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ABSTRACT Hard turning processes have several advantages against traditional turning. Improved surface
integrity and short process time are some examples. Surface integrity is one of the most important issues
in modeling of machining processes. Multiple roughness parameters are observed in relation to several
controllable and uncontrollable input parameters. Since these multiple roughness parameters are correlated,
multivariate methods are the most suitable approach for process control. This research aims to propose a
method for assessing stability and performance of multivariate processes in the presence of noise variables.
A hybrid method based on design of experiment, statistical process control and principal component analysis
was applied to AISI 52100 hardened steel turning. The process performance index was obtained within the
range of 0.18 to 1.11. The best process performance was achieved taking cutting speed of 170m/min and
lubricating fluid flow of 3 L/min.

INDEX TERMS Design of experiments, statistical process control, principal component analysis, control
charts, hard turning, roughness.

I. INTRODUCTION
Hard turning is one of the most trending topics in machining
studies. The process, with workpieces of hardness above
45HRC, has advantages over traditional turning [1]–[4]. The
machining operation may be performed with no cutting fluid
and with no additional finishing process, so that costs and
setups can be reduced [5], [6].

The design of experiments (DOE) can be used for process
modeling as such in hard turning [2], [7]. Generally, input
parameters and their combined effects on the process outputs
are of interest. Then, the best operating conditions must be
determined [8]. However, some variables, the noise vari-
ables, are uncontrollable while machining workpieces. Even
though, these noise variables may affect the critical-to-quality
characteristics (CTQ). The tool flank wear is an example of a
noise variable in hard turning studies [5], [9], [10].

In hard turning operations, the surface roughness is consid-
ered one of themost important CTQ [3], [11], [12]. In general,
roughness parameters are related to input variables such as
tool geometry, material properties, machinery setups, and so

The associate editor coordinating the review of this manuscript and

approving it for publication was Md. Asaduzzaman .

on [2], [4], [12]–[16]. More than often, several roughness
parameters are of interest such as: arithmetic mean (Ra),
maximum (Ry), quadratic mean (Rq), and maximum peak to
valley (Rt) [7], [17], [18]. The presence of more than one
CTQ turns the process not only more comprehensive, but
alsomore complex. Univariate approachesmay be inefficient,
mainly, when conflicting results are obtained from process
assessment. Therefore, multivariate methods are reasonable
strategies to deal with such systems [19]–[21].

In machining, previous researches have evaluated tool
wear as a noise factor in robust parameter designs
(RPD). Some examples can be found at: milling of AISI
1045 steel [9], [10], [22]; turning of AISI 12L14 steel [23],
[24]; hard turning of AISI 52100 steel [6], [7], [25]. Basically,
these researches have applied RPD in order to remove the
noise effect on CTQs. However, little attention has been paid
on how the noise variable affects the stability and perfor-
mance of manufacturing processes.

This research aims to develop a multivariate approach
to evaluate the effect of controllable and uncontrollable
variables on stability and performance of multivariate pro-
cesses. A hybrid method based on DOE, Statistical Process
Control (SPC) and Principal Component Analysis (PCA)
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was implemented. Initially, the correlation between noise
variables and process responses had been verified. After
that, factorial experiments were designed to model the CTQs
as functions of controllable and uncontrollable variables.
Control charts and process performance indexes, based on
weighted principal component analysis, were developed to
find the most stable and capable setup. In this hard turn-
ing operation, the roughness parameters Ra and Rt were
evaluated taking into account the effects of control variables
(cutting speed and lubricating fluid flow) and a noise vari-
able (tool flank wear). The best multivariate process perfor-
mance index was achieved at 1.11 by using cutting speed
of 170 m/min and lubricating fluid flow of 3 L/min.

The remaining sessions are organized as follows.
The second session details the multivariate DOE-SPC
method. The third session shows univariate and multivariate
methods applied to the AISI 52100 hardened steel turning
operation. The last session highlights the main findings of
this research and suggestions for future work.

II. STATISTICAL QUALITY CONTROL BASED ON
WEIGHTED PRINCIPAL COMPONENTS
To investigate the effects of noise and controlled factors
on quality characteristics, the proposed multivariate method
combining SPC-DOE techniques are summarized according
to Fig. 1.

The first step consists of stating the process problem and
the Ys critical-to-quality characteristics. Prior knowledge is
required to select Ys that represent quality of the process.
Problem statement should be regarding process stability and
performance in the multivariate context.

