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Abstract

In this paper we use genetic algorithms (GA) to deal with the Resource-
Constrained Project Scheduling Problem (RC'PSP). We introduce a prior-
ity value encoding (representation) to implement the GA for RCPSP. First,
we follow up the approach of Alcaraz and Maroto [1] to introduce an addi-
tional component in the encoding to indicate the scheduling mode (forward
or backward) used to generate the corresponding schedule. Furthermore, the
numerical results indicate that our methods is slightly better as far as so-
lution quality is concerned and requires smaller solution time than the GA
method proposed by Alcaraz and Maroto in [1] where an activity list encoding
is used.

Key words: genetic algorithm, resource-constrained project scheduling,
metaheuristic.

1 Introduction

The Resource-Constrained Project Scheduling Problem (RCPSP) is a clas-
sical well-known problem where the activities of a project must be scheduled
to minimize its makespan [7, 17, 22]. Several authors have suggested different
methods to solve this problem. They can be classified into three categories.
The exact methods [8, 9, 11, 26, 27| generate optimal solutions for small
size problems (up to 60 activities). The heuristic procedures are the alter-
native to deal with larger problems [3, 12, 20, 21, 24]. These methods are
serial or parallel schedule generation schemes. The third category includes
metaheuristic methods like Tabu search [2, 28], simulated annealing [4, 5, 6],
and genetic algorithm [1, 14, 19]. Recent numerical comparisons of these
methods [1, 5, 15, 22] indicate that the three most efficient procedures are
(in order) the genetic algorithms of Alcaraz and Maroto [1], the simulated
annealing method of Bouleimen and Lecocq [5, 6], and the genetic algorithm
of Hartman [14].

To improve Hartman genetic algorithm [14] using an activity list encoding
(representation) of the solution, Alcaraz and Maroto [1] introduce an addi-
tional component in the encoding to indicate the scheduling mode (forward
or backward) used to generate the corresponding schedule. The numerical
results in [1] show the advantage of including the scheduling mode in the
encoding. In this paper, to follow up this approach we present genetic algo-



rithms using priority value encoding with scheduling mode. The numerical
results indicate that the variant using an encoding with scheduling mode gen-
erates better solutions than the variant where the encoding does not include
the scheduling mode. Furthermore, the results indicate that our genetic al-
gorithm is slightly better as far as solution quality is concerned and requires
smaller solution time than the method proposed by Alcaraz and Maroto[1].

In Sections 2 and 3 we briefly summarize the descriptions of the RCPSP
and of the genetic algorithm (GA) [10, 13, 18], respectively. In Section 4
we specify the operators (selection, crossover, and mutation) and the culling
strategy (used to generate the new current population) that we use to imple-
ment the activity list or permutation based GAs. Then Section 5 includes
the modifications required to implement the GAs using activity list encod-
ing with scheduling mode. Similarly we introduce the operators and their
adapted versions for the priority value based G As and their variants using pri-
ority value encoding with scheduling mode in Sections 6 and 7, respectively.
Section 8 includes the numerical results and their analysis. Concluding re-
marks are included in Section 9.

2 Problem description

In a Resource-Constrained Project Scheduling Problem (RCPSP), we con-
sider a project including n activities j = 1,2,...,n to be scheduled under
resource and precedence constraints. The time required to complete an ac-
tivity j is specified in terms of an integer number d; of periods. It is also
assumed that once initiated, any activity is completed without interruption.

On the one hand, the precedence constraints are induced by technological
requirements to impose that any activity j must be scheduled for execution
after the completion of all its immediate predecessors included in a set P;.
On the other hand, each activity j requires rj, units of resource k, k =
1,2,..., K, during each period of its execution. Hence resource constraints
are specified to limit the number of units of each resource k£ used in each
period ¢ to the number Ay of units available.

