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Abstract The considered optimization problem deals
with the design of the machine equipment used in a
serial paced line. The cost and effectiveness of such
a line depend on this decision. The investment cost
can be reduced by optimizing the assignment of ma-
chining operations to the pieces of equipment. In this
paper, new powerful metaheuristic methods applying
the principles of a greedy randomized adaptive search
procedure and a genetic algorithm are suggested for
this problem. These methods are evaluated on a series
of benchmarks and real industrial problems.

Keywords Line design - Machining lines - GRASP -
Genetic algorithms

1 Introduction

The studied problem consists in optimizing the design
of unit-built machines used for the production of a
given part. Such machines are arranged in a serial paced
line. “Serial” means that the part visits all machines
in the order of their installation. “Paced” means that
the time spent by the part at each machine is lim-
ited by the line cycle time, denoted by 7). Machines
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are called “unit-built” since they are assembled with
independently constructed units (multi-spindle heads).
When a part arrives to a machine, the first multi-spindle
head installed there is activated followed by the second
one and so on. Figure 1 presents a scheme of such
machining lines.

Each multi-spindle head carries several machining
tools which are applied to the part simultaneously to
execute a set of machining operations in parallel. The
content of each unit must be obtained from the known
set of operations required for completing a given part.
For this purpose, the operations must be grouped in
“blocks”. Each block corresponds to a multi-spindle
head and defines the set of operations to be executed in
parallel. Then, the set and the activation order of units
at each machine must be determined.

While grouping operations together, their techno-
logical compatibility has to be checked. Moreover, the
precedence, the capacity, and the cycle time constraints
must be taken into account. These constraints and other
input data are detailed in Section 2. The objective is
to find an assignment of operations to blocks and the
blocks to machines which satisfies all given constraints
and minimizes the total investment cost related to ma-
chines and multi-spindle heads.

This design problem is combinatorially hard and, as
a consequence, using optimization tools becomes in-
dispensable for designers who seek for taking efficient
solutions in short amount of time. The first mathemati-
cal model taking into account the most of technological
parameters and constraints of this design problem has
been presented in [4], where a mixed integer program
has also been developed. Recently, some other exact
and simple heuristic methods have been proposed for
this problem; their comparison can be found in [10].
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Because of their combinatorial complexity, solving
industrial instances of this problem exactly is time con-
suming [10]. Thus, exact methods are inapplicable for
end users. As a consequence, powerful metaheuristic
approaches are clearly needed to tackle real-size prob-
lem instances. The first step in this direction has been
made in [3] where two metaheuristic methods have
been combined with a mixed integer program. In this
paper, two new approaches are presented in Sections 3
and 4. The results of their evaluation on a series of
benchmarks and real industrial problems as well as the
comparison with the results obtained in [3] are reported
in Section 5. Concluding remarks are given in Section 6.

2 Problem statement

The given set of operations is denoted by N. The num-
ber of machines m and the number of multi-spindle
heads ny at kth machine (k = 1, 2, ..., m) to which the
operations have to be assigned are not fixed a priori,
but they are limited by the space and technological
constraints. The number of machines must not ex-
ceed myg (m < my) and each machine can be equipped
with at maximum rny multi-spindle heads (nx < ng, k =
1,2, ..., m). The installation of a machine implies a cost
estimated by C, units. The fabrication cost of a multi-
spindle head is estimated by C, units.

Each operation j € N is given by its machining time
t; or, alternatively, it may be characterized by two para-
meters: the required working stroke length 1 ; and the
maximal admissible feed per minute s;. The working
stroke length includes the required depth of cut and the
distance between the tool and the part surface as it is

Fig.2 A multi-spindle head
equipped with 2 tools
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shown in Fig. 2. The feed per minute is a measure for
the cutting speed.

Let Ni be the set of all operations assigned to ma-
chine k and Ny be the set of operations grouped into
block / of machine k. All unproductive time needed to
launch and stop a multi-spindle head is integrated in b,
All unproductive time related to loading and unloading
a part on a machine is denoted by t™.

Two manners of calculating the time required for
processing block of operations Ny are used in indus-
try. The first one uses the assumption that the block
processing time P (Nw) depends on the longest oper-
ation in the block:

*(Nu) = max{1;| j € N} +7°. )
The second one uses the parameters A; and s:

rAilje N,
tb(Nkl)zmaX{ ilj€ Nu} b

(@)

min{s;|j€ Ny}

The latter definition allows calculating the machin-
ing time more accurately, but introducing the machin-
ing parameters for operations increases dramatically
the complexity of the optimization problem to solve.
Note that the latter definition covers the first case,
assuming A; =t;, s; = 1 forall j.

