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ABSTRACT

In this paper, we describe and show the results of a combination
of two metaheuristics to solve an unrelated parallel machines
scheduling problem in which the setup times depend not only on
the machine and job sequence, but also on the amount of resource
assigned. This problem has been proposed recently on the
literature and since then a couple of metaheuristics have been
used to address it. The one proposed here, called GTS, consists of
two phases: initially, some solutions are generated by the GRASP
metaheuristic; subsequently, the Tabu Search (TS) is applied in
the best solution found by GRASP. The numerical experiments
show that the GTS heuristic was able to improve the results in
70% (251 out of 360) of the larger instances available in the
literature.

Categories and Subject Descriptors
[.2.8 [Computing Methodologies]: Problem Solving, Control
Methods, and Search — Heuristic methods, Scheduling

General Terms
Algorithms.

Keywords
Parallel machines scheduling; Metaheuristics; Combinatorial
optimization.

1. INTRODUCTION

In this work we apply metaheuristics to a special variant of the
Parallel Machine Scheduling Problem (PMSP), considering machine
setup times that depend on the amount of assigned resources,
besides the usual machine and job sequence. The problem was
proposed few years ago by Ruiz and Andrés [11] and named
resource-assignable sequence dependent setup times (RASDST).
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They also proposed a MIP model and some fast dispatching
heuristics to solve the problem. These heuristics were used by other
researches to build metaheuristics such as GRASP [5] and ILS [6] to
solve the same problem, although using a different name,
PMRSDST (parallel machine resource-assignable sequence
dependent setup times). All these papers used the 720 instances
created in [11] and available online. The instances are divided in
two sets: one contains the small instances, up to 10 jobs and 5
machines; the other contains larger instances, with all combinations
of n= {50, 75, 100} jobs, and m = {10, 15, 20} machines.

The problem is NP-Hard, as it is a generalization of other simpler
NP-Hard problems. [11] cites, for example, a particular case
where the parallel machines are identical, and there are only
sequence independent family setup times, which is already NP-
Hard [16]. As mentioned before, some heuristics have been
applied. In this paper we use GRASP and Tabu Search. When
compared to those published on the literature, the proposed
method improves the results of several of the larger instances
available in the literature. The main contributions of the paper are
the new solutions found, and the possible extensions to several
other scheduling problems.

The paper is organized as follows: in section 2 the problem is
described in detail, the used notation is given, together with a
numerical example showing the considered relationship of setup
time and assigned resources; section 3 lists some related papers;
section 4 describes the details of the proposed method; section 5
shows and discuss the experimental results and section 6 presents
some conclusions and work in progress.

2. PROBLEM STATEMENT

Using the same notation used in the paper where the problem was
first proposed [11], the problem is defined as follows. A set of n
jobs should be assigned and scheduled on m unrelated parallel
machines. Each job j = 1, ..., n has a processing time p; on each
machine i = 1, ..., m. Then, if a job j is assigned to a machine i,
once the machine 7 starts to process the job j, it spends p;; units of
time processing it, and cannot process any other job during this
time. After assigning jobs to machines, a processing sequence must
be determined. There is no precedence and no dependency
constraints regarding the order of the jobs. But between the
processing of two consecutive jobs, there is a setup time. A setup
time is a non-productive period representing the time while the
machine is being prepared (cleaning, for example) to be ready for



process the next job. This setup time is machine and job sequence
dependent, represented by S, which is the amount of setup time on
machine 7 after processing job j and before processing job k. That is,
if jobs j and k are processed sequentially on machine i, the machine
spends p;; units of time processing job j, then there is a setup time
Sjjx units, and then py units processing job k. There would be also a
setup time before job j if it is not the first one processed on machine
i and other setup time after job £ if it is not the last job on machine i.

