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A B S T R A C T

Monitoring of cutting tool wear is crucial in machining operations where planning for longer tool life would
result in economical savings. While deterministic and stochastic methods were sought for identifying optimal
cutting conditions, efficiency and/or accuracy of the generated model fits were found to suffer when dealing
with large number of variables. In this work, we present a novel method for tool wear optimization that com-
bines tabu search algorithm with regression analysis (dubbed TS-REG). First, this method is validated against
literature-reported model equation fitting of several modeling studies of turning, end milling, and drilling
processes. Corroboration of TS-REG is established having found that it outperforms other techniques such as
REG, artificial neural networks (ANN), and genetic algorithm (GA). Then, TS-REG is utilized to estimate tool
wear and cutting forces for efficient core drilling of basalt rock, a hard and abrasive component of the Martian
surface. For cutting data, this work utilizes previously reported tool wear and force data by Hamade and
coworkers of polycrystalline diamond (PCD) compact core drilling experiments. The cutting data is comprised of
dependent variables of tool wear (flank wear and cutting edge radius wear) and forces (thrust force and torque)
as function of several independent variables (process parameters) namely rake angle, spindle speed, tool feed,
rock specimen’s ultimate compressive strength, UCS , specimen rock type, and drilled depth. These independent
variables and their combinations resulted in fit equations with total number of 117 different variables. As
compared with conventional REG and ANN fit estimates of the same data, TS-REG was found to yield the best
statistical estimates of tool wear and cutting forces model equations where all dependent parameters were
included in the model. Statistical metrics used for assessment of the fitted models were p-value, R-squared, and
mean absolute percentage error.

1. Introduction

Automated industrial manufacturing is in great demand in most
machining operations. Furthermore, robotic exploration of Mars in-
volves considerable amount of drilling in basalt, a particularly hard and
abrasive rock that is also present on Earth. In order to plan the life of
cutting tools, there is considerable benefit in predicting wear rates with
modeling encompassing both deterministic (using the Taylors’ tool life
equation (Taylor, 1906)) and stochastic methods. Artificial neural
networks (ANN) and Taguchi methods for determining tool life have
also been reported (e.g. Khorasani, Yazdi, & Safizadeh, 2011; Karkalos
& Markopoulos, 2017). In (Seif, Hage, & Hamade, 2018), torque and
thrust forces generated by the conventional drill’s chisel edge were

estimated using regression analysis (REG) which yielded good results,
optimization method of Taguchi in turning mild steel with brazed
carbide cutting tool. In Hamade, Pusavec, Manthri, Dillon, and Jawahir
(2012), optimization technique using genetic algorithm (GA) for effi-
cient core drilling of basalt rock returned good results but not all the
parameters were included in the model. Tool wear characteristics (e.g.,
flank wear (VB) and cutting edge radius wear (CER)) and generated
forces (e.g., thrust force (F) and torque (T)) were modeled using genetic
algorithm as function of several independent process parameters (e.g.,
rake angle (α), spindle speed (rpm), tool feed (f), rock specimen’s ul-
timate compressive strength (UCS), specimen rock type (λ), and drilled
depth (drilled_depth)). Several of the parameters considered were
omitted from the model due to insignificant p-values. Machining
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variables for hard turning of Adamite, a zinc arsenate hydroxide mi-
neral, were estimated (Sharma, Dhiman, Sehgal, & Sharma, 2008) using
neural networks with average error for the cutting force, passive force,
feed force, and surface roughness are found to be 5.4%, 30%, 16.5%
and 42.2%, respectively, as compared to experimental values. Hamade
et al. (2010) utilized regression analysis on the same wear and force
data reported in (Hamade et al., 2012) and found that not all para-
meters were statistically significant.

To provide better-fitting solutions and to improve the accuracy of
optimization results, more developed optimization algorithms have
been used in machining with examples including backscattering search
algorithm BSA (Lu, Gao, Li, & Chen, 2016), particle swarm optimization
PSO (Irgolic, Cus, & Zuperl, 2014), gene expression programming GEP
(Yang, Li, Jiang, & Zhang, 2011), Fuzzy Logic (Adnan, Sarkheyli, Zain,
& Haron, 2015), and genetic algorithms (Subramanian, Sakthivel,
Sooryaprakash, & Sudhakaran, 2013). BSA was proven to be efficient in
modeling energy-consumption in multi-pass turning operations using
multi-objective algorithm (called MOBSA) in (Lu et al., 2016) where
BSA was compared with other classical multi-objective metaheuristic
approaches (Lu et al., 2016) such as NSGA-II (Non-dominated Sorting
Genetic Algorithm), MOPSO multiple objective particle swarm optimi-
zation, MOEA/D (multiobjective evolutionary algorithm based on de-
composition and MOHS (multi-objective harmony search). Particle
swarm optimization (PSO) was used in (Irgolic et al., 2014) for tool
wear prediction in end milling has been used. Helix angle (α), spindle
speed (N), feed rate (Z), axial depth of cut (X), and radial depth of cut
(Y) were taken as input parameters and tool wear (T) as an output
parameter, the percentage error between the predicted and experi-
mental results ranged between 0.09 and 24.46%. In (Yang et al., 2011)
gene expression programming was utilized for the prediction of surface
roughness in end milling with a percentage error ranging from 0.11 to
18.68% compared to experimental results. The findings in (Irgolic et al.,
2014) and (Yang et al., 2011) suggest that PSO and gene expression
lead to some cases with relatively large error estimation higher than
15%. Fuzzy logic (FL) was utilized in many machining operations
where several parameters were investigated such as surface roughness,
cutting force, material removal rate, tool-wear, flank wear, torque,
electrode wear rate, tool-life, drilling time, machine utilization level,
cutting width, dross inclusion, short circuit ratio, white layer thickness,
erosion rate, and control voltage with good prediction results (e.g.,
Adnan et al., 2015). Subramanian (Subramanian et al., 2013) reported
on the optimization of machining parameters using genetic algorithms
(GA) for shoulder milling using two carbide inserts on Al 7075-T6 to
generate the least cutting forces. For the infeed, crossfeed, and thrust
feed forces, percentage error values were found to range between 0.079
and 4.493%, 0.895 and 5.627%, and 0.60–5.8%, respectively.

In machining applications, these optimization techniques generally
yielded good results with some noted limitations such as (1) high error
in gene expression and PSO techniques, (2) not being able to predict the
output of a machining process before carrying out experiments (e.g.,
Fuzzy logic), (3) large variable space may cause problems for the al-
gorithm to explore this space (e.g., Genetic algorithm and ant colony
optimization). More importantly, many of these methodologies were
found to omit salient parameter(s) that are generally considered to
influence the dependent variable(s). In addition, some techniques en-
countered difficulties navigating local minima that exist in the opti-
mization of machining where high dimensionality space is used.

Tabu search (TS) is a metaheuristic algorithm that may be classified
as local search technique. However, not all metaheuristic optimization
algorithms can be used for optimization problems involving non-orga-
nized large variable spaces. Alberdi and Khandelwal (2015) in-
vestigated the robustness of six metaheuristic algorithms: ant colony
optimization, genetic algorithm, harmony search, particle swarm opti-
mization, simulated annealing and tabu search. The most robust algo-
rithms are found to be tabu and design driven harmony searches. Tabu
search was found to perform well as variable space increases finding

short, feasible designs in all cases. If the variable space is too large, the
algorithm may be overwhelmed as it attempts to explore this space.
Computational time wise, the robustness of tabu search was illustrated
by Chu and Fang (1999) who investigated the timetable to allocate 12
examination time slots for 10 exams and 50 students using two algo-
rithms: tabu search and genetic algorithm. Tabu search reached the
solution in less computational time than that of genetic algorithm.

