
  
Abstract— Renewable and nonrenewable resource constraints are 

among the most used constraints which are considered in theoretical 
fields of project scheduling problems. On the other hand, although in 
wide practical cases projects are subject to the cumulative resources, 
this type of resources has not been vast studied in the literature. 
Noting to this, in this paper we use the framework of a resource 
constrained project scheduling problem (RCPSP) with finish-start 
precedence relations between activities and subject to the cumulative 
resources in addition to the renewable resources to study cumulative 
resource type more. This problem is formulated and modeled and 
then considering its NP-hardness, a meta-heuristic algorithm based 
on genetic algorithm is introduced for that. While structuring this 
method, pervasive heuristics of serial and parallel schedule 
generation schemes in forward and backward scheduling as well as 
forward-backward improvement method (FBI) are modified for the 
case of cumulative resources existence in project scheduling 
problems. These modified methods can be applied to other project 
scheduling problems subject to this type of resources too. We 
perform vast experimental analysis using the developed algorithm, 
assessing its validation, robustness and performance. Results show 
the effectiveness and efficiency of the developed meta-heuristic 
algorithm for the problem in question. 
 

Keywords— cumulative resources, genetic algorithm, resource 
constrained project scheduling.  

I. INTRODUCTION 
esource constraints are among the most used 

constraints which are considered in theoretical field of 
project scheduling problems. Just a brief study of the 
theoretical field can illustrate that the two types of renewable 
and nonrenewable resources are the most popular ones in the 
literature. Nonrenewable resources are subject to the 
availability limitations for the whole project. From practical 
insight, different kinds of resources pervasive in various kinds 
of projects, such as raw materials and parts are subject to this 
project-life-long limitation. However in most cases, a 
procurement plan for each of these resources exists that 
determine the maximum availability of the resource up to each 
time point of project planning horizon and causes a limitation 
on maximum usage up to the point from the start time of the 
project. This different type of resources is known as 
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cumulative resources [1] in project scheduling literature. 
Cumulative resources have not been vast studied in project 

scheduling problems. Neumann and Schwindt [2] introduced 
them and their different practical applications. They 
introduced an extended model of resource constrained project 
scheduling problem (RCPSP) with minimum/maximum time 
lags that was subject to this resource type as well. They 
developed a branch and bound algorithm for solving the 
problem. Schwindt and Truatmann [3] modeled the scheduling 
of a batch production process in industry as a project 
scheduling problem subject to cumulative resources. Also 
extra considerations such as minimum and maximum time 
lags between activities, precedence-related setup times, 
capacity limitations on materials in-process, activities 
preemption possibility and time-varying human resources 
constraints have been considered. For this problem a branch 
and bound algorithm has been developed too. Neumann et al. 
[1] also modeled a production scheduling problem using 
cumulative resources and introduced a method for solving that 
by initial relaxation of resource constraints and using branch 
and bound method. Bartels and Zimmermann [4] conducted 
another study including cumulative resources too. In their 
paper, scheduling of tests in R&D projects in automotive 
industry has been modeled as a customized model of resource 
investment problem (RIP), aiming at minimization of the 
number of cumulative resources needed. Extra considerations 
such as activities ready times, multi execution modes and 
setup time of resources have been considered in this work as 
well. 

Therefore considering the lack of extensive study in the 
literature around project scheduling models subject to 
cumulative resources, in current paper we use the framework 
of a simple RCPSP problem which is also subject to the 
resource type in question to further study these models. So far 
vast study on the RCPSP problem, albeit without cumulative 
resource constraints has been accomplished, dating back to the 
1960s [5], and also many review papers on the problem 
literature have been published, such as [6], [7], [8], [9], [10], 
[11] and [12]. Due to the NP-hardness of the problem 
([9];[13]), besides exact algorithms such as binary 
programming based models of [14], [15] and [16], dynamic 
programming algorithm of [5] and branch and bound methods 
of [17], [18], [19], [20], [21], [22], [23] and [24]which are 
applicable to rather smaller problems, many heuristic methods 
like [25], [26], [27], [28], [29], [30] and [31] and meta-
heuristic methods like [32], [33], [34], [35], [36], [37], [38], 
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[39] and [40] based on genetic algorithm, [41], [42] and [43] 
based on simulated annealing, [44], [45], [46] and [47] based 
on tabu search and [48] based on ant colony method have been 
developed. 