In the resource-assignable dependent setup time, the actual value
of S; may vary between a known minimum S and a maximum
Swf, depending on the amount of resources used to carry out that
setup time. The amount of resources for each setup time is limited
in a minimum R;;” and a maximum wa. This situation is common
in real problems where setup operations in production lines are
frequent. The duration of the setup operations can be reduced or
extended according to the number of resources assigned to them.

The relation of the actual setup time and amount of resource is
assumed to be linear, as represented on Figure 1. As seen, the
minimum setup time occurs when the maximum amount of
resource is used (in the other side, the maximum setup time to
minimum amount of resource). Intermediary values can be
obtained using simple linear proportion.

T R Y¥hs
S;‘,’k 4 Riik’ Hijk

!
Rijio Sijn

C e
? Riy™s Sy

R R Ry

73 il

Figure 1. Relation between the setup time S;; and the number
of assigned resources R.

A full scheduled is obtained determining a completion time Cj; for
each job (assuming C; = 0 if job ; is not assigned to machine i),
and an amount of resource R;; for each pair of consecutives jobs
(assuming 0 if j and £ are not consecutive jobs on machine 7). The
schedule is feasible if each job is processed in one (and only one)
machine, and the completion times are consistent with the
correspondent setup times (that is, if jobs j and k are consecutive
jobs on machine 7, then Cy > C;; + Sy + pa). An optimal schedule
is a feasible schedule having the minimal possible value for

m n m n n
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i=l j=1 i=1 j=1 Elj

which means we want to minimize the total production time
(flowtime) and total number of resources assigned to setups (a
and f are constants to model the importance or cost of each unit
of production time and resource, respectively).

Figure 2 shows two different feasible (maybe not optimal)
solutions for the 4 jobs 2 machine problem instance given on
Tables 1 and 2, both assigning jobs 2 and 4 to machine 1 and jobs
1 and 3 to machine 2, but using different amount of resources.
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Figure 2. Example of feasible solution.

Table 1. Example of processing times (p;)

i1 2
7 1] 70 40
2| 50 65
3] 3 35
4] 40 80

Table 2. Example of setup times and resource amount limits

Resources (R 5 Ry

i=1 i=2
k k
J 1 2 3 4 1 2 3 4
1 - 1;4 2;5 1;5 - 4;5 2;5 3.4
2 2:4 - 2:3 2;4 1;4 - L5 2;4
3 1:4 1;5 - 35 2:2 3.4 - 2:4
4 45 3.5 1;2 - 2:5 1:4 1,5 -
Setups (S 5 Si)
i=1 i=2
k K
J 1 2 3 4 1 2 3 4
1 - 20;4 10;6 30;5 - 314 10;2 30;6
0 0 0 3 0 0
2 45;6 - 304 20;5 354 - 21;4 22;4
0 4 0 4 5 8
3 104 10;2 - 20;5 30;3 33;6 - 13;4
0 6 0 0 7 7
4 45:6 15;2 45:6 - 26;5 10;3 22;5 -
0 5 2 0 1 0




Considering o = 1 and B = 10, the solution of Figure 2a has a cost
of a(Ciy + Cig + Cyy + C3) + B(R1z4 + Ryj3) = 1(50 + 125 + 40 +
85) + 10(3 + 5) = 380 and the one of Figure 2b a cost of a(Cy, +
Ciy + Gy + Cy3) + f(R1z4 + Ryp3) = 1(50 + 110 + 40 + 95) + 10(4
+ 2) = 355. The solution of Figure 2b presents a better assignment
of the resources.

3. RELATED LITERATURE

There are several surveys on the literature about scheduling with
setup times, for example [1]. And also surveys about parallel
machines [8]. Some works use MIP — mixed integer programming
to model and solve the problem [17]. Usually MIP or other exact
methods [15] solve only instances with few jobs and machines
due to the intractability of the problems. Because of this, several
heuristics and metaheuristics are used: Simulated Annealing
[7][10], Tabu Search [2], Genetic Algorithms [12], GRASP [9]
and others [13].

