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Abstract. Project managers often face some challenges resulting from the scarcity of
resources in construction management. Levelling the used resources in multiple projects is
a frequently encountered problem in construction areas and manufacturing sectors. In this
regard, the current study proposes a robust Forensic-Based Investigation (FBI) algorithm
for resource leveling in multiple projects, considering di�erent objective functions of the
resource graphs. To this end, Fuzzy C-Means (FCM) clustering approach was fused into
the main operation of the FBI to enhance the convergence rate using the population
information. The proposed scheduling examines di�erent objective functions to e�ciently
optimize the resource pro�le selection. Two case studies were taken into account in this
research to elaborate on the performance of the improved optimization algorithm while
dealing with the resource-leveling problem in multiple projects. The experimental �ndings
and statistical comparisons revealed that the developed Fuzzy clustering Forensic-Based
Investigation (FFBI) could acquire solutions of high quality and outperform the compared
optimization algorithms.
© 2024 Sharif University of Technology. All rights reserved.

1. Introduction

Construction management is complicated due to sev-
eral in
uencing factors such as high intensity of the
interrelationship among project activities, uncertainty
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in projects, and demands for several parties, to name a
few [1,2]. To overcome the aforementioned di�culties
and achieve successful project outcomes, advanced
scheduling technologies should be used instead of
traditional techniques such as critical path analysis,
program evaluation and review technique, and linear
scheduling [3]. Applying a new technique to resource
management is a prerequisite for construction contrac-
tors in today's complex construction environment [4].
An appropriate method for resource management can
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ensure high levels of project success and avoid project
delay and cost overrun [5,6].

The project managers generate schedules using
conventional approaches such critical path method and
program evaluation and review the proposed tech-
nique, resulting in the earliest start time mode for all
activities [7]. However, the above-mentioned meth-
ods neglect the overconsumption of resources during
project implementation. In addition, incorporation of
the resource usage into activities cannot guarantee an
appropriate schedule because of resource demanding
variations along with the project timeline. Due to the
resource 
uctuations, contractors often face di�culty
hiring and �ring the essential workers to control the
e�cient resource pro�les. Accordingly, the project cost
will increase and productivity will decrease. Hence,
e�ective resource management is essential to minimize
resource expenditures and satisfy the planned schedule.

The method for reducing the resource 
uctua-
tions, i.e., resource levelling, plays an essential role in
construction project management that has attracted
considerable attention in the academic milieu [8,9].
Resource levelling primarily aims to reduce the resource
usage 
uctuations as much as possible within a speci�c
time span along the project timelines. It also attempts
to schedule noncritical activities within their available

oats without changing the total project time to attain
a good resource histogram [10]. The problems of
resource leveling can be classi�ed into four categories:

1. Considering a single resource in a project [11];
2. Handling multiple types of resources in a

project [12];
3. Dealing with a single resource in many projects [13];
4. Leveling multiple resources in di�erent projects [14{

16].

However, real construction projects are still subject to
some challenges when dealing with sharing resources
and multiple mode activities due to the lack of a regular
guiding process. In this regard, project planners should
pay more attention to reducing resources 
uctuations
in many projects during the planning stage of project
management.

Numerous methods have been developed and
investigated to deal with the problem of resource
leveling among the most signi�cant ones including
mathematical, heuristics, and metaheuristics methods.
Among the abovementioned techniques, Evolutionary
Algorithms (EAs), a class of metaheuristics, have
attracted considerable attention [17{20]. The EAs use
iterative calculations instead of substantial gradient
information that help them tackle many optimization
issues successfully. Despite their great achievement
in many engineering �elds, they still have some lim-
itations. Among their major inherent drawbacks are

their weak exploited ability and premature convergence
when solving complex optimization problems. There-
fore, many researchers prefer using hybrid techniques
instead to boost the performance of the EAs.