Here we introduce a meta-heuristic method based on 
genetic algorithm for solving the problem subject to the 
cumulative resources constraints, modifying forward-
backward improvement method (FBI) [49] and pervasive 
heuristics of serial [50] and parallel [51] schedule generation 
schemes in forward and backward scheduling for the condition 
of existence of cumulative resources. The noticeable point 
here is that for many other project scheduling problems rather 
than RCPSP, such as multimode resource constrained project 
scheduling problem (MRCPSP) and time-cost tradeoff 
problem (TCTP), these scheduling schemes and FBI 
improvement method are used in developing solution methods 
and their customized versions for cumulative resource 
existence will be applicable in aforementioned project 
scheduling problems as well when they are subject to this type 
of resources. For instance, genetic algorithms of [52] and [53], 
particle swarm optimization methods (PSO) of [54] and [55] 
and scatter search algorithm of [56] as some of the most 
powerful meta-heuristic methods for MRCPSP use at least one 
of these heuristics mentioned above in development of 
solution methods. 
So the rest of this paper is organized as the following. In the 
next section, the problem in question is described in detail and 
is modeled. In section 3, the meta-heuristic algorithm based on 
genetic algorithm for the problem is introduced. Section 4 is 
dedicated to experimental analysis and finally, section 5 
concludes the whole work.  

II. PROBLEM DESCRIPTION AND MODELING 
The problem we consider here is an extended RCPSP that is 

subject to cumulative resources. We call this problem 
resource-constrained project scheduling problem subject to 
cumulative resources (RCPSP-Cu). The description of the 
problem in detail is as the following. Scheduling of a given 
project with the objective of minimization of its makespan is 
aimed in the problem. All project activities are ready at the 
beginning of the project and no preemption is permitted during 
their executions. They are subject to the finish-start 
precedence relations and their durations are discrete amounts 
of time unit. Two types of resources exist in the problem: 
renewable and cumulative. Maximum usages of renewable 
resources in each period are specified and regarding to 
cumulative resources, their procurement plans are available 
from which the maximum usage of each resource from the 
beginning of the project up to each period are determined. For 
execution of each activity, the amount of each resource needed 
is discrete amount of resource unit and for simplicity, it is 
assumed that all required amount of each cumulative resource 
for activity execution is to be ready at the beginning of the 
execution and is used at the first period of activity duration. 

In order to model this problem, we consider an AON project 
network in which each activity number is more than all its 
predecessors numbers and without loss of generality, we 

suppose that the project with (n-2) non-dummy activities starts 
with dummy activity no. 1 and finishes with dummy activity 
no. n.  

Also we define the earliest and latest start time of each 
activity, ESTj and LSTj, with forward and backward passes 
assigning LSTn= LFTn=T where T is an upper bound for 
optimum project makespan determined by any valid method, 
such as simple method of summing durations of entire 
activities plus the latest time all cumulative resources needed 
for execution of all project activities are ready. So each 
activity j can only be performed in time period [ESTj,LSTj]. 

We define problem parameters as the following: 
n: Number of project activities 
CR: Number of cumulative resources 
R: Number of renewable resources 
RRkR: renewable resource k availability (k=1,…,R) 
CRRktR: total availability of cumulative resource k up to the 

end of time period t (k=1,…,CR, t=1,…,T) 
PRjR: the set of the predecessors of activity j (j=1,…,n) 
dRjR: duration of activity j (j=1,…,n) 
rRjkR: renewable resource k requirement for execution of 

activity j (j=1,…,n, k=1,…,R) 
cRjkR: cumulative resource k requirement for execution of 

activity j (j=1,…,n, k=1,…,CR) 
ESTRjR: earliest start time of activity j (j=1,…,n) 
LSTRjR: latest start time of activity j (j=1,…,n) 
T: project makespan upper bound 
We also define the decision variables as the following:  
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In model above, objective function (1) is the start time of 
last project activity which is equal to the project makespan due 
to the zero duration of the activity. Model contains four 
functional and one non-functional constraint sets described as 
the following. Constraint set (2) ensures that each activity j is 
started under its specified start time period, i.e. [ESTRjR,LSTRjR]. 
Constraint set (3) forces precedence relations between 
activities. Constrains (4) and (5) regard renewable and 
cumulative resources usage limitations respectively and 
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finally, set (6) contains non-functional constraints. 
The developed model is a binary integer programming 

(BIP) one that can be solved with algorithms of this field. It is 
possible to show that the RCPSP-Cu problem described here is 
a generalization of RCPSP problem and considering the NP-
hardness of RCPSP ([9], [13]), the RCPSP-Cu is NP-hard as 
well. 

III. GENETIC ALGORITHM FOR RCPSP-CU 
In this part we introduce a genetic algorithm for RCPSP-Cu 

problem. The pseudo code of this algorithm is as figure 1. In 
this algorithm genetic operators have been used in order to as 
well as keeping the good chromosomes and specifications of 
each generation for the next generation, solutions 
diversification is performed to explore as much areas of 
solution space as possible. In the following we describe the 
algorithm in detail. 

 
1. Perform preprocessing and stop if the instance is infeasible 
2. Generate chromosomes of the initial population 
3. Decode the chromosomes of the current population 
4. Use modified FBI method to improve the related schedules of the 
decoded chromosomes  
5. If the termination criteria is not satisfied 

• Perform elite selection 
• Perform mating  
• Perform crossover 
• Perform mutation 
• Perform population replacement 
• Go to step 3 

6. Report the best solution 

Fig 1. Pseudo-code of Genetic algorithm for RCPSP-Cu. 