The problem is to determine a starting period for each activity in order
to minimize the total duration (makespan) of the project while satisfying
the precedence and resource constraints. Note that referring to Herroelen
et al. classification in [16], this problem is denoted as m/1/cpm/Ciax, and
referring Brucker et al. notation in [7], as PS/prec/Ciax.



3 Genetic algorithm (GA) for RCPSP

Genetic algorithms (G A) [10, 13, 18] are population based techniques where
an evolutionary mechanism that mimics a biological mechanism based on
selection and natural evolution principles, is used to transform a population
(set) of solutions from one iteration (generation) to the next in order to
lead the search into promising regions of the feasible domain. An initial
population G of m solutions is generated, and at each iteration, the size
of the population remains the same. At each iteration three operators are
applied to generate a set of new offspring solutions : a selection operator, a
crossover operator, and a mutation operator.

The selection operator is used to select an even number of (parent) solu-
tions from the current population. Each parent-solution is selected according
to some strategy. The parent-solutions are paired, and a crossover operator
is applied with some probability p...ss to each paire of parent-solutions to
generate new feasible offspring-solutions inheriting interesting components
contained in the parent-solutions. Then, a mutation operator is applied to
modify the components of each offspring-solution with a small probability
Pmut- The purpose of using such an operator is to promote diversity in the
current population of solutions. Finally, a culling strategy is used to de-
termine a new population by selecting among the parent-solutions and the
offspring-solutions. The procedure is repeated until some stopping criterion
is reached.

Now an essential feature of this solution approach is the encoding or repre-
sentation of phenotype solutions into genotype vectors to which the different
operators are applied. Several different encodings exist for the RC' PSP, but
we limit our presentation to the activity list (permutation-based) encoding
given in Hartmann [14] and Alcaraz and Maroto [1], and to a priority value
encoding quite similar to the priority value based encoding in Hartmann
[14]. We also consider the corresponding encoding with scheduling mode as
introduced by Alcaraz and Maroto [1] for the activity list encoding .

4 Activity list or permutation based GA

Our presentation borrows heavily form [1]. In this first encoding, each indi-
vidual in the population (genotype) is represented as a vector

[j1>j2a s 7]71]
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Figure 1: Project example having 8 activities.

corresponding to a permutation of the activities of the project. This permuta-
tion satisfies the precedence constraints; i.e. for any index j;, 1 = 2,3,...,n,

Pji - {j17j27 s 7ji—1}-

Each genotype vector is decoded into a unique phenotype schedule according
to the following serial scheduling scheme. Activity j; is scheduled to start at
time 0 (i.e. in the first period). Activity j; is the i activity scheduled as
early as possible after its predecessors according to the ressources available.

To illustrate the serial scheduling scheme, consider the example illustrated
in Figure 1 taken from [1] where the project includes 8 activities requiring
one type of resource. Assume that A;; = 8 units of resource are available in
each period t. With each activity-node j, we associate the pair (d;, r;1). The
genotype individual

[1,2,3,4,5,6,7,8]

translates into the unique feasible (phenotype) schedule illustrated in figure
2. It is interesting to note that the schedule in figure 2 corresponds also to
the genotype individual

2,1,4,3,5,7,6,8]

In [1] the genotype individuals in the initial population are generated
randomly as follows. Starting with an empty vector, the next activity is



Figure 2: Schedule with makespan of 14.

selected among those having all their predecessors already included in the
vector according to a probability biased by the LFT rule.

Alcaraz and Maroto compare several selection operators [1], and the nu-
merical results indicate that the best one is the 2-tournament operator where
each parent solution is selected according to the following mechanism : two
individual solutions are selected randomly from the current population, and
the best fitted is selected as a parent-solution.

In this paper we compare numerically two different GAs variants using
the one-point and the two-points crossover operators, respectively. The best
results in [1] are obtained using these crossover operators. To specify these
operators, denote the parent-solutions by PS!' and PS?, and the offspring
solution by OS! and OS*:

PSt. [ps%,ps%,...,ps}l]
PS?: [psi,pss, ..., ps).