The machine processing time ™ (Ny) is calculated as
the sum of its block processing times, since the multi-
spindle heads of a machine are activated sequentially.
For the paced lines considered here, the time that a part
spends on a machine is limited by the line cycle. This
constraint is called the cycle time constraint and can be
expressed as follows:

N
N = Y O(Nig) + ™ < To.
=1

The repartition of the operations must also respect
the assignment constraints related to the technological
process:

e Precedence constraints. They define non-strict par-
tial order relations among operations and are given
by a digraph G = (N, D). An arc (i, j) € N* belongs
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to set D if and only if operation i must be executed
before or at the same time as operation j. Such
operations i and j can be performed simultaneously
by the same multi-spindle head using special tools.

e [Inclusion constraints. They impose to assign cer-
tain groups of operations to the same machine
because of a required machining tolerance. These
constraints are represented by a family /™ of sub-
sets of N, such that all operations of the same sub-
set e € I™ must be assigned to the same machine.

e Machine and Block exclusion constraints. They ver-
ify that the groups of operations which are techno-
logically incompatible (at machine or block level)
are not assigned to the same machine (respectively
block). These constraints are represented by a fam-
ily E™ (respectively Eb) of subsets of N, such that
all elements of the same subset e € E™ (respec-
tively ee Eb) cannot be assigned to the same
machine (respectively block). However, any proper
subset e* C e of operations can be assigned to the
same machine (respectively block).

The goal is to minimize the investment costs required
for the installation of the line being designed. Using
the introduced notations, the objective function can be
expressed as follows:

m
Min Cym + C, an.
k=1

In this article, two new metaheuristic methods are
suggested for solving this optimization problem. Both
manners of calculating the block processing time can
be easily integrated in them. The presentation starts in
Section 3 with an approach based on greedy random-
ized adaptive search procedure (GRASP).

3 GRASP-based approach
3.1 General scheme of the approach

GRASP is a metaheuristic which can be used for solv-
ing a large number of combinatorial problems. For
example, this method has been already successfully
applied for the assignment of operations in assembly
lines with sequence-dependent setup times [1, 18].
GRASP is usually implemented as a multi-start pro-
cedure. Each of its iteration consists of several phases,
where feasible solutions are obtained by a semi-greedy

heuristic and then improved by a local search [7, 13].
Such phases are repeated interchangeably until a stop-
ping criterion is satisfied. Extensive bibliographies on
GRASP can be found in [8, 22]. The GRASP-based ap-
proach suggested here contains three principal phases.

1. The first one, called construction phase, aims in ob-
taining a set of feasible solutions, called elite set ES.
The first | ES| solutions found using semi-greedy
heuristic greedy blocks loading (GBL; described in
Section 3.2) constitute this set.

2. The second phase, called path-relinking phase, ap-
plies a path-relinking procedure, initially proposed
in [9] for Tabu Search method and firstly applied
to GRASP in [16]. It consists in generating new
feasible solutions, called intermediate solutions, by
exploring the trajectories that connect high-quality
solutions. This procedure is detailed in Section 3.3.
If the best intermediate solution has a smaller cost
than the worst solution in ES, it replaces the latter
one in ES. After Injmp max iterations of the path-
relinking procedure without improving the best so-
lution of a current elite set, the algorithm returns to
the construction phase where set ES is reinitialized.

3. When the time allocated for the two previous
phases is over, the best found solution is treated in
the third phase, called improvement phase, which
aims in improving this solution with a decomposi-
tion method presented in Section 3.4.

This continues until the total execution time reaches
the allocated time limit.

The three principal phases of the suggested approach
are detailed in the next subsections.

3.2 Construction phase

The semi-greedy heuristic developed for the suggested
GRASP-based approach is called GBL. This heuristic
constructs a feasible solution by assigning as many
operations as possible to the current block. At the be-
ginning, the current solution contains only one machine
with one empty block. The algorithm assigns operations
to this block until no operation can be added because
of the exclusion or precedence constraints. Then, if the
cycle time constraint is respected, a new block is opened
at the current machine, otherwise, a new machine with
one empty block is created. When a new block is
opened, it becomes current and the algorithm assigns
operations to it.