A. Preprocessing 
There are two cases in which a given instance has no 

feasible solution, one is the case of renewable resources 
shortage in which at least one activity exists in given instance 
whose renewable resource requirement for at least one of the 
renewable resources is more than the availability of that 
resource. In this situation the activity cannot be executed and 
no feasible solution exists for the problem. The second case is 
the cumulative resource shortage in which at least one 
cumulative resource exists in the given problem whose total 
availability which is equal to the sum of all amounts ordered 
for that resource during the periods, is less than the total 
requirement of whole project activities for that resource. If 
none of these two states exists in a given instance, there are 
feasible solutions and the instance is feasible. So the GA 
algorithm in the first step checks the feasibility of the instance. 

B. Coding of Chromosomes 
The coding rules of chromosomes have important roles in 

the efficiency of the algorithms. Several coding rules such as 
activity list (AL), random key, priority rule, shift vector and 
schedule scheme representations have been introduced in 
literature regarding to the RCPSP. Kolisch and Hartmann [12] 
introduced five coding rules for the solutions. Several 
researches have been performed regarding to the efficiency of 
these rules such as [10] and [35]. Among all, the coding rules 
of AL and random key have been used in literature the most 

[53]. Here we use AL as well. We show each chromosome as 
an activity list which shows the priority of activities, i.e. the jth 

element in this list has the priority of j.  
For MRCPSP problem, the coding rule of AL is usually 

completed with the mode assignment list of activities. Alcaraz 
et al. [57] added a forward/backward (f/b) gene to this coding 
that shows the chromosome is to be decoded using which of 
forward or backward scheduling schemes. To this coding rule, 
Lova et al. [58] added another gene called serial/parallel (s/p) 
that shows whether the chromosome is to be decoded using 
serial or parallel schedule generation scheme. Here in this 
paper we use these two complementary genes of f/b and s/p as 
well.  

C. Initial Population Generation 
We generate the initial population consisting of P0 

chromosomes. During the algorithm and in different 
generations, the population size remains unchanged. Each 
initial population is generated randomly satisfying precedence 
relations, i.e. the generated AL is precedence feasible. In order 
to generate a precedence feasible activity list (PFAL), we use 
the method introduced in [34] as the following: 

1- Put the first dummy activity in the first position of AL. 
2- Determine the eligible activities set (EST) consisting of 

activities whose predecessors have been put in AL up to 
the current iteration.  

3- Select one activity from EST and put it at the end of AL. 
4- If all activities have been put in AL, stop. Otherwise 

continue from step 2. 
Different rules can be used to choose one activity from the 

EST in step 3 of the above algorithm. In [59], four different 
rules for this purpose were introduced and compared for 
RACP problem. Here we use LSTLFT characteristic of 
activities and randomly choose activities with probabilities in 
direct proportion to this quantity. We call this method random 
LSTLFT (RLSTLFT) method. Lova et al. [58] compared 
several most used single-pass priority rules for activities in 
MRCPSP and concluded LSTLFT as the most efficient rule 
among the ones compared. 

D. Decoding Chromosomes 
During the decoding procedure of chromosomes, the related 

schedules of chromosomes are generated using the related 
decoding rules. These schedules are improved using FBI 
method and then the makespan of each final schedule for each 
chromosome is used to evaluate the related chromosome.  

Decoding rule of each chromosome is determined based on 
its f/b and s/p genes. Each of serial schedule generation 
scheme and parallel schedule generation scheme using either 
forward  or backward passes for the project scheduling 
problems under renewable resources constraints have been 
introduced and used widely in literature, however to the extent 
of our knowledge, in no work these methods have been 
modified for the case of cumulative resources existence. We 
develop these methods for this case in the following. 

D.1. Serial Schedule Generation Scheme 
Under serial schedule generation scheme, activities are 
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selected from AL one by one and are scheduled in the earliest 
precedence and resource feasible times. Here with the 
existence of cumulative resources, we determine a resource 
based earliest start time (RBEST) for activities, so that each 
activity earliest start time would be the maximum of its 
RBEST and the earliest time all its predecessors are finished. 

RBEST for each selected activity is the earliest time period 
in which activity can be scheduled considering renewable and 
cumulative resource constraints. To determine RBESTs, first 
at the beginning of schedule generation process, we determine 
the periodic availability of each renewable resource based on 
its availability and each cumulative resource based on its 
procurement plan and then, by scheduling each activity, we 
decrease the related renewable resource requirement of that 
activity from availability of the resource in each period of 
activity duration and the related cumulative resource 
requirement of that activity from availability of the resource 
from the start period of the activity until the last period we 
keep profile of. According to this periodic availability profile 
of renewable and cumulative resources updated after 
scheduling each activity, RBEST can be determined as the 
earliest period that enough resources exist for scheduling 
activity. 