In the one-point crossover operator, an integer number ¢ is selected ran-
domly in the set {1,2,...,n—1}. Then the first ¢ components of os' are the
corresponding components of ps' (i.e., 0sj = psj, j = 1,2,...,q). The rest
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of the activities OS; 15 03}1 49, --,0s, are selected in the order in which they
appear in the second parent-solution PS?; i.e., for j =q+1,q+2,...,n,

03} = ps; where k is the smallest index such that
pSi ¢ {OS%, 08%7 ce ’OS}—I}'

The second offspring-solution O.S? is determined by interchanging the roles
of PS! and PS2.

In the two-points crossover operator, two integer numbers ¢; < ¢y are
selected randomly in the set {1,2,...,n}. Then the first ¢; components of
OS* are the corresponding ones of PS' (ie., osj = psj, j = 1,2,...,q1).
The components q; + 1,91 + 2, ..., ¢o are selected in the order in which they
appear in the second-parent solution PS?; i.e. for j =q; +1,q1 +2,..., ¢,

1

0s; = ps: where k is the smallest index such that
Psz ¢ {05%7 05%7 ce 703}71}'
Finally, the last components ¢3 + 1, g2 + 2, ..., n, are selected in the order in

which they appear in the first-parent solution PS'; i.e. for j = ¢ +1,¢s +
2,...,n,

1

;= ps;, where k is the smallest index such that

psllc ¢ {05%5 05%7 s 703}—1}'

oS

The second offspring-solution 0.S? is determined by interchanging the roles
of PS! and PS?.

For each pair of parent-solutions, the crossover operator is applied with
a probability per.ss. If the operator is not applied, then the parent-solutions
become their own offspring-solutions.

The mutation operator inducing the best results in [1] is an adaptation of
Boctor’s procedure [4] to generate neighbor solutions. Consider each activity
sequentially. Determine randomly a new position in the genotype vector such
that the precedence constraints are satisfied. Then the activity is moved to
this new position with a probability p,.¢.

Finally, the culling strategy is to replace the current population by the
set of offspring-solutions to generate the new current population.



5 Activity list encoding with scheduling mode

In [1] Alcaraz and Maroto propose a variant of the activity list encoding
where an additional component (n + 1) of the vector is used to indicate the
scheduling mode forward or backward (f/b) used to decode the genotype
vector into a (phenotype) schedule. The forward scheduling mode f is the
serial scheduling scheme described before. The backward mode b is also a
serial scheduling scheme where the last activity j, is first scheduled. Activity
Jn—it1 is the ith activity scheduled as late as possible before its successors
according to the of resources available.

The initial population is generated as before. To determine the scheduling
mode f/b of each individual, we evaluate the makespans of the two schedules
generated using the forward and the backward scheduling mode, respectively.
The most fitted schedule (i.e., the schedule with the smallest makespan)
induces the value f/b of the (n + 1)st component of the genotype vector.

The crossover operators are slightly modify to account for the scheduling
mode. In the one-point crossover operator, if the first parent-solution PS*
mode is f, then OS" is determined as before. Otherwise, if PS! mode is b,
then the last ¢ components of OS! are the corresponding components of ps!;
i.e., 0s; =psj, j=q+1,...,n). The rest of the activities os,,0s;_,,...,0s]
are selected in the order in which they appear in PS?; i.e. for j = ¢,q —
1 1

goee ey 5

03]1- = ps; where k is the largest index such that
2 1 1 1
psy € {0511,08,9,--.,08,}.

Finally, the scheduling mode of OS! is the same as PS? (i.e., 0s; 1 = ps; 4).
The second offspring-solution OS? is determined by interchanging the roles
of PS' and PS2.

