers.

• Step 3. Modelling of the responses: Given 
the original data obtained and with the OLS 
algorithm, we can establish the equations. In this 
way, it is possible to establish the models of the 
mean and variance functions and to analyse their 
fit (R2adj).

• Step 4. MSE optimization: The modelled 
responses are optimized using the MSE multi-
objective technique, using generalized reduced 
gradient (GRG) in the restricted response 
optimization. To obtain a Pareto frontier, the 
weights of the functions can be determined 
according to an arrangement of simplex-lattice 
mixtures, where the combination with the lowest 
value for the MSE corresponds to the optimal 
value.

• Step 5. Confirmation experiments: From the 
values of the best point for multi-objective 
optimization, confirmatory experiments are 
performed to verify the responses from one 
ANOVA.

3  AISI 12L14 TURNING PROCESS OPTIMIZATION RESULTS

The AISI 12L14 free machining steels are 
characterized, according to Gomes et al. [39], as a 
relevant industrial process, used in elements such 
as appliances, plugs, connectors, and components 
for pumps, in which, the AISI 12L14 do not need to 
present structural responsibility, thus other mechanical 
characteristics (response to heat treatments, strength 
and ductility) are considered secondary factors.

In this way, a procedure focused on the 
optimization of this process and aiming at the effect 
of tool wear on the final surface quality through the 
rough roughness (Ra) can follow the following steps.

3.1  Experimental Setup

In front of the input parameters are cutting speed (Vc), 
feed rate ( f  ) and depth of cut (ap). It has the limits 
of the parameters for the experiment indicated in 
Table 1. The wear of the tool flank (Zd), Table 2, was 
considered as a noise variable.

After defining the amplitude of the input 
parameters (Table 1), a planned CCD was performed 
with three factors at two levels (2k = 23 = 8), six axial 
points (2k = 6) and five central points, totalling in an 
experimental array of 19 runs described in Table 3. 
The CCD is the most used design for experiments, 
presenting greater advantages than other types of 

design [18]. In addition, the CCD is widely used in 
machining applications: [2], [23], [49] to [52].

Table 1.  Inner array: control factors

Control 
factors

Levels
–1.682 –1 0 1 1.682

Vc [m/min] 159 180 210 240 260

f [mm/rev] 0.11 0.12 0.135 0.15 0.16

ap [mm] 0.19 0.30 0.45 0.60 0.70

The levels of tool wear are described in Table 
2. According to Brito et al. [44], the conditions of 
the noise factors (Zd) show variation in the surface 
roughness values. In this way, the RPD is used to 
determine a control configuration that presents 
minimum values of roughness with reduced variance 
against noise factors.

Table 2.  Outer array: noise factor

Noise factor
Levels

–1 1

Tool flank VBmax [mm] 0 0.25

Table 3.  CCD crossed array for Ra

N Vc  
[m/min]

f  
[mm/rev]

ap 
[mm]

Ra 
(new)

Ra 
(wear)

μ(Ra) σ2(Ra)

1 180 0.120 0.30 1.330 2.110 1.7200 0.3042
2 240 0.120 0.30 1.367 2.405 1.8858 0.5391
3 180 0.150 0.30 1.220 1.563 1.3917 0.0589
4 240 0.150 0.30 1.590 2.010 1.8000 0.0882
5 180 0.120 0.60 1.403 1.590 1.4967 0.0174
6 240 0.120 0.60 1.450 1.550 1.5000 0.0050
7 180 0.150 0.60 1.995 2.003 1.9992 0.0000
8 240 0.150 0.60 1.880 2.010 1.9450 0.0084
9 159 0.135 0.45 1.553 1.725 1.6392 0.0147