D.2. Parallel Schedule Generation Scheme 
In parallel schedule generation scheme, in each selected 

period along the scheduling horizon, as many activities as 
possible not scheduled yet are scheduled considering 
precedence and resource constraints. Regarding to each 
chromosome, activities are checked to be scheduled in the 
order of chromosome AL. Here we keep track of changes in 
cumulative resources periodic availability similar to the serial 
schedule generation scheme, so that each activity can be 
scheduled in selected period only if in addition to the 
precedence and renewable resources usage feasibility, 
cumulative resources are available from the start period until 
the end of planning horizon as much as activity needs.  

In this schedule generation scheme without existence of 
cumulative resources, we start from the first period and after 
scheduling possible activities in each selected period like t, if 
the set { }JttF ,...,1=  shows the finish time of scheduled 

activities, we determine earliest period like Ft ∈'  that t’>t and 
move to t’+1. We should notice that any activity not scheduled 
yet like i that cannot be scheduled in t, will not be able to be 
scheduled in a period between t and t’+1 either, because none 
of the scheduled activities finishes in these middle periods and 
resulted by this, the availability of renewable resources do not 
change. Therefore the status of precedence and renewable 
resource feasibility of scheduling an activity i not scheduled 
yet in any of these periods remains unchanged respect to the 
period t. However when we have cumulative resources in the 
problem, in each of these middle periods between t and t’+1, 
the availability of them can be changed if the procurement 
amount of them in the periods are positive, so new activities 
may be able to be scheduled if availability of one of the 
cumulative resources increases. Therefore, here under the 
existence of cumulative resources, we move from the current 

period t to an earliest next period t’+1 in which either one of 
the scheduled activities finishes at the end of previous period 
(t’) or the availability of one of the cumulative resources 
increases respect to t. 

D.3. Backward Scheduling 
Backward scheduling can be performed by reversing 

precedence relations between activities, performing 
scheduling according to the reverse network using a schedule 
generation scheme and finally, transforming the resulted 
schedule to the schedule of activities in direct network. While 
the schedule transformation process, we transform the last 
point of schedule in the reverse network, supposedly T, to the 
point zero in the direct network and each point like t in reverse 
network to the point T-t. As the availabilities of renewable 
resources in different periods are fixed, this method is valid, 
but for the problem subject to the cumulative resources, before 
we can schedule activities in reverse network, we are to 
determine that each period in planning horizon would be 
transformed to which period in direct planning horizon so that 
the cumulative resource availability for the period is specified. 
As the transformation depends on the schedule of reverse 
network, we will not be able to perform this. So we use the 
procedure described in the following. 

Initially we neglect cumulative resources constraints and we 
schedule activities using exact same procedure for backward 
scheduling without cumulative resources described above. 
Then we consider cumulative resources constraints and in 
order to satisfy them, we delay the start time of the project as 
long as no shortage for these resources happens during any 
period of project execution. Figure 2 shows the pseudo-code 
of this procedure for delaying project start time. In this 
procedure starting from the first period, periods are checked 
for cumulative resources shortage and once a shortage is found 
in a period say t, the first latter period t’ is found up to which 
the procurement amount of the cumulative resource from t+1 
is more than or equal to the shortage amount. The start time of 
the project is delayed t’-t so that the activities under execution 
in period t will be under execution under period t’ in the new 
schedule in which enough cumulative resources exist for 
execution of activities running and the shortage of the 
cumulative resource is removed from period t. The noticeable 
point here is that having performed this transformation, we do 
not need to check periods before t’ in new schedule for 
possible shortage in cumulative resources and we continue the 
procedure from the period t’ by checking the next cumulative 
resource. 
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1. T=1 
2. WHILE T IS LESS THAN THE FINISH TIME OF LAST DUMMY ACTIVITY 

DO 
2.1. C=1 
2.2. WHILE C IS LESS THAN THE NUMBER OF CUMULATIVE 

RESOURCES IN THE PROBLEM DO 
2.2.1. DETERMINE THE AVAILABILITY CUMULATIVE RESOURCE C 

IN PERIOD T 
2.2.2. IF AVAILABILITY OF CUMULATIVE RESOURCE C IN PERIOD 

T IS LESS THAN ZERO 
2.2.2.1. DETERMINE THE FIRST LATTER PERIOD T’ UP TO 

WHICH THE PROCUREMENT AMOUNT OF 
CUMULATIVE RESOURCE C FROM PERIOD T+1 IS 
NOT LESS THAN THE SHORTAGE OF THE RESOURCE 
IN PERIOD T 

2.2.2.2. INCREASE THE START TIME OF THE PROJECT T’-T  
2.2.2.3. T=T’ 

2.2.3. C=C+1 
2.3. T=T+1 

3. STOP 
Fig 2. Pseudo-code of procedure of delaying project start time after backward 

scheduling 

E. Decoding Chromosomes 
Li and Willis [60] first introduced the idea of forward and 

backward scheduling and after that [49] used this idea as FBI 
method to decrease project makespan in RCPSP problem. This 
method which is called justification method as well [61] has 
been pervasively used for RCPSP problem in recent years. 
The method consists of using right justification and left 
justification methods for the schedule one after another until 
no improvement is resulted in project makespan. For the 
chromosomes decoded using forward and backward 
scheduling, we start this method with backward and forward 
scheduling respectively. These justification methods have 
been designed for the project scheduling problem subject to 
renewable resources. In the following we modify these 
methods for the problem which is subject to cumulative 
resources as well. 