Not counting technical reports, we found only three works on the
literature that consider scheduling on parallel machines with setup
times depending on the number of resource assigned. In [11] the
problem is proposed, and some methods are proposed: a MIP
model, which solves only small instances; and three construction
heuristics, based on dispatching rules. In [5] and [6] these
construction heuristics are used in metaheuristic frameworks.
They compare the results using 720 instances with different sizes.
The heuristics were not compared one to each other, but to the
construction heuristics proposed in [11]. They found better
results, as expected; both apply Local Search on solutions
generated by the constructive heuristics.

Our GRASP is different of the one proposed in [5]. It is not
reactive (the parameters are fixed during the algorithm), and we
do not use path relinking. Although these characteristics were
essential to get good results in [5], the GRASP is used here as a
part of the algorithm, we use a different local search, and also a
tabu search to refine the solutions.

4. THE PROPOSED METAHEURISTIC

Before presenting the proposed metaheuristic, we mention two
methods proposed by Ruiz and Andrés [11] which are used by our
algorithm.

The first one is the DJASA dispatching rule. DJASA stands for
Dynamic Job Assignment with Setups resource assignment. The
other dispatching rules presented by the authors sort and assign
jobs to machines according to their processing times and
average setup times. When sorting, all jobs are already assigned
to machines. DJASA do this dynamically, considering all
pending jobs and all machines on each iteration. The
construction phase of the GRASP heuristic proposed here uses
the DJASA method.

The second one is the “Optimal resource assignment”. Once the
jobs are assigned to the different machines, and the sequence
among them is established, it is possible to find the optimal
resource assignment for the setup times on each machine using
the following procedure:

For each pair of consecutive jobs j and k£ on machine i:

(1) Let & be the number of successors of & assigned to
machine i
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(ii) The number of resources Ry is assigned according to:

R, = {ng+, if Khf3 >
ijk — .
Ry, otherwise

where K is the slope of the line that relates R;; a Sy (the line of
the graphic of Figure 1). This method has complexity linear and is
provably optimal. So, once we assign jobs to machines and
sequence them, the best setup times are easily calculated, and so
the completion times. The hard task is to decide which jobs go to
each machine, and in which sequence. Instead of using
dispatching rules to do the whole work, and then re-assign the
resources using the optimal resource assignment, as done in [11],
our GRASP and Tabu Search decides the assignment and
sequence of the jobs, and the optimal resource assignment method
is used to evaluate the solution (assigning the best amount
resources). In pseudocodes of Figures 4 and 5 in the following
sections the function f{' ) applies this method (optimal resource
assignment) to evaluate a given solution.

4.1 GTS method

As already mentioned, the GTS consists of applying GRASP to
generate a set of solutions, and then Tabu Search to improve the
best solution found by GRASP. The following sections give
details of each metaheuristic.

4.2 Solutions Encoding

The solution encoding is given by a vector of size n + m -
1. There are m-1 elements (-1), dividing the vector into m parts,
one for each machine. The remaining elements denote the n jobs.
Consider an example where n =4 and m = 2. The sequence s = {2,
-1, 4, 1, 3} indicates that the machine 1 processes only the job 2
while machine 2 processes the jobs 4, 1 and 3, necessarily in that
order. The solution of Figure 2b, for example, is encoded as {2, 4,
-1, 1, 3}. To be clear, this last coded solution does not represent
both solutions of Figure 2, because when evaluating the solution
the optimal resource assignment method is used, that is, it
represents the best solution according to the objective function
among all possibilities of resource and setup times assignment
when sequencing jobs 2 and 4 on machine 1 (in that order) and
jobs 1 and 3 on machine 2 (in that order).

4.3 GRASP

The metaheuristic GRASP (Greedy Randomized Adaptive Search
Procedure) was proposed in [3] and is composed of two phases:
the Construction phase, which generates an initial solution, and
the Local Search (LS) phase, which aims to improve the solution
obtained in the previous phase. It is a multistart heuristic: on each
iteration, a new solution is generated on the Construction phase,
and then improved on the Local Search phase.

