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Abstract: Manufacturing process optimization is an ever-actual goal. Within this goal, machining
parameters optimization is a very important task. Machining parameters strongly influence the
manufacturing costs, process productivity and piece quality. Literature presents a series of opti-
mization methods. The results supplied by these methods are comparable and it is difficult to
establish which method is the best. For machining parameters optimization, this paper proposes a
novel, simple and efficient method, without additional costs related to new software packages. This
approach is based on linear mathematical programming. The optimization mathematical models
are, however, nonlinear. Therefore, mathematical model linearization is required. The major and
difficult problem is the linearization of the objective function. This represents the key element of
the proposed optimization method. In this respect, the paper proposes an original mathematical
procedure for calculating the part of the objective function that refers to the analytical integration of
the tool life into the model. This calculus procedure was transposed into an original software tool.
For demonstrating the validity of the method, a comparison is presented among the results obtained
by certain optimization techniques. It results that the proposed method is simple and as good as
those presented by the literature.

Keywords: optimization; linear objective function; linear solving method; machining parameters;
comparative results

MSC: 90XX; 90C05

1. Introduction

For machining parameters optimization, the relationships among machining parame-
ters, piece accuracy, process cost/productivity and technological resources must be math-
ematically modelled. These relationships concern the restrictive technical conditions, as
well as the chosen optimization criterion. Among the first scientific studies focused on
technological process optimization papers [1,2] must be mentioned. Most of the relations of
the optimization mathematical models are nonlinear. The particularities of the models for
machining parameters optimization should recommend the use of nonlinear mathematical
programming [3]. In nonlinear mathematical programming, certain methods could be used
in accordance with the particularities of the mathematical models, but there is no general
valid method. It must also be mentioned that the methods of nonlinear mathematical
programming (for example convex programming) use algorithms of linear mathematical
programming. In addition, the efficiency of these methods depends on choosing a starting
solution. These particularities and the nonlinearity of the mathematical models have de-
termined seeking certain solutions outside the mathematical programming field, as well.
As a consequence, literature presents numerous optimization techniques combined with
mathematical programming elements. Linear mathematical programming supplies certain
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efficient algorithms that can be successfully used for solving the discussed issue. These
algorithms impose that the optimization mathematical models be linear. For example, in
linear programming, the Simplex algorithm is one of the most efficient [3-5]. The funda-
mentals of this algorithm were set up by the American mathematician G.B. Dantzig [4].
Due to the advantages of this algorithm, the present paper proposes to present the method
for using linear mathematical programming in solving nonlinear mathematical models,
regarding machining parameters optimization. The problem that must be solved is the
mathematical model’s linearization. The cutting constraints of the mathematical models
related to machining parameters optimization might be easily linearized by a calculus trick.
Objective function linearization is the major problem. The present paper approaches this
issue, presenting an original solving method. The difficulty of linearizing the optimization
is due to a mathematical function, which is a component of the objective function that
integrates the tool life. The tool life is also a function that controls the variables v;, f;,
dy/ vy, ff, ds. The convenient solution is finding a replacement function that facilitates the
linearization of the objective function. The new problem is the calculus of this function. For
automation of this calculus, the authors have conceived a software tool with a view to the
industrial use of the method.