Let m be the index of the current machine and n,,
be the index of the current block of machine m. To
choose an operation to be assigned to block n,,, the
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so-called candidate list (CL) is constructed of unas-
signed operations. Then, a greedy function is used to
evaluate the operations included in list CL. The oper-
ations with the best values are selected for a restricted
candidate list (RCL). An operation is chosen at random
from this list. It is assigned to block n,,. Then, list CL
is rebuilt. This continues until either all operations are
assigned and a feasible solution is obtained or it is im-
possible to create a new machine without exceeding 1.
In the last case, the iteration is considered as infeasible.

The algorithms used for constructing the employed
lists are detailed here below.

3.2.1 Construction of list CL

List CL contains all operations that can be assigned to
block n,,. This list is built in the following way: set of
unassigned operations is looked through and operation
j is added to CL if all the following conditions are
satisfied:

all predecessors of j have been already assigned;

e assigning jto the current block does not violate the
cycle time constraint (the block time is calculated
using (1) or (2));

e its assignment to the current machine respects the
machine exclusion constraints taking into account
the operations already assigned to m, i.e., Ve € E™
such that j € e:e N (N, U {j}) # e; and

e its assignment to the current block does not vi-
olate the block exclusion constraints taking into
account the operations already assigned to the cur-
rent block, i.e., Ve € EY such that jeeen (Nyp, U

{h #e.

If CL = ¢, no more operations can be assigned to the
current block. A new block is created at the current
machine if it is possible, otherwise a new machine is
opened and CL is rebuilt. If CL # ¢, then it is used
for constructing a Restricted Candidate List discussed
in the next subsection.

3.2.2 Construction of list RCL

Different schemes of constructing RCL from CL have
been suggested in the literature, see e.g., [7, 13, 21].
Generally, a greedy function is applied to the oper-
ations from CL and those with the best values are
selected to be included in RCL. In order to diversify the
solutions obtained by GBL heuristic, the greedy func-
tion is not unique in the suggested algorithm, but there
exists the following list of employed greedy functions:

@ Springer

1. Lower bound on the number of blocks required to
assign all successors of operation j with the condi-
tion that j will be assigned to the current block;

2. Lower bound on the number of blocks required to

assign all immediate successors of operation j with

the condition that j will be assigned to the current
block;

Total number of all successors of operation j;

Total number of all immediate successors of j;

5. Processing time of j (calculated as A;/s; if opera-
tions are given by their parameters); and

6. The number of subsets of the block and machine
exclusion constraints where operation jis included.

Rl

Moreover, each function can be used in two different
manners either

RCL' = {] e CL: g(]) = 8max — Ol(gmax - gmin)}a (3)

in order to select the operations with greater values of
the greedy function, or

RCL// = {] e CL: g(j) =< 8min — Ol(gmin - gmax)}a (4)

to select the operations with smaller values, where
8gmax and gmin are respectively the minimum and the
maximum of greedy function g(j) for the operations
in CL.

Parameter « € [0, 1] controls the trade-off between
the randomness and greediness in the construction
process. If o =0, then the semi-greedy construction
reduces to a greedy algorithm (i.e., at each iteration
the best-ranked element is chosen), and if « = 1, then
the constructive process becomes completely random.
Thus, the value of « is used to control the size of list
RCL obtained from list CL. In the suggested algorithm,
a mechanism of self-adjusting parameter « is used. It is
detailed in Appendix A.

Taking into account six available greedy functions
and two ways to use each one of them, there are 12
possible manners to construct list RCL. They can be
enumerated from 1 to 12 in the following way: number 1
corresponds to the first greedy function used with For-
mula (3), number 2 relates to the first greedy function
used with Formula (4), number 3 links to the second
greedy function used with Formula (3) and so on.

By applying a different method each time list RCL
is built, more dissimilar solutions can be provided by
GBL heuristic. To define which method is used when,
a so-called RCL sequence is employed. Actually, it is
an array containing |N| cells, since for assigning |N|
operations, list RCL is built at most |N| times. A RCL
sequence is filled in at random with natural numbers
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The fourth greedy function used with Formula (4)

Lofefafu]s] [7]uo]5]

|N]| cells

Fig. 3 A RCL sequence

between 1 and 12 before GBL heuristic starts a new
solution construction. The number of the method to use
when list RCL is built for ith time is stored in ith cell.
An example of a RCL sequence is given in Fig. 3, where
method number &, for example, is used when list RCL
is built for the Sth time.