This metaheuristic receives as input the parameter A, used in the
construction phase, and the stopping criterion, which in this case
is the number of iterations. The parameter A determines the degree
of randomness in the construction of a solution. If A = 0 a greedy
solution is constructed. If A = 1 a solution is built totally random.

4.3.1 Construction phase
The construction phase of GRASP to generate a feasible solution
is performed iteratively: it starts with an empty sequence and on



each iteration one job is added to the partial sequence. To define
the job that should be added to the sequence, we define a
Candidate List (CL) which includes all the jobs not yet
sequenced. The CL is sorted in ascending order according to the
increase in the value of the objective function, due to the
inclusion of each job in the partial sequence. For this, a simulation
is done by adding each job from CL to each machine. This sorting
method is the same used in the mentioned DJASA. However, in
DJASA the first job of the CL is added to the sequence, i.e., the
selected job is the one that least increases the objective function
value. In the construction phase of GRASP, the added job is
randomly chosen among the jobs pertaining to the Restricted
Candidate List (RCL). The RCL is composed of the 0 first jobs of
the CL, where 6 = MAX (1, A x | LC |), being A the parameter of
randomness. So, the RCL contains not always one, but roughly
saying, A% of the jobs that least increases the objective function
when added to the partial sequence. At the end, the generated
solution is encoded as shown on the previous section.

A pseudocode for this phase is shown on Figure 3.

Procedure CONSTRUCTION
in: A
out: Sequence
begin
CL «— {j1, jo, - jn}
Sequence «— @
while [CL| # 0 do
sort (CL) according to DJASA rules
0 — MAX (1, A x |[CL))
pos < Random(1, 0)
Sequence < Sequence U {jyos}
CL—CL- {jpos}
end-while

return Sequence
end

Procedure LocalSearch
in:s
out: BestSolution
begin
List < {s}
while There is non-expanded solution in List do
CurrentSolution « first non-expanded solution in List
Mark CurrentSolution as expanded
fori=0toi<ntm-1do
if CurrentSolution[i] # -1 and CurrentSolution[i+1] # -1 then
Permute the entries i and i+1 of CurrentSolution
if f(CurrentSolution) < f(Worst solution in List) then
List < List — Worst solution in List
List < List U { CurrentSolution }
sort (List)
end-if
Permute the entries i and i+1 of CurrentSolution
end-if
end-for
end-while
BestSolution « best solution from List

return BestSolution
end

Figure 3. Pseudocode of the Construction phase.

4.3.2 Local Search phase

The Local Search (LS) procedure searches a better solution from
an initial solution by exploring its neighborhood, and aims to
reach a local minimum. The neighbor solutions are generated by
movements in the initial solution. The movement considered in
this LS is the permutation of two jobs processed
subsequently. The Local Search algorithm used was proposed in
[14] for another job scheduling problem. The idea is to work with
not only the best neighbor solution, but with a list containing the
size_list best solutions from the neighborhood. The procedure
starts adding the solution generated in the Construction phase to
the list. It is then marked and its neighborhood is explored. A
neighbor solution is added to the list if it is not full or if there is a
solution belonging to the list with the objective function value
worst than the solution found (in this case, the new solution
substitutes the worst). For each solution not marked on the list, it
is then checked and its neighborhood is enumerated, analogous to
the process of the initial solution. The algorithm ends when all
solutions from the list are marked. Figure 4 shows a pseudocode
of this Local Search.
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Figure 4. Pseudocode of the Local Search.

4.4 Tabu Search

The Tabu Search (TS) was proposed by Glover [4] with the aim
of exploring the solution space of a problem than a local
optimum. To do this, it uses a memory structure to store the
characteristic(s) of a move to a neighbor solution, preventing the
algorithm to return to this solution in a given number of iterations,
reducing the occurrence of cycles that undermine the progress of
the method. The TS proposed in this paper uses the movement of
insertion a job in all positions of the sequence to explore the
neighborhood of a solution.