2. Materials and Methods
2.1. Literature Review

Literature supplies a series of optimization techniques for machining parameters
optimization. The optimization techniques use differential calculus, Lagrange multipliers,
geometric programming, goal-programming, linear programming, dynamic programming,
simulated annealing, genetic algorithm, particle swarm optimization, and a certain com-
bination of those. Shin and Joo [6] approach the optimization for a multi-pass turning
operation. The paper proposes a mathematical model for optimization of the tool passes
of rough cutting and finishing cutting. The objective function refers to cost minimization.
The dynamic programming method (DPM) is used for optimization. The mathematical
model proposed by Shin and Joo is also used by many other papers. Wang [7] uses a
neural network (NN) for multiple-objective optimization of machining parameters. Gupta
et al. [8] approach the optimal subdivision of the total depth of cut and has in mind the
total production cost minimization. For solving it is used an integer programming model
(IPM). Chen and Tsai [9] have been developed a method centered on the simulated an-
nealing algorithm and the Hooke-Jeeves pattern search (SA /PS) for unit production cost
minimization in case of multi-pass turning. Chen and Tsai extended the Shin and Joo model
by adding other constraints. The optimization model proposed by Chen and Tsai is also
used in other papers. Onwubolu and Kumalo [10] propose an optimization method based
on a genetic algorithm (GA) for the determination of the cutting parameters in multi-pass
machining operations aimed at unit production cost minimization. Chen [11] is based on
the application of scatter search (SS) for turning operations optimization. Kumar et al. [12]
also use a genetic algorithm (GA) for the unit production cost optimization. Sardinas
et al. [13] approach a multi-objective optimization technique, based on genetic algorithms
(GA) to optimize the machining parameters in turning processes. Satishkumar et al. [14]
develop a comparative study regarding the use of genetic algorithms (GA), simulated
annealing (SA), and ant colony optimization (ACO), with respect to optimization of multi-
pass turning. The considered objective function refers to minimizing total production cost.
Wang and Chen [15] approach an evolutionary-strategy (ES)-based optimization technique
to optimize machining conditions for the multi-pass dry turning. The method aims at
the minimization of unit production cost. Srinivas et al. [16] approach an optimization
technique of machining parameters using particle swarm optimization (PSO) to minimize
unit production cost. Bharathi Raja and Baskar [17] make a retrospection regarding simu-
lated annealing (SA), genetic algorithm (GA), and particle swarm optimization (PSO) in
various mathematical models. The considered objective functions were: to minimize the
total production cost for multi-pass turning, to maximize the material removal rate, and
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to minimize the combined objective functions (the production time and the production
cost). Costa et al. [18] propose a hybrid particle swarm optimization technique (HPSO) for
production cost optimization in the case of multi-pass turning. Xie and Guo [19] approach
an optimization technique based on ant colony optimizations (ACO) combined with a
pass enumerating method to minimize the unit production cost for multi-pass turning
operations. Belloufi et al. [20] present a hybrid genetic algorithm by using sequential
quadratic programming (HGASQP) in order to determine the cutting conditions in case
of multi-pass turning. Lu et al. [21] approach a hybrid method to minimize the produc-
tion cost per unit piece. The used method combines genetic algorithm (GA), sequential
quadratic programming (SQP), and dynamic programming (DP) technique for optimizing
the sequence of cutting pass and the machining parameters. In paper [22] Lu et al. continue
the ideas from [20] to minimize production time per unit piece. Yildiz [23] develops a
hybrid optimization algorithm entitled hybrid robust differential evolution (HRDE) by
adding ideas of Taguchi’s method for minimizing the production cost regarding multi-
pass turning operation. Homami et al. [24] used an artificial neural network (ANN) for
modelling certain experimental results, that have been then optimized through a genetic
algorithm (GA). Gayatri and Baskar [25] have analysed three non-traditional algorithms for
minimizing unit production cost in the case of multi-pass turning: genetic algorithm (GA),
simulated annealing (SA) and particle swarm optimization (PSO). Mellal and Williams [26]
use a method, called the cuckoo optimization algorithm (COA) for machining parameters
optimization. The aim of the optimization is the minimization of the unit production cost.
Jabri et al. [27] propose a hybrid genetic simulated annealing algorithm (HSAGA) to find
minimum unit production cost, for multi-pass turning operation. Rana and Lalwani [28]
approach turning process optimization using an amended differential evolution algorithm
(ADEA), to optimize unit production cost and production time. Xu et al. [29] propose an
improved flower pollination algorithm (FPA) for optimization of multi-pass machining
parameters-turning. The optimization aims to minimize the unit production cost. Abbas
et al. [30] approach machining of AZ61 Magnesium Alloy in a different way: they consider
that is important to assure minimum machining times of unit volume and minimum sur-
faces roughness, Ra, simultaneously. Paper [30] aims to establish the turning conditions
that are capable to supply the minimum unit-volume machining time, the minimum surface
roughness, and the minimum cost of machining one part, using a Pareto optimization (PO)
of an artificial neural network (ANN). Abbas et al. [31] use genetic programming (GP) for
optimization of machining of AISI 1045 steel, taking into consideration different cooling
and blurbification techniques. Mia et al. [32] approach machining parameters optimization
in case of turning using intelligent evolutionary algorithms. The optimization is made for
the lowest surface roughness and cutting temperature and there are used two methods:
teaching-learning-based optimization and bacterial foraging optimization. Miodragovic
et al. [33] propose the use of a subpopulation firefly algorithm (SP-FA) for the optimization
of multi-pass turning. The objective function refers to minimizing unit production costs.
Rana et al. [34] presented a review of research related to the optimization of machining
using evolutionary optimization techniques (years 2000-2006). Sofuoglu et al. [35] propose
a method for solving heuristic optimization problems to determine optimum parameters
while minimizing cost functions. Sun et al. [36] propose the use of linear mathematical
programming for feed rate scheduling of five-axis machining. Sun et al. present a method
where the nonlinear multi-constrained feed rate scheduling problem is transformed into
a manageable linear programming problem. The overview of the literature shows that
many methods have been developed for machining parameters optimization. But the
question: which method is the best? has not a clear answer yet. The analysed papers
use similar mathematical models for machining parameters optimization. Many methods
are based on the mathematical models overtaken from Shin and Joo [6], Gupta et al. [8],
Chen and Tsai [9], Chen [11], Mellal and Williams [26]. There are also presented certain
comparative results [14,15,20,25,27-29,33,35]. From the searched literature it results that
machining parameters optimization can be done in three modalities: (a) into two separate
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phases, one for the roughing machining and the second for the finishing machining; (b)
global approach, into a single phase; (c) pass optimization. The potential of linear mathe-
matical programming should be even more turned to advantage in the case of machining
parameters optimization. For this, the mathematical models should be linear. From this
viewpoint, the way of integrating the tool life equation into the mathematical models is
very important. This equation is essential for machining parameters optimization. For this
reason, starting with Taylor, this subject permanently came to the attention of researchers
from the field [1,37-45]. One of the commonly used tool life equations is the extended
Taylor’s tool life equation, as follows:

T=C1/ (v’d : f'ﬂ-dﬂ) )

2.2. Proposed Method

The main aim of the work is to present a mathematical procedure of linearization of
the mathematical models for machining parameters optimization for a single tool pass.
This procedure connected to the use of certain existing, efficient and cheap algorithms
(for example Simplex) represents the novel proposed method for machining parameters
optimization. This procedure involves a novel modality of integrating the tool life into
the mathematical models. For demonstrating the validity of the method, the obtained
results are compared to those from the analyzed papers in Section 2.1. The comparison is
based on the mathematical model proposed by Shin and Joo [6]. The mathematical model
for a machining parameters optimization issue must express the objective function under
practical cutting constraints.

2.3. A Novel Expression of the Objective Function

The machining cost per single-pass can be expressed as:
Cpass = ACl'kl + Acsp/ (2)

where, AC; is machining idle cost due to loading and unloading operations and tool idle
motion time ($/piece) and ACsy, represents the part of the machining cost per single-pass
that varies with the machining parameters ($/pass). k; represents the weight for the pass
related to machine idle cost. As objective function we have in mind the minimization of
the part of the machining cost per single-pass that varies with the machining parameters
(min ACsp). This part is composed of the following cost elements:

ACsp = Cat + Cpo + Ce 3)
Cat = Tat-kalo 4

Clo = 72 - kees )

Cre = %'Ttt"kdlo (6)
Tt = m )

Parameters D and L refer to the machined surface at every pass. Thus, ACs, becomes:

o N'D'L‘dt'kdlo kout
ACsr = o000 fa \! T kg T )7 ®
where:
kout = kee + Tre-kaio- )

The Equation (8) is further processed with a view to integrating it into a mathematical
model of linear programming. For this purpose, the substitution procedure from the
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paper [46] and developed in [47] will be customized for the specific conditions of the
present paper and we will use the following notation:

ENT) =1+ k’%‘} (10)
[0

For the values of ko, k1, and T met in industrial experience, Equation (10) might be
approximated by E2(T), as follows:

E1(T) = E2(T) = o - TP, (11)

The mathematical procedure (11) allows the linearization of the objective function.
Considering Equations (1) and (11), the objective function can be expressed in a
new form:

(12)

.D-L-ds k.- o -C1P
Min(ac,) = in DL s )

1000-p1+x1-B. f1Hy1-p. g1 +21-p

2.4. AlphaBeta Software Module

The AlphaBeta is a software module for calculating o< and f parameters. AlphaBeta was
conceived by means of the Delphi environment and is presented as a flow chart in Figure 1
and Table 1, with the following remark: if the rough pass and finishing pass are made
by the same tool, the tool life T from Equation (10) must be considered as a combination
between the rough tool life and finishing tool life.

Table 1. Table E(j, j) related to Figure 1.

