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Abstract. Resource availability cost problem (RACP) is a project
scheduling problem in which the resource availability levels are decision variables
and the goal is to minimize the project resource costs. To make the RACP more
realistic, the concept of work-content may be incorporated into the problem in
order to lead to a reduction of costs. In this paper, the mathematical model for the
problem under study isfirst proposed and a self-adaptive genetic algorithm (GA) is
applied to tackle the problem. The self-adaptive approach allows the GA to utilize
both serial and parallel schedule generation schemes simultaneously. Moreover, a
local search operator is designed to improve the performance of the GA and its
crossover and mutation operators. Results of several numerical instances show
that the proposed GA performs relatively well. In addition, it is shown that
incorporating the concept of the work-content into the RACP leads to reduce the
project costs.

Keywords: Sdlf-adaptive; Work-content; Genetic  algorithm;  Project
scheduling.

JEL Classification: C44, E40

1. Introduction

The resource availability cost problem is a form of project scheduling
problem (PSP) in which the resource availability levels are decision variables and
the goal is to schedule the activities in a way that minimizes the resource
availability costs. M6hring (1984) introduced the RACP as a NP-hard problem and
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applied an exact method to solve it. Later on Demeulemeester (1995) proposed
another exact algorithm based on branch and bound, to solve the problem. Drex| &
Kimms (2001) introduced the column generation and Lagrangian relaxation based
techniques for obtaining the lower & upper bounds to tackle the RACP problem.
Hsu & Kim (2005) proposed a priority rule heuristic to address the multi-mode
version of the RACP. Yamashita et al. (2006) utilized a scatter search heuristic to
solve the RACP problem which incorporates various advanced strategies such as
path relinking based combination method. It should be noted that they aso
developed a multi-start heuristic for problems of medium and large sizes. Later on
Yamashita et al. (2007) deepened their research by considering uncertainty about
activity durations. This was done by defining a set of scenarios and robust
optimization techniques to model the problem. In Yamashita et al. (2007) scatter
search was used to solve the problem. The optimal solution for small instances and
the output of a multi-start heuristic for medium and large instances were used to
evaluate their heuristic. By means of the genetic algorithm (GA) Shadrokh &
Kianfar (2007) solved a variation of the problem where tardiness of the project is
permitted with penalty. Ranjbar et al. (2008) solved the RACP problem using path
relinking and genetic algorithm. For more researches in this filed, we refer to
Hartmann and Briskorn (2022), Khalili et al. (2013), Najafi et a. (2009), Shavandi
et al. (2012) and Azimi and Fathallahi (2016) .

The standard project scheduling problems such as the resource constrained
project scheduling problem (RCPSP) and the RACP consider the duration and the
renewable resources demand levels of the activities to be constant during their
execution. While the multi-mode versions of the RCPSP and the RACP consider
more than only one combination of duration and resource demand for each activity,
similar to the single-mode, in the multi-mode versions of both RCPSP and RACP
problems, the resource demand is constant throughout each activity’s execution.
On the other hand, in reality, the resource allocated to each activity usualy cannot
remain constant throughout its execution and with respect to the project’ s condition
and the availability levels of resources, the project manager may change the
resource alocated to each day of an activity’s execution. As a result in redlity,
activities' daily resource demand levels can be considered as decision variables. In
order to solve this problem the concept of work-content can be utilized. In this
technique neither the renewable resource demand nor the duration of activities are
constant. Instead, any level of the renewable resource between the lower and upper
bounds can be alocated to the activity in each period as long as the total resource
allocated to the activity equals the activity’s required work-content.

In the literature of project scheduling the concept of work-content has been
identified by the following titles. work-content constraints, flexible resource
profiles and flexible work profiles. The concept of work-content was first
incorporated into the RCPSP by Kolisch et al. (2003). Findeling and Trautmann
(2010) utilized a priority rule method to tackle the RCPSP with work-content
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constraints. In their model a minimum time lag between consecutive changes in the
demand of the work-content resource was required which they called the minimum
block length. Further research in the field of RCPSP with flexible resource profiles
(FRCPSP) is presented in Naber & Kolisch (2014). While there have been cases of
utilizing the concept of work-content in the field of RCPSP as mentioned above, to
the best of our knowledge the concept has not been incorporated into the RACP. In
this paper, the concept of work-content is used to tackle the RACP for the first time
and the model is presented. The characteristics of the GA are discussed and the
computational results are studied.