The Tabu Search requires the definition of some of its
components, such as the movement that generates the
neighborhood, how to choose the next solution, the attribute
(characteristic) that will be stored about each solution, the rule of
prohibition, the tabu ternure (number of iterations), the aspiration
criterion and the stopping criterion. The movement that generates
the neighborhood, as previously mentioned, is the movement of
insertion. The next solution chosen is the best solution in the
neighborhood. The attributes that characterize the solution and
should be stored are the job j selected for insertion and the
machine m on which it was inserted. The rule of prohibition is the
not insertion of this job in this machine for some later
iterations. The tabu ternure is defined as follows: in every 20
iterations a new value is generated with uniform distribution
among a range dependent of the number of jobs n. These intervals
were taken as the basis on some papers of the literature. The
aspiration criterion allows certain moments in a tabu move is
executed. This function lets one choose a neighbor solution if the
value of this solution is less than the value of best solution found
so far, even performing a tabu move. The stopping criterion is the
CPU time, called time_ts, which varies according to the number
of jobs n and the number of machines m (time ts = (nm)/2
seconds, the same used in other papers [5][6]).




In this work, the procedure that performs the TS (Figure 5)
receives as input the BestSolution returned by GRASP and the
time allowed (time_ts). The method performs the Tabu Search in
this best solution and returns the best solution found in the
process.

Procedure TabuSearch
in: s, time_ts
out: s*
begin
TabuList[ ] «<— 0 // nx m positions to store the tabu ternure

s* «—s // Best solution
b* « f(s) // Best solution value
k<0

while CPU_time < time_ts do
s’ « best neighbor of s whose move m is not a tabu move
(TabuList[m] < k) or, if it is a tabu move, satisfies the aspiration
criterion (f(s”) < f(s*))
S5’
TabuList[m] « k + tabu ternure
if f(s) <b then
s*¥ s
b« f{(s)
end-if
k—k+1

Update the tabu ternure, if applicable.
end-while

return s*
end

Figure 5. Pseudocode of the Tabu Search.

S. EXPERIMENTAL RESULTS

All methods were coded using the C++ Programming Language.
The experiments were run on a Intel® Core™2 Quad 2.4GHz
machine with 2GB RAM memory.

The instances were generated by Ruiz and Andrés [11] and are
available online'. There are two set of instances, small and larger
instances. In all cases, the processing times were generated using
a uniform distribution in the range [1..99]. For the setup times two
ranges were considered: the first one with Sy in U[1, 50] and S,-jk+
in U[50, 100], and the second with Sy in U[50, 100] and S,-jk+ in
U[100, 150]. Similarly the R;; and R,-jk+ are respectively in U[1,
3] and U[3, 5] or in U[1, 5] and U[5, 10]. The set of small
instances contains all combinations of n = {6, 8, 10} jobs and m =
{3, 4, 5} machines. The larger instances contains all combinations
of n = {50, 75, 100} jobs and m = {10, 15, 20} machines. For
each combination of these parameters 10 instances were
generated, which makes a total of 720 instances, 360 from the
small set and 360 from the larger set. To calculate the objective
value we use the same values used by the other authors: o = 1 and
S = 50. The reason behind the values is that resources are usually
scarce and more expensive than one unit of flowtime.

1 Cs .
http://soa.iti.es/problem-instances
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The small instances were created to evaluate the MIP model and
study the influence of each parameter. Optimal solutions were
found for all instances with 6 and 8 jobs, using respectively 5 and
60 minutes as stopping criteria. For this set GTS algorithm found
the optimal (or the best known solution) in 328 out of 360
instances. For the remaining 32 the average gap was very low,
less than 0.2%.