T El=1+ "T? E2=c-TB AE =E1 — E2 Errors AE (%) T1 AT=T-T1 Errors AT (%)
1 Tmin
n Tinax

1 2 3 4 5 6 7 8

In accordance with Figure 1, the calculus is made in four stages: (a) the calculus of the
elements that depend on the concrete cutting conditions (koy¢, 17); (b) the calculus of the
data series that must be mathematically modeled with a view to determining the concrete
form of the function (11). It is about the first two columns of Table 1; (c) the concrete
calculus of functions (11), meaning the determination of « and f parameters (regression
analysis); (d) the errors calculus. The use of this software tool is simple: the users have just
to introduce the values of the seven required variables (Figure 1 and Table 2).

Table 2. Input data and results (AlphaBeta software).

Inputted Data Results
. . Alpha = 3.711972
Paper notations Software notations Beta = —0279128
kato kdlo = 0.5
kce kce =25 Table E[i, j]
The taute = 1.5 T EN(T) E2(T) = « ATP AE AE(%)
01 tetal = 0.5 25.00 1.52000 1.51147 0.00853 0.56096
Tonin Tmin =25 27.00 1.48148 1.47935 0.00213 0.14386
Tnax Tmax =45 29.00 1.44828 1.45014 —0.00186 —0.1283
w w=2

Thus:
T—T,= f(Tr, Tf) = 01-T,01 € (0,2]. (13)
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AlfaBeta

Input:
kdlo’ kce’ Ttes
Tmin; Tmax: w, 61

kour = kee + Tee " Kato
nr = Koye/ (kaio - 61)

@‘4 = Tmax = Tnin + 1

Yes
n
No
T, — T
n= max min + 1

[EG,D=E((i-1,1)+w]

nr

E(i,2) =

A

EG, 1)

REGRESSION
fOT Te [Tmin;Tmax]

Result: «, 8

v

ERRORS AE (%)
for T € [Tomin, Trax]
i=1ton
E(i,3) = E(i, 1)#
E(i,4) =E(i,2) — E(i,3)

o EG4)
E(i,5) = £0.2) 100

Figure 1. Flow chart of the « and § calculus.

2.5. Cutting Constraints

Cutting parameters bounds:

Tool life constraint:

Umin < U < Umax,

fmzn Sf Sfmax

dmin < d < dmux

Tmin < T < Thay.

(14)

(15)
(16)

(17)
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Cutting force constraint:
Cr-d*Fe- f¥f < Fyr. (18)
Machine power constraint:
v
-d¥Fe. f¥Fe.———— < Pyr. 1
Stable cutting region constraint:
ot f-d*! > SCR. (20)
Chip-tool interface temperature constraint:
Co.vxe .fye.dze < Brax- (21)
Surface finish constraint: )
Ui
< SR. 22
(8r) — S 22)
Practical relation between rough and finish parameters:
vf > k3-v,, (23)
fr > kafy, (24)
dy > K5-dy. (25)

The mathematical model given by relations (12) and (14)—(25) might be linearized

using the following substitutions:

X1* = In(v),
X2* = In(100-f),
X3* = 1n(100-d).

Variables X1*, X2* and X3* refer to vy, f;, d; or to vy, ff, df.
Consequently, the new form of the objective function becomes:

Min[—(1+ x1-B)-X1* — (1 + y1-B)-X2* — (14 21-B)-X3" + Kp,],
where Kp, is:

Kgo = ln[(n-D~L-dt-kd,o~ ~ -c1ﬁ.100[2+ﬁ'<y1+zl>l)/1000]

The cutting constraints become:

In(vpin) < X1* < In(vmax),

11(100- fin) < X2 < 11(100- fynax ),
11(100-d,) < X3* < 11(100-dyay ),
x1-X1* + y1-X2* + 21-X3* < Ky,

where K7 is:

Kpi = In [c1-100(y1+21> /Tmm},

x1-X1" + y1-X2* +21-X3" > Ko,

where Kp» is:

Kpy = In [c1.100<y1+ﬂ> /me},

(26)
(27)
(28)

(29)

(30)

(31)

(32)
(33)
(34)

(35)

(36)