E.1. Left Justification Method 
In left justification method, we choose activities in non-

decreasing order of their start times and we schedule each 
selected one as sooner as possible considering precedence and 
resource constraints. Based on precedence relations, each 
selected activity like i cannot be scheduled sooner than the 
finish time of all of its predecessors, say pi. So in the first step 
after selecting each activity for the process, we determine pi. 
The possibility of scheduling activity in earlier periods than its 
current start time, say si, is checked beginning by period pi 
and is continued by checking later periods until the feasible 
period is found. For each period we check whether enough 
resources, both renewable and cumulative types, exist for 
scheduling activity in the period. The noticeable point here is 
that regarding to the cumulative resources we do not need to 
check the availability for the periods later than the si-1, 
because the feasibility of scheduling i in si which is its current 
start time shows that enough cumulative resources exist in this 
period and later ones for the activity. 

E.2. Right Justification Method 
In right justification method, we choose activities in non-

increasing order of their start times and we schedule each 
selected one as later as possible considering precedence and 
resource constraints. Based on precedence relations, each 
selected activity like i cannot be scheduled later than the start 
time of all its successors, say ui. So in the first step after 
selecting each activity for the process, we determine ui. The 
possibility of scheduling activity in later periods than its 
current start time, say si, is checked beginning by period ui 
and is continued by checking previous periods until the 
feasible period is found. For each period we should check 
whether enough resources, both renewable and cumulative 
types, exist for scheduling activity in the period. However as 
the activity is being delayed, the cumulative resources 
requirements of activity are left from its current start period to 
a later period, its new start period, so no shortage for this type 
of resources happens. Therefore we only need to check the 
availability of renewable resources for shifting activity start 
time to the right.  

Another noticeable point here is that having performed right 
justification for all project activities, the start time of project 
may be shifted to the right. In this situation if the availabilities 
of resources in the problem do not depend on the time, we can 
shift the start time of project to the left up to the first period. 
However for the condition like the RCPSP-Cu, as the 
availability of resources depends on time, we have to check 
the feasibility of omitting periods before the start time of 
project. So here after right justifying all activities, if the first 
dummy activity has been shifted to the right, we check 
whether we are able to decrease the start time of the project. 
We decrease it one period repeatedly as long as the schedule 
remains feasible. For each period decrease, we are to check 
whether cumulative resource constraints remain satisfied in all 
periods. But we only need to check periods that the usage of 
cumulative resources is more than zero, i.e. the start periods of 
activities, because if cumulative resources usage in periods t1 
and t2 (t1<t2) are nonzero and in all middle periods are zero 
and availability of cumulative resources in period t1 is 
nonnegative, in each period t (t1<t<t2) remains nonnegative as 
well due to zero resource usage. So for the periods other than 
the ones in which the usage of cumulative resources is 
positive, no shortage can happen. Also for a period like t1with 
the positive amount of usage, if activities have been shifted 
left from the period t1+1 in which cumulative resource 
procurement amount of a resource k is zero, no shortage can 
happen for this resource again. To see this, if we omit the 
activities which start in period t1+1, the availability of 
cumulative resources k in this period and its previous period, 
t1, will be equal, so the availability of this resource for period 
t1 if we schedule omitted activity in t1 would be equal to the 
availability of this resource for period t1+1 if we schedule 
omitted activities in t1+1 and as there is no shortage for 
resource k by scheduling activities in period t1+1, no shortage 
will exist by scheduling activities in period t1. 

Therefore in order to decrease the start time of project one 
unit, we only need to check periods like t1to which start period 
of at least one activity would be transformed from the next 
period and we only check for shortage of cumulative resources 
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whose procurement amount in period t1+1 is positive. 

F. Elite Selection 
We keep the best chromosomes of each generation for the 

next generation through elite selection operator. In each 
generation, after decoding chromosomes, we determine the 
Pelite proportion of the best chromosomes in the generation and 
we transform them to the next iteration without any change. 

G. Mating Chromosomes 
After the transformation of elite chromosome from each 

generation to the latter one, the remained chromosomes of 
current generation are mated for performing crossover. Mating 
is performed randomly. In order that, mating is performed 
iteratively and in each iteration one chromosome is selected 
from the remained chromosomes of current generation and is 
mated randomly with one other remained chromosome. This 
process continues until all chromosomes of the current 
generation are mated. 