This paper is organized as follows. The proposed work-content based RACP
model is described in section 2. The basic scheme, chromosome structure,
proposed self-adaptive approach, crossover, mutation and the local search
operators alongside the pseudo-code of the proposed self-adaptive genetic
algorithm are discussed in section 3. Section 4 is dedicated to comparing the work
content and single mode approaches and the review of the computational results.
Finally in section 5 the conclusion of this study is presented.

2. The proposed wor k-content based RACP model

In the work-content based RACP a single project consisting of N+ 2
activities is considered where the dummy activities 0 and n+1 denote the start and
the finish of the project respectively. The precedence relations between all
activities are Finish-Start type with a time lag of zero which is depicted by an
activity-on-node network (AON). For each activity j aset of predecessors, P( j)

is assumed. In this model t denotes time and the project must finish by T, the
project deadline. In this paper for every t, the set V, representsthelist of activities

that arein progress.

There are K +1 renewable resources required in the project; one main
resource which is aso known as the work-content resource and K dependent
resources. Each activity requires W, units of the work-content resource throughout

its execution. The work-content resource allocated to activity i during the interval
[t,t +1)isone of the main decision variables of the proposed model and is denoted

by r;, . It should be noted that based on the nature of each activity, I;, is bounded
by the lower, LB, . and upper bounds, UB, .The dependent renewable resource
type K required by activity i isafunction of r, andisshownas r, (r;,). The cost

for the availability of the work-content resource, Ris C per unit and for the
availability of the dependent resource k, R, the cost is C, per unit. Similarly to

r,(r,), thevaluesfor R and R, arecalculated using T, .
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The second main decision variable is X, which is a binary variable and

takes 1 if activity i isin progress during [t,t +1) and O otherwise. Since there are
bounds to the minimum and the maximum work-content resource an activity may
use during its execution, there are also bounds to the duration of the activity,d.,

denoted by LB, and UB, . s and f; are start and finish times for each activity

which are calculated by means of X, . It should be noted that in the proposed
model preemption is not alowed. The problem can be modeled as follows.

Min z:CR+ZK:CkRk Q)
Subject to:

T

Zrit =w Vi 2
t=0

D <R vt 3
iV,

Zrik () <R Vk,Vt (4)
ieV;

LB, %, <r, <UB, .x, Vi, Vt (5
LBy <d; <UB, Vi (6)
di:ixn ie{l....,n} (7)
f, :mtax(xit.t)+1 ie{l...,n} )
S = mtin(t.xit +(1-x,)-M) Vi )
a = fi —di VI (10)
s, 2 f VieP(])) (12)
max(f.)<T (12)
r,ezZ>° (13)

Equation (1) shows the availability cost incurred to the project for all resources.
Constraint (2) stresses the fact that the total work-content resource allocated to
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each activity during its execution must be equal to the activity’s work content.
Congtraints (3) and (4) prevent over alocation of work-content resource and
dependent resources, respectively. Constraint (5) bounds the work-content resource
allocated to each activity during its execution to the upper and lower bounds in
each interval. The equation also limits the work-content resource allocated to each
activity to O when it is not in progress. By means of Constraint (6) the duration of
each activity is also restricted to the lower and upper bounds. The calculation of
these bounds is shown by Equations (14) and (15) below. Constraint (7), (8) and
(9) calculate the duration, the finish time and the start time of each activity. It
should be noted that in the duration and finish times of dummy activities are not
calculated by Constraints (7) and (8). The duration of dummy activities are set to
zero and thus their finish times will be equal to their start times by means of
Congtraint (10) which makes the preemption of activities impossible. The
precedence relations between activities is shown in Constraint (11). Constraint (12)
guarantees that the project finishes before the deadline and Constraint (13) restricts

the r;, tointeger and non-negative values.
As mentioned previoudly, the values of 1, are bound by lower and upper

bounds. If throughout an activity’s execution the minimum possible amount of
work-content resource is allocated to the activity in every interval, namely LB, ,

the maximum possible duration of the activity is found, namely UB, . Similarly
using w, and UB, , the value of LB, can be calculated. These calculations are
shown by Equations (14) and (15).