The operation to be assigned to the current block is
selected at random from list RCL. This operation may
participate in inclusion constraints. If these constraints
are ignored during the assignment procedure, then a
great number of infeasible solutions would be gener-
ated. To avoid this, the inclusion constraints have to be
checked for the operations chosen to be assigned. For
this purpose, the algorithm uses an additional list AL
described in the next subsection.

3.2.3 Construction of list AL

The inclusion constraints are analyzed for operation j
selected from list RCL to be assigned to the current
block. If j ¢ e, Ve € I™, then AL = {}}, otherwise, list
AL groups all the operations that must be assigned
to the same machine as operation j, i.e., the list is
made of operation j and all the operations from the
set e € I™ including operation j and all their non-
assigned predecessors. It cannot be calculated a priori
how many blocks will be needed to assign all i € AL
and, as a consequence, it is impossible to know if it will
be possible to assign all i € AL to the current machine.
Taking into account the possibility of a failure while
assigning i € AL, the current state of S, is stored:
Scopy = Scur.

The algorithm tries to assign all the operations from
list AL to the current machine. If all the operations
from AL have been assigned, CL is rebuilt, other-
wise the algorithm restores the state of the current
solution before any operation belonging to AL have
been assigned: Scyr = Scopy. Operation jis deleted from
RCL and from CL and another operation is randomly
chosen from RCL. If RCL = ¢ and CL # ¢, then RCL
is rebuilt. If CL = ¢, then no more operation can be
assigned to the current block. A new block is created
if it is possible, otherwise a new machine is opened.

The first | ES| solutions obtained with heuristic GBL
constitute the set of elite solutions. This set is treated in
path-relinking phase described here below.

3.3 Path-relinking phase

The path-relinking procedure is implemented as fol-
lows. At first, a solution S* is chosen from ES. Its RCL
sequence is used as guiding solution. At second, a new
RCL sequence is randomly generated and becomes ini-
tiating solution S° for the path relinking. The number
of intermediate solutions from S* to S° in set IS is calcu-
lated on the basis of the Chebychev distance d(S°, S*)
between RCL sequences of S° and S* solutions:

|IS| = d(S°, §*) — 1
— max{|[RCL"[i] — RCLY'[{]| : i € N} — 1,

where RCLY [[] and RCLY [[] are the ith cells of
the RCL sequences corresponding to the initiating
and guiding solutions, respectively. If RCLSO[i] and
RCLS'[4] are quite similar, i.e., d(S°, §*) € {0, 1} then
new S and S$* are chosen, otherwise the moving direc-
tion from S° to S* is determined for each cell i in the
following way:

—1, if RCLY'[i] — RCLY [i] is positive,
lil=1{1, if RCLY[i] — RCL¥[i] is negative,
0 otherwise,

where § is an array with |N| cells such that §[i] €
{0, —1, 1}.

The intermediate solutions (more precisely their
RCL sequences) are constructed on the basis of §. Each

Guiding solution randomly chosen from the elite set

[ofsfsfi]2]s]7]w]5]

B
Eel[s7]o2 37 s ur] 4] seers
23 :
£ B
ég 5|7|10|2|4|7|8|11|4|S‘cep2
= N
%E + — -+ +
(%i|4|7|]1|2|5|6|8|11|3|St6p1
= R o ) L +

[3[7]2]3]6]s5]o]u]2]

Initiating solution randomly generated

Fig. 4 Path-relinking mechanism
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new solution S’ is obtained from the current solution
Scur as follows: for Vi € N: if |RCLS°“‘ [i]— RCLY [7]] ¢
{0,1}, then RCLS[i] <~ RCL%"[i]+8[i]. Then,
Seur < 5.

An example of the construction of the set of inter-
mediate solutions is given in Fig. 4. Each new solution
is obtained from the previous one by modifying its cells
by the way defined in array §. The last intermediate
solution is not equal to guiding one, but is close to it.

The cost of each obtained intermediate solution is
calculated using GBL heuristic. The RCL sequence
of the best intermediate solution replaces the RCL
sequence corresponding to the worst solution in ES, if
the intermediate solution has a better cost value. There-
fore, the size of the elite set remains constant during the
execution of the PR phase. The improvement phase is
applied to the best solution found during each Tpg_max
time-period.

3.4 Improvement phase

The improvement phase starts with a feasible solution
obtained at the previous steps and tries to improve
it. For this purpose, a decomposition algorithm with
aggregate solving of subproblems is used. This method
has been already applied with a simple priority heuris-
tic, which constructs a feasible solution without apply-
ing any greedy function, in [11]. The general scheme of
this method is given in Fig. 5.