The second step consists of a correlation between the
output variables. If the Ys have a significant correlation, the
multivariate analysis is performed (step 3A), otherwise uni-
variate (step 3B). The Pearson correlation coefficient between
the Ys is calculated as (1):

ρ =

n∑
i=1

(y1i − y1)(y2i − y2)

(n− 1)sy1sy2
(1)

where y1 and y2 are the average for each variable, sy1 and
sy2 are the standard deviations of each variable, and n is the
sample size.

The Step 3A is the calculation of the weighted principal
components (WPC). The values of the principal components
are calculated by:

PCi = e′iY (2)

where e′i is the eigenvector matrix and Y is the quality char-
acteristic matrix that may assume a standardized form if the
correlation matrix is used for the scores of the principal com-
ponents. After calculating the principal components (PC i),
WPC is obtained as (3):

WPC =W′PC (3)

FIGURE 1. Stepwise procedure for a multivariate statistical quality
control.

where PC are the scores of principal components and W′ =[
λ1∑q
j=1 λj

λ2∑q
j=1 λj

· · ·
λq∑q
j=1 λj

]
is the vector of weights.

Step 3B consists of the control chart development. The
design of the control chart depends on some aspects such
as: data type, autocorrelated process, sample size, and oth-
ers [26]. Control charts are tools for monitoring process
outputs and their behavior [27]. Out of control points due to
the presence of special causes of variation can be checked by
this tool [26]. Due to low production volume in this study,
control charts for individuals (I-MR) are the best choice for
the stability study [26-27]. Montgomery [26] determines the
formulation for center line (CL), upper (UCL) and lower
control (LCL) limits for individual control charts (I-MR):

CL = WPC
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TABLE 1. Analysis of variance for WPC vector.

UCL = WPC + 3
MR
d2

LCL = WPC − 3
MR
d2

(4)

CL = MR

UCL = MR+ 3MR
d3
d2

LCL = MR− 3MR
d3
d2

(5)

where WPC is the mean of the WPC vector, MR is the
moving range of WPC for 2 subsequent subgroups, d2 and
d3 are constants that change according to the sample size.

The fourth step correlation between the noise variable (z)
and the weighted principal component (WPC) must be
checked. Now, Eq. (1) is applied to verify whether there
is correlation between z and WPC variables. If there is no
correlation, step 5A indicates a traditional application of
control charts.

Step 5B occurs when z andWPC are correlated. It consists
of developing an experimental design for understanding the
effects of control (x) and noise (z) variables, as well as their
interactions (xixj and xizl) onWPC. In this step, experimental
designs with k controlled factors and their levels must be
determined. In general, 2k factorial designs with at least
2 factors are recommended. After that, the data referring
to the noise variables and quality characteristics for each
combination of controlled factors are collected.

Step 6 is the statistical analysis to investigate the effect
of control (x) and noise (z) variables on weighted principal
components (WPC). The regression model can be calculated
using equations (6)-(8):

WPC = Xβ + ε (6)
_

β = (X′X)−1(X′Y) (7)

where:

WPC =


WPC1
WPC2
...

WPCn

; X =


1 X11 X12 · · · X1k
1 X21 X22 · · · X2k
...

...
...

. . .
...

1 Xn1 Xn2 · · · Xnk

;

β =


β1
β2
...

βk

; and ε =


ε1
ε2
...

εk

 (8)

The regression model can be evaluated by analysis of vari-
ance (ANOVA), according to the source of variation, degrees
of freedom, sum of squares and F0 as shown in Table 1 [26].
Model adequacy should be verified by the residual anal-

ysis, the coefficient of determination and lack-of-fit tests.
Further details on model adequacy assessment can be found
in [28].

Finally, this step is completed by evaluating process sta-
bility and performance. Control charts in Eqs. (4) and (5)
are conducted in order to check process stability. In the
multivariate context, process performance assessment is
conducted as follows. Considering Y′ = (Y1,Y2, . . . ,Ym)
the vector of q quality characteristics with mean vec-
tor µ and positive definite variance-covariance matrix 6.
The target, lower and upper specifications are T′ =
(T1,T2, . . . ,Tq), LSL′ = (LSL1,LSL2, . . . ,LSLq) and
USL′ = (USL1,USL2, . . . ,USLq), respectively [17], [29].
Specification limits for PCi and WPC are given by
Eqs. (9) – (14):

LSLPCi = e′iLSL (9)

USLPCi = e′USL (10)

TPCi = e′T (11)

LSLWPC = W′LSLPC (12)

USLWPC = W′USLPC (13)

TWPC = W′TPC (14)

The process performance (Ppk) index is estimated as
follows:

Ppk;wpc = min
(
Ppl;wpc,Ppu;wpc

)
= min

(
WPC − LSLwpc

3swpc
,
USLwpc −WPC

3swpc

)
(15)

In these equations,USLwpc and LSLwpc are upper and lower
specification limits; wpc is the mean of WPC; and swpc is
the standard deviation of WPC. According to Dharmasena
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LS, Zeephongsekul [23], Kaya and Kahraman [30] and
Peruchi et. al. [17], the process performance can be classified
as poor (Ppk;wpc < 0.67), inadequate (0.67 ≤ Ppk;wpc <
1.00), capable (1.00 ≤ Ppk;wpc < 1.33), satisfactory (1.33 ≤
Ppk;wpc < 1.67), excellent (1.67 ≤ Ppk;wpc < 2.00) or super
excellent (Ppk;wpc ≥ 2.00).

The seventh and final step is to develop conclusions and
recommendations on the process setup. Assessing a shift in
process level and dispersion, the multivariate performance
index is the main tool for helping to draw conclusions on
process setup.

III. HARDENED STEEL TURNING APPLICATION
The proposed method has been applied to the hard turning
of AISI 52100 steels using interchangeable CBN inserts in
hard metal with ISO code CNGA120408GA BC8020 and tip
radius of 0.8 mm. AMitsubishi tool holder ISO code DCLNR
2020K12 was used. The following tool geometry has been
used: exit angle γ = −8◦; inclination angle λ = 0◦; and
position angle χr = 90◦. The manufacturing and measure-
ment processes are shown in Figs. 2 and 3, respectively.

FIGURE 2. Turning operation of AISI 52100 hardened steel.

In addition, it is worth noting that the measurement of
the roughness values of the workpiece was recorded by
the portable surface roughness tester Mitutoyo Surftest 201,
which was gauged and calibrated before the measurements
started. The cut-off parameter was adjusted to 0.8 mm for all
measurements.

Finally, in relation to the process, the cutting fluid ME-II
from the manufacturer Tapmatic was used, being a synthetic
soluble oil and concentrated (high dilution rate in water).

In hard turning, friction between the two surfaces such as
workpiece and cutting tool or cutting tool and chip inter-
faces cause rise in temperature [1] and the thermal aspects,
in conjunction with the plastic deformation strongly affects
the surface integrity and the quality of the machined product.
In fact, the deformation process is concentrated in a very
small zone and the local high temperatures due to heat gen-
eration have important consequences on the workpiece [31].
Subsequently, surface integrity, tool life and dimension accu-
racy of the product deteriorated [32]. However, according to

FIGURE 3. Roughness measurement process.

Liew et al. [1], the most important aspects in hard turning are
surface roughness and tool wear. This is because the surface
roughness affects corrosion resistance, fatigue strength, pace
and tribological properties of machined parts meanwhile tool
wear affects the dimensional accuracy of the finished prod-
ucts, surface finish, residual stress, the integrity of the surface
(white layer) and the tool life.

In order to improve engine cooling and lubrication during
operation, the cutting fluid has been used. Cutting fluid orig-
inally used to lubricate the interface chip and tool as well as
tool and workpiece, remove heat from the workpiece and the
cutting zone, carrying away chips from the cutting area and
prevent erosion [1].

Although, cutting fluids are beneficial in the industries,
today their uses has been questioned around the world,
due to environmental consciousness enhanced laws and
regulations [33]. The use of cutting fluids has several
adverse effects such as environmental pollution, dermatitis
to operators, water pollution and soil contamination during
disposal [34]–[36].

However, cutting fluids play a significant role inmachining
areas. The complete absence of cutting fluid creates problems
in chip transportation and causes an increase of the tool-chip
and tool-workpiece friction affecting the tool life and quality
of the machined surface. Moreover, the proper application of
cutting fluid or cooling medium allows use of higher cutting
speeds and higher feed rates by limiting overheating of the
cutting tool and machine [37].

Before applying the proposed procedure for statisti-
cal quality control, univariate analyses for each quality
characteristic are implemented (section III.A). Conflicting
results for process classification is obtained by using this
approach. Then, the proposed procedure is carefully con-
ducted in section III.B to solve this issue and to come up with
a final decision on process setup.

A. UNIVARIATE APPROACH
If few changes are applied, the statistical quality control,
based on univariate analysis, can be conducted by the
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TABLE 2. Univariate process performance analysis.

proposed method in section II. Basically, vector WPC
should be replaced by the original quality characteristics and
the steps related to principal component analysis must be
neglected.