H. Crossover Operator 
We perform crossover on each mated chromosomes with 

the probability of Pcross. The offspring of chromosomes along 
with mated ones on which we do not perform crossover are 
transformed to the new generation and after this, the current 
generation is substituted thoroughly by the new generation. 
Performing crossover, given two mated chromosomes, a 
mother and a father, two offspring, a daughter and a son are 
generated. We use two-point crossover operator here. First 
two nonnegative integer points of k1 and k2 (k1<k2), less than 
the number of project activities are selected. The offspring 
ALs are generated as the following. From the AL of father 
chromosomes, activities ordered from the beginning to the 
point k1 and from the point k2 to the end of AL are inherited 
with the son with the same order. The other activities with 
positions from k1+1 to k2-1 are inherited from the AL of 
mother chromosome preserving their relative order. The 
daughter chromosome is generated analogously. 
Chromosomes generated in this way have precedence feasible 
ALs similar to their parents.  

Regarding to the f/b and s/p genes, son and daughter 
chromosomes inherit the same genes from the father and 
mother chromosomes respectively. 

I. Mutation Operator 
Having executed crossover operator, a new generation is in 

hand and the rest of operators are performed on the new 
generation. The mutation operator is executed with the 
probability of Pmut on each chromosome in the new generation 
except for the elite ones transformed directly from the ex-
generation. Each activity in the AL of a chromosome selected 
for mutation is selected with Pmut and its position in the AL is 
re-selected randomly between the last position of its 
predecessors and the first position of its successors. This 
leaves the AL of the chromosome precedence feasible. Also 
each of f/b and s/p genes of the selected chromosomes for 
mutation changes from their current situation to the other one 
situation with the probability of Pmut.   

J. Population Replacement 
This operation is applied to each generation with the 

probability of Preplac and if so, each chromosome in the 
generation except for the elite chromosomes of previous 
generation is replaced with a new chromosome generated as 
initial chromosome generation with the probability of Pexchang. 

IV. EXPERIMENTAL TESTS 
In this part we present comprehensive experimental analysis 

regarding the genetic algorithm presented in this paper for 
RCPSP-Cu. Algorithm has been coded and executed on 
C#.NET 2008 platform on a PC with Core 2 Duo 2.53 GHz 
CPU and 3 GB RAM. 

A. Sample Problems 
We use sample problems of the well-known project 

scheduling library (PSPLIB) [62] in order to have a full 
factorial design of parameters. As RCPSP problem instances 
in this library are only subject to the renewable resources, we 
use MRCPSP problem instances to have data of the 
nonrenewable resources as well and we transform each 
instance to a RCPSP-Cu instance using the following method. 
The noticeable point here is that we design the procedure in a 
way that a little positive probability exists for each generated 
instance not to be feasible. In this way the preprocessing part 
in the algorithm remains active and is not implicitly removed 
from the procedures. 

- In order to have a single mode project scheduling 
instance, one mode is randomly chosen for each activity 
among the modes presented for that activity in the 
instance, so the duration of activity and its resource 
requirements would be equal to the related amounts for 
the activity under its selected mode. 

- Regarding to the resources, nonrenewable resources are 
omitted from the instance and substituted with the same 
number of cumulative resources.  

- Nonrenewable resource requirements of activities are 
assumed as their cumulative resource requirements. 

- For each cumulative resource k, the total amount required 
by all activities, CRk is determined. The critical path 
length, CPR, is specified and a procurement plan from 
the initial period of scheduling horizon up to the CPR 
period is generated for the resource based on the CRk. 
In order that, beginning from the initial period, each 
period is randomly selected to have a positive amount of 
cumulative resource input with the probability of 0.8. 
Using this probability, the expected number of the 
selected periods would be four fifths of CPR. For each 
period t selected, a positive amount CRkt ≤ CRk is 
selected randomly and assigned as the input amount of 
the resource in the period. Then this amount is reduced 
from the total amount required by all activities, CRk, for 
the rest of periods. Using this method, a positive 
probability exists that CRk is not zero after the period 
CPR. If so, we add CRk to the input amount of 
cumulative resource k in period CPR with the 
probability of 0.7. So a little probability exists that the 
input amounts of cumulative resources is less than the 
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required amounts by activities and therefore the instance 
is infeasible.   

We use seven sets of multimode project scheduling 
problems from the PSPLIB, j10, j12, j14, j16, j18, j20 and j30 
as small and medium size problems. Besides, using project 
generator Progen [63], we generate two other problem sets, 
j60 and j90 with the same parameters as j30, but with 60 and 
90 activities respectively and we use them as large size 
problems. In order to observe the effect of having more 
resources in the problem, two extra sets of project scheduling 
problems have been generated as well, called j30_r4_n4 and 
j60_r4_n4. All parameters of generation in these sets are 
similar to the sets j30 and j60 respectively, but instead of 
having 2 renewable and 2 nonrenewable resources, there exist 
4 resources of each type in instances of these sets. We convert 
the instances of all these sets to RCPSP-Cu instances using the 
described procedure above. 