The decomposition consists in cutting up the se-
quence of machines corresponding to a feasible solu-
tion into several non intersecting subsequences. The
size of each subsequence r is chosen at random, but is
limited by two following parameters: kmax Which is the
maximal number of machines and N, which is the
maximal number of operations per subsequence. The
value k, (the number of machines in subsequence r) is
chosen uniformly at random within [1, kyax] and then
can be modified so that the total number of operations
in a subsequence does not exceed Np,x. Therefore, the
total number of subsequences w is known only at the
end of the decomposition.

Each subsequence r is used to formulate a subprob-
lem SP, which is of the same type as the initial problem
but has a smaller size. It is solved by an exact method.
Here, the graph approach described in [5] has been
used. When an optimal solution S(SP,) is obtained for
subproblem SP,, all blocks of this solution is replaced
by macro-operations. They are included in the con-
secutive subproblem SP,. ;. Thus, new operations can
be added at step r + 1 to the blocks created at steps
1,..,r.

As it can be seen, the algorithm constructs a final
solution by increasing progressively the size of a sub-
problem to solve. However, a problem of the initial size
is never treated, since the number of blocks belonging
to S(SP,) is significantly inferior to the total number
of operations. The solution of the last subproblem is

Fig. 5 Scheme of
decomposition algorithm with 9
aggregate solving of g
subproblems = Initial problem (IN) ]
=
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|
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a feasible solution of the initial problem with the cost
Cimp which is not greater than Cg (the cost of a
feasible solution before the decomposition), but not
necessarily optimal. Note that the history of creating
macro-operations is stored in order to obtain a final
solution without macro-operations from a final solution
with macro-operations.

4 GA-based approach
4.1 General scheme of the approach

A genetic algorithm (GA) is a metaheuristic which uses
some mechanisms inspired by the biological evolution:
reproduction, mutation, crossover, and selection, see
e.g., [14, 20]. Genetic algorithms have been already
successfully applied for solving assignment problems
for production lines, e.g., manual assembly U-lines [2],
mixed-model assembly lines [12], two-sided assembly
lines [15], robotic lines [17], disassembly lines [19].

The idea is to reproduce the evolution of populations
where each individual is an encoded solution to the
studied problem. Here, an algorithm using a non-binary
based encoding like in [2] is suggested, i.e., the way to
obtain a feasible solution is encoded and not a known
solution. Actually, the RCL sequences are used as en-
coded individuals. In this way, the value of a gene i gives
the number of the method to construct ith list RCL in
GBL heuristic. The fitness value of an individual is the
cost of the solution calculated with GBL heuristic using
the corresponding RCL sequence.

An initial population of individuals (RCL se-
quences) is randomly generated. Two individuals are
chosen from the population by the s-tournament

l6s[a]1]2]s]7]i0]5]m

lof3|e]w]i]a]s]a]2]r

Crossover
lofs]afwo]2]a]5]10]5]¢
Muthtignt T L

[ofsl4afro]2]s5]6]o]5]

Fig. 6 Recombination mechanism

method: twice s individuals are taken by random from
the population and the one with the best fitness is
selected. These two individuals become the parents for
a new child.

The steady-state scheme of the GA is used. It means
that the population size remains constant during the
execution of the algorithm. One child is obtained
from two parents. To obtain a child, reproduction op-
erator is used consisting of crossover and mutation
procedures.

In used crossover procedure, each child’s gene in-
herits the value of the corresponding gene either from
parent p; (with probability P.) or from parent p, (with
probability 1 — P.). The mutation procedure selects at
random two child’s genes and increases (with probabil-
ity P,,) or decreases (with probability 1 — P,,) by one
the value of each gene between them. The recombina-
tion mechanism is shown in Fig. 6. The general scheme
is presented by Algorithm 1.

If the fitness value of the worst individual in the
population is greater than the fitness value of a new
child ¢, then the child replaces it. Each time the number
of iterations during which the current best solution
is not improved reaches the given limit, a new initial
population is generated.

Algorithm 1: Steady-state scheme of the GA

repeat

Ini'mp —0

Generate a new population

repeat
Select two parents p; and p2 from the population
by the s-tournament method
Produce an offspring ¢ by applying mutation and
crossover to p; and p2
Choose the worst individual in the population
and replace it by ¢

until Inimp > Inimp_m,am

Improvement phase

until Tiot > Tinax

The same improvement phase as in Section 3.4 is
applied to the best solution of each created population.
This continues during the available execution time. The
best found solution is returned as the final output. The
main advantage of the presented approach lies in an
easy recombination mechanism which does not require
the verification of numerous constraints of the studied
problem for each new individual.