One attribute of tabu search algorithms is their tendency to navigate
around local minima by exploring large neighboring regions. TS is also
characterized by being efficient solvers with relatively short computa-
tion times. This advantage over classical metaheuristic techniques is
accomplished by avoiding already tested solutions and by progressing
toward the most beneficial neighborhood. For the aforementioned re-
cognized advantages of TS, this work advances a novel approach for
optimizing basalt drilling conditions based on combining tabu search
optimization and the least square method in regression analysis
(dubbed TS-REG). This methodology is applied to experimental data of
drilling basalt rock previously reported by Hamade et al. (2012) and
Hamade et al. (2010). Basalt rock is abundant on the Martian surface
(Fergason et al., 2006) and is found in the earth’s crust. Basalt is very
hard and abrasive presenting challenge to drilling operations compar-
able to drilling glass fiber and ceramic matrix composites (Fernandes &
Cook, 2006; Li, Jiao, Deines, Pei, & Treadwell, 2005) where rapid drill
wear rates are encountered. Previously, Hamade et al. (2012) used GA
to maximize tool life using maximum feed while minimizing the thrust
force and torque using previously developed (Hamade et al., 2010)
models for tool wear and cutting forces were the equations of tool wear
were derived as a function of rock strength tool feed and spindle speed.
A model for the changing drill forces and torques required by the
progressive tool wear is developed when drilling in basalt rock (on
earth) using polycrystalline diamond (PCD) compact core drill inserts.

To the authors’ best knowledge, tabu search optimization combined
with multiple regression statistical analysis has never been used in
optimizing tool life/wear or cutting conditions in machining. This
technique will be demonstrated to outperform other optimization
techniques for this machining application. In the process of accounting
for almost all salient variables desired, TS-REG will be shown to have
computational times that are very efficient and that solutions avoid
local minima. Given that the explored neighborhood is relatively lim-
ited in this work, MultiStart algorithm is implemented to tend to find
the best optimum. It is found that TS-REG represents a good combi-
nation between effectiveness and computation time efficiency. Tabu
search optimization method is briefly explained in Section 2. In Section
3, TS is corroborated using literature-reported cutting (turning, end
milling, and drilling) data. Section 4 details the application of TS-REG
to optimizing basalt drilling conditions (Hamade et al., 2010, 2012).

2. Multiple regression analysis and tabu search optimzation

In this Section, the multiple regression analysis and tabu search are
summarized.

2.1. Multiple regression analysis

Regression analysis is a statistical tool that uses the relation between
variables so that dependent variable(s) can be predicted from the others
(Neter, Kutner, Nachtsheim, & Wasserman, 1996). Only a certain
number of independent or predictor variables (that are significant for
the purpose of the analysis) should be included in a regression model. A
multiple regression model may be defined as
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• , , ., p0 1 1 are model parameters

• =X 1i0

• X X, ,i i p1 , 1 are known constants that represent p− 1 different
independent variables

• i are independent N(0, 2)
• i= 1, …, n

Y, X, β and ε could be written in matrix form
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where

• Y is the responses’ vector
• is the vector of parameters
• X is the matrix of constants
• is a vector of independent normal random variables with ex-

pectation =E { } 0 and variance-covariance matrix
= I{ } .2 2 Consequently, the random vector Y has expectation
=E Y X{ } and the variance-covariance matrix =Y I{ }2 2 .

2.1.1. Least square estimators:

Let the vector of estimated regression coefficients be =

b
b

b

b

p

0

1

1

then least square estimators are given by =b (X X) X Y' 1 ' . They are the
maximum estimated likelihood having the following properties: un-
biased, maximum variance unbiased, consistent, and sufficient (Neter
et al., 1996).

2.1.2. Fitted values and residuals
The fitted values are represented by

=Y Xb (2)

where the residual terms by

= =e Y Y Y Xb (3)

The hat matrix (H) is defined as

=H X(X X) X' 1 ' (4)

In the variance-covariance matrix of residual

={e} (I H)2 2 (5)

and is estimated by

=s {e} MSE(I H)2 (6)

where MSE designates the mean squared error.

2.1.3. Analysis of variance:
The analysis of variance is performed using

(1) ANOVA Table:

The ANOVA Table is represented as follows in Table 1 where J is a
×n n matrix.

(2) Coefficient of determination:

The Coefficient of determination is

=R SSR
SST

2
(7)

(3) F test for regression relation:

In order to test whether there is a regression relation between the
dependent variable Y and the set of X independent variables, two hy-
potheses are as follows

= = =H : 00 1 p 1

= =H : not all (k 1, , p 1) 01 k

The test statistic F* is used where:

=F MSR
MSE (8)

At , if F F(1 , p 1, n p), H0 is rejected.

(4) Inferences about regression parameters:

In order to test the significance of the independent variables, the
two hypotheses are

=H : b 00 k

H : b 01 k

And the t* the test statistics used where:

=t b
s{b }

k

k (9)

where

• s {b}2 is the estimated variance-covariance matrix is:

=s {b} MSE(X X)2 ' 1 (10)

If |t | t(1 2),n p), then H0 is rejected. This test statistic (and
its corresponding p-value) are used as the criterion in the tabu search
algorithm.

2.2. Tabu search

In regression modeling, one issue is to select the best set of re-
presentative independent variables. Drezner, Marcoulides, and Salhi
(1999) outlined several approaches for selecting such variables; how-
ever, the number of all possible regressions with p independent vari-
ables is 2p the organization and analysis of which may become unruly
requiring extensive computational time. Tabu search (TS), a meta-
heuristic algorithm (Glover, 1989, 1990), is characterized by being an
efficient solver with relatively short computational times (Drezner
et al., 1999). In addition to its efficiency, TS is flexible and eases the
implementation of combinatorial optimization problems. For the se-
lection of independent variables, TS uses a stepwise search within the
neighborhood of each solution as long as the cost function of the
neighboring set improves.

TS algorithms start with a preliminary feasible solution point and
progresses stepwise towards better solution point (Drezner et al., 1999).
A sample of choice area vectors within the neighborhood of the current
decision vector is generated. The best vector within the sample is

Table 1
ANOVA table.

Source of
variation

Sum of square (SS) Degree of freedom
(DF)

Mean square
(MS)

Regression = ( )SSR b X Y Y JYn
' ' 1 ' p-1 (where p is the

number of
variables)

=MSR SSR
p 1

Error =SSE Y Y b X Y' ' ' n−p =MSE SSE
n p

Total = ( )SST Y Y Y JYn
' 1 ' n−1
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determined based totally on a heuristic approach. A move is made from
current decision vector to a best decision vector not in the tabu list. This
pass provides for a progressive objective function value by simple
modifications of current decision vector. A tabu list incorporates a
positive quantity of last decision vectors visited. The best decision
vector replaces the older vector in the tabu list. The survival vectors
within the list are given tabu active status leading to a reduction of
cycling risk of same decision vector (Mukherjee & Ray, 2006).

The TS procedure for multiple regression analysis requires these
seven definitions and parameters:

(1) criterion for the selection of independent variables,
(2) definition of the neighborhood,
(3) starting solution,
(4) definition of the Tabu list and its size,
(5) definition of an admissible subset,
(6) search parameters, and
(7) stopping criterion.

The stopping criterion is the smallest p-value (determined from the
regression analysis, REG) and which possesses the highest R2 for the
subset selected among all possible subsets (also from REG). The ob-
jective of the tabu search combined with the regression analysis (TS-
REG) is to find the list of all independent variables with the smallest p-
values and the highest R2 (Hage, Hage, Ghnatios, & Hamade, 2018).

The neighborhood of a current solution is defined as all subsets of
the current solution with one (or two) additional variable, and one (or
two) variable is taken out i.e. subsets for which one (or two) current
variable is replaced by one (or two) not in the current solution set of
variables. Let p be the number of independent variables under con-
sideration and let k < p, a current (solution) subset of p independent
variables has a neighborhood of size equal to p− k possible additions,
plus p possible removals, plus k(p− k) possible replacements. The size
of the neighborhood is thus 2p− k+k(p− k) subsets.

The tabu list (Drezner et al., 1999) contains a list of variables that
are not permitted to be used in a move. A move is defined as adding,
removing, or replacing a variable. When a move is performed, the
variable(s) in the move are added to the tabu list. When the length of
the current tabu list exceeds the predetermined size, the original
member of the list is discarded as first-in first-out. Starting with empty
tabu list, whenever a variable is involved in a move that is not better
than the best known solution, it is assigned to the tabu list and stays
there until either a new better known solution is found (i.e., tabu list
emptied) or it becomes the “oldest” member in the list after the list
reaches the pre-specified tabu size. A move within the neighborhood is
admissible if the variable(s) involved in the move are not on the tabu
list. Tabu searches consistently identify low average weights and low
standard deviations without violating the constraints. This is due to the
structure of the algorithm that promotes exploration of the variable
space with the tabu list, which includes diversification by forcing the
algorithm to move to new neighborhoods and avoid local optima. If the
range is large enough and the algorithm is given enough iteration, it is
able to explore much of the variable space.