Forensic-Based Investigation (FBI) is a recent
metaheuristic algorithm proposed in 2020 by Chou and
Nguyen [21]. FBI based on the situation of police
o�cers handles problems through suspect, site, and
pursuit. It is easy to use with no demand for prede�ned
controlling parameters while showing great robustness
in tackling single optimization problems. Many studies
have proved that the FBI outperformed the other well-
known algorithms [22{25]. Indeed, it is a novel and
powerful algorithm, and the use of its variant to solve
the resource leveling problems would be interestingly
e�cient. The original FBI operates only through
two main phases, namely investigation and pursuit.
However, independent interaction of each phase and
lack of communication between the two teams lead to a
decrease in the convergence rate. This study highlights
the advantages of the original FBI and fuzzy clustering
to establish a robust FBI algorithm for resource leveling
in multiple projects.

This research signi�cantly contributes to the
available literature. First, a hybrid algorithm is devel-
oped to improve the intensi�cation and diversi�cation
abilities of the FBI. Second, a scheduling method is
proposed considering multiple resources in di�erent
projects via real case studies and di�erent evaluation
criteria. Third, its outcomes can be a useful tool
for project managers that assist them in controlling
resource management at project planning and imple-
mentation phases.

The rest of the paper is organized as follows:
Section 2 presents the related studies on resource lev-
elling. Section 3 describes a mathematical formulation
of resource leveling in multiple projects. Section 4 de-
velops a model to solve the resource-levelling problem.
Section 5 presents the optimization outcomes, result
comparisons, and analysis results. Section 6, concludes
the study and suggests some relevant issues for further
investigation.

2. Related works on resource leveling

Resource Levelling (RL) problems have drawn con-
siderable attention due to their practical applica-
tions [26,27]. Given the involvement of the RL
problems in many construction projects, RL have
been deeply investigated through many approaches.
Derbe et al. [28] presented a scientometric review on
Construction Project Scheduling (CPS) studies. The
resource-constrained project scheduling problems are
the most signi�cant �elds in the CPS studies. Other
areas such as resource utilization, resource allocation,
and resource levelling are included without limitation.
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Zhou et al. [29] presented an extensive review on the
proposed methodologies for CPS optimization.

A variety of methods have been developed to date
to handle the RL problem including the mathematical,
heuristic, and meta-heuristic approaches. Mathemat-
ical methods such as dynamic programming [30,31],
integer programming [32], enumerative search [33], and
branch-and-bound methods can o�er exact solutions.
These methods, however, face many drawbacks when
dealing with large-scale and complex problems. As a
construction project becomes complicated, expanding
the number of activities and decision variables will lead
to computational explosion and impractical calcula-
tion.

Several researchers prefer using heuristic methods
to address the aforementioned drawback of the math-
ematical approaches. E�orts have been made to make
heuristic rules and improve the quality of the feasi-
ble solutions [34,35]. The heuristic approaches have
been successfully applied to handle large and complex
problems [36{38]. However, the project managers are
not satis�ed with using heuristic methods in practical
applications. Given the reliance of the proposed
methods on the pre-de�ned rules, their e�ectiveness
highly depends on the speci�c types of problem-solving
manners. Therefore, it can be concluded that both
mathematical and heuristic methods are not suitable
for handling real-world construction projects [18,39].

Numerous researchers have investigated the appli-
cation of meta-heuristic algorithms that use intelligent
search-based population to solve di�erent resource
leveling problems in construction projects [40]. Ge-
netic Algorithm (GA) is the most popular method
for solving RL problems [1,41{44]. Other well-known
algorithms that the researchers used for handling RL
are the particle swarm optimization [5,16], ant colony
optimization [45], and di�erential evolution [46,47].
Some studies have recently introduced optimization al-
gorithms to deal with the RL problem. For instance, in
a study conducted by Khanzadi et al. [48], two new al-
gorithms namely the colliding bodies optimization and
charged system search were proposed to simultaneously
handle the resource levelling and resource constraint.
In another recent study, Prayogo et al. [49] used a
modi�ed symbiotic organisms search to deal with the
resource leveling problem [50]. The metaheuristic
methods have been successfully applied to handle the
RL problems at a certain degree; however, they still
have some limitations such as easy trapping in local
optima and poor exploitation when facing problems
that are more complicated. Therefore, more advanced
methods are required for further improvement of the
quality and e�ciency of the resource leveling solution.