In the next section, the two presented approaches are
compared among them and other known methods for
the studied problem.
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5 Experimental results

In this section, the presented metaheuristic methods
GRASP with PR (GBL-GR) and the genetic algorithm
(GBL-GA) based on GBL heuristic are compared with
the following heuristic and exact methods:

— the exact graph-based shortest path method [6],
denoted by SP;

— CPLEX 11.1 MIP-solver applied to the prob-
lem with default solver settings, denoted by
CPLEX [10].

—  MIP-based GRASP (MIP-GR) and genetic algo-
rithm (MIP-GA) presented in [3].

These methods are evaluated on two datasets. The
first one is taken from [10]. It consists of five series of
50 benchmark problems. The second one contains two
series with instances close to real industrial problems.
These instances were generated taking into account
real-life data of typical shapes of the parts manufac-
tured in machining lines equipped with unit-built ma-
chines. Due to this, they represent relatively well real
cases. The input data of the tests in GAMS format can
be found at http://www.math.nsc.ru/AP/benchmarks/
english.html.

The tests were carried out on Pentium-1V (3 GHz,
2.5 GB RAM). The algorithms are coded in C++. Both
GBL-GA and MIP-GA were tested with the tourna-
ment size s = 5. The population size and the size of the
elite set was equal to 20 for all problems.

In the presentation of the obtained results, the fol-
lowing notations are used: OS is the precedence con-
straints density, measured by the order strength of
the transitive closure of graph G, NS is the number
of instances for which feasible solutions were found;
NO and NB are the number of instances where the
optimal and the best-known solutions were obtained,
respectively; Amax, Aay are respectively the percent-
age of maximal and average deviation of the cost of
solutions from the optimal or the best-known ones;

Table 1 Results for series S3, |N| = 50, OS = 90%, my = 10
SP CPLEX GBL-GR MIP-GR GBL-GA MIP-GA

NS 50 50 50 50 50 50
NO 50 50 50 49 50 49
Amax 0 0 0 2 0 1.72
Aww 0 0 0 0.04 0 0.03
Tmax  0.09 4634 300 300 300 300
Tae 004 411 300 300 300 300
Tmin 002 01 300 300 300 300

Table 2 Results for series S4, |N| = 50, OS =45%, my = 15
SP CPLEX GBL-GR MIP-GR GBL-GA MIP-GA

NS 14 20 50 50 50 50
NB 14 13 44 46 41 48
Amax — - 323 13.15 6.45 27
Aay  — - 035 0.46 0.59 0.11
Tmax 1,800 1,800 300 300 300 300
Tae 1406 1519 300 300 300 300
Tmin 129 315 300 300 300 300

Tmaxs Tav, Tmin are the maximal, average and minimal
running times. 7}, is the average time till the final
solution was found. Symbol “-~” stands for unavail-
able data. The best result for a series is emphasized
in bold.

5.1 Benchmark problem instances

The results for two first series S1-S2 from [10] are
not presented here, since all tested methods found
easily 100% of optimal solutions. For series S3-S5, the
following input data are used: C, = 10, C; = 2, b=
™ = 0, ny = 4. For solving the medium size problems
of series S3 and S4, the available time was limited by
1,800 s for the exact methods and by 300 s for the
heuristics. The results for series S3 and S4 are reported
in Tables 1 and 2.

For series S3, the shortest path method was the best
one both in terms of the computation time and the
quality of provided solutions. CPLEX also found the
optimal solutions in all cases GBL-based metaheuristics
reached the global optimum for each tested instance
and are slightly better than MIP-based metaheuristics.

For series S4, the exact algorithms found feasible
solutions in less than a half of the cases and there
is no significant difference between them in terms of
CPU times. Given the running time six times shorter,
the heuristics were able to find feasible solutions in
all cases. MIP-GA found the maximal number of best
solutions, only two times another method provided a
better solution. This result shows that metaheuristic
methods are preferable for getting good solutions in

Table 3 Results for series S5, |N| = 100, OS = 25%, my = 15

GBL-GR MIP-GR GBL-GA MIP-GA
NB 10 37 5 36
Amax 33.33 30.77 33.33 12.82
Aav 4.63 1.63 5.01 1.46
T, 165.52 93.4 128.71 102.9
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Table 4 Problem instances of series S6