The arithmetic average (Ra) and total depth roughness
(Rt) were selected as quality characteristics. They are char-
acteristics related to workpiece finishing and considered as
critical-to-quality.Ra is the arithmetic average of the absolute
values of the ordinates of the effective profile (measured), y,
in relation to the average line in a sampling set, which can be
calculated by Eq. (16) [38]–[40]:

Ra =
1
n

n∑
i=1

|y| (16)

And, Rt is defined as the roughness corresponds to the
vertical distance between the highest peak and the minimum
valley in the evaluation length, regardless of the partial rough-
ness values, given by Eq. (17) [38]–[40]:

Rt = maximum peak - minimum valley (17)

The controllable variables selected were cutting speed (S)
and lubricating fluid flow (L). Tool flank wear (W) was the
uncontrollable variable evaluated in this study. The initial
conditions were cutting speed of S = 120 m/min, lubricating
fluid flow of L = 0 L/min and the cutting tool was utilized
up to the tool flank wear of W = 0.3 mm. The dataset was
collected and stored in Appendix A. Briefly, the I-MR control
charts and the process performance for Ra and Rt using this
setup are shown in Fig. 4 and Table 2, respectively.

Conflicting results were observed when assessing the pro-
cess based onRa andRt. ForRa, the process is out-of-control
and has poor performance, while for Rt the process is in
control and the performance is inadequate. As emphasized
by Peruchi et. al [17], only one of these quality character-
istics is unable to describe the workpiece surface behavior.
Ra performs an arithmetic average of the roughness. When
performing this average, extreme points may not be sensible
in the study. On the other hand, Rt measures roughness in
relation to the greater range of peaks and valleys. For better
decision making, if correlation among quality characteristics
are significant, multivariate statistical analysis should be con-
ducted.

B. MULTIVARIATE STATISTICAL QUALITY CONTROL BASED
ON WEIGHTED PRINCIPAL COMPONENTS
Applying the proposed method, in the first step the process
problem must be stated, CTQs should be selected and dataset

TABLE 3. Principal component analysis for Ra and Rt.

TABLE 4. Full factorial design for the hard turning experiment.

is collected. As mentioned in section III.A, Ra and Rt were
the CTQs selected in this study and the dataset can be seen in
Appendix A. Assessing them individually, the engineer was
unable to come up with a final decision on process stability
and performance. If these CTQs are correlated, multivariate
statistical analysis is useful and the next steps of the method
can be performed.

In the second step, the correlation betweenRa andRt was
obtained with Eq. (1). The coefficient of correlation of 0.636
was significant with p-value lower than 0.05. Then, step 3A
is performed to calculate the WPC using Eqs. (2) and (3).
The results for principal components analysis are in Table 3.
After that, in step 3B, I-MR control charts, based on WPC
vector, is built by using Eqs. (4) and (5). As shown in Fig. 5,
the process is in control, however, it looks as if a downward
trend is observed. This trend might be correlated with the tool
flank wear.

In step 4 the correlation between the tool flank wear (W)
and the quality characteristic (WPC) is calculated. The
correlation coefficient found was −0.808 (p-value lower
than 0.05). This value indicates a significant correlation,
increasing the possibility of wear effect on the process output.
Due to the significant correlation, we proceeded to step 5B.
As a result, a new experimental design and data collection
were planned. The factors and levels for the full factorial
design are describe in Table 4 and the dataset was also stored
in Appendix A. It should also be noted that the cutting depth
adopted was 0.4 mm.
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FIGURE 4. I-MR control charts of setup 1 for a) Ra and b) Rt.

In the sixth step, the statistical analysis is performed using
Eqs. (6)-(8). The regression model was estimated with coded
variables, as seen in Table 4, and it is shown in (17) below:

WPC = −0.0016− 0.6953S + 0.6335L − 1.0952W

− 0.0722SL + 0.0546SW + 0.1791LW

+ 0.1723SLW (18)

Using equations in Table 1, the analysis of variance was
performed and the sources of variation, degrees of free-
dom (DF), sum of squares (SS), mean squares (MS) and
F value are presented in Table 5. Testing the model adequacy,
the adjusted coefficient of determination (R2

adj) was 92.54%,
lack-of-fit test with p-value > 0.05 and the normality test
of the standardized residues with p-value > 0.05 indicate an
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FIGURE 5. I-MR control chart of WPC for setup 1.

TABLE 5. Anova results for WPC.

FIGURE 6. Main effects plot for WPC.

adequate regression model. Only the S∗W interaction was not
statistically significant in themodel considering a level of sig-
nificance of 5%. Considering that the model is valid, the main
effects and interactions plots can be seen in Figs. 6 and 7.