In the two-points crossover, if the first parent-solution PS' mode is f,
then OS! is determined as before. Otherwise, if PS' mode is b, then the
last (n — ¢2) components of OS! are the corresponding components of ps’
(i.e., 05]1- = psjl., j=¢q+1,...,n). The components ¢; + 1,...,gs of OS*
are selected in the order in which they appear in the second parent-solution
PS% e for j=qu,q¢—1,...,q +1,

03]1- = ps: where k is the largest index such that

psi ¢ {OS}H, 05;+2, ...,08.}.



The first ¢; components of OS? are selected in the order in which they appear
in PSY;ie. for j=q,...,1

03]1- = ps;, where k is the largest index such that
1 1 1 1
PSk ¢ {OSj+17 08j+27 ce 708n}’

Finally, the scheduling mode of OS" is the same as PS! (i.e., 0s} ; = ps} ;).
The second offspring solution OS? is determined by interchanging the roles
of PS' and PS2.

The same Boctor’s type mutation operator (applied to the first n compo-
nents) and the same culling strategy are used in these G As.

6 Priority value based GA

The priority value encoding presented in this section is quite similar to the
one used in Hartmann [14] except that the values associated with the activi-
ties in the genotype vector are integer values in the set {0,1,...,n—1}. The
smaller is the value associated with an activity, the higher is the priority to
schedule it.

The genotype vector is decoded into a phenotype schedule according to
the following serial scheduling where the activities are scheduled sequentially.
Each time a new activity is scheduled, it is selected as one with the highest
priority (i.e., with the smallest component in the genotype vector) among
those having all their predecessors already scheduled. This activity is sched-
uled as early as possible after all its predecessors according to the ressources
available. Referring to the example illustrated in figure 1, the genotype in-
dividual

0,1,2,3,4,5,6,7]

translates into the same (phenotype) schedule illustrated in figure 2. Note
also that this schedule corresponds also to the genotype individual

[1,0,3,2,4,6,5,7).

The first individual in the initial population is generated according to the
LF'T rule where the component of the activity having the largest latest fin-
ishing time is equal to (n—1). The other individuals are generated randomly
by assigning a random integer in {0,1,...,n — 1} to each component of the



genotype vector. Thus it is possible for more than one activity to have the
same value in the vector.

In our implementation we use the following pseudo-elitist selection oper-
ator. Each parent-solution is selected randomly in a subset of the current
population obtained by eliminating the 25% less fitted solutions and the 25%
best fitted solutions; i.e., this subset includes 50% of the current population
including the (so called) average best fitted solutions. Furthermore, in each
pair of parent-solutions, they are selected to be different.

An advantage of this encoding is to allow using the standard crossover
operators. In this paper, we compare the variants using the one-point and
the uniform crossover operators, respectively. For the sake of completeness,
recall that in the one-point crossover operator an integer number ¢ is selected
randomly in the set {1,2,...,n — 1}. Then the first offspring-solution OS*
inherits its first ¢ components from parent-solution PS! and the rest of its
components from parent-solution PS?; i.e.

1 {ps; j:1727"'7q

0s; =
J ps? j=q+1...,n.

The second offspring-solution is determined by interchanging the roles of PS?!
and PS2.

To implement the uniform crossover operator, we use a vector vb of di-
mension n where the value of each component is selected randomly to be 0
or 1. The first offspring OS" is generated as follows : for each j = 1,2...,n

05! — psz ?f vb; =0
ps; it wb; =1.

The second offspring-solution 0.S? is determined by interchanging the roles
of PS! and PS?.

For each pair of parent-solutions, the crossover operator is also applied
with a probability p...ss, and the parent-solutions are their own offspring-
solutions if the operator is not applied.

We use the following mutation operator. For each offspring-solutions, the
operator is applied with probability p,.... To apply the operator, we first
select randomly an element o« € {0,1,...,n — 1}. Then select randomly a
component of the offspring-solution vector that has a value different from «,
and replace it by a. Now, in the case where all components of the offspring
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solution vector have a value equal to «, then select randomly a component to
be modified to the value a+1, if @ < n—1, or to the value a — 1, otherwise.