_ i
U Bd- - LB where (X—‘ isthe smallest integer equal to or greater than X (14)
fi

_ i
LBd- - UB where (X—‘ isthe smallest integer equal to or greater than X (15)
fi

3. Self-adaptive Genetic algorithm

In this section, different parts of the proposed Self-adaptive genetic
algorithm are discussed. As shown by Mohring (1984) the RACP is a NP-hard
problem which calls for the use of meta-heuristics. The review of the literature of
the RACP in section 1 shows that the genetic agorithm is the most frequently
technique used and as aresult it is chosen for this study.
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The two serial and parallel schedule generation schemes have different
approaches towards scheduling the activities of a project which will lead to
generation of different schedules. In order to let the proposed GA probe the
solution space more thoroughly a self-adaptive approach is proposed.

3.1. Basic scheme

The primary population is created randomly. For each individua in the
population one of the two serial and parallel schedule generation schemesis chosen
with a probability of 50% and then the local search operator is used for the
individual in order to reach a solution with lower resource demand in its
neighborhood. Then the unfitness function i.e. the resource availability cost for
each individual is calculated. For the next generations the self-adaptive approach is
utilized for choosing the schedule generation scheme which is further discussed in
sub-section 3.3. In each generation, the elite individuals are directly copied into the
next generation. Then, based on the unfitness function values, pairs of individuals
are selected from the population for crossover and mutation. For each pair, with a

probability of P, the crossover operator is used. Whether the crossover operator is

implemented on the pair or not, the outputs, which are either the parents or their
crossover made children, are then processed by the mutation operator with a

probability of P,,, and copied to the next generation. It should be noted that at any

point during the crossover and mutation procedures, if a pair is not chosen to be
processed by each operator, it is directly sent to the next step. To sum up the
procedure, it can be said that there are only 4 types of outputs:

¢ [Individualsthat have undergone both crossover and mutation operators

o [ndividuals that have been only processed by crossover operator

¢ Individuals that have been only processed by mutation operator

¢ Individualsthat have not been processed by neither of above operators

The resulting population is then processed by the local search and the cost
corresponding to each individual is calculated. At the end of the construction of
each generation, the individuals are sorted with respect to their unfitness function
values and the new elite individuals are identified. This procedure is repeated until
the termination condition is satisfied.

3.2. Chromosome structure

In the proposed agorithm each chromosome consists of 4 parts. The first
part contains the activity list random values and is used to achieve a precedence
feasible activity list. The second part is the duration profile. Part 3 contains the
resource profile random values which is trandated into a resource profile for the
activities. The last part presents the resource availability levels. Each part is further
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discussed in the following. Since the start and finish dummy activities do not
require any computation, for ease of computation they have not been considered in
the proposed algorithm.

For the sake of simplicity the activity list random values matrix is going to
be called AR and the corresponding precedence feasible activity list is going to be
known as the AL. AR isa 1xn matrix of random numbers between 0 and 1 and
AL isa 1xn matrix of zeroes. Each member of AL represents the corresponding
activity. For example, the fifth member of the AL represents the priority level of
activity 5. The process consists of n steps where in each step a set of candidates is
defined. The candidates set consists of two groups of activities: The first group are
the activities that do not have any predecessors and the second group are the
activities that all of their predecessors have non-zero values in AL. It should be
noted that activities with non-zero values in AL cannot be members of the
candidates set. At each step the AR values of the candidates set is checked and the
activity with the minimum value in AR is chosen to take the next priority level in
AL which means its value changes from O to the step number. Here 1 represents the
highest priority level and n represents the lowest. Since the technique filters the
candidates set, the output is aways precedence feasible.

The duration profileisa 1x N matrix of durations for activities where each
member of the matrix represents the corresponding activity’s duration. For
example the third value in the duration profile matrix represents the duration of
activity 3. The duration values of each member of the matrix always must be
between the lower and upper bounds for the activity’s duration and therefore the
profile is always feasible regarding the duration bounds.