In this work, TS is combined with regression analysis (dubbed TS-
REG) by using the p-value calculated from test statistics (here, Eq. (9))
as cost function. Once p-value is minimized, the regression analysis
checks for the maximum R2 calculated in Eq. (7) for the best fitting
model.

2.3. Performance test

After fitting a model, performance of the model selected is tested
using statistical indicators such as those listed as Eqs. (11)–(14).

Error (E) is the difference between estimated value (EV) and actual
value (AV)

=E EV AVk k k (11)

Absolute Error (AE) is the absolute value of the difference between
estimated value and actual value

=AE EV AVk k k (12)

Relative Absolute Error (RAE) is the absolute value of the ratio of
the difference between estimated value and actual value

=RAE EV AV
AVk

k k

k (13)

Mean Absolute Percentage Error (MAPE) is the mean of relative
absolute error of the n estimate

= =MAPE
RAE

n
100k

n
k1

(14)

3. Corroboration using literature-reported test cases

In this section, TS-REG is applied to four literature-reported test
cases: turning (one other turning comparison case was reported in
(Hage et al., 2018), end milling, shoulder milling, and drilling. For each
scenario, TS-REG must select only the significant independent variables
from a number of preset variables. The number of all possible regres-
sions with x independent variables is equal to 2x. The maximum length
of time for TS-REG to provide the best solution was only few minutes.

3.1. Turning

Under dry cutting conditions, Qehaja and Kyçyku (2017) used the
multiple linear regression analysis to determine the effects of cutting
conditions (cutting speed, feed rate, and depth of cut) on extended
Taylor’s tool life equation during turning of hardened 42CrMo4 steel
work material of different hardness (34, 45, and 55 HRC) using TiN-
coated tungsten carbide inserts. The range of cutting speed was from
1.83 to 2.67m/s, feed from 0.178 to 0.285mm/rev, and depth of cut
from 0.5 to 1.5mm. Twelve tests for each hardness were performed
with varied v, f, and d. For the same variables tested in (Qehaja &
Kyçyku, 2017), TS-REG was applied to select the significant in-
dependent variables. The following expressions of tool life (in seconds)
were determined for the three hardness cases:

• 35 HRC

=
+

T e
lnv ln f ln d lnv
ln v ln f ln d lnf ln d

(10.5342 8.9583( ) 0.7534 ( ) 0.7385 ( ) 5.2616( )
0.9987 ( ) ( ) ( ) 0.3031( ) ( ))

2

2 (15)

• 45 HRC

=
+ +

+ +T e
lnv lnv lnd ln v ln f

ln v ln d lnv ln f
( 13.204 49.394( ) 30.722( ) 4.833( ) 2.88 ( ) ( )

1.416 ( ) ( ) 2.347( ) ( )

2 2

2 (16)

• 55 HRC

=
+ + +

+T e
lnv lnf ln v ln d ln f ln d

ln f lnf ln v lnf ln d
(7.244 7.3( ) 2.607( ) 1.135 ( ) ( ) 1.416 ( ) ( )

10.304 ( ) 5.897( ) ( ) 0.437( ) ( ))

2 2

2 2 (17)

Fig. 1 plots experimental (EXP) tool life (Qehaja & Kyçyku, 2017)
co-plotted with REG estimated tool life (Qehaja & Kyçyku, 2017), and
estimated tool life using TS-REG for (top) 35 HRC, (middle) 45 HRC,
and (bottom) 55 HRC.

Fig. 1 shows that REG and TS-REG fits are generally in agreement
with experimental values but that TS-REG fits are more in congruence.
Table 2 lists p-values for the parameters found in Eqs. (15)–(17) using
TS-REG as compared with those found using REG (Qehaja & Kyçyku,
2017).

For the case of 35 HRC in Table 2, regression results in (Qehaja &
Kyçyku, 2017) indicate that not all independent variables are
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significant. Consequently, v and d should be removed while retaining
only f being significant with p-value< 5%. For TS-REG, all variables
and two combinations of variables are found to be statistically

significant (all p-values< 5%). For the case of 45 HRC in the regression
(Qehaja & Kyçyku, 2017), all three variables were found not to be
significant. TS-REG shows all three variables to be significant for 35
HRC. For 45 HRC, only v is significant; however, the combinational
effects of v.f and v.d are significant. For 55 HRC, variables v, f, and d
alone are not significant but their interaction is found to be.

Values of R squared (R2) and MAPE for the models in (Qehaja &
Kyçyku, 2017) and in this work are listed in Table 3. It can be inferred
that TS-REG has reached highest R squared values with the smallest
values of the mean absolute %error for all three hardness cases. The
highest accuracy (among all three cases) for TS-REG was 98% com-
pared to 70% for REG (Qehaja & Kyçyku, 2017). The smallest error for
TS-REG is 2% compared to 12% for REG (Qehaja & Kyçyku, 2017).

3.2. Milling

In this Section, 2 different corroboration cases on milling are uti-
lized.

3.2.1. End milling
Gokulachandrana and Mohandasb (2011) presented a model for

predicting tool life when end milling IS2062 steel using P30 uncoated
carbide-tipped tool under various cutting conditions. Tool life (minutes)
was derived from regressions obtained using artificial neural network
(ANN) from results of turning experiments.

The ranges of operating variables used were cutting speed (v: 250,
500, and 1000 rpm), feed (f: 50, 80, and 125mm/min), and depth of cut

Fig. 1. Tool life for 12 turning tests. TS-REG compared with EXP
(Gokulachandrana & Mohandasb, 2011) and REG (Gokulachandrana &
Mohandasb, 2011) for: (top) 35 HRC, (middle) 45 HRC, and (bottom) 55 HRC.

Table 2
p-values for TS-REG-obtained parameters compared against REG in (Qehaja &
Kyçyku, 2017) for: 35, 45, and 55 HRC.

p-value TS-REG p-value

35 HRC (Qehaja & Kyçyku, 2017)
REG

ln(v) 0.061 ln(v) 0.016
ln(f) 0.048 ln(f) 0.003
ln(d) 0.101 ln(d) 0.025

(ln(v)) 2 0.021
ln(v)ln(f)ln(d) 0.005

45 HRC (Qehaja & Kyçyku, 2017)
REG

ln(v) 0.07 ln(v) 0.0024
ln(f) 0.068 (ln(v))2 0.0026
ln(d) 0.086 (ln(d))2 0.0006

ln(v)ln(f) 0.0062
lv(v)ln(d) 0.0014

55 HRC (Qehaja & Kyçyku, 2017)
REG

ln(v) 0.042 (ln(v))2 0.017
ln(f) 0.039 (ln(f))2 0.006
ln(d) 0.031 ln(v)ln(d) 0.008

ln(f)ln(d) 0.010
(ln(v))2 * ln(f) 0.014

Table 3
R squared (R2) and MAPE for TS-REG- obtained parameters and REG (Qehaja &
Kyçyku, 2017) for: 35, 45, and 55 HRC.

35 HRC REG (Qehaja & Kyçyku, 2017) TS-REG
R2 63% 96%
MAPE 14% 5%

45 HRC REG (Qehaja & Kyçyku, 2017) TS-REG
R2 63% 96%
MAPE 15% 2%

55 HRC REG (Qehaja & Kyçyku, 2017) TS-REG
R2 70% 98%
MAPE 12% 3%
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(d: 0.1, 0.15, and 0.2mm). For the same data, TS-REG was applied in
this work to select the significant independent variables arriving at the
following expression

= +T e ln v ln d ln fd(11.6854 0.9237 ( ) 0.5577 ( ) 0.4898 ( ) (18)

Fig. 2 represents tool life in minutes for 18 tests obtained experi-
mentally (Gokulachandrana & Mohandasb, 2011), estimated using re-
gression (REG) (Gokulachandrana & Mohandasb, 2011), ANN
(Gokulachandrana & Mohandasb, 2011), and using TS-REG.

Fig. 2 shows that all fits agree well with experimental values with
both ANN and TS-REG fits outperforming REG. The best matching fit is
TS-REG as evidenced by p- and R-squared values listed in Tables 4 and
5, respectively. For the parameters found in Eq. (18), Table 4 lists the p-
values using the TS-REG were compared against those found using REG
in (Gokulachandrana & Mohandasb, 2011). As can be inferred from
Table 4 that not all variables are significant in REG (Gokulachandrana
& Mohandasb, 2011) while v and f are significant. In TS-REG, the f.d
combination returned better accuracy in estimation than the individual
variables.