A variety of advanced techniques have been pro-
posed for other variants of resource levelling prob-
lems [51]. Masmoudi, and Ha��t [52] proposed a

fuzzy model to deal with project scheduling problems.
Kyriklidis et al. [53] studied the RL problem using
hybridization strategy of two intelligent metaheuristics.
Khalilzadeh [10] considered multi-mode activities and
allowed splitting in the RL modelling. Damci et al. [54]
examined the impacts of numerous objective functions
in RL problems [11]. Damci et al. [2] introduced a new
method that took into account the available 
oat of
activities in the RL. The novelty of this study lies in its
proposal of a robust hybrid optimization algorithm to
handle complex multiple resource levelling in multiple
projects.

3. Description of RL in multiple projects

A construction company will start simultaneously n
projects, and every project includes many activities
that require M types of resources to be executed. The
optimization model aims to minimize the 
uctuations
in the usage of resources by reducing the peak demand
resources and daily resource consumption. The RL
in multiple projects can be de�ned as an optimization
problem, as shown below [14,55]:

Minimization of resource intensity

=
1
T

TX
t=1

MX
m=1

h
wm

�
Rm(t)�Rm�2i ; (1)

subject to:

TESi � TSTi � TLSi ; (2)

max
�
TSTpseti + Tpseti

� � TSTi � TLSi ; (3)

Rm(t)=
nX
k=1

X
i

Rmt(i); Rm=
1
T

TX
t=1

Rm(t); (4)

Rm(t) =

(
Rm(t) if TSTi < t � TFTi
0 if t � TSTi or t > TFTi

(5)

where Rm(t) represents the mth resource demand on
the day t of all involving projects, and Rmt(i) denotes
the mth resource demand on the day t of the ith
activity. In addition, TST , TFT , TES , and TLS are
the start time, �nish time, earliest start time, and latest
start time of the ith activity, respectively. Moreover,
pseti represents the predecessor set of activity i, and
the coe�cient wm determines the importance level of
the mth resource. The values of wm are determined
via Analytical Hierarchy Process (AHP) method. The
large value of wm corresponds to the high level of
signi�cance of the resource m.

Eq. (1) denotes the general objective function
of the resource leveling in multiple projects aimed at
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minimizing the sum of the square of the deviations
between the daily and average resource usage. Eq. (2)
represents the �rst constraint where the start times
of non-critical activities must be in the range of the
earliest and latest start times. Eq. (3) is the second
constraint where the start time of the actual activities
must satisfy the dependencies in the project networks.
Eqs. (4) and (5) are used to calculate the daily required
resource (Rm(t)) and average resource usage (Rm),
respectively, of all the implemented projects in an
enterprise.

4. Robust optimization for RL

The newly introduced Fuzzy clustering Forensic-Based
Investigation (FFBI) is rigorously presented to deal
with the resource levelling problems. The FFBI is
a new hybrid optimizer that functions based on the
recently developed FBI algorithm proposed by Chou
and Nguyen [21]. The original FBI mimics the investi-
gation of the criminal behavior of police o�cers [56,57].
The forensic investigation process is composed of �ve
stages: investigation start, explanation of detection,
inquired direction, actions, and prosecution. The
newly proposed FFBI mainstream is analogous to those
in the original FBI composed of initial population,
investigation and pursuit phase, selection, and stopping
steps. However, the FFBI di�ers from the original
version since it integrates the Fuzzy C-Means (FCM)
clustering approach into the investigation and pursuit
phase to improve the convergence speed by e�ciently
utilizing population information via cluster centers
(Figure 1). More details of FFBI for RL problems are
given in the following:

4.1. Initialization and decision variables
The FFBI-RL requires some necessary inputs such
as the precedence relations among activities, activity
duration, and requested resources. The user also needs
to set two common optimizer parameters including the
maximum generation Gmax and population size (NP ).
The total project duration and resource requirements
for all activities are calculated via the critical path
method and project data information. A random
generator creates initial population as in Eq. (6), where
xij denotes the random numbers at the interval (0,1)
which will be improved during the optimization process
of FFBI.