10 260 0.135 0.45 1.593 1.630 1.6117 0.0007
11 210 0.110 0.45 1.277 1.765 1.5208 0.1192
12 210 0.160 0.45 1.985 2.337 2.1608 0.0618
13 210 0.135 0.19 1.303 2.130 1.7167 0.3417
14 210 0.135 0.70 1.730 2.200 1.9650 0.1105
15 210 0.135 0.45 1.610 2.500 2.0550 0.3960
16 210 0.135 0.45 1.730 2.520 2.1250 0.3121
17 210 0.135 0.45 1.707 2.625 2.1658 0.4217
18 210 0.135 0.45 1.770 2.765 2.2675 0.4950
19 210 0.135 0.45 1.767 2.735 2.2508 0.4688

3.2  Execution of the Experiments

The machined parts of the AISI 12L14 free machining 
steels present composition of 0.09 % C; 0.03 % Si; 
1.24 % Mn; 0.046 % P; 0.273 % S; 0.15 % Cr; 
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0.08 % Ni; 0.26 % Cu; 0.001 % Al; 0.02 % Mo; 
0.28 % Pb; 0.0079 % N2 with dimensions of Ø 40 
mm × 295 mm (Fig. 3) machined in Nardini CNC 
lathe, with 5.5 kW power and maximum rotation of 
4000 rpm. The hard metal inserts Sandvik GC 4035 
(ISO P35 class, code SNMG 090304 - PM) and a 
tool holder ISO DSBNL 1616H 09. Measurements 
were performed on a portable surface roughness tester 
Mitutoyo Surftest SJ 201 (Fig. 4).

Fig. 3.  AISI 12L14 free machining steel turning process

Fig. 4.  Mitutoyo portable roughness checker,  
model Surftest SJ 201

The tools used had their views captured through 
an SZ61 Olympus® stereoscope and the measurements 
made by the Analisys Five® software. As a criterion of 
life for the tool was adopted a wear with a flank of 
VBmax = 0.25 mm approximately, Figs. 5 and 6. 

Fig. 5.  New tool edge

From the data obtained for the roughness (Ra) of 
the specimens after the machining with the two tools, 
it was possible to calculate the mean and variance for 

each of the experiments. The calculated values are 
also shown in Table 3.

Fig. 6.  Wear tool edge; VBmax = 0.25 mm

3.3  Modelling of Responses

The OLS was applied to the mean and variance data of 
Ra to obtain the quadratic models of these functions. 
The models presented high values of R2, indicating 
that the adopted models are adequate.

Therefore, according to the full quadratic model 
described in Table 4, the mean μ and variance σ2 
equations for Ra can be described as in Eqs. (4) and 
(5). The graphs of these response surfaces are shown 
in Figs. 7 and 8, where the ap value was maintained 
as 0.45.

Table 4.  Coefficients for the final quadratic models of turning 
outputs

Coef μ R σ2 P
β0 2.1739 0.000 0.4172 0.000

β1 0.0349 0.300 0.0173 0.459

β2 0.1179 0.005 -0.0591 0.027

β3 0.0411 0.228 -0.0987 0.002

β11 -0.1993 0.000 -0.1371 0.000

β22 -0.1232 0.004 -0.1078 0.001

β33 -0.1232 0.004 -0.0599 0.025

β12 0.0231 0.591 -0.0231 0.450

β13 -0.0781 0.092 -0.0335 0.281

β23 0.1702 0.003 0.0853 0.017

R2 91.15 % 91.13 %

R2adj 82.30 % 82.25 %
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Fig. 7.  Response surface plot for the mean response;  
hold ap = 0.45

Fig. 8.  Response surface plot for the variance response;  
hold ap = 0.45

3.4  Turning Process Optimization by MSE Objective

To perform the optimization by MSE, the optimal 
values of mean and variance must be established 
through restricted individual optimization, in which 
both responses were minimized. The minimum 
individual value found for the mean was described in 
Table 5.

Table 5.  Utopia points for the original responses

Target

μ(Ra) σ2(Ra)
1.4448 0.0338
1.8720 0.0010

These values will be used as target values for the 
formulation of the optimization problem by MSE. In 
this way, the optimization problem for AISI 12L14 
free-machining steel is described by:

 

min .

. . : .

.

.