B. Parameters Setting 
There exist six different parameters, population size (P), 

Pelit, Pcross, Pmut, Preplac and Pexchang in the developed genetic 
algorithm except from the number of iterations of solving 
process. We have adjusted these parameters using 3-point 
factorial design. To perform experiments, a set of 100 
problems chosen randomly from the set j10 have been used. 
The solving process for each instance has been limited to the 
execution time of 150 milliseconds. Under this time limitation, 
around 3 to 40 iterations have been executed during the 
solving process, depending on the instance and algorithm 
parameters specially population size. Table 1 shows the results 
of parameters setting. Parameters have been set to these values 
for performing all other experiments. 

 
TABLE 1 

PARAMETERS SETTING OF THE GENETIC ALGORITHM  
Parameter P Pelite Pcross Pmut Preplac Pexchang 

Value 20 0.05 0.6 0.05 0.5 0.1 

C. Algorithm Validation 
In order to check validation of our method, we use some 

instance problems whose optimum objective functions values 
are in hand. In order to have such instances whose optimums 
are in hand, we slightly modify the sample problems 
introduced in section 4-1 as the following. For each instance 
we develop a random feasible solution schedule satisfying all 
constraints. Then if the makespan of the generated schedule is 
for example T, we set one of the cumulative resource 
requirements of the last dummy activity equal to one and 
increase the input amount of that resource for period T one 
unit. As the availability of the resource is equal to the 
activities requirement, the makespan of each solution cannot 
be less than T up to which all the required amount of the 
resource is procured. So the feasible schedule in hand is an 
optimal solution. 

All sample problems have been modified with the above 
procedure and solved with the genetic algorithm. For each 
instance, the solution procedure of algorithm has been limited 
to generation of 100 schedules. In order to assess the validity 
of algorithm, following quantity has been computed regarding 
to each problem solved by algorithm: 

100*
Opt

Opt

Z
ZZ

d
−

=
 

Z: objective function value of the best solution achieved by 
solution algorithm 

ZOpt: optimal objective function value of the instance 
The average and standard deviation of d using genetic 

algorithm for each problem set has been reported in table 2. 
Results show very little deviations of final solutions from the 
optimums. 

 
TABLE 2 

GENETIC ALGORITHM VALIDITY ASSESSMENT  

Sample problems sets 
Mean time of 

algorithm 
(milliseconds) 

Mean of  percentage deviations of 
solutions from optimums 

Standard deviation of percentage 
deviations of solutions from optimums 

J10 (536 problems) 16 0.36 1.06 
J16 (550 problems) 31 0.43 1.01 
J20 (554 problems) 42 0.43 0.95 
J30 (640 problems) 79 0.38 0.81 
J60 (640 problems) 252 0.36 0.68 
J90 (640 problems) 512 0.30 0.57 

J30-r4-n4 (640 problems) 154 0.44 0.86 
J60-r4-n4 (640 problems) 486 0.31 0.62 

D.  Algorithm Robustness 
We check robustness of the genetic algorithm in this part. 

Algorithms used to solve many instances each for several 
times and deviation of solutions gained from solving each 
instance is measured.  

From each set of problems, 50 randomly chosen instances 
are used and each instance is solved 30 times using the genetic 
algorithm. This procedure is accomplished under two settings 
of limiting the solution procedure to generation of 100 and 

800 schedules. 
To check the robustness of the algorithm, following 

quantity is computed regarding to each problem solved: 

100*
)(
)(

i

i

ZE
ZSdd =  

Zi: objective function value of the best solution achieved 
from solving the problem for ith time  

Sd(Zi): standard deviation of Zi 
E(Zi): mean of Zi 
The average of d for the problems of each set has been 

International Journal of Mining, Metallurgy & Mechanical Engineering (IJMMME) Volume 1, Issue 1 (2013) ISSN  2320–4060 (Online)

44



reported in table 3. 
TABLE 3 

ALGORITHM ROBUSTNESS CHECK 

Sample 
problems 

sets 

100 schedules 800 schedules 

Mean time 
(milliseconds) 

Percentage 
of 

deviation 
(%) 

Mean time 
(milliseconds) 

Percentage 
of 

deviation 
(%) 

J10 16.4 1.38 103.58 0.29 
J16 31.33 0.76 205.17 0.56 
J20 42.44 0.89 280.28 0.42 
J30 81.91 0.54 518.78 0.61 
J60 253.83 0.36 1667.85 0.44 
J90 509.68 0.32 3418.87 0.39 

J30-r4-n4 146.89 0.74 991.85 0.82 
J60-r4-n4 477.69 0.39 3160.39 0.38 

E. Performance Assessment 
As our problem in question is a new one in the literature 

and there exist no solution reference to compare our solution 
method with, we use a branch and bound algorithm we 
introduce in the appendix of this paper for RCPSP-Cu. We 
select 50 instances from each dataset and first solve them with 
genetic algorithm under two different settings of generation of 
100 and 800 schedules. Then we use the best solution reported 
by this algorithm for each instance as the initial upper bound 
of branch and bound algorithm to solve the related instance. 