The resource profile random values, here known as the RP; is a matrix with
n rows as for the number of activities and max{UB,} columns as for the

, i

maximum possible duration of activities. With respect to the constraints regarding
the work-content resource, the RP is trandlated into a resource profile matrix of the
same size. The trandation is performed in a manner that the sum of the values in
each row of the resource profile matrix equals the work-content resource required
by the corresponding activity. For example, the sum of the values of the resource

profile's third row equals w;. In the end, the resource profile for the dependent

activities is calculated using the relation previously defined between each
dependent resource and the work-content resource. In the RP, work-content
resource profile and the dependent resources profiles, each column represents the
number of the period since each activity’s start. For example the value in the third
row and the fifth column of the work-content resource profile, represents the work-
content resource activity 3 requires on the fifth period since its start.

The resource availability matrix is matrix of 1 row and K +1 columns
where the first member of the matrix represents the availability level of the work-
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content resource throughout the project and the rest of the members represent the
dependent resources availability levels.

3.3. Serial, parallel and self-adaptive approaches

A schedule generation scheme (SGS) transforms an activity list into a
schedule with respect to the resource availability constraints. In the literature of the
RACP both schemes are utilized (Hsu & Kim, 2005; Kolish, 1996; Shadrokh and
Kianfar, 2007; Shahsavar et al., 2011). Both schedule generation schemes use a
priority list which is a precedence feasible list of activities that shows how urgent it
is to schedule one activity before scheduling the rest. In the following the
procedures of the serial and the parallel schedule generation schemes are briefly
discussed and then the self-adaptive approach is presented.

3.3.1. Serial schedule generation scheme

The serial schedule generation scheme consists of n stages for a project of
n activities. Each stage represents one activity. At each stage the activity with the
highest priority level from the list of not yet scheduled activities is chosen and is
scheduled as soon as possible in a precedence and resource feasible manner. The
procedure is repeated until all activities have been scheduled. For further study on
SSGS and its characteristics one can refer to Shadrokh & Kianfar (2007).

3.3.2. Paralléel schedule generation scheme

In the parallel schedule generation scheme instead of activities, the main
focusison time. The PSGS consists of at most n stages for a project of n activities.
Each stage represents a time when there is a set of yet unscheduled activities that
are candidates for scheduling based on the precedence relations and start and finish
times of their predecessors. First in each stage activities are sorted by their priority
levels. Next with respect to the resource availability constraints, candidates are
checked for scheduling. If scheduling an activity can violate the resource
availability constraints, the algorithm moves to the next member of the set without
scheduling the activity. For a comprehensive study on SSGS & PSGS one can refer
to Kolisch (1996).

3.3.3. Proposed self-adaptive approach

As explained in Sub-section 3.1, primarily each one of the schedule
generation schemes have an equal chance of being applied to each individual. Later
on, in the beginning of creating each generation, these chances are modified with
respect to the unfitness values of the previous generation. In order to do this, the
population of the previous generation is divided into two groups: The group of
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individuals that SSGS was applied to them and the group of individuals that PSGS
was applied to them. Then the sum of unfitness values for each group is calculated
and the probability modification process gives a higher chance of being chosen for
applying to the schedule generation scheme that has a lower total unfitness value.
By doing this, while the search space is studied more thoroughly, the effectiveness
of the proposed genetic algorithm is enhanced. It should be noted that in order to
prevent the procedure from acquiring unnecessary excessive units of resources,
both SSGS and PSGS reduce the primary resource availability levels to the
maximum resource required by their output schedules at the end of their
procedures.

3.4. Crossover operator

As explained in sub-section 3.2 the chromosome structure in the proposed
self-adaptive GA consists of 4 parts. All of these parts are processed by the
crossover operator in different ways as follows:

e The activity list random values matrix i.e. AR, isamatrix of random values
between [0,1] and since the matrix is later on trandated into a precedence
feasible activity list, changing the values of the matrix under no
circumstances will not create infeasible outputs. In the proposed method, a
continuous uniform crossover is applied to the AR. The continuous uniform

crossover takestwo parentsp’ ={p,", p, ,...,p/},

p" ={p,", py,..., Py} andalso createsamatrix of random numbers
between [0,1] of the same size of the AR and calculates the AR values for
children: ch® = p xe; + p"x(1- ;) and
ch? = p/ x(1—a;) + p" x , fori where ch® ={ch®,chS,...,ch?} and
ch® ={ch?,ch{,...,ch’}.

o Similarly to AR, a continuous uniform crossover is aso applied to RP where
the matrix of random values ( ) has asize equal to the RP matrixes.