MSE w w

s t
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The adopted constraint allows the model to find 
optimal points within the valid region, without being 
outside the experimental space. Thus, the restriction 
of variance was necessary so that the algorithm did 
not find negative values of variance in the search for 
optimal points.

The equation was weighted for different 
combinations of weights (wi) from an arrangement of 
simplex-lattice mixtures varying the weights between 
0.085 and 0.915 so that no weight presented null value 
(equal to zero). The arrangement created is described 
in Table 6.

For each combination of weights determined 
by the arrangement, an optimization was performed, 
presenting a combination of optimal points for this 
problem. Table 6 presents the results found for the 
optimization of each combination of weights used, as 
well as the parameters coded and un-coded for each of 
the responses. From the adopted weights, it is possible 
to establish a Pareto frontier with the optimized 
answers. 

In addition, Fig. 9 shows the Pareto frontier 
constructed for this problem, highlighting the 
locations of the optimal weights in relation to the 
efficient optimization set. The lowest MSE value was 
obtained for the combination of weights w1 = 0.085 
and w2 = 0.915 is described in Fig. 9.

Fig. 9.  Pareto solutions

The balance determined by these weights 
corresponds to the values of Vc = 240.3 m/min;  
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f = 0.124 mm/rev and ap = 0.619 mm, providing a 
roughness mean of 1.4971 μm with variance 0.001 
(MSE = 0.0011). Fig. 10 compares the obtained 
solutions, and it is possible to verify the optimal point 
found within the established region.

3.5  Confirmation Experiments

The optimization of the robust project is aimed at 
finding configurations of controllable parameters that 
are not influenced by uncontrollable factors, that is, 
where the noise variable is neutralized in the process. 
To confirm whether the results were satisfactory, a 
suitable sample must be determined to perform a 
hypothesis test of the average values of the surface 
roughness with and without the presence of noise 
factors. If the null hypothesis is accepted, it means 
that the noise factor was neutralized by the robust 
configuration.

At the same time, the ideal condition of the 
weights for mean and variance were 8.5 % and 91.5 %, 
respectively to the test x*code = [1.0121; –0.7282; 
1.1289], i.e., a final machining configuration of 
x*uncode = [240.3 m/min; 0.124 mm/rev; 0.619 mm]. 
The optimal values of the solution vector retain the 
properties, summarized in Table 7.

To know the number of replicates (or 
experiments) required to perform the confirmatory 
test, one must consider the difference established 
based on the distance of the utopia and nadir points 
for the Ra response. Adopting a test power of 80 %, 
a significance level of 5 %, and based on the values 

of standard deviation of the chosen optimum point, 
it is possible to obtain the necessary amount of 
experiments, being of three replicates. 

To obtain a better statistical treatment, it was 
decided to perform two additional experiments, 
obtaining a total of five replicates for the hypothesis 
confirmation test described in Table 7.

Fig. 10.  Overlaid contour plot for the optimization of 12L14 free 
machining steel turning (Vc  = 210 m/min)

It is easy to verify that the mean values of Ra 
for the confirmation tests are close to expectations. 
Observing the ANOVA results from Table 8, it can be 
concluded that the noise does not present significant 
influence on the process, where all values of P > 0.05, 

Table 6.  Optimal results obtained with the MSE approach

Run
Weight Coded Uncoded

MSE
Response

w1 (μ) w2 (σ2) Vc  
[m/min]

f  
[mm/rev]

ap 
[mm]

Vc  
[m/min]

f  
[mm/rev]

ap 
[mm]

(μ) (σ2)

1 0.735 0.265 0.9357 -0.8095 1.1395 238.0711 0.1229 0.6209 0.0021 1.4850 0.0034
2 0.343 0.657 -1.6813 0.0350 -0.0341 159.5613 0.1355 0.4449 0.0043 1.5482 0.0010
3 0.124 0.876 -1.6813 0.0336 -0.0334 159.5600 0.1355 0.4450 0.0022 1.5482 0.0010
4 0.657 0.343 0.9950 -0.7458 1.1326 239.8502 0.1238 0.6199 0.0021 1.4944 0.0015
5 0.782 0.218 0.8998 -0.8481 1.1403 236.9935 0.1223 0.6210 0.0020 1.4797 0.0047