R squared (R2) and MAPE values for the models in Gokulachandrana
and Mohandasb (2011) and in this work are listed in Table 5. TS-REG
has reached the smallest p-values for the individual parameters and
highest R squared for the overall fit. With MAPE of 6% less than that in
REG of 7%, it is shown that artificial neural network returns better fits
than regression. Table 5 lists MAPE value for TS-REG of 5% that is the
smallest value proving that, of those considered, TS-REG is the best
fitting model for estimating tool life.

3.2.2. Shoulder milling
For shoulder-milling of Aluminum (Al 7075-T6), Subramanian et al.

(2013) developed a genetic algorithms (GA) model to predict cutting

forces using two carbide inserts to acquire minimum cutting force. The
cutting forces: Infeed, Fx, Crossfeed, Fy and Thrust, Fz (N) force were
modeled using GA as function of machining parameters: cutting speed
(Vc), cutting feed rate (fz), and axial depth of cut (ap). The ranges of
operating variables used were cutting speed: 100–220m/min with in-
crement of 30; feed: 0.06–0.10mm/tooth with increment of 0.01; and
depth of cut: 0.5–2.5mm with increment of 0.5 mm. For the same data,
TS-REG was applied in this work to select the significant independent
variables where the following expressions for forces were derived:

= + ×

+ × × ×

Fx v a f a v f

f a v f a

466.44 92.53 69.63 29.13 37.38 49.00

68.42 12.98
c p z p c z

z p c z p

2 2

(19)

= + + +

× ×

Fy v a f f f

a v f

650.86 76.67 194.24 149.78 11.69 69.63

62.28
c p z z z

p c z

2

(20)

= + + × ×Fz a f v v a v f43.71 16.66 2.72 4.82 6.20 6.38 6.13p z c c p c z
2 2

(21)

The graph in Fig. 3 represents the cutting force components Fx, Fy,
and Fz for 19 tests obtained experimentally (Subramanian et al., 2013),
modeled using GA (Subramanian et al., 2013), and estimated using TS-
REG.

Fig. 3 (top, middle, bottom) show cutting forces (top): Infeed force
(Fx), (middle) Crossfeed force (Fy), and (bottom) Thrust force (Fz) for
19 shoulder-milling tests. While estimations agree well with experi-
mental values for all methods, the best fit being that of TS-REG as
evidenced by p- and R-squared values as listed in Tables 6 and 7, re-
spectively. Table 6 lists p-values for the parameters in Eqs. (19)–(21)
using TS-REG compared against those found using GA (Subramanian
et al., 2013). Table 6 suggests that all variables in (Subramanian et al.,
2013) and in TS-REG are significant (except in (Subramanian et al.,
2013) while estimating Fz, the feed fz was found to be nonsignificant).

R squared (R2) and MAPE values for GA (Subramanian et al., 2013)
and TS-REG are listed in Table 7 which shows that R2 (MAPE) for TS-
REG is slightly larger (smaller) than GA. Out of 16 selected variables,
TS-REG was able to estimate Fx, Fy, and Fz while including 7, 6, and 6
variables, respectively, out of 16 parameters with computing times of
14, 10, and 6 sec, respectively. Mean average %error is 3%, 4%, and
6%, respectively. Compared with GA, TS-REG has reached the smallest
p-values for the parameters and highest R squared for the fit suggesting
it to outperform GA.

3.3. Drilling

Using artificial neural networks and multiple regression analysis,
Çiçek et al. (2012) modeled thrust forces in drilling of AISI 316 stainless
steel. The effects of cutting speed, feed rate, and deep cryogenic
treatment on thrust force were studied using M35 HSS twist drills that
were cryogenically treated and tempered after conventional heat
treatment. Four cutting speeds (v: 12, 14, 16, and 18m/min) and three
feed rates (f: 0.08, 0.1, and 0.12mm/rev) were used to perform blind
holes at constant depth of cut (13mm). using Matsuura MC 850 model
CNC vertical machine center equipped with three types of uncoated
M35 HSS (DIN 1897) twist drills: conventionally heat treated drills

Fig. 2. Tool life for 18 end-milling tests. TS-REG compared with EXP
(Gokulachandrana & Mohandasb, 2011), REG (Gokulachandrana & Mohandasb,
2011), and ANN (Gokulachandrana & Mohandasb, 2011).

Table 4
p-values for the parameters obtained using TS-REG and REG (Gokulachandrana
& Mohandasb, 2011).

REG (Gokulachandrana & Mohandasb, 2011) p-value TS-REG p-value

ln(v) 0.0001 ln(v) 0.0001
ln(f) 0.0001 ln(d) 0.0001
ln(d) 0.347 ln(f.d) 0.0001

Table 5
R squared (R2) and MAPE for the fit obtained using TS-REG and REG and ANN
in (Gokulachandrana & Mohandasb, 2011).

REG (Gokulachandrana &
Mohandasb, 2011)

ANN (Gokulachandrana &
Mohandasb, 2011)

TS-REG

R2 98% 98%
MAPE 7% 6% 5%
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(CHT), cryogenically treated drills (CT), and cryogenically treated and
2 h tempered drills (CTT) at 200 °C, (represented as CHT=1, CT=2,
and CTT=3).

For the same data, TS-REG was applied in this work to select the

significant independent variables resulting in the following expression

= + +
+ +

Ff v CT v
f f CT f CT CT f

811.42 36.06 208.14 1.11 25883.86
3758.93 18860.94 0.19

2

2 2 2

(22)

Fig. 4 from top to bottom CHT, CT, and CTT, respectively, re-
presents thrust force (Ff, N) for the 36 tests obtained experimentally
(Çiçek et al., 2012), estimated using REG (Çiçek et al., 2012), estimated
using TS-REG, and using ANN (Çiçek et al., 2012). All fits appear to
agree well with experiments with TS-REG appearing to have the best
matching fit. Table 8 lists p-values for the parameters found in Eq. (22)
using TS-REG are compared against REG (Çiçek et al., 2012). Table 8
suggests that all variables are significant in (Çiçek et al., 2012) using
REG. TS-REG include combination variables having p-value of almost
zero value (extremely statistically significant) suggesting estimations
that are more accurate.

R squared (R2) and MAPE values for the models in (Çiçek et al.,
2012) and in this work are listed in Table 9. TS-REG has reached the
smallest p-values for the parameters and largest R squared (99.8%) and
smallest MAPE (0.43%) for the overall fit suggesting that it has

Fig. 3. Cutting forces: (top) Infeed force (Fx), (middle) Crossfeed force (Fy),
and (bottom) Thrust force (Fz) for 19 shoulder-milling tests. TS-REG compared
with EXP (Subramanian et al., 2013), and GA (Subramanian et al., 2013).

Table 6
p-values for TS-REG- obtained parameters compared against GA in
(Subramanian et al., 2013).

Infeed force Fx GA (Subramanian
et al., 2013)

p-value Infeed force Fx TS-
REG

p-value

vc 0.00001 vc 0.00001
fz 0.00001 fz 0.00001
ap 0.00001 ap 0.00001
fz2 0.00001 ap2 0.00001
ap2 0.00001 vc× fz 0.00001
vc× fz 0.00001 fz× ap 0.00001
fz× ap vc× fz× ap 0.00001

Crossfeed force Fy GA (Subramanian
et al., 2013)

p-value Crossfeed force Fy
TS-REG

p-value

vc 0.00001 vc 0.00001
fz 0.00001 fz 0.00001
ap 0.00001 ap 0.00001
vc× fz 0.00001 fz2 0.00001
vc× ap 0.00001 fz× ap 0.00001

Vc× fz 0.00001

Thrust force Fz GA (Subramanian
et al., 2013)

p-value Thrust force Fz TS-
REG

p-value

vc 0.00001 vc 0.00001
fz 0.231 ap 0.00001
ap 0.00001 vc2 0.00001
vc2 0.00001 fz2 0.00001
fz2 0.00001 vc× fz 0.00001
vc× fz 0.00001 vc× ap 0.00001
vc× ap 0.00001

Table 7
R squared (R2) and MAPE for the fit obtained using TS-REG and GA
(Subramanian et al., 2013).