The crossover procedure calculates the work-content resource availability
level using the technique introduced by Shadrokh & Kianfar (2007). The
dependent resources availability levels are calculated using their
mathematical relation with the work-content resource. It should be noted that
in the proposed method for the primary population the work-content resource

lower bound for availability, R ,is the maximum possible work-content
resource demand which is max{UB, } . For the next generations the lower
i I

and upper bounds are modified with regard to the population’s work-content
resource availability levels in order to achieve a higher chance of reaching
solutions with lower unfitness values. The dependent resources availability
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levels are at all times calculated using their relation with the work-content
resource.

¢ As explained above the GA procedure decreases the resources availability
levels in a way that sometimes the work-content resource availability level
may be lower than the primary maximum possible work-content resource
demand, UB, . This means that the primary upper bounds for the work-

content resource demand will sometimes lead to infeasible solutions. In order
to prevent the procedure from reaching infeasible solutions regarding the
resource demand, the upper bounds of work-content resource demand of
activities are modified which leads to the modification of the duration
bounds. The crossover procedure generates new duration values for the
children with regard to the modified duration bounds.

3.5. Mutation operator

Similar to the crossover operator, all 4 parts of the chromosome are
processed by the mutation operator. The 4 steps of the proposed mutation operator
areasfollows:

e The mutation operator first attends the AR. First an activity i is chosen

randomly and then its value in the matrix, X;, isreplaced with 1—X; .

e Similarly to the AR value, the values of the RP matrix’s row i, y(i, j) are
replaced with 1— y(i, j) for all j.

¢ Next, the resource availability matrix is processed. The mutation operator
chooses one resource type r out of K +1 resources randomly and then
replaces the value a, with a, —1. At the end, the procedure adjusts the
availability levels of the rest of the resource types in away that feasibility of
the output resource availability levels matrix is ensured.

e Similar to the technique utilized for duration valuesin the crossover operator,
in the mutation operator the lower and upper bounds for duration are

modified and then the duration of activity i is randomly chosen with respect
to the lower and upper bounds for duration.

3.6. Local search operator

The proposed local search operator helps to reach better solutions by
changing the work-content and dependent resource profiles. It should be noted that
similarly to the crossover procedure, here only the work-content resource
undergoes changes and then the dependent resources profiles are modified with
regard to the work-content resource usage profile. This is done by identifying
periods of the project that have the maximum resource demand of one or more
resource types. The operator then changes the resource profile in a way that the
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excess resource demand is moved to other periods thus changing the maximum
resource demand throughout the project by reducing the resource availability levels
to lower new values. The procedure consists of n steps for a project of n rea
activities. At each step i the resource profile of activity i is checked and if
necessary changed. In order to do this two sets are defined in each step:

e Set of candidates for decreasing the resource usage: candidates are the
periods that the total resource demand for at least one of the resource
types is equa to the resource availability levels and periods that the
work-content resource demand of activity i is more than the lower
bound, LB, which will prevent the local search from creating

infeasible resource profiles.

e Set of possible options for increasing the resource usage: once the
candidates are identified and their excess resource usage is removed, a
set of options is defined. The set consists of periods that adding the
excessive resource demand will not cause new periods with maximum
resource demand. It should be noted that the options set should not
consist of periods that adding the excessive resource usage might
violate the upper bound limit for activity i.

4. Computational results

In this section first using the example presented in section 3.6 it is shown
that the concept of work-content helps to decrease the resource availability costs
significantly. In order to do this, the example is trandated into a series of single
mode problems and the results are compared. Next, to validate the proposed meta-
heuristic, a set of problems is generated, solved and compared to the global
optimum solution acquired using the exact method on a computer with an i5 2.60
GHz processor and 4 GB RAM. Sub-section 4.1 is dedicated to showing the
importance of the concept of work-content and its effect on the resource
availability costs. Details regarding the evaluation of the proposed self-adaptive
genetic algorithm including designing the problem set, solving the problems using
the proposed self-adaptive generic algorithm and comparing its outputs with the
global optimum solutions are presented in sub-section 4.2.