6 0.085 0.915 1.0121 -0.7282 1.1289 240.3644 0.1241 0.6193 0.0011 1.4971 0.0010

7 0.406 0.594 -0.8639 -1.0648 0.9742 184.0818 0.1190 0.5961 0.0093 1.5633 0.0061
8 0.688 0.312 0.9720 -0.7711 1.1357 239.1592 0.1234 0.6204 0.0021 1.4906 0.0023
9 0.876 0.124 0.8234 -0.9316 1.1328 234.7017 0.1210 0.6199 0.0015 1.4690 0.0078
10 0.218 0.782 -1.6813 0.0358 -0.0345 159.5620 0.1355 0.4448 0.0031 1.5482 0.0010
11 0.594 0.406 1.0109 -0.7286 1.1297 240.3269 0.1241 0.6195 0.0020 1.4971 0.0010
12 0.265 0.735 -1.6812 0.0371 -0.0351 159.5633 0.1356 0.4447 0.0036 1.5482 0.0010
13 0.500 0.500 1.0111 -0.7286 1.1296 240.3334 0.1241 0.6194 0.0019 1.4971 0.0010
14 0.915 0.085 0.7900 -0.9727 1.1220 233.7003 0.1204 0.6183 0.0012 1.4641 0.0096
15 0.312 0.688 -1.6813 0.0333 -0.0333 159.5598 0.1355 0.4450 0.0040 1.5482 0.0010
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characterizing the configuration as robust, where 
the Ra response does not change significantly in the 
presence of the worn tool.

In a normal configuration of use, the tool 
undergoes wear through its use in machining, where 
the initial configuration would be unable to maintain 
the same surface roughness values. In a robust 
configuration, the process performance is guaranteed 
for a long period, since the roughness values tend to 
remain statistically equal during the life of the tool.

Table 7.  Results from the confirmation experiments

Run Vc  
[m/min]

f  
[mm/rev]

ap 
[mm]

Ra (wear)  
[μm]

Ra (new) 
[μm]

1 240 0.124 0.619 2.127 2.023
2 240 0.124 0.619 1.987 2.060
3 240 0.124 0.619 2.040 1.963
4 240 0.124 0.619 2.067 1.950
5 240 0.124 0.619 1.970 1.913

Table 8.  ANOVA results for the confirmation experiments

N Mean SE coef T P

Ra (wear) 5 2.038 0.028
1.45 0.19

Ra (new) 5 1.982 0.026

In effect, to ensure the quality of the roughness 
level, a machining configuration must be established 
that is not unstable to the wear action of the tool. If 
this factor is not considered, it would be improbable to 
maintain an optimum surface roughness value as the 
tool degrades. This feature differs from a great design 
to a robust design.

4  CONCLUSIONS

In machining processes, tool wear is a natural 
consequence and can be considered a noise factor, 
since its occurrence is inevitable. Tool performance 
is associated with the number of machining passages, 
directly influencing the surface roughness values of 
the workpiece. Thus, this article presents a robust 
optimization approach using MSE, weighting the 
mean (μ) and variance (σ2) for different degrees of 
importance applied to the AISI 12L14 free machining 
steel turning process.

Under those circumstances, the described 
procedure promoted the minimization of the average 
roughness (Ra) and the variability, neutralizing the 
influence of the wear tool. The optimized design 
showed an optimal response setting with the robust 
parameters x* = [240.3 m/min; 0.124 mm/rev; 0.619 
mm] for an MSE = 0.0010 response with mean 

and variance weights of 0.085 (w1) and 0.915 (w2) 
respectively. The confirmation experiment showed 
that the noise factor was not significant for the 
roughness response.

Generally speaking, establishing an ideal 
configuration for a machining process, capable of not 
being influenced by variations in tool wear, ensures 
the quality of the machined surfaces. Therefore, robust 
optimization is essential to establish optimum setup 
and maintain a suitable roughness level for a set time.
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