Number IN| OS (%) my EP (%) E™ (%) ™ (%) GBL-GR MIP-GR GBL-GA MIP-GA
1 68 43.6 34 41.3 322 0.83 26.5 28 26.5 28
2 71 51 35 41.4 30.1 0.56 30.5 32 30.5 32
3 78 38.7 39 46.6 342 0.47 46.5 47.5 46.5 47.5
4 71 53 35 45.4 27.9 1.65 25.5 27 25.5 27
5 72 42.1 36 36.2 39.8 0.31 34.5 35.5 34.5 34.5
6 74 49.8 37 46.9 26.1 0.81 36.5 38.5 37 38.5
7 71 49.7 35 40.2 31.9 0.85 27 28 27 27.5
8 75 47.1 37 38.6 32.8 0.65 25 26.5 25 26
9 75 49.5 37 39.6 36.4 0.22 40.5 44 41.5 42
10 76 41.1 38 442 324 1.12 35 38 35 37.5
11 81 42.8 40 48.4 28.3 0.19 455 47 455 45.5
12 92 46.5 46 42.7 28.7 0.74 44 45 43 45.5
13 71 52.7 35 45.5 31.6 0.56 38 38.5 37 38
14 65 42.8 32 50.1 27.6 0.63 37.5 39 37.5 39
15 46 40 23 44.9 29.2 0.39 29 29 29 29
16 74 42 37 40.3 33.8 0.22 42 44 42 43.5
17 74 45.8 37 38.5 423 0.15 42 45 42.5 45
18 70 38.6 35 41 37.6 0 43 44.5 43 44
19 69 44.5 34 40 32.7 1.15 30.5 32.5 30.5 31.5
20 64 38.9 32 38.2 38.8 0.89 22 22 21.5 22

short time in the case of a low constraints density for
the medium size problems.

The results for series S5 are reported in Table 3. The
available time was limited by 5,400 s (1.5 h) for the
exact methods and by 600 s for the heuristics. Both of
exact algorithms found less than ten solutions, this is
why their results are excluded from the table. For this

Table 5 Problem instances of series S7

series, MIP-GR and MIP-GA demonstrated a rather
similar behavior and it is difficult to choose the best
one, while other metaheuristics are definitely inferior
even if they found better solutions for several instances.
It can be explained by the fact that the shortest path
method that they use in the local search is relatively
slow if the density of constraints is low [10]. Thus,

Number  |[N| OS(%) my E°(%) E™(%) I"(%) GBL-GR MIP-GR GBL-GA  MIP-GA
1 99 413 49 456 325 0.56 405 41 405 40.5
2 11 457 55 435 36.5 0.16 66 68 66 67
3 94 443 47 401 38 0.43 485 50.5 485 50
4 122 438 61 39 345 0.24 585 60 585 585
5 105 478 2 351 425 0.18 495 52 495 50.5
6 97 459 48 457 346 032 495 51 50 50.5
7 101 369 50 419 31 0.44 435 455 435 445
8 87 329 43 381 36.5 0.32 45 47 45 46
9 110 403 55 397 34.6 0.8 355 355 35.5 355
10 113 459 s6 44 36 0.22 65 66.5 65.5 66
11 113 395 56 394 375 0.49 36 385 355 38
12 96 495 48 398 314 0.64 34 37 34 36
13 116 473 8 35 40.6 039 49 50 49 50.5
14 121 447 60 372 322 034 46 49 46 475
15 1 397 55 393 329 0.74 37 40 37 38
16 98 358 49 467 337 0.19 455 46 455 455
17 114 482 57 374 376 0.56 495 50 495 50
18 99 44 49 383 34.1 0.45 385 40 38.5 395
19 119 445 59 372 385 0.58 42 435 415 43
20 127 407 63 504 28.1 0.4 64 64.5 64 64.5
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Table 6 Results for series S6

GBL-GR  MIP-GR  GBL-GA  MIP-GA
NB 17 1 17 3

Amax 27 8.64 247 7.14
Aay 0.37 471 0.25 3.6
T, 41025 360.4 429.81 423.57

MIP-based metaheuristics can be clearly recommended
for solving large-scale problems with a low density of
constraints.

5.2 Industrial problem instances

Series S6-S7 contain 40 instances where operations are
given by parameters A;, s; and not by their times like in
S3-S5.Here,C; =1,C, =0.5,t° = 0.2, t™ = 0.4, n9 =
4. Tables 4 and 5 present the generated instances and
the solutions provided for them by the tested meth-
ods. Tables 6 and 7 summarize the obtained results.
The exact methods were able to solve within 5,400 s
only several instances from these datasets, so their per-
formances are not displayed. The computational time
given to the heuristics was 900 s for S6 and 3,000 s
for S7.