(37)
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Yre- X2 + xpc-X3" < Kpp, (38)

where Kgy is:
Keag = In [PMJOOWPCHFC)/CPC}, (39)
X1* + ype-X2* + xp.- X3 < Kppy, (40)

where Kpy is:
Kpy = In {6120~;7~PMT.100(WE+"H> /CFC], 41)
A-XT* + X2" 4 o« 1-X3* > Kgcg, (42)

where Kgcg is:
Kscr = In [SCR-100<1+°‘1>], (43)
XG'Xl* + yg'XZ* + 29'X3* < Ky, (44)

where Kj is:
Ky = In {em-loo(wzw/c@], (45)
X2F < In (SR-r.s-lo‘*) /2. (46)
For finishing:

X1* > In(k3-v,), 47)
X2* < In(f,-100/k4), (48)
X3* < In(d,-100/k5). (49)

3. Results and Discussion

To demonstrate the validity of the proposed method, the obtained results are compared
with those presented by the papers mentioned in Section 2.1. The numerical data used
for the comparison are mentioned in Table 3 [14,20-23,25,27,29,33,35], and the results are
presented in Table 4.

Table 3. Input data for the comparison of different methods.

Parameter Value Parameter Value
kdlo 0.5 ($/mm) k3 1

kee 2.5 ($/edge) k4 2.5

Tte 1.5 (min/edge) k5 1

C1 6 x 101 Fuyr 200 (Kgf)
yl 1.75 7 0.85

z1 0.75 dy 6 (mm)
Unin 50 (m/min) r 1.2 (mm)
Umax 500 (m/min) Coy 132

D 50 (mm) Xp 0.4

L 300 (mm) Yo 0.2

frmin 0.1 (mm/rev) Zg 0.105
fmax 0.9 (mm/rev) Omax 1000 (°C)
din 1 (mm) A 2

dmax 3 (mm) o1 -1

Toin 25 (min) SCR 140

Tnax 45 (min) SR 10 (pm)
Cre 108 te 0.75 (min/piece)
XFe 0.95 hy 7 %1074

Yre 0.75 hy 03
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Table 4. Comparison of various optimization methods.

Results
Method * Unit Cost
oy of f, fr dy d ($/Piece)
GA[10] 114.22 164.369 0.7 0.2978 2.9745 2.9863 1.8450
PSO [16] 106.69 155.89 0.897 0.28 2.0 2.0 2272
123.3424 1.959 **
HPSO [18] 105663 169.9783 0.5655 0.2262 3.0 3.0 5035
ACO [19] 109.66 169.97 0.565 0.226 3.0 3.0 2.07
HGASQP [20] 94.4640 162.289 0.866 0.258 3.0 3.0 1.9308
123.1462 169.9876 1.959 **
COA [26] 1179300 1931993 0.5655 0.2262 3.0 3.0 5 530
HSAGA [27] 111 171 0.565 0.225 3.0 3.0 2.06 ***
123.3431 1.959 **
ADEA [28] 10966307 169.9784 0.5655 0.2262 3.0 3.0 5 0351 4+
123.3431 1.9591 **
FPA [29] 1096631 169.9785 0.5655 0.2262 3.0 3.0 50351
SP-FA [33] 123.3429 169.9786 0.5655 0.2262 3.0 2.9999 1.9591 **
117.3369 122.6023 0.5773 0.2309 2.9512 2.9512 2.239 #
123.3430 169.9816 2.9999 1.9567 **
ObOFL 109.6630 151.1289 0.5655 0.2262 3.0 3.0 2.2565 ***
(present paper)

o = 1.499463 **B = —0.088596 ** / o« = 3.711972 ***, B = —0.279128 ***, for T € [25,45]

* GA—Genetic algorithm; PSO—Particle swarm optimization, HPSO—Hybrid particle swarm optimiza-
tion; ACO—Ant colony optimization; HGASQP—Hybrid genetic algorithm with sequential quadratic pro-
gramming; COA—Cuckoo optimization algorithm; HSAGA—Hybrid genetic simulated annealing algorithm;
ADEA—Amended differential evolution algorithm; FPA—Flower pollination algorithm; SP-FA—Subpopulation
firefly algorithm ObOFL—Optimization based on objective function linearization; ** T, = T, + Ty
Ty =0T, + (1-0)Ty.

The problem to be solved by the proposed method refers to the optimization of a
turning process. The input data are: the diameter D = 50 mm, the length L = 300 mm,
maximum allowable surface SR = 10 um and nose radius of the cutting tool r = 1.2 mm.
Tool material is carbide and work piece material is carbon steel.