Infeed force Fx GA (Subramanian et al., 2013) TS-REG

R2 99.0 99.7
MAPE 5.19 2.99

Crossfeed force Fy GA (Subramanian et al., 2013) TS-REG

R2 99.4 99.6
MAPE 5.15 4.42

Thrust force Fz GA (Subramanian et al., 2013) TS-REG

R2 98.4 98.9
MAPE 6.38 6.37
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outperformed REG and ANN.

3.4. Findings

The following are the most salient findings from this Section.

Utilizing four test cases from the literature, TS-REG appears to have
performed well as to meeting the requirements of reaching statistically
significant solutions (smallest error/best accuracy and) while including
most/all the parameters with the shortest solution time. Specifically:

(1) TS-REG was able to expand the main parameters affecting the
model in a highly significant manner where Comparing TS-REG
with REG in (Çiçek et al., 2012; Gokulachandrana & Mohandasb,
2011; Qehaja & Kyçyku, 2017) R squared in TS-REG is the highest,
error in TS-REG is the smallest, and only significant parameters are
included in the model.

(2) TS-REG Compared to ANN in (Gokulachandrana & Mohandasb,
2011) and (Çiçek et al., 2012) the MAPE is decreased.

(3) TS-REG compared with GA (Hamade et al., 2010) the MAPE is
slightly decreased and R-squared is slightly increased. However, the
authors in (Chu & Fang, 1999) and (Alberdi & Khandelwal, 2015) it
was proven that genetic algorithm does not provide short solution
when dealing with large number of parameters unlike Tabu search.

As a conclusion TS-REG is able to find better accurate estimation
relying on parameters and there combinational effect, it reaches highest
R squared and lowest MAPE compared to REG and ANN; and compared
to GA it reached slightly increased accuracy in estimation however TS-
REG is more reliable when dealing with large number of parameters.

4. Drilling of basalt rock

Having demonstrated the validity of TS-REG in machining pro-
cesses, addressed in this Section is how to utilize optimized TS-REG to
estimate wear characteristics and cutting forces in compact core drilling
of basalt rock using PCD tool inserts.

4.1. Experimental

Vertical milling machining center (HAAS VF2) was used in core dry
drilling in basalt rock. Thrust force (F) and torque (T) data (measured
using a four-component Kistler dynamometer type 9272 and HT-600
data acquisition system) were determined experimentally. The core
drill utilizes polycrystalline diamond (PCD) compact inserts (grade
CTH) supplied by Element Six, Inc., New York, USA. Tools have di-
mensions of 6.0 mm×3.5mm×1.6mm and can be oriented at −5/
−10/−15/−25° rake angles. Two internal inserts generate the inner
diameter of the bore (of 25mm) while the outer two inserts prescribe

Fig. 4. Thrust force (N) for 36 tests: 12 for each type of heat treatments CHT,
CT, and CTT from top to bottom, respectively. TS-REG compared with EXP
(Çiçek et al., 2012), REG (Çiçek et al., 2012), and ANN (Çiçek et al., 2012).

Table 8
p-values TS-REG- obtained parameters compared against REG and ANN in
(Çiçek et al., 2012).

REG (Çiçek et al., 2012) p-value TS-REG p-value

v 0.004 v 0.0001
CT 0.0001 CT 0.0001
f 0.0001 v2 0.0001

f 2 0.0001
f CT 0.0001
f CT2 0.0001

CT f2 0.022

Table 9
R squared (R2) and MAPE for the fit obtained using TS-REG and REG and ANN
(Çiçek et al., 2012).

REG (Çiçek et al., 2012) ANN (Çiçek et al., 2012) TS-REG

R2 99.2% 99.8%
MAPE 0.83% 0.8% 0.43%
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the outer bore diameter (of 38mm). The width of cut is the same for all
core-drilling configurations and is equal to the insert width of 3.5 mm
(Hamade et al., 2010). Flank wear (VB) was measured using an
Olympus BX41 system microscope along with an Olympus Qcolor3 di-
gital camera at 200× magnifications and utilizing Image- Pro analysis
software), cutting edge radius (CER) (measured using Zygo interfero-
metric microscope in conjunction with Metropro 8.0 analysis
software)

The studied variables were (1) tool feed, f, with four levels (0.01,
0.025, 0.04, and 0.05mm/rev) and (2) spindle speed, rpm with four
levels (60, 100, 140, and 180 rpm) (Hamade et al., 2010). The Taguchi
method reduced the number of needed experiments from 64 in the full
factorial plan to 16. Drilling was conducted to depths of 15, 30, 45, 60,
and 75mm in two different formations of Duluth basalt rock: one de-
signated as ‘soft’ and the other ‘hard’ with estimated UCS values of 240
and 350MPa (Hamade et al., 2010), respectively.

Table 10
Wear, cutting edge radius, force, and torque equation models done by Hamade et al. (2010, 2012).

*Variables λF and λT are needed to account for rock samples being in the “virgin” (λF=λT=1) or previously
“cut” state (λF∼ 1 λT > 1; λT to be equal to 1.58 and 1.99 for the “soft” and “hard” specimens Hamade et al.
(2010)).
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4.2. Wear and cutting equation models (Hamade et al., 2010, 2012)

The variables were modeled against aforementioned parameters
utilizing a multiple regression analysis procedure using MATLAB
(Hamade et al., 2010, 2012) and resulting in the equation models listed
in Table 10.

4.3. Wear and cutting models using TS-REG

TS-REG was applied to all variables listed in Table 10 in order to
derive estimates of VB, CER, F, and T as function of the 6 independent
variables: rake angle, spindle speed, tool feed, UCS, specimen type, and
drilled depth. Quadratic, cubic, and quartic expressions of the latter are
added. Moreover, the interaction between these variables and their
polynomial form are added to the list of independent variables leading
to a total of 114 variables (see Appendix A). The flowchart in Fig. 5
illustrates the flow of the TS-REG procedure that was coded in MA
TLAB®. In order to select the significant variables that explain the
variation in the dependent variables, the number of possible regressions
are 2114. Therefore, regression alone would require days of computer
simulation time to arrive at possible solutions. Using tabu search, ty-
pical times required to select the significant variables are found to be
around 60min.

The robustness in Tabu computational time was proven in (Chu &
Fang, 1999), where the authors investigated the timetable to allocate
for 10 exams and 50 students 12 times slots for examination using two
algorithms: tabu search and genetic algorithm. Tabu search reached the
solution in a less computational time than that of GA. The computing
time for tabu search to reach the solution ranged from 1.870 to 2.138 s.
As for genetic algorithm, the average computing tine ranged from 2.082
to 2.232 s. Thus, the computing time of tabu search is less than GA.

4.4. Comparison of estimations

In this Section, we compare the strength of correlations derived
from TS-REG as compared with conventional REG and experimental
data as reported in (Hamade et al., 2010, 2012).

4.4.1. Thrust force
For the same data sets in (Hamade et al., 2010, 2012), TS-REG

technique was applied to select the significant independent variables.
The following expression was developed for the thrust force (N):

= + + + +
+ + +

+ +
+ +

+

+ +

+ + +

+
+

+

+

+
+

F exp F{ a1 ln(1 sin( )) b1 ln(rpm) c1 ln(f) d1
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ln(1 sin( )) h1 (ln(rpm)) i1 [(ln(1 sin( )))
ln(rpm) j1 [(ln(1 sin( ))) ln(rpm) ] k1
[ln(1 sin( )) ln( )] l1 [(ln(UCS)) (ln(drilled )) ]
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where the coefficients are:

F0 15.6450508 l1 −0.00121368
a1 −19.0188901 m1 −6.91137606
b1 4.27454122 n1 0.04720383
c1 −0.10601123 o1 −0.23634152

d1 −3.52407258 p1 0.06721844
e1 28.0415847 q1 0.00872621
f1 −2.19403842 r1 55.6868878
g1 90.593657 s1 −33.9848962
h1 −0.72035333 t1 4.853114
i1 −234.705476 u1 0.10090954
j1 82.8011373 v1 −8.3393044
k1 3.66199352 w1 −0.17517725

The graph in Fig. 6 plots thrust force F (N) for the 73 tests obtained
experimentally (Hamade et al., 2010), estimated using regression (REG)
(Hamade et al., 2010), and estimated using TS-REG. For the sake of
clarity, the graph was divided in two plots: experiments from 1 to 36
and experiments from 37 to 73.