4.1. Theimportance of incor porating the wor k-content concept

In this section it is shown that the concept of work-content leads to a
notable reduction of resource demand and consequently the total resource
availability cost. To do this, an example is trandated into 40 single-mode resource
availability cost problems. To generate these problems, some modes of daily work-
content resource usage and duration have been considered for each activity and a
random combination of modes creates a problem.

After solving the problems, for 18 instances there could not be a feasible
solution with the given deadline (45% of the instances). Also the results show that
for al of the 22 remaining problems (55% of the instances), the single mode RACP
could not reach the work-content based resource availability levels and their
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average resource availability cost was 59.45% percent higher than the work content
based resource availability cost which is 252. This shows that while the
conventional single-mode RACP cannot reach a feasible solution in almost half of
the instances, the work-content approach can significantly reduce the availability
cost and thus, it can reach more practical and desirable solutions.

4.2. Evaluation of the proposed self-adaptive genetic algorithm

In this subsection, the performance of the meta-heuristic is evaluated by
solving 48 instances of problems. The problems are generated using the RanGen
network generator introduced by Demeulemeester et al. (2003) and can be divided
into 12 groups based on the number of rea activities and the total number of
resource types. It should be noted that the data required for each instance of
problem that were not generated by RanGen, were generated randomly. There are 4
cases for the number of real activities: less than 10 activities, 10 activities, 15
activities and 20 activities. There are also 3 cases for the number of resources: 3, 4
and 5 resource types. In each case for the number of resources one of the resources
is the work-content resource and considered to be the main resource. For each
combination of number of activities and number of resource types, 4 problems are
generated and solved.

In the following a comparison of the results obtained from the proposed
meta-heuristic and the global optimum results acquired by solving the problems
using the GAMS® software are presented. The run times are also presented in the
tables for a better comparison. The results for 3, 4 and 5 resource type problems are
shown in Tables 1, 2 and 3, relatively. In each table the average and the maximum
values for deviation and run time and the percent of cases with less than 5%
deviation are presented. Also the average values for parallel and serial schedule
generation schemes probabilities for each combination of humber of activities and
number of resources are presented. The legend of these tablesis asfollows:

A: % deviation from the global optimum solution.

B: Percentage of lower than 5% deviation observations.

C: Run timein seconds

D: Average values PSGS and SSGS probabilities.

Table 1. Threeresourcetype cases

C
No. of No. of A D
B GA GAMS
activities | instances
Average | Max Average | Max | Average Max Parallel | Seria
<10 4 0.30% | 1.19% | 100% 22.03 24.18 24.08 25.73 50% 50%
10 4 3.03% | 552% | 75% 42,51 49.00 | 3430.09 | 13379.65 54% 46%
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15 4 2.15% | 4.04% | 100% 51.92 63.21 979.35 3523.59 49% 51%
20 4 2.22% | 5.04% | 75% 83.96 119.78 | 8751.53 | 18001.16 56% 44%
Total 16 193% | 552% | 88% 50.10 119.78 | 3296.26 | 18001.16 52% 48%

Table 2. Four resour cetype cases

C
No. of No. of A D
B GA GAMS
activities | instances

Average | Max Average | Max | Average Max Parallel | Seria
<10 4 0.00% 0.00% | 100% 17.58 23.90 25.76 26.03 60% 40%
10 4 1.28% 4.87% | 100% 31.69 37.90 44.47 43.55 49% 51%
15 4 3.39% 3.64% | 100% 55.70 63.02 | 1013.34 | 3594.34 61% 39%
20 4 3.63% 5.08% | 75% 75.48 91.71 827.83 3288.39 48% 52%
Total 16 2.07% 5.08% | 94% 4511 91.71 477.85 3594.34 55% 45%