The analyzed methods, including the proposed method, are based on the use of the
tool life function T = f(v, f,d). In case rough machining as well as finish machining are

made by the same tool, the tool life T must be considered Tp =f (Tr, Tf). Literature
presents the relations [18,26-29,33,35]:

T, =T, + Ty, (50)

T, = 0-T, + (1—6)-Ty. (51)

The Equations (50) and (51) were used by the methods from Table 4, less by the pro-
posed method (ObOFL). For the proposed method Equation (13) was used. In this case T,
or T;** are obtained by convenient establishment of the parameter 61 € (0, 2]. For making
the comparison of the results the same T}, must be used. For the case of Equation (50) this
is possible, meaning that 01 can be determined. For the case of Equation (51) a correlation
between 61 and 6 cannot be done. For this reason, the evaluation of the validity of the
proposed method must consider only the case when considering T}, given by Equation (50).
Comparing the unit costs, as well as the machining parameters from Table 4, it might be
considered that the proposed method is as good as the analyzed methods (Figures 2-5).
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@ 197
Q 1.959 1.959 1.959 1.9591 1.9591 1.9567
o 1.96 :
&
— 1.95
-
8
Q 194
o
‘T 193
2 HPSO ADEA SP-FA ObOFL
(present
Method paper)
Figure 2. Comparison of the unit costs.
123.8
__ 1238
c
E 1234 1233424 123.3431 1233431  123.3429  123.343
~
£ 1232 123.1462
s
123
122.8
122.6
HPSO COA ADEA SP-FA ObOFL
(present
Method paper)
Figure 3. Comparison of the cutting speeds.
0.8
— 07
3 oe 05655 0.5655 0.5655 0.5655 0.5655 0.5655
£
£ o5
£ o4
= 03
0.2
0.1
0
HPSO ADEA SP-FA ObOFL
(present
Method paper)
Figure 4. Comparison of the feed rates.
35
3
3
25
— 2
£
€ 15
i
T 1
05
0
HPSO ADEA SP-FA ObOFL
(present
Method paper)

Figure 5. Comparison of the depths of cut.

The present paper approaches the machining parameters optimization in the case of
single-pass turning. Rough pass and finish pass could be done by the same tool or by differ-
ent tools. The novel optimization mathematical model is given by relations (29)—(49). The
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proposed method is accurate, efficient, and cheap because the linear programming software
usually exists in the software platforms of the companies. For linearizing the objective
function, it is proposed the mathematical procedure in accordance with Equation (11). The
curves E1(T) and E2(T) are overlapped (the error is very low, Figure 6).

kg, = 0.5 ($/min); k.. = 2.5 ($/edge);
Tte = 1.5 (min); D = 50 (mm),

L =300 (mm); T €25, 45|;

= 1.499463; = —0.088596

1.14

1.13 '
1.12 L 4

111 ®
1.1 *

1.09 =

1.08 .

1.07 8

E1(T), E2(T)
(]

1.06

0 10 20 30 40 50

Figure 6. Approximation E1(T) = E2(T).

AlphaBeta software tool allows the calculus of the errors, as well. The minimum
and maximum errors at AE = E1(T) — E2(T) are: AE,;;;, = 0.0002, meaning 0.01839%;
AE;0x = 0.00258, meaning 0.22875%. The minimum and maximum errors for the tool life
are: ATy, = —0.1029 (min), meaning 0.25098%; ATy = 1.29176 (min), meaning 2.875058%.
Parameter 61 < 1for T, = 6-T; + (60— 1)-Tf, and 01 > 1for T, = T, + Tf. For a single pass,
Ty = T, or Ty = Ty. The proposed method was applied under the conditions specified in
the papers that have been used for the comparisons (Table 3). Machining idle cost, ACj,
was also calculated in accordance with the same papers.

4. Conclusions

The present paper addresses the issue of machining parameters optimization. The
novelty of the present paper is represented by the proposed mathematical procedure for
the use of linear solving methods in solving nonlinear mathematical models, related to
machining parameters optimization. The purpose is the use of certain existing and widely
used efficient and cheap algorithms, aiming at cost reduction in respect to machining
parameters optimization.

This mathematical procedure aims to express the objective function (nonlinear) into a
form that allows the linearization. Thus, the part of the objective function that does not
allow the linearization is replaced by a convenient function (11), that can be calculated by
the original algorithm described in Figure 1.

The key to linearizing the mathematical model is linearizing the objective function.

For automation of the calculus of « and 3 parameters the proposed algorithm was
transposed into the AlphaBeta software tool, conceived by the authors.