As can be seen in Fig. 6, all data are complimentary with the ex-
perimental values; the evaluation is done using the p-value and R
squared in Tables 11 and 12. The p-value for the parameters found in
Eq. (23) using the TS-REG was compared against those found in the
REG in (Hamade et al., 2010) and (Hamade et al., 2012) and is given in
Table 11.

As can be inferred from Table 11 that all variables are not sig-
nificant in (Hamade et al., 2010) using REG except for the rpm, VB and
CER and in (Hamade et al., 2012) all are significant except for λ, rpm
and drilleddepth. However TS-REG included more complex variables and
all are significant having p-value almost= zero which could be giving
more accurate estimations. R squared (R2) and MAPE values for the
models in (Hamade et al., 2010, 2012) and in this work are listed in
Table 12.

As can be inferred from Table 12, TS-REG has reached the smallest
p-values for the parameters and highest R squared for the fit/smallest
MAPE.

4.4.2. Torque
The following expression was developed for the torque (N-m):

= + + +
+ +

+

+ + +

+ +
+

T exp T{ a2 ln(rpm) b2 ln(f) c2 [(ln(ucs))
(ln(drilled )) ] d2 [(ln(rpm)) (ln(ucs))] e2

[(ln(drilled )) ] f2 [(ln(ucs)) (ln(derilled_depth))]

g2 [(ln( )) ] h2 [(ln( )) (ln(drilled )) ] i2

[(ln(rpm)) ln( )] j2 [(ln(ucs)) (ln( )) ] k2
[(ln(rpm)) (ln(f)) ] l2 [(ln(1 sin( )))
(ln(drilled )) ]
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3 (24)

where the coefficients are:

T0 −0.03037
a2 1.416517
b2 0.796289
c2 0.030316
d2 −0.00636
e2 −0.02296
f2 −0.0123
g2 19.90493
h2 −0.04308
i2 0.075362
j2 −0.07127
k2 0.000595
l2 −0.10673

Fig. 7 represents torque T (Nm) for the 73 tests obtained experimentally
(Hamade et al., 2010), estimated using regression (REG) (Hamade
et al., 2010), and estimated using TS-REG. For the sake of clarity, the
graph was divided in two plots: experiments from 1 to 36 and experi-
ments from 37 to 73.

All data agree well with experimental values in Fig. 7 based on p-
and R squared values as listed in Tables 13 and 14. p-values for the
parameters found in Eq. (24) using TS-REG are compared against REG
in (Hamade et al., 2010, 2012) as listed in Table 13.

As can be inferred from Table 13 that all variables are not sig-
nificant in (Hamade et al., 2010) using REG except for UCS, f, and in
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(Hamade et al., 2012) all are significant except fordrilleddepth. However,
TS-REG included more complex variables and almost all are extremely
significant having p-value almost= zero which is indicative of more
accurate estimations.

R squared (R2) and MAPE for the models in (Hamade et al., 2010,

2012) and in this work are represented in Table 14. As can be inferred
from Table 14, tabu search combined to regression has reached the
smallest p-values for the parameters and highest R squared for the fit/
smallest MAPE.

Initial subset is deduced from the basic variables 
p=114 (raised to the power 4 including the variables’ 

interactions) which are independent variables and 
generated with the best current subset as: pbest = p

Neighborhood 
N(p) of the 
subset p is 

created

Iteration 
counter is set to 

iter = 0 

P-values and R squared generated 
from the regression analysis are set 

as the optimization cost function

 P-values (p’) p’
N(p) are evaluated

If p-value(p’) > p-
value(pbest) for any p’ 

 N(p), set pbest = p’ If for all p’  N(p): p-
value(p’)  p-value(pbest), 
choose the best admissible 

subset p’  N(p). 

p = p’ 
iter = iter + 1

The Tabu list is updated

End of the 
algorithm

If more than one best admissible subset was 
obtained, choose the subset with the highest 

R squared to have the most accurate 
estimation of

Basic Variables 
Chosen

Rake 
Angle 
with 4 
levels

Spindle 
speed 
with 4 
levels

Feed with 
5 levels

UCS with 
2 levels

Specimen 
type with 
3 levels

Drilled 
depth with 

6 levels

VB=f(Rake angle, 
Spindle speed, Feed, 
UCS, Specimen type 

and drilled depth)

CER=f(Rake angle, 
Spindle speed, Feed, 
UCS, Specimen type 

and drilled depth)

F=f(Rake angle, 
Spindle speed, Feed, 
UCS, Specimen type 

and drilled depth)

T=f(Rake angle, 
Spindle speed, Feed, 
UCS, Specimen type 

and drilled depth)

Fig. 5. Flow chart of TS-REG applied to drilling experiments to determine VB, CER, F, and, T as function of the rake angle, spindle speed, tool feed, UCS, specimen
and drilled depth.
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4.4.3. Tool (flank) wear
The following expression was developed for the tool (Flank) wear

variable:

= + + + +
+ + +

+ +

+ +
+

+ +

VB exp VB{ a3 ln(rpm) b3 ln(f) c3 ln(ucs) d3
ln( ) e3 ln(drilled ) f3 ln(1 sin( )) g3

ln(1 sin( )) ln(ucs) h3 ln( ) ln(drilled ) i3

[(ln(1 sin( ))) (ln(F))] j3 [(ln(f)) (ln( )) ] k3
[(ln(drilled )) ] l3 [(ln(1 sin( ))) ln(drilled )]

m3 [(ln(rpm)) ln(ucs)] n3 [(ln(rpm)) (ln(ucs)) ]}
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depth
2

depth

3 3 3

depth
4 2

depth

2 3 2

(25)

where the coefficients are:

VB0 74.49095
a3 −25.8365
b3 −0.0836
c3 −6.70647
d3 2.024331
e3 0.368949
f3 32.67361
g3 −1.7136
h3 −0.61403
i3 6.285826
j3 −0.01512
k3 0.002146

l3 −1.14006
m3 0.981401
n3 −0.01241

Fig. 8 represents tool wear (mm) for the 57 tests obtained experimen-
tally (Hamade et al., 2010), estimated using regression (REG) (Hamade
et al., 2010), and estimated using TS-REG. For the sake of clarity, the
graph was divided in two plots: experiments from 1 to 26 and experi-
ments from 27 to 57. Fig. 8 shows clearly that TS-REG is more in
congruence with the experimental results.

The p-value for the parameters found in Eq. (25) using the TS-REG
was compared against those found in the REG in (Hamade et al., 2010)
as listed in Table 15. It can be inferred from Table 15 that two variables
are not significant (f and rpm) in the equation of VBi (Hamade et al.,
2010) but were found to be significant using TS-REG.

Values of R squared (R2) and MAPE for the models in (Hamade
et al., 2010) and in this work are listed in Table 16. TS-REG yielded the
smallest p-values for the parameters and highest R squared for the fit/
smallest MAPE.

4.4.4. Cutting edge radius wear
The following expression was developed for the cutting edge radius

wear:

= + + +
+ + +

+ +
+

CER exp CER{ a4 ln(1 sin( )) b4 ln(rpm) c4
ln(f) d4 ln( ) e4 ln(drilled ) f4

ln(1 sin( )) g4 [(ln(ucs)) ln( )] h4
[(ln(rpm)) (ln(ucs)) ] i4 [(ln(1 sin( )))
(ln(rpm)) ]}

0

depth

2 2

2 2 3

3 (26)

where the coefficients are:

CER0 2.40740242
a4 −3.434352627
b4 −0.335223964
c4 0.083729104
d4 1.883399263
e4 0.402880247
f4 7.169589019
g4 −0.0542281
h4 0.001040892
i4 0.082101758

The graph in Fig. 9 represents CER (μm) for the 57 tests obtained ex-
perimentally (Hamade et al., 2010), estimated using regression (REG)
(Hamade et al., 2010), and estimated using TS-REG. For the sake of
clarity, the graph was divided in two plots: experiments from 1 to 26
and experiments from 27 to 57. Fig. 9 shows that TS-REG is more in
agreement with experimental results.

The p-values for the parameters found in Eq. (26) using TS-REG are
compared against those found using REG (Hamade et al., 2010) as listed
in Table 17. Table 17 suggests that although rpm was found in (Hamade
et al., 2010) not to be significant, all variables are found to be sig-
nificant in TS-REG.

R squared (R2) and MAPE found in (Hamade et al., 2010) and in this
work are co-listed in Table 18 which shows that TS-REG has yielded the
least p-values for the parameters and highest R squared for the fit (least
MAPE values).