For the larger instances, our method outperforms the others of the
literature. Table 3 summarizes the results for the larger instances,
comparing results of GTS with the reactive GRASP [5] and ILS
of [6]. We are not comparing to the results available online (those
of [11]) because the results of [5] and [6] are better, as expected,
as they use the construction algorithm proposed in [11] inside
their metaheuristics. The number of different instances is too big
to give details of all of them, so we group the instances with the
same parameters. The first column is the name of the instance.
Each line of Table 3 shows the average result of the 10 instances
of type I_n_m_S(S,jk';SUk+)_R(R,]-k';Rijk+). For example, the first one
is 1.50_10_S(1-50;50-100) R(1-3;3-5), indicating that the
instances of this group have 50 jobs, 10 machines, and Sj;’, S,y[,
Ry, R,-j-k+ are respectively in the ranges [1,50], [50,100], [1,3],
[3,5]. The next four columns show the average objective value of
the solutions found by the different methods. Here, GTS is the
Grasp-Tabu Search here proposed, GR is the Reactive GRASP
with Path Relinking of [5], ILS is the Iterated Local Search with
Path Relinking of [6], and GR+ILS represents the best results of
the these two last methods, which are the best found in the
literature so far. Some of these results cannot be directly accessed
from those papers (because they were summarized there), but
calculated from result tables provided by one of the authors, once
requested.

The next three columns show the percentual improvement
achieved by GTS when compared to GR, ILS, and GR+ILS. The
Y%Improvement over GR is calculated by:

GTS -GR

Y%Improvement = R

The others are similar. The few cases where the %Improvement
values are positive are those where GTS could not improve, in
average, the results. Finally, the last column shows the number of
instances (out of 10 on each group) in which GTS improves the
known solution of the literature.

We used the same stop criterion as the other papers, time limit of
(nm/2) seconds. According to [5] this time limit was used because
they noted empirically that there is not significant improvement
by the method they proposed after this time. The running time is
not shown on the table of results, but can be easily calculated
using this expression. For example, the time limit for the smaller
instances in this set (50 jobs on 10 machines) is 250 seconds, and
for the biggest instances (100 jobs on 20 machines) 1,000
seconds. For the sake of fairness we used the same time limit,
although we note that the Tabu Search is still able to improve the
solution. We can use the same time limit because the GR and ILS
methods were tested on a similar machine (Intel® Core™2 Quad
2.4GHz with more RAM memory). We impose this time limit in
the following way: GRASP generates 300 solutions; as the Local
Search used is able to explore more than one search path for a
given solution, it is used only for the bests solutions generate by
GRASP; the remaining time is used by Tabu Search. Generally



the time limit is reached before Tabu Search finishes its search,
then the best solution found so far is return by the GTS method.

The other parameters of the algorithm are those of GRASP: A =
0.3 when constructing the restricted candidate list, and the size of
the list used in the Local Search is 10. The first one was setup
experimentally. For the last we are using the same proposed by
the authors of this local search [14].