Branch and bound algorithm process is limited to time 
limitation of 3 seconds. After this time if the solving process is 
not final yet, the best upper bound achieved is reported. So the 
final solution reported by this algorithm will be at least as well 
as the solution reported by the genetic algorithm. In addition, 
the tight initial upper bound speeds up the process of the 
algorithm. 

In order to assess the performance of our genetic algorithm, 
we use percentage deviation of makespan of final solutions 
gained by this algorithm from the makespan of final solutions 
reported by branch and bound algorithm using the following 
relation: 

100*
B

BG

Z
ZZd −

=  

ZG: related makespan of the genetic algorithm final solution 
ZB: related makespan of the branch and bound algorithm 

final solution 
Mean and standard deviation of the quantity d has been 

computed for different sets. Besides, as the solving process of 
each non-exact algorithm is a vital factor for the algorithm 
efficiency, the average solving time of instances of each set 
has been reported. Table 4 shows the results. 

 
TABLE 4 

GENETIC ALGORITHM PERFORMANCE ASSESSMENT 

Sample problems sets 

100 schedules  800 schedules 

Average 
solving time 

(milliseconds) 

Mean of 
percentage 
deviations 

Standard 
deviation of 
percentage 
deviations 

 
Average 

solving time 
(milliseconds) 

Mean of 
percentage 
deviations 

Standard 
deviation of 
percentage 
deviations 

J10 15 3.64 7.18  103 0.54 1.96 
J16 30 2.69 5.79  195 1.14 3.01 
J20 43 1.75 3.47  277 0.59 1.74 
J30 77 1.70 3.25  503 0.81 2.15 
J60 247 1.09 1.90  1646 0.10 0.52 
J90 491 0.64 1.21  3339 0 0 

J30-r4-n4 147 2.11 3.89  971 0.40 1.32 
J60-r4-n4 473 1.06 1.81  3158 0.23 0.91 

 

V. CONCLUSIONS 
In this paper we introduced RCPSP-Cu problem to study 

cumulative resources type more extensively. We formulated 
and mathematically modeled this problem as an IP model and 
discussed about its NP-hardness complexity. Based on its NP-
hardness, we focused on developing an effective and efficient 
meta-heuristic algorithm for the problem. We used the genetic 
algorithm for this purpose and structuring that, we modified 
pervasive heuristics of serial and parallel schedule generation 
schemes in forward and backward scheduling and also 
improvement method of FBI for the condition that cumulative 
resources exist in the project scheduling problem in addition to 
the renewable resources. The modified methods can be used 
for similar project scheduling problems in which these 
heuristics are used such as MRCPSP or TCTP if they are 
subject to both renewable and cumulative resources.  

The computational results by developing and using 
instances with their optimum makespan values in hand 

showed validation of both generated algorithms. Also solving 
many instances by the genetic algorithm for several times 
showed the robustness of the algorithm via little deviations for 
each instance final solutions gained in different solving times. 
Performance assessment of the genetic algorithm performed 
using a developed branch and bound algorithm and showed its 
efficiency in gaining final solutions for the problem close to 
the optimums in rather short time. 

For further research, the cumulative resource type can be 
included in other project scheduling problems such as TCTP, 
so that these widespread resources in practical uses are further 
studied theoretically, as aimed by this paper.  

APPENDIX: BRANCH AND BOUND ALGORITHM FOR RCPSP-CU 
We developed a branch and bound algorithm for RCPSP-Cu 

by customizing precedence tree algorithm proposed in [27] for 
RCPSP. In the customized algorithm similar to original one, 
partial schedules containing parts of project activities are 
completed along the branching tree. The depth-first-search 
method is used to choose a node not fathomed yet from the set 
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of open nodes and according to the schedule of the node, one 
new node is generated related to each activity not scheduled 
yet whose predecessors have been all scheduled. The selected 
activity for each new node is scheduled in the earliest feasible 
time considering precedence relations and renewable and 
cumulative resource constraints. Relating to each node in 
which all activities have been scheduled, a feasible solution is 
in hand for the problem. An upper bound for the project 
makespan is kept during the procedure which is equal to the 
makespan of the best feasible solution achieved up to the 
current time. Also a lower bound for the project makespan for 
each node in which only part of project activities have been 
scheduled is determined equal to the critical path length of the 
project base on the node schedule. For this, the earliest start 
time of each scheduled activity in the node is set equal to its 
start time in the schedule and earliest start times of the rest of 
activities are determined using forward path, meanwhile a 
lower bound on the earliest start time of each of these 
activities not scheduled yet is determined based on cumulative 
resources usage, in that, start time of each cannot be less than 
the earliest time in which the availability of all cumulative 
resources are more than the requirement of the activity and all 
of its predecessors.  

 For all new nodes generated in each step, this lower bound 
is compared to the current upper bound and if exceeds that, the 
node is fathomed. This procedure is repeated for all nodes not 
fathomed yet whenever the upper bound is modified in the 
algorithm. 
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