4.4.5. Findings
The following are the most salient findings from this Section.

• The required time to sort amongst 114 independent variables for
those significant ones (highest R-square) took less than 60min.

• Reached were the best fitted values compared to experimental va-
lues of expressions of VB, CER, F, and, T as function of rake angle,
spindle speed, tool feed, UCS, specimen type, and drilled depth
(Figs. 6–9).

• The highest R2 and least MAPE values were reached for:

Fig. 6. Thrust force (N) for 73 tests: TS-REG compared with EXP (Hamade
et al., 2010) and REG (Hamade et al., 2010, 2012).
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(1) thrust force: TS-REG reached a value of 96.87% for the R
squared and 8.01% for the MAPE compared to 64.43%, 12.47%
for the R squared in (Hamade et al., 2010) and (Hamade et al.,
2012) respectively and 22.51%, 40.19% for the MAPE in
(Hamade et al., 2010) and (Hamade et al., 2012)

(2) torque: TS-REG reached a value of 70% for the R squared and
15.49% for the MAPE compared to 55.26%, 8.017% for the R
squared in (Hamade et al., 2010) and (Hamade et al., 2012)
respectively and 18.1042%, 53.54% for the MAPE in (Hamade
et al., 2010) and (Hamade et al., 2012)

(3) tool wear: TS-REG reached a value of 98.4% for the R squared
and 5.02% for the MAPE compared to 84.09%, for the R squared
and 9.39% for the MAPE in (Hamade et al., 2010)

(4) cutting edge radius: TS-REG reached a value of 94.4% for the R
squared and 5.63% for the MAPE sd compared to 78.59%, for
the R squared and 10.68% for the MAPE in (Hamade et al.,
2010).

• Using TS-REG, all modeling equations for thrust force, torque,
tool wear, and cutting edge radius were formulated as
function of all salient parameters (1− sin
( )), rpm, f, ucs, and drilled_depth. However, only statisti-
cally significant parameters were retained as follows:
(1) Thrust force: REG (Hamade et al., 2010) only rpm was statisti-

cally significant; REG (Hamade et al., 2012) only
ucs, f, and 1 sin( ) were significant; TS-REG all para-
meters are found to be significant with p-values almost zero.

(2) Torque: REG (Hamade et al., 2010) only f, ucs, were sta-
tistically significant; REG (Hamade et al., 2012) all parameters
were significant; TS-REG all parameters are found to be

Table 11
p-values TS-REG- obtained parameters compared against REG (Hamade et al., 2010): thrust force.

REG (Hamade et al., 2010) p-value REG (Hamade et al., 2012) p-value TS-REG p-value

λ 0.1498 λ 0.8077 ln sin(1 ( )) 0.0001
ucs 0.7625 ucs 0.0001 ln rpm( ) 0.01
f 0.8197 f 0.0001 ln f( ) 0.01
rpm 0.0157 rpm 0.6145 ln ucs( ) 0.0001

sin1 ( ) 0.6202 sin1 ( ) 0.0001 ln ( ) 0.0001
VB 0.0004 Drilled depth_ (or hole_depth) 0.216 ln drilled depth( _ ) 0.0001
CER 0.0163 ln sin( ((1 ( )))2 0.0001

ln rpm( ( ))2 0.0001

ln sin ln rpm( (1 ( ))) ( )3 0.0001

ln sin ln rpm( (1 ( ))) ( ( ))3 2 0.0001
ln sin ln(1 ( )) ( ) 0.01
ln ucs ln drilled( ( )) ( ( ))depth3 3 0.0001

ln rpm ln( ) ( ) 0.01
ln ucs ln drilled( ( )) ( ( ))depth2 2 0.0001

ln ucs ln( ( )) ( )2 0.0001

ln ln drilled( ( )) ( ( ))depth3 3 0.0001

ln rpm ln ucs( ( )) ( ( ))2 2 0.0001

ln sin ln drilled depth( (1 ( ))) ( ( _ ))3 0.01

ln sin ln drilled( (1 ( ))) ( ( ))depth3 2 0.0001

ln sin ln drilled( (1 ( ))) ( ( ))depth3 3 0.0001

ln rpm ln( ( )) ( ( ))3 0.01

ln sin ln rpm( (1 ( ))) ( ( ))3 3 0.0001

ln sin ln f( (1 ( ))) ( ( ))3 3 0.02

Table 12
R squared (R2) and MAPE for TS-REG fit obtained compared against conven-
tional regression (Hamade et al., 2010, 2012): thrust force.

REG (Hamade et al., 2010) REG (Hamade et al., 2012) TS-REG

R2 64.43339% 12.47353% 96.87449%
MAPE 22.51446% 40.19012% 8.01369%

Fig. 7. Torque (Nm) for 73 tests: TS-REG compared with EXP (Hamade et al.,
2010) and REG (Hamade et al., 2010, 2012).
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significant with p-values almost zero.
(3) Tool (flank) wear: REG (Hamade et al., 2010) only

ucs, 1 sin( ), f, rpm were significant (with p-values less

0.05); TS-REG all parameters are found to be significant with p-
values almost zero.

(4) Cutting edge radius: REG (Hamade et al., 2010) only
ucs, 1 sin( ), and f were significant (p-values less 0.05);
TS-REG, all parameters are found to be significant with p-values
almost zero.

5. Summmary

Salient cutting parameters associated with drilling of compact core
drilling of basalt rock using PCD inserts are identified as: tools wear
(flank tool wear and cutting edge radius wear) and drilling generated
forces (thrust force and torque). Values of these variables have been
measured in experiments previously reported by Hamade and cow-
orkers (Hamade et al., 2010, 2012). These works also reported on
conventional regression analysis of modeling equations correlating
these dependent variables to independent variables namely process
parameters such as rock compressive strength, spindle speed, feed,

Table 13
p-values for parameters obtained using TS-REG compared against REG (Hamade et al., 2010): torque.

REG (Hamade et al., 2010) p-value REG (Hamade et al., 2012) p-value TS-REG p-value

λ 0.0649 λ 0.0001 ln rpm( ) 0.02
ucs 0.0059 ucs 0.0001 ln f( ) 0.0001
f 0.0001 f 0.0001 ln ucs ln drilled( ( )) ( ( ))depth2 2 0.0001

rpm 0.6340 rpm 0.0094 ln rpm ln ucs( ( )) ( ( ))3 0.0001
sin1 ( ) 0.3476 sin1 ( ) 0.0093 ln drilled( ( ))depth 4 0.0001

VB 0.0808 Drilleddepth(or hole_depth) 0.2192 ln ucs ln derilled depth( ( )) ( ( _ ))3 0.0001
CER 0.0878 ln( ( ))3 0.0001

ln ln drilled( ( )) ( ( ))depth3 3 0.02

ln rpm ln( ( )) ( )2 0.01

ln ucs ln( ( )) ( ( ))3 2 0.0001

ln rpm ln f( ( )) ( ( ))3 2 0.01

ln sin ln drilled( (1 ( ))) ( ( ))depth3 3 0.01

Table 14
R squared (R2) and MAPE for TS-REG fit obtained compared against conven-
tional regression (Hamade et al., 2010, 2012): torque.

REG (Hamade et al., 2010) REG (Hamade et al., 2012) TS-REG

R2 55.26064 8.016918 70.4313%
MAPE 18.1042% 53.53987% 15.49818%

Fig. 8. Tool wear (mm) for 57 tests: TS-REG compared with EXP (Hamade
et al., 2010) and REG (Hamade et al., 2010).

Table 15
p-values for parameters obtained using TS-REG compared against REG
(Hamade et al., 2010): tool wear.

REG (Hamade et al.,
2010)

p-value TS-REG p-value

ucs (in VBi) 0.0125 ln rpm( ) 0.01
f (in VBi) 0.187 ln f( ) 0.01
rpm inVB( )i 0.128 ln ucs( ) 0.01
(1-sin( )) (in VBi) 0.0218 ln ( ) 0.01
UCS (in VBWear Rate_ ) 0.0176 ln drilled( )depth 0.0001
f(in VBWear Rate_ ) 0.0216 ln sin( ((1 ( )))2 0.02
rpm(in VBWear Rate_ ) 0.0072 ln sin ln UCS(1 ( )) ( ) 0.0001
(1-sin( )) (in

VBWear Rate_ )
0.0219 ln ln drilled( ) ( )depth 0.0001

ln sin ln f( (1 ( ))) ( ( ))3 0.0001

ln f ln( ( )) ( ( ))3 3 0.0001

ln drilled( ( ))depth 4 0.0001

ln sin ln drilled( (1 ( ))) ( )depth2 0.01

ln rpm ln ucs( ( )) ( )2 0.02

ln rpm ln ucs( ( )) ( ( ))3 2 0.01

Table 16
R squared (R2) and MAPE for TS-REG fit obtained compared against conven-
tional regression (Hamade et al., 2010): tool wear.