Finally the culling strategy uses a 2-tournament selection operator to
generate the new current population. Each individual of the new current
population is selected as follows : two solutions are selected randomly in
the set including those in the current population and the offspring-solutions
(i.e., the set includes 2n solutions), and the best fitted is included in the new
current population.

7 Priority value encoding with scheduling
mode

For the priority value encoding we can also apply the approach proposed by
Alcaraz and Moroto in [1] and summarized in Section 5 where an (n+ 1) ad-
ditional component of the genotype vector is used to indicate the scheduling
mode forward or backward (f/b) used to decode it. The forward scheduling
mode f is the serial scheduling scheme introduced above. The scheduling
scheme is modified as follows in the backward mode b: each time a new
activity is scheduled, it is selected as one having the lowest priority among
those having all their successors already scheduled. This activity is scheduled
as late as possible before its successors according to the resources available.

The initial population is generated as before, and the scheduling mode of
each solution is selected according to the fitness of the schedules generated.

The crossover operators (one-point and uniform) remain un changed. The
scheduling mode of OS is the one of PS* (i.e., 0s},,, = ps;,,4) if the number
of components that it inherits from PS?! is larger or equal to the number of
components that it inherits from PS? The scheduling mode of OS? is the
complementary one of OS* (i.e., 0s2,, = b(f) if 0s; ., = f(b)).

Finally, the same mutation operator and the same culling strategy are
used in the corresponding G As.

8 Numerical results

The numerical experimentation completed by Alcaraz and Maroto in [1] in-
dicates that their G As using the activity list encoding with scheduling mode
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are the most efficient metaheuristic procedures when compared with simu-
lated annealing [6], tabu search [2], adaptive sampling [21, 29] and other G As
[14, 25]. In this section we want to complete a similar experimentation to
compare the GG As using priority value encoding with the G As of Alcaraz and
Moroto.

Like Alcaraz and Moroto in [1], we are using the standard instances J30,
J60 and J120 generated with the problem generator developed by Kolisch
et al. [23] that are available in the Project Scheduling Problem LIBrary
PSPLIB (http:www.bwl.uni-kiel.de/Prod/psplib/). Each set J30 and J60
includes 480 instances, and the set J120 includes 620 instances. For instances
in J30, the optimal values are known. For the instances in JJ60 and J120, best
known upper bounds (best known solutions) are available. Furthermore, the
numerical results are obtained using a Pentium IBM-compatible computer
598MHz, 128Mb Ram running under Windows XP.

Five different G As are compared numerically. The first GA denoted C'F'A
uses the priority value encoding (without scheduling mode) and the one-
point crossover operator as described in Section 6. The other four GAs use
encoding with scheduling mode. AM1 et AM2 denote the GAs proposed
by Alcaraz and Moroto [1] as described in Section 5. They both use the
activity list encoding with scheduling mode, and the one-point and two-points
crossover operator, respectively. Finally, the last two methods denoted C'F A1l
and CF AU are the methods introduced in Section 7 using the priority value
encoding with scheduling mode, and the one-point and the uniform crossover
operator, respectively. All these method are coded in Java.

In designing our numerical experimentation, we take advantage of the
numerical results obtained by Alcaraz and Moroto [1] to fixe most of the
parameters. Hence, as in [1] we use the two stopping rules allowing a small
number of 20 iterations and an intermediate number of 50 iterations, respec-
tively. But we also consider a third stopping rule allowing for a larger number
of 100 iterations. Note that in [1] the first two stopping rules are specified in
terms of number of schedules generated, but they are quite equivalent accord-
ing to the population sizes m used. The parameters used are summarized in
Table 1. The same parameters are used for the five methods compared.
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In our experimentation, each instance is solved 20 times using the same
initial population of solutions for each of the 20 runs, and we denote

Bwal : the value of the best solution generated
Awal : the average value of the 20 solutions generated
W wal : the value of the worst solution generated.