The tool life Equation (1) is fundamental for the method described in the present paper.

The proposed optimization method is based on the use of an existing linear program-
ming algorithm (for example Simplex) applied to linearizing the mathematical model
(29)-(49). The method does not involve additional costs because the software (linear
programming) exists.

The mathematical model (29)-(49) is generally valid, the quantitative data (Table 3)
are varying in accordance with the used materials.

Linearization of the constraints was ensured by the substitutions (26)—-(28).

The proposed mathematical procedure is good because the calculated errors are low
(Figure 6). Lower the interval considered for the tool life T € [T};i, Timax], lower the errors
for AE = E1(t) — E2(t).
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The comparative study from Section 3 has confirmed the validity of the proposed
method. The results obtained by the proposed method are as good as the results obtained
by the analysed methods (Figures 2-5). The statement is valid for the case of equalizing
of the Equations (13) and (50). In case Equations (13) and (51) must be equalized must be
further studied with a view to finding a correlation 61 = f(0). Without this correlation the
comparison of the results is difficult. For a correct design of optimization mathematical
models, it is required that the parameters 6 and 61 are correctly determined, not empiric.

From a mathematical point of view, the proposed procedure might be applied to
the mathematical functions expressed by multiplications of sub-functions of (10) type, or
similar, and that can be expressed by functions of (11) type. The limit is imposed by the
accepted errors.

In future research, the authors intend to apply the proposed method for those in-
dustrial cases where the data for developing the optimization mathematical models are
poorer. For a correct design of mathematical models, the authors are further studying the
correlation between the parameters 61 and 6.
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Nomenclature

C1, x1,y1, z1 ~ Constants of the tool life equation

fro fr Feed rates in rough and finish turning, respectively (mm/rev)

dy, df Depths of cut in rough and finish turning, respectively (mm)

Cpass Machining cost per single-pass ($/pass)

uc Unit production cost, excluding material cost ($/piece)

AC) Machining idle cost duet to loading and unloading operations and tool idle

motion time ($/ piece)
Ky Weight for pass related to machine idle cost
The part of the machining cost per single pass that varies with the machining

ACsp parameters ($/pass)

Cat,Ci0,Cre Cutting cost by actual time, tool cost and tool exchange cost, respectively ($/pass)
Tat Actual cutting time per single-pass (min)

kaio Direct labour cost and overheads ($/min)

kee Cutting edge cost ($/edge)

Tte Tool exchange time (min)

kout Global using tool cost per single pass ($/pass)

D, L Diameter and length of work surface, respectively (mm)

d, dy Depths of cut for each pass and total depth of cut to be removed, respectively (mm)
0,Vr, Uy Cutting speed, cutting speed in rough and finish turning, respectively (m/min)

f Feed rate (mm/rev)

T Tool life (min)

x, Coefficient and exponent calculated for making the mathematical model linear

T, Tool life of weighted combination of Tr and Ty (min)

Ty, Ty Expected tool life for rough and finish turning, respectively (min)

01 Weight for T, in accordance with the present paper
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Regression
Errors

Omins Umax
fmin/ fmax
dminr Amax
Tminz Tmux
n

CFes XFes YFe
Fyvr

”

Ul

Pyr

Gmﬂx

Co, X0, Yo, 2o
SCR

Weight for T, in accordance with papers analysed in Section 2.1
Regression subprogram

Subprogram for errors calculation

Lower and upper bounds for cutting speed, respectively (m/min)
Lower and upper bounds for feed rate, respectively (mm/rev)
Lower and upper bounds for depth of cut (mm)

Lower and upper bounds for tool-life, respectively (min)
Number of points for regression analysis

Constants of the cutting force equation

Maximum allowable cutting force (N)

Nose radius of the cutting tool (mm)

Power efficiency (%)

Maximum allowable cutting power (kW)

Maximum allowable chip-tool interface temperature (°C)
Constants for the equation of chip-tool interface temperature
Limit of stable cutting region

SR Maximum allowable surface roughness (mm)
A, 1 Constants related to formula of the stable cutting region
Preparation time (as loading and unloading time), idle tool motion time
te, to, 1 (as tool travel and tool approach/depart time), and total machine idle time,
respectively (min)
hy, hy Constants related to tool travel and approach/depart time, respectively (min)
w Increment of tool life increasing with a view to the regression analysis
ks, kq, ks Constants for roughing and finishing parameter relations
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