REG (Hamade et al., 2010) TS-REG

R2 84.09446% 98.4%
MAPE 9.39822% 5.0258%
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drilled depth, and rake angle. This work introduces a novel metho-
dology based on a hybrid combination of tabu search optimization and
multiple regression analysis (dubbed TS-REG). First, this methodology

is corroborated against literature-reported data of tool life and thrust
force obtained experimentally for turning (Qehaja & Kyçyku, 2017),
end milling (Gokulachandrana & Mohandasb, 2011), shoulder milling
(Subramanian et al., 2013), and drilling (Çiçek et al., 2012). Compared
with the experimental data, TS-REG converged at better optimization
fits (judged by the highest R squared and least MAPE values) out-
performing yields of regression (Qehaja & Kyçyku, 2017), ANN (Çiçek
et al., 2012; Gokulachandrana & Mohandasb, 2011), and GA
(Subramanian et al., 2013).

Once validation was established, TS-REG was applied to estimate
tool wear rates and forces for efficient PCD drilling in basalt rock. All
variables listed in Section 4.1 as well as their quadratic, cubic and
quartic combinations (leading to 114 variable combinations) were
utilized in order to derive estimates of flank wear (VB), cutting edge
radius (CER), thrust force (F), and torque (T) as function of rake angle
(a), spindle speed (rpm), tool feed (f), UCS (ucs), specimen type (λ), and
drilled depth (drilleddepth). It was found that while utilizing TS-REG, the
required time to sort amongst 114 independent variables and combi-
nations for the significant ones (highest R-square) took no more than
60min. Reached were the best fitted values compared to the experi-
mental values of expressions of VB, CER, F, and, T as function of rake
angle, spindle speed, tool feed, UCS, specimen type, and drilled depth
(Figs. 6–9).

For problems with large number of variables such as in this work,
the combined tabu search with regression (TS-REG) methodology was
found to be very efficient converging on very accurate solutions (evi-
denced by least p-values and highest Rsquared values) with minimal
computational cost. The best-fitted model with the highest accuracy is
arrived at with only minutes of computational time compared to hours
and days for conventional regression analysis. Since TS-REG holds an
advantage over other optimization methods as it always attempt to
include all the desired parameters in order to account for their effect
over the targeted variable, this methodology has the potential to be
applied to many other fields that seek to fit a model to a number of
variable parameters while achieving high accuracy with minimal
computational time. For future work, TS-REG methodology is planned
to be compared to recent metaheuristic algorithms for optimizing ma-
chining including:

(1) Design driven harmony search (DDHS): was found (Alberdi &
Khandelwal, 2015) to perform better than four metaheuristic al-
gorithms (but equally good to tabu search) namely: ant colony
optimization, genetic algorithm, particle swarm optimization, si-
mulated annealing, BSA, PSO, gene expression, and fuzzy logic

(2) Artificial cooperative search (ACS): was found (Kaboli, Selvaraj, &
Rahim, 2016) to reach the least MAPE (1.85% based on multiple
linear model, 1.54% based on quadratic model, 1.04% based on
exponential model and 0.68% based on logarithmic model) in
finding the optimal solution compared to genetic algorithm (GA),
particle swarm optimization (PSO), imperialist competitive algo-
rithm (ICA), cuckoo search (CS), SA (simulated annealing ap-
proach), and differential evaluation (DE), and

(3) Rain-fall optimization (RFO): recent (Kaboli, Selvaraj, & Rahim,
2017) nature-inspired algorithm based on behavior of raindrops
that solves constrained optimization problems in minimal compu-
tational times.
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Fig. 9. CER (μm) for 57 tests: TS-REG compared with EXP (Hamade et al.,
2010) and REG (Hamade et al., 2010).

Table 17
p-values for parameters obtained using TS-REG compared against REG
(Hamade et al., 2010): cutting edge radius.

REG (Hamade et al., 2010) p-value TS-REG p-value

ucs 0.001 ln sin(1 ( )) 0.0001
f 0.073 ln rpm( ) 0.01
rpm 0.937 ln f( ) 0.0001

sin1 ( ) 0.001 ln ( ) 0.01
ln drilled depth( _ ) 0.0001
ln sin( ((1 ( )))2 0.01

ln ucs ln( ( )) ( )2 0.01

ln rpm ln ucs( ( )) ( ( ))2 2 0.01

ln sin ln rpm( (1 ( ))) ( ( ))3 3 0.01

Table 18
R squared (R2) and MAPE for TS-REG fit obtained compared against conven-
tional regression (Hamade et al., 2010): cutting edge radius.

REG (Hamade et al., 2010) TS-REG

R2 78.59527 94.1%
MAPE 10.68794% 5.62982%
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Appendix A

List of 114 variables combinations:

1 (1 sin( )) 58 (1 sin( ))2 2

2 rpm 59 drilled(1 sin( )) depth2 2

3 f 60 rpm f2 2

4 ucs 61 rpm ucs2 2

5 62 rpm2 2

6 drilleddepth 63 rpm drilleddepth2 2

7 (1 sin( ))2 64 f ucs2 2

8 rpm2 65 f 2 2

9 f 2 66 f drilleddepth2 2

10 ucs2 67 ucs2 2

11 2 68 ucs drilleddepth2 2

12 drilleddepth2 69 drilleddepth2 2

13 rpm(1 sin( )) 70 rpm(1 sin( ))3

14 f(1 sin( )) 71 f(1 sin( ))3

15 ucs(1 sin( )) 72 ucs(1 sin( ))3

16 (1 sin( )) 73 (1 sin( ))3 λ
17 drilled(1 sin( )) depth 74 drilled(1 sin( )) depth3

18 rpm f 75 rpm f3

19 rpm ucs 76 rpm ucs3

20 rpm 77 rpm3 λ
21 rpm drilleddepth 78 rpm drilleddepth3

22 f ucs 79 f ucs3

23 f 80 f 3

24 f drilleddepth 81 f drilleddepth3

25 ucs 82 ucs3

26 ucs drilleddepth 83 ucs drilleddepth3

27 drilleddepth 84 drilleddepth3

28 (1 sin( ))3 85 rpm(1 sin( ))3 2

29 rpm3 86 f(1 sin( ))3 2

30 f 3 87 ucs(1 sin( ))3 2

31 ucs3 88 (1 sin( ))3 2

32 3 89 drilled(1 sin( )) depth3 2

33 drilleddepth3 90 rpm f3 2

34 (1 sin( ))4 91 rpm ucs3 2

35 rpm4 92 rpm3 2

36 f 4 93 rpm drilleddepth3 2

37 ucs4 94 f ucs3 2

38 4 95 f 3 2

39 drilleddepth4 96 f drilleddepth3 2

40 rpm(1 sin( ))2 97 ucs3 2

41 f(1 sin( ))2 98 ucs drilleddepth3 2

42 ucs(1 sin( ))2 99 drilleddepth3 2

43 (1 sin( ))2 100 rpm(1 sin( ))3 3

44 drilled(1 sin( )) depth2 101 f(1 sin( ))3 3

45 rpm f2 102 ucs(1 sin( ))3 3

46 rpm ucs2 103 (1 sin( ))3 3

47 rpm2 104 drilled(1 sin( )) depth3 3

48 rpm drilleddepth2 105 rpm f3 3

49 f ucs2 106 rpm ucs3 3

50 f 2 107 rpm3 3

51 f drilleddepth2 108 rpm drilleddepth3 3

52 ucs2 109 f ucs3 3

53 ucs drilleddepth2 110 f 3 3

54 drilleddepth2 111 f drilleddepth3 3

55 rpm(1 sin( ))2 2 112 ucs3 3

56 f(1 sin( ))2 2 113 ucs drilleddepth3 3

57 ucs(1 sin( ))2 2 114 drilleddepth3 3

Appendix B. Supplementary material

Supplementary data to this article can be found online at https://doi.org/10.1016/j.cie.2019.07.049.
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