Using these values, we compare the 5 methods according to the following
three global criteria:

i) Percentage of deviation from the best solution (for problems in .J30) or
from the best known solution (for problems in J60 and in J120):

Stopping rule Population size | Prob. crossover | Prob. mutative
(number of iterations) m Deross Dt
20 50 0.8 0.05
50 100 0.8 0.01
100 200 0.9 0.01

Table 1: Parameters used.

Hence for each set of problems (J30, J60 and J120) and for each stop-
ping rule we compute

Ave Bdev(%) : the average percentage of deviation of the value
of the best solution generated (B wval) from the value of the best
or the best known solution of each problem, taken over the set of
problems.

Ave Adev(%) : the average percentage of deviation of the average
value (Awval) of the 20 solutions generated from the value of the
best or the best known solution of each problem, taken over the
set of problems.

Ave Wdev(%) : the average percentage of deviation of the value
of the worst solution generated (W val) from the value of the best
or the best known solution of each problem, taken over the set of
problems.
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ii) Number of instances where the value of the best known solution is
achieved:

For each set of problems and for each stopping rule we compute:
N By: the number of instances where the value of the best known
solution is achieved at least once among the 20 solutions generated

N Byy: the number of instances where the best known solution is
achieved for all the 20 solutions generated.

_ NB
OPTl <%) " (number of probléms in the set) 100
NB
OPTQO(%) = (number of problze?ns in the set) - 100

iii) Average solution time (C'PU):

For each set of problems and for each stopping rule we compute

Ave CPU/(sec): average solution to solve one instance of the
problem set once.

The numerical results for the different criteria are summarized in Tables
2, 3, and 4 for problems J30, J60, and J120, respectively. In these tables, a
column and a row are associated with each method and with each criterion,
respectively. Furthermore, each component of a table corresponding to a
pair (criterion, method) includes three different entries associated with the
three stopping rules where the number of iterations are 20, 50, and 100,
respectively.

Note that referring to these tables, the four most important criteria are
the following : Ave ADev(%), OPT1(%), OPT5 (%) and Ave CPU (sec). The
interest in having the two additional criteria Ave BDev(%) and Ave W Dev(%)
is to indicate the average width of the interval including the values of the so-
lutions for the different instances. As expected, for the three problems (J30,
J60, J120) we observe that the width of this interval decreases in general
with the number of iterations (stopping rule).

Let us first compare the results obtained with CF A and C'F'Al to eval-
uate the advantage of including the scheduling mode into the priority value
encoding. The results in Tables 2, 3,, and 4 clearly indicate the superiority
of the method C'F Al using scheduling mode. Now consider the results in
Table 5 obtained from those in Tables 2, 3, and 4. In this table, for the
stopping criterion with 100 iterations and for each problem set (J30, J60,
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CFA | AMI | AM2 | CFA1 | CFAU
Ave | 0.397 | 0.265 | 0.254 | 0.229 | 0.447
Bdev(%) | 0.205 | 0.122 | 0.188 | 0.101 | 0.217
0.139 | 0.073 | 0.116 | 0.060 | 0.150
Ave | 0.999 | 0.562 | 0.572 | 0.991 | 0.959
Adev(%) | 0.526 | 0.387 | 0.549 | 0.387 | 0.548
0.366 | 0.339 | 0.204 | 0.189 | 0.359
Ave | 1.811 | 0.964 | 0.953 | 2.730 | 1.573
Wdev(%) | 0.965 | 0.492 | 1.070 | 0.491 | 0.925
0.728 | 0.632 | 0.498 | 0.332 | 0.602
OPT, | 8375 |89.79 | 90.21 | 80.42 | 83.54
(%) | 90.00 | 94.38 | 89.79 | 95.21 | 89.58
92.71 | 96.25 | 94.79 | 96.88 | 92.71
OPTy | 61.46 | 76.25 | 75.42 | 62.50 | 66.25
(%) 72.71 | 82.50 | 71.04 | 82.50 | 72.92
75.83 | 78.83 | 82.50 | 86.88 | 80.42
Ave CPU | 01 | 02 | 02 | 03 0.3
(sec) 06 | 08 | 0.8 | 0.6 0.6
25 | 4 4 3 3