FIGURE 7. Interaction plot for WPC.

TABLE 6. Principal component analysis for each process setup.

Looking at these plots, setup 3 (S=170 and L=0) in Table A
seems to provide the best workpiece roughness. However,
the effect of tool flank wear (W ) on roughness (WPC) cannot
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TABLE 7. Multivariate performance analysis for the hard turning process.

FIGURE 8. I-MR control chart of WPC for setup 2.

be neglected. The tool flank wear (W ) determines a strong
negative correlation with workpiece roughness (WPC). It is
required to verify this effect for each process setup in order
to come up with a final decision on process stability and
performance.

Still in sixth step, stability and performance analyses were
conducted for each process setup. Using Eqs (2) and (3),
Table 6 summarizes the principal component analysis
with eigenvalues and eigenvectors of each process setup.
Eqs. (9)-(14) have been applied to transform original speci-
fication limits intoWPC scores. For each setup, multivariate
process performance has been estimated with Eq. (15),
as seen in Table 7. Process stability for setups 1 to 4 can be
evaluated by Figs. 5 and 8-10, respectively. Assessing these
I-MR control charts, the tool flank wear provided the lower
effect on process stability in setups 1 and 4 (in-control) than
setups 2 and 3 (out-of-control). Turning now to process per-
formance analysis, setup 4 (high cutting speed with 3 L/min
of lubricant fluid flow) seems to be the best choice, since
Ppk;wpc = 1.11 classifies the process as capable.

Finally, in the seventh stepconclusions and recommenda-
tion on process setup must be made based on the previous
multivariate statistical analysis. Taking the univariate analysis
in section III.A into account, the analyst was unable to come
up with a final decision on process stability and performance.
Through roughness Ra, the process was classified as out-
of-control with poor performance. On the other hand, Rt
has deemed the process as in-control with inadequate per-
formance. Since correlation among these quality character-
istics had been considered significant, multivariate statistical
quality control was performed. In this hardened steel turning
experiment, the tool flank wear effect into roughness was
significant. Thus, four setups based on a full factorial desing
was planned in order to check the best process stability and
performance. The setup 4 was the least sensible to effect
of the uncontrollable variable tool flank wear. Therefore,
high cutting speed with 3 L/min of lubricant fluid flow has
been adopted as a final setup to achieve the best process
stability and performance for both Ra and Rt roughness
parameters.
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FIGURE 9. I-MR control chart of WPC for setup 3.

FIGURE 10. I-MR control chart of WPC for setup 4.

IV. CONCLUSION
This research has proposed a multivariate method to promote
a statistical quality control on AISI 52100 hardened steel
turning. Surface integrity is of pivotal relevance for quality
control. This quality characteristic, which is measured by
roughness parameters, is often influenced by some control-
lable and uncontrollable variables such as cutting speed,
lubricant fluid flow, feed rate, tool flank wear, hardness,
and others. Keeping the process in control in such complex

environment is a tough task. Thus, statistical process control,
design of experiments and principal component analysis have
been utilized in order to make the process not only stable but
also capable.

This proposal was able to guide the engineer into the
decision making process of correcting issues of stability and
performance. Since amultivariate process has been evaluated,
principal component analysis has been applied to help reduc-
ing process dimension and making decisions easily. Design
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TABLE 8. Experimental dataset of setups 1 to 4 for roughness Ra and Rt.
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TABLE 8. (Continued.) Experimental dataset of setups 1 to 4 for roughness Ra and Rt

of experiments was essential to promote changes in process
setup. After that, control charts and performance indices have
been performed to come up with final decision on the final
process setup.

The result analysis has shown how ineffective the univari-
ate approach was. The engineer was unable to make a final
decision on process stability and performance. AssessingRa,
the process was deemed out-of-control and with poor perfor-
mance. On the other hand, Rt determined that the process
was in control and with an inadequate performance. Applying
the proposed multivariate approach, the engineer was able
to find the best process setup for stability and performance.
Setup 4 with high cutting speed and 3 L/min of lubricant fluid
flow has been adopted as a final setup. Taking this process
adjustment, the operationwas classified as in control andwith
capable performance (Ppk = 1.11).
Additional study for ongoing process monitoring of future

production is suggested. In this case, the engineer might use
the control charts’ limits in Fig. 10 tomake an onlinemonitor-
ing and take actions as soon as an out-of-control point shows
up. Another interesting work would implement optimization
methods, such as robust parameter design, in order to reduce
even more the effect of tool flank wear into roughness param-
eters.
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