The results in Tables 6 and 7 show that GBL-
based metaheuristics are definitely more attractive
for solving industrial case problems. For the two last
datasets containing instances close to real industrial
problems, GBL-GR and GBL-GA provided the best-
known solution for all tested instances and outper-
formed all other tested methods. These approaches can
be recommended for solving more complex instances
where operations are given by machining parameters
)\.]‘, Sj.

The obtained results demonstrate that all evaluated
metaheuristics can provide good solutions (see Fig. 7).
However, they should be applied in different cases.
MIP-based metaheuristics (for example, MIP-GA) can
be recommended for solving medium- and large-scale
problems with a low level of constraints. On the other
hand, the instances where operations are given by
machining parameters must be solved by GBL-based
metaheuristics (for example, GBL-GA) to get better
solutions.

Table 7 Results for series S7

GBL-GR MIP-GR GBL-GA MIP-GA
NB 18 1 18 4
Amax 1.41 8.82 1.01 7.04
Aav 0.13 38 0.09 223
T, 1,213.4 1,603 1,155.47 1,323.5
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GBL-GR MIP-GR GBL-GA MIP-GA

Fig. 7 Number of found best solutions per method

6 Conclusion

The problem studied in this article appears at the pre-
liminary design stage of machining lines with unit-built
machines. This problem consists in assigning a given
set of operations to machines and spindle heads with
the goal to reduce the number of equipment required
for executing all operations under known technological
and economical constraints.

This problem is NP-hard and powerful metaheuristic
methods were needed for solving industrial size prob-
lems. In this paper, two new metaheuristic approaches
have been presented and compared: one of them are
based on GRASP and another one uses GA principles.
Both methods (GBL-GR and GBL-GA) employ GBL
heuristic for constructing initial feasible solutions and
a local search phase with problem decomposition and
solving subproblems by the shortest path method.

The performances of these metaheuristics have been
compared with other existing methods on a dataset
of academic benchmark problems and a dataset of
industrial size instances. The obtained results indicate
that the method to be used should be chosen in func-
tion of the parameters of a problem to solve. Large-
scale problems with a low level of constraints should
be solved by MIP-based metaheuristics (for example,
MIP-GA). The use of GBL-based metaheuristics (for
example, GBL-GA) gives more advantages in solving
the instances where operations are given by machining
parameters and/or the level of exclusion constraints
among operations is rather high.

The future research should provide efficient algo-
rithms for calculating lower bound for the considered
problem. Actually, it is not a simple issue since the
value of the objective function depends on the number
of blocks opened at each machine, and this implies solv-
ing jointly a graph coloration and a line balancing prob-
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lem. Another perspective is considering the stability of
solutions provided by metaheuristics. Such an analysis
may help designers to choose a more stable (under
small changes in the input data) solution from a set of
configurations provided by the used solution method.

Appendix A: Self-adjusting parameter «

Formulae (3), (4) use parameter « which controls the
random part in the selection of an operation to be
assigned. In the suggested algorithm, a mechanism of
self-adjusting is applied. Instead of being chosen from
a uniform distribution, the value of « is chosen from a
discrete predefined set «Set. The probability of select-
ing a value of « is pr,. When the algorithm starts, all
pr,, are identical:

1
ro = —— Va € aSet.
Pla=1oSet]” "4 ¢

Every I, iterations these probabilities are recalculated
in order to favor the values of « that produce good
feasible solutions. Let C(S) be the cost of a feasible
solution §. To measure the impact of a value of o on
the quality of obtained solutions, the following data
are used:

e the set of solutions obtained with a fixed value of «,
denoted as S,;

e the set of all known solutions, denoted as S;
the average solution cost obtained with a fixed
value of «, denoted as av{C(S) | S € S, };

e the best-known solution cost, denoted as
Cmin = min{ C(S) | Se S}>

e the worst-known solution cost, denoted as
Chax =max{C(S)| S € S}.

At first, values val, are calculated for all « € aSet:

Val _ Cmax - aV{ C(S) | S € Sa} 7
o Cmax - Cmin '

where o is a control parameter which is used to reduce
the deviation between different values of «. Using the
values of val,, probabilities pr, are calculated in the
following way:

val,

Z val, .

acaSet

Pra =

Thus, new values of probabilities pr, are increased
for such values of « that produce good feasible
solutions.
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