Population=

2666666664
X1
X2� � �
Xi� � �
XNP

3777777775=

26666664
x1;1 x1;2 � � � x1;D
x2;1 x2;2 � � � x2;D� � � � � � � � � � � �
xi;1 xi;2 � � � xi;D� � � � � � � � � � � �
xNP;1 xNP;2 � � � xNP;D

37777775 :(6)

The D-element vector in Eq. (7) represents the decision

Figure 1. FFBI for RL problem.

variable for resource leveling in multiple projects. D
is the total non-critical activities in active projects.
The index i denotes the ith individual in the current
population. The vector in Eq. (7) is a row vector of
the matrix that contains NP rows and D columns, as
shown in Eq. (6).

X =
�
xi;1; xi;2; � � � ; xi;j ; � � � ; xi;D� : (7)

The original FBI operates the optimization mechanism
using real numbers. Consequently, the ceil function in
Eq. (8) is employed to convert the real numbers in the
decision vector into the start time (Xi;j) values of all
non-critical activities.

Xi;j = LBj + ceil (xi;j � (UBj � LBj)) ; (8)

where xij is an element of the D-element vector in
Eq. (7). In addition, LBj and UBj are the earliest
and latest start times of the jth non-critical activity
in the total D non-critical activities after handling the
constraints. The actual start time of all activities in
the project networks must satisfy two conditions:

1. Being in the range of the earliest and latest start
times;
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2. Being restricted by the actual start time of any of
its predecessor activities.

The �rst condition can be �xed prior to the calculating
process. The second condition, however, must be
decided in turn. The actual start time of one activity
is con�rmed when all activities in its predecessor set
are determined.

4.2. Investigation phase
The investigation phase includes two steps:

1. Interpretation of the results,
2. Directions of inquiry.

In the results interpretation step (A1), other individu-
als a�ect each individual movement as can be seen in
Eq. (9):

XA1ij =XA1ij + (2 � (rand()� 0:5))

� �XAij � (XAkj +XAhj )=2
�
; (9)

where (2 � rand() � 0:5) denotes a random number
in the range of [�1 : 1]; j = 1; � � � ; D where D is
the dimensional number; k, h, and i represent three
random indices; and fk; h; ig 2 f1; � � � ; NPg.

In the second step (A2), the operation of each
individual depends on the probability value of each
individual in Eq. (10) where Pworst and Pbest denote
the worst and the best objective values, respectively,
and PA1i is the �tness value of individual XA1i .

Prob(XA1i)=(PA1i�Pworst) = (Pbest�Pworst) : (10)

The new movement location of the individual XA2ij is
updated using Eq. (11):

XA2ij =Xbest+XAdj+rand() � �XAej +XAfj
�
; (11)

where Xbest is the best individual in the current
population, and d, e, f , and i are four arbitrarily
indices. In addition, fd; e; f; ig 2 f1; � � � ; NPg.
4.3. Pursuit phase
The pursuit phase also consists of two steps. The
updated movement of each individual in the �rst step
(B1) can be formulated in Eq. (12):

XB1ij =rand() �XBij+rand() � (Xbest�XBij ): (12)

In the second step (B2), the other member a�ects
the new individual by the probabilities. In case PBr
is better than PBi , the new movement of Bi can be
expressed as Eq. (13):

XB2ij = XBrj + rand() � �XBrj �XBij
�

+ rand() � �Xbest �XBrj
�
: (13)

Otherwise, the Eq. (14) is applied:

XB2ij = XBij + rand() � �XBij �XBrj
�

+ rand() � �Xbest �XBij
�
; (14)

where Xbest denotes the best individual, r and i are two
indices, fr; ig 2 f1; � � � ; NPg, and r is set randomly.

4.4. Fuzzy clustering process
FCM clustering approach was integrated with the FBI
to enhance the convergence rate in the optimization
process. The FCM is involved in the population
evolution by introducing the cluster centers as candi-
date individuals. FCM in the FFBI provides a high-
quality starting point in the searching procedure via
its cluster centers. Therefore, the clustering technique
will e�ectively enhance the exploitation during the
optimization process. The clustering method used in
this study is analogous to those in [58]. Of note,
early operating clustering may fail to establish good
clusters. Therefore, the clustering period needs to
be considered adequately to provide the optimization
algorithm with a proper timeframe to create complete
and steady clusters. This study uses a parameter
called the clustering period m to control the clustering
process. The value of m is set to 20.