Table 2: Problems J30-global comparison

and J120) we indicate the percentage of improvement I Adev(%) of the av-
erage of deviation Ave Adev(%) from the value of the best known solution,
the percentage of improvement I OPT(%) in the number of problems where
the value of the best known solution is achieved, and the percentage of in-
crease in solution time IC'PU(%) when the method C'FAl is used rather
than C'F'A. The figures in Table 5 clearly indicate that the percentages of
improvement in solution quality (I Adev(%) and I OPT1(%)) increase with
the size of the problems while percentage of the increase in solution time
(ICPU(%)) decreases. These results confirm those of Alcaraz and Maroto
in [1] to indicate the advantage of using scheduling mode in encoding.
Comparing the two methods with priority value encoding with scheduling
mode CF Al and CFAU (where the one-point and the uniform crossover
operators are used, respectively), the results in Tables 2, 3, and 4 clearly
indicate the superiority of C'F'A1 over CFAU as far as solution quality is
concerned even if the average solution time is the same for both methods.
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CFA| AM1 | AM2 | CFAl1 | CFAU
Ave 1.795 | 1.187 | 0.802 | 0.799 1.958
Bdev(%) | 1.036 | 0.408 | 0.555 | 0.407 | 1.407
0.524 | 0.143 | 0.386 | 0.131 | 0.698
Ave 2.857 | 2.146 | 2.146 | 1.381 3.023
Adev(%) | 1.702 | 0.812 | 2.046 | 0.793 | 2.046
1.289 | 0.483 | 1.015 | 0.509 1.358
Ave 4.101 | 3.050 | 1.874 | 1.924 | 4.028
Wdev(%) | 2.466 | 1.270 | 11.893 | 1.284 | 2.913
2.059 | 0.866 | 1.723 | 0.894 | 2.082
OPT; 67.29 | 76.46 | 84.17 | 85.63 | 69.38
(%) 73.96 | 88.96 | 86.88 | 88.33 | 72.50
77.50 | 90.83 | 86.67 | 91.67 | 78.75
OPTy 55.21 | 58.75 | 68.96 | 68.96 | 58.13
(%) 63.54 | 73.13 | 38.75 | 72.50 | 64.58
62.92 | 72.92 | 65.21 | 73.33 | 65.42
Ave CPU | 0.6 0.7 0.7 0.5 0.5
(sec) 2 3 3 2.4 2.4
8 13 13 9 9

Table 3: Problems J60-global comparison

Similarly, if we refer to Tables 2, 3, and 4 to compare the two methods
with activity list encoding with scheduling mode AM 1 and AM?2 (where the
one-point and the two-points crossover operators are used, respectively), we
can conclude that AM1 generates better results than AM?2 using similar
solution time.

Now, we proceed to compare the methods AM1 and CFAl. First, con-
sider the average percentage of deviation Ave Adev(%). CF Al generates
solutions with better Ave Adev(%) than AM1 for all problems J30, J60 and
J120 with the three stopping rules except for one case (J30 with 20 itera-
tions). C'F Al is also better as far as the percentage OPTi(%) of instances
where the best known solution is achieved at least once among the 20 so-
lutions generated. Indeed AM1 is better in only two cases (J30 with 20
iterations and J60 with 50 iterations). Similar conclusions hold when we
consider the percentage OPTyy(%).