Table 3. Results of GTS and other methods from the literature

Average Solution Value GTS %Improvement |# Best Sol.
Instance GTS GR ILS GR+ILS GR ILS  GR+ILS |(out of 10)
1.50_10_8(1-50;50-100)_R(1-3;3-5) 8077.0  8146.7 8172.6 81253 -0.86 -1.17 -0.59 8
1.50_10_8(1-50;50-100)_R(1-5;5-10) 10010.0 10078.1 10045.5 10024.2| -0.68 -0.35 -0.14] 5
1.50_10_8(50-100;100-150)_R(1-3;3-5) 13075.4 13205.2 13165.7 13147.0f -0.98 -0.69 -0.54] 10
1.50_10_S(50-100;100-150)_R(1-5;5-10) 14961.1 151684 15133.3 15119.2 -1.37 -1.14 -1.05] 9
1 60_15_8(1-50;50-100)_R(1-3;3-5) 5894.9 5920.5 5892.2 5888.2 -0.43 0.05 0.11] 5
1.50_15_8(1-50;50-100)_R(1-5;5-10) 6715.1 68253 67636 67613 -1.61 -0.72 -0.68 6
1.50_15_8(50-100;100-150)_R(1-3;3-5) 8998.1 9074.3 9022.8 9012.3| -0.84 -0.27 -0.16| 7
1.50_15_8(50-100;100-150)_R(1-5;5-10) 9722.0 9898.2  9826.1 9819.4] -1.78 -1.06  -0.99, 9
1 560_20_S(1-50;50-100)_R(1-3;3-5) 44811 4546.1 4502.9 44948 -1.43 -0.48 -0.30 7
1.50_20_8(1-50;50-100)_R(1-5;5-10) 47743  4817.6  4790.8  4766.2| -0.50 -0.34  0.17| 5
1.50_20_8(50-100;100-150)_R(1-3;3-5) 6548.7 6571.2 65288 65285 -0.34 030 031 4
1_50_20_S(50-100;100-150)_R(1-5:5-10) 6815.0 68724 68344  6820.1) -0.84 -0.28 -0.07 5
1.75_10_8(1-50;50-100)_R(1-3;3-5) 14632.4 147093 14668.8 14617.1] 052 -0.25 0.10] 4
1_75_10_8(1-50;50-100)_R(1-5;5-10) 19463.2 19708.4 194259 194227 -124 019 021 5
1.75_10_8(50-100;100-150)_R(1-3;3-5) 26661.7 26941.4 26780.5 26780.5| -1.04 -0.44 -0.44] 9
1.75_10_8(50-100;100-150)_R(1-5;5-10) 31633.0 32135.0 31866.0 31848.0] -1.56 -0.73  -0.68| 8
1 75_15_8(1-50;50-100)_R(1-3;3-5) 11378.5 114923 11486.7 11410.3| 099 -0.94 -0.28 7
1_75_15_8(1-50;50-100)_R(1-5;5-10) 14180.1 143969 14315.2 14294.0f -1.51 -0.94 -0.80| 8
1.75_15_8(50-100;100-150)_R(1-3;3-5) 18900.4 19137.7 190229 19022.9| -1.24 -0.64 -0.64] 9
175_15_8(50-100;100-150)_R(1-5;5-10) 22019.6  22419.4 22236.1 22228.1] -1.78 -0.97 -0.94] 9
1.75_20_S(1-50;50-100)_R(1-3;3-5) 9301.9 9395.0 9284.6 9281.8| 0.99 0.19 0.22] 3
1_75_20_8(1-50;50-100)_R(1-5;5-10) 10779.6 110557 10881.5 10869.9| -2.50 -0.94 -0.83| 7
1.75_20_8(50-100;100-150)_R(1-3;3-5) 14606.1 14867.1 14728.1 14728.1] -1.76 -0.83 -0.83| 9
1_75_20_8(50-100;100-150)_R(1-5;5-10) 16109.9 16444.1 16323.1 16303.3] -2.03 -131 -1.19| 10
1_100_10_S(1-50;50-100)_R(1-3;3-5) 220844 223535 21947.5 21947.5| -120 0.62  0.62 3
1.100_10_S(1-50;50-100)_R(1-5;5-10) 30302.7 30619.5 30378.0 30329.8 1.03 -025 -0.09 6
1.100_10_S(50-100;100-150)_R(1-3;3-5) 44359.1 44789.9 44532.6 445152 -0.96 -0.39 -0.35 8
1.100_10_S(50-100;100-150)_R(1-55-10) | 52595.4 53136.7 52657.3 52636.5 -1.02 -0.12 -0.08 5
1_100_15_8(1-50;50-100)_R(1-3;3-5) 17488.1 177064 17521.4 174853 -1.23 -0.19  0.02| 7
1.100_15_8(1-50;50-100)_R(1-5;5-10) 23154.2 23626.2 23243.0 23243.0f -2.00 -0.38 -0.38 5
1.100_15_S(50-100;100-150)_R(1-3;3-5) 31569.7 32052.8 31793.4 31785.8] -1.51 -0.70 -0.68| 8
1.100_15_S(50-100;100-150)_R(1-55-10) | 37402.7 38167.7 378957 37884.5 -2.00 -1.30 -1.27 10
1_100_20_8(1-50;50-100)_R(1-3;3-5) 14753.0 14990.8 14858.2 148516 -159 -0.71 -0.66 9
1.100_20_(1-50;50-100)_R(1-5;5-10) 18632.9 18933.1 18689.5 18687.5 -1.59 -0.30 -0.29|
1.100_20_S(50-100;100-150)_R(1-3;3-5) 24892.2 25253.6 25033.5 25018.3] -1.43 -0.56 -0.50| 7
1.100_20_S(50-100;100-150)_R(1-5;5-10) | 28876.2 29490.2 29206.0 29183.0 -2.08 -1.13 -1.05 10
Average| 18218.0 18470.7 18318.2 18302.3| -1.30 -0.53 -0.41] 6.97