Table 3. Fiveresourcetype cases

C
No. of No. of A D
B GA GAMS
activities | instances

Average | Max Average | Max | Average Max Paralel | Seria
<10 4 0.18% | 0.72% | 100% 22.63 29.79 27.58 39.39 46% 54%
10 4 2.74% | 4.64% | 100% 37.07 51.92 96.65 308.36 50% 50%
15 4 1.52% 2.74% | 100% 54.44 64.84 2244.76 7261.56 54% 46%
20 4 3.08% | 598% | 75% 77.18 90.02 | 1543.07 | 2695.22 46% 54%
Total 16 1.88% | 5.98% | 94% 47.83 90.02 978.02 7261.56 49% 51%

As explained above, for each combination of number of activities and
number of resources 4 examples are generated and in the tables 1, 2 & 3 above the
average and maximum deviation and run-time values for each group of 4 examples
are presented. At the end row of each table the data presented in the table are
summed up. To do this, the average of average values for deviation and run time,
less than 5% deviation occurrence and PSGS and SSGS probabilities are presented.
Also, in order to better study the obtained results the maximum of maximum values
for deviation and run time are calcul ated.
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A genera analysis of the above information shows that the maximum
deviation ever achieved is 5.98 % and on average 92% of the time proposed
procedure reaches solutions with less than 5% deviation from the global optimum
solutions. The maximum run time of the proposed procedure is approximately 119
seconds while it is about 18000 seconds for the exact algorithm. Tables 4 and 5
below help to provide a better analysis regarding the performance of the proposed
self-adaptive meta-heuristic.

Table 4. Performance details with respect to the number of activities

No. of No. of C (Average) D (Average)
activities instances A ° GA GAMS | Paadld Serial
<10 12 0.16% 100% 20.75 2581 52% 48%
10 12 2.35% 92% 37.09 | 1190.40 51% 49%
15 12 2.36% 100% 54.02 | 1412.48 55% 45%
20 12 2.98% 75% 78.87 | 3707.48 50% 50%
Total 48 1.96% 92% 47.68 | 1584.04 52% 48%

Table 5. Performance details with respect to the number of resources

No. of No. of C (Average) D (Average)
A B
activities instances GA GAMS | Padld Seria
3 16 1.93% 88% 50.10 | 3296.26 52% 48%
4 16 2.07% 94% 4511 477.85 55% 45%
5 16 1.88% 94% 47.83 | 978.02 49% 51%
Total 48 1.96% 92% 47.68 | 1584.04 52% 48%

The information presented by Table 4 shows that the increase in number of
activities leads to a dlight increase in deviation. It also shows that the increase in
the number of activities increases the computation time of both the proposed
method and the exact algorithm. The data presented in Table 5 shows that the
increase in number of resources will cause the procedure to lean to the SSGS
instead of PSGS and it also shows that it dightly increases the computation time.
As aresult it can be concluded that while the number of activities tremendously
increases the computation time of the meta-heuristic, the number of resources only
mildly affects the computation time. Since the values for PSGS and SSGS are
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extremely close, it can be derived that while they have amost a similar
performance and we cannot favor one procedure to another with data at hand, the
PSGS dlightly outperforms the SSGS. On average the procedure has a 1.96%
percent deviation from the global optimum solution.

5. Conclusion

In this paper, the work-content based RACP was proposed and a self-
adaptive GA was introduced to address the problem. While the problem is
relatively close to reality in comparison with the literature reviewed; the problem
has not been studied before. The proposed algorithm gives a higher degree of
freedom for scheduling the activities and provides the chance of changing the
resource profiles of activities and resource allocation. The meta-heuristics utilizes
three operators for probing the solution space namely, crossover, mutation and the
local search operator. The unique chromosome structure was thoroughly explained
and the pseudo-code of the procedure was presented. The review of the
computational results showed that the procedure can reach solutions with a little
deviation from the global optimum solutions in a fast manner. The results also
show that the incorporating the concept of work-content into the problem can lead
to a notable reduction of resource demand and consequently their cost. Allowing
the preemption of activities, solving the problem in a condition that lateness is
permitted with a specific penalty, considering more than one main resource,
solving the problem with multiple objectives are only few of many options for
expanding the problem and further research.
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