Consider the results in Table 6 where for each problem we compare the
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CFA | AMI | AM2 | CFA1 | CFAU
Ave | 4.938 | 1.424 | 1.857 | 1.413 | 5.380
Bdev(%) | 0.819 | 0.348 | 0.439 | 0.338 | 2.481
1.487 | 0.221 | 0.415 | 0.203 | 1.799
Ave | 6.617 | 2.381 | 3.188 | 2.360 | 7.134
Adev(%) | 3.136 | 0.957 | 1.114 | 0.915 | 3.580
2.136 | 0.606 | 0.833 | 0.591 | 2.459
Ave | 8.360 | 3.328 | 4.093 | 3.269 | 8.713
Wdev(%) | 3.353 | 1.592 | 1.794 | 1.514 | 4.518
2.793 | 0.977 | 1.255 | 0.958 | 3.105
OPT;, | 35.50 | 63.00 | 65.17 | 64.83 | 35.50
(%) | 70.00 | 81.33 | 78.83 | 82.00 | 58.33
70.83 | 81.83 | 79.83 | 83.50 | 68.67
OPTy | 23.67 | 26.33 | 26.17 | 27.00 | 24.00
(%) | 52.67 | 55.00 | 55.33 | 55.83 | 52.17
68.17 | 69.17 | 69.67 | 69.17 | 67.17

Ave CPU 2 3 3 2.4 2.4
(sec) 18 14 15 10 10
45 60 60 48 48

Table 4: Problems J120-global comparison

number of instances where a method has a better or as good average value
Awal of the 20 solutions generated then the other. The first two columns are
associated with methods AM1 and C'F Al, respectively, and a row is associ-
ated with each problem J30, J60, and J120. Each component of the Table
corresponding to a pair (problem, method) includes three different entries
associated with the tree stopping rules. The last column DIF' correspond
to the difference between the columns associated with CF Al and AM1, re-
spectively. Hence when the value in this column is positive, this implies that
CF Al is better than AM1 with respect to this criterion, and vice versa. Re-
ferring to Table 6, we may conclude that C'F'A1 is slightly better than AM1
with respect to this criterion also. Furthermore, it is interesting to note the
clear superiority of CF Al for the larger instances of J120.

Finally, the results in Tables 2, 3, and 4 indicate a quite clear dominance
of CF A1 over AM1 as far as average solution time (Ave C'PU) is concerned.
Indeed, AM1 requires a smaller average solution time only for this instances
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J30 | J60 | J120
TAdev(%) | 48.36 | 58.92 | 72.33
TOPT(%) | 4.30 | 15.46 | 15.81
ICPU(%) | 16.67 | 11.11 | 6.25

Table 5: Percentage of improvement when using scheduling mode for the
stopping criterion with 100 iterations

AM1 | CFAl | DIF
437 337 -100
J30 | 441 447 6
401 455 54
320 447 127
J60 | 414 436 -22
430 420 -10
392 414 22
J120 | 462 480 18
203 927 24

Table 6: Pairwise comparison of AM1 and C'AF'1 with respect to the criterion
A Dev(%)

in J30 when the stopping criterion is equal to 20 iterations. In all the other
cases, the Ave CPU of AM1 is at least 20% (and reach up to 30%) larger
than for CFAl.

9 Conclusion

In this paper we follow up the nice idea due to Alcaraz and Maroto [1] of
including the scheduling mode into the activity list encoding of solutions to
solve the RC'PS P with GAs. Our method use priority value encoding rather
then activity list encoding. The numerical results indicate the superiority of
our method using scheduling mode (CF A1) over the one (CFA) without
scheduling mode. This conclusion is consistent with the results in [1]. Then
for the method of Alcaraz and Maroto, the numerical results indicate that,
for the values of the parameters used, a one-point crossover operator (AM1)
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seems more efficient than a two-points crossover operator (AM2). Similarly,
for our method, a one-point crossover operator (C'F'Al) seems more efficient
than a uniform crossover operator (CFAU). Finally, comparing AM1 and
CF A1, the numerical results indicate that C'F'A1 is slightly better as far as

solution quality is concerned, and that the solution time for C'F'A1 is smaller,
in general.
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