Note that GTS improves the results for most instances, even when
comparing simultaneously to both GR and ILS methods. In some
cases, GTS does not improve the average results when compared
to GR+ILS, but improve the results when compared to each
method separately. See, for example I 50 20 S(1-50;50-
100) R(1-5;5-10), for which the results are 4774 for GTS, 4817
for GR and 4790 for ILS. Remember that the GR+ILS is not a
unique method, and if it was, the results would not be the same
because each one would have only half of the time limit. The
column is in the table to compare the performance of GTS to the
best results of the literature, not to compare methods.

There is improvement even in those sets for which the average
results were worse. For example, for the I 100 15 S(1-50;50-
100) R(1-3;3-5), i.e., the first set with 100 jobs and 15 machines,
although the average of the best results of GR and ILS were better
than the results of GTS, GTS improve 7 out of 10 instances of this
set.

We cannot state that there is a significant relation between the
types of instances (i.e., the values of n, m, Sy, Sj'» R’ Rix)
and the performance of the GTS method, compared to the other
methods, but it seems that it performs better for higher values of
Syt Sy > Ry Rii'» as most of the cases where GTS improve all
10 instances of the set are those with higher setup times and
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resource limits (last line of each group), and most of the cases
where GR+ILS has better average results are those with small
setup times and resource values (first line of each group).

Adding up all the results, the GTS method improves the known
results for 251 out of 360 of the larger instances tested, which
represents 69,7% of the set. This may be partially explained by
the use of two metaheuristics, because our tests with tabu search
starting with random solutions was not very encouraging.

6. CONCLUSIONS

In this paper we use sequentially GRASP and Tabu Search to
solve an unrelated parallel machines scheduling problem. Besides
the usual machine and job sequence, the setup times depend also
on the amount of resource used, which should be minimized
together with the flowtime. The problem was proposed in 2007
and since then some papers on the literature address the problem,
using different metaheuristics. We compare our method to the
best results found in the literature, some obtained by a Reactive
GRASP metaheuristic, and some by an Iterated Local Search
method. The method outperforms those methods, and found better
solutions for 70% of the larger instances available using the same
computational time. For the remaining 30%, the average
percentual solution value difference was only 0.2%.

Besides that the algorithm can easily be parallelized: the solutions
generated by GRASP are independent of each other; the Tabu
Search can start with different solutions in parallel independently.
We already tested this simple way of parallelism and get some
new improvements. But this is like running the same algorithm
several times. We are now working in a parallel algorithm where
the threads communicate to each other, to run cooperatively and
not independently. Not only to the same problem described here,
but also to a related problem (not resource-assignable dependent),
to which the GTS here proposed also improved the results of the
literature.
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