When the remainder of dividing the maximum
generation Gmax by the clustering period m equals zero
(mod(Gmax;m) = 0). The FCM produces k individuals
involved in the process of updating the population.
This process contains four steps namely the selection,
generation, substitution, and update [59].

a) Selection: Randomly select k individuals from the
current population (set A). Here, k represents the
number of clusters, and k 2 [2;

p
NP ];

b) Generation: FCM clustering method creates k
o�spring (set B);

c) Substitution: Choose k best solutions (set C) from
the merged set (set A+ set B) for substitution;

d) Update: Update the population as P = P �set A+
set C.

4.5. Stopping condition
When the predetermined maximum generation Gmax is
reached, the optimization process will be terminated.
The search procedure stopping generates the optimum
start time for all activities in the project networks. The
�nal schedule and its corresponding resource graph will
be �gured out for project implementation.

5. Case studies

This paper analyzes two construction case studies
to determine the e�ectiveness of the proposed FFBI
in resource leveling in multiple projects. The �rst
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Figure 2. Network diagram of projects in the �rst case.

construction project case study was examined using
data given by Yan et al. [16]. This case consists of two
projects with similar total project duration and uses
three kinds of resource including human (R1), fund
(R2), and equipment (R3). Figure 2 lists the values
of duration, required resource, and dependency for all
activities in the project networks.

AHP determines the importance level of each
resource via a pairwise comparison matrix, which is
generated by the experts as follows:

R1
R2
R3

24 1 3 5
1=3 1 3
1=5 1=3 1

35 :
The consistency checking is acceptable since the value
of the consistency ratio is less than 0.1. The weights
of each resource are computed as: w1 = 0:637, w2 =
0:258, and w3 = 0:105. The general objective of
resource leveling in multiple projects is to minimize
the sum of the square of the deviations between
daily and average resource usage. The mathematical
programming model for the �rst case is formulated as
follows:

min RI =
1
18

18X
t=1

�
0:637

�
SR1(t)� SR1(t)

�2

+ 0:258
�
SR2(t)� SR2(t)

�2

+0:105
�
SR3(t)� SR3(t)

�2
�
;

subject to:8>>>>>>>><>>>>>>>>:

0 � Ts(A1) � 7
0 � Ts(B1) � 3
Ts(B1) + 5 � Ts(C1) � 8
0 � Ts(F1) � 6
Ts(B1) + 4 � Ts(G1) � 10
0 � Ts(H1) � 3

and:8>>>>>>>><>>>>>>>>:

0 � Ts(I1) � 15
0 � Ts(A2) � 9
0 � Ts(C2) � 15
5 � Ts(D2) � 9
5 � Ts(G2) � 10
5 � Ts(H2) � 13

The �rst example was performed on the small-scale
construction projects. Hence, the second case on the
medium-sized projects was utilized to further evalu-
ate the performance of the evolutionary algorithms.
Figure 3 illustrates the network diagram of both
projects. Each activity in both projects uses two
types of resources (R1 human, R2 equipment) and
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Figure 3. Network diagram of projects in the second case.

a �xed duration D that are shown above the arrow
line. The weights of each resource are de�ned as
�1 = 0:7 and �2 = 0:3 based on the importance level.
A mathematical model proposed to solve multiple
resource leveling in the second case is expressed as
follows:

min RI =
1
50

50X
t=1

�
0:7
�
SR1(t)� SR1(t)

�2

+0:3
�
SR2(t)� SR2(t)

�2
�
;

subject to:8>>>>>>>>>>>>>>>>>>>>>>>>><>>>>>>>>>>>>>>>>>>>>>>>>>:

0 � Ts(A1) � 20
Ts(A1) + 3 � Ts(C1) � 23
Ts(C1) + 5 � Ts(F1) � 28
Ts(F1) + 4 � Ts(I1) � 32
6 � Ts(E1) � 7
Ts(E1) + 4 � Ts(H1) � 11
17 � Ts(K1) � 22
17 � Ts(L1) � 20
Ts(L1) + 5 � Ts(O1) � 35
Ts(O1) + 6 � Ts(R1) � 41
25 � Ts(N1) � 39
Ts(N1) + 4 � Ts(Q1) � 43
Ts(Q1) + 4 � Ts(T1) � 47

and:

8>>>>>>>>>>>>>>>>>><>>>>>>>>>>>>>>>>>>:

0 � Ts(B2) � 1
6 � Ts(C2) � 26
Ts(C2) + 2 � Ts(G2) � 28
Ts(G2) + 5 � Ts(K2) � 33
Ts(G2) + 5 � Ts(L2) � 42
6 � Ts(E2) � 14
Ts(E2) + 7 � Ts(I2) � 21
Ts(B2) + 5 � Ts(F2) � 31
Ts(F2) + 7 � Ts(J2) � 36
Ts(J2) + 7 � Ts(N2) � 43

5.1. Optimization results
The FFBI is a parameter-free algorithm. Two com-
mon control parameters with the population size NP
and maximum number of generations Gmax should be
de�ned. The values of NP and Gmax were set to 100
and 100 for the �rst case, and 150 and 200 for the
second case. In each case, the experiment was run
30 times in the randomness avoidance. The proposed
FFBI signi�cantly reduces 
uctuation in resource use
of an enterprise in both case studies. Figure 4 displays
the resource graph of the initial networks followed by
leveling via FFBI algorithm in both cases. As shown in
Figure 4, the maximum daily required resource of R1
in the second case as an example ranges from 48 to 34
workers.

Table 1 shows the �ndings of the optimal values
of the indicators using the proposed FFBI. In addition
to the start times of the non-critical activities for both
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Figure 4. Resource graph before and after levelling by FFBI: (a) �rst case; (b) second case.

Table 1. Best solutions obtained by FFBI.

Indicators RI RI1 RI2 RI3
Actual start time of non-critical activities
A1:B1:C1:F1:G1:H1:I1:A2:C2:D2:G2:H2

1st case
Initial 363.85 76.95 1169.87 123.84 0.0.5.0.4.0.0.0.0.5.5.5
FFBI 3.184 1.39 4.76 10.17 4.0.8.0.9.0.12.8.15.5.10.13

2nd case

Initial 115.79 126.67 90.41 115.79

A1:C1:F1:I1:E1:H1:K1:L1:O1:R1:N1:Q1:T1:B2:C2:G2:
K2:L2:E2:I2:F2:J2:N2

0.3.8.12.6.10.17.17.22.28.25.29.33.0.6.8.13.13.6.
13.5.10.17

FFBI 33.299 38.31 21.61 | 0.3.26.31.7.11.22.17.25.40.30.43.47.0.11.21.33.3
3.13.20.5.33.43

cases, RIm(m=1;2;3), given in Table 1, is the Resource
Intensity (RI) for the single resource m:

RIm =
1

Project duration (D)

DX
t=1�

�m
�
SRm(t)� SRm(t)

�2
�
:

The single RI acquired by FFBI was signi�cantly
reduced in comparison to the initial schedule.

5.2. Result comparisons
The results of the proposed FFBI were compared
with those from the well-known algorithms including
GA [60], Particle Swarm Optimization (PSO) [61],
and Di�erential Evolution (DE) [62]. The recently
developed optimization algorithms include Symbiotic
Organisms Search (SOS) [63], Whale Optimization
(WO) [64], and FBI [21]. In both cases, the parameters
of the comparative algorithms were set as follows: In
the GA, the constant mutant and crossover probability
factors were set at 0.5 and 0.9, respectively. In
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addition, PSO sets the values of cognitive (c1) and
social (c2) factors at two, and the inertia weight
parameter w lies between 0.3 and 0.7. Moreover, the
DE control parameters are set as 0.5 and 0.7 for mutant
factor F and crossover probability Cr, respectively.
Other algorithms retain the recommended settings in
the original works. The two parameters NP and Gmax
are the same as the above settings for all the compared
algorithms.

The �nal results are subject to the �tness function
value that is the total RI obtained from the corre-
sponding algorithm. The average value and standard
deviation of the RI were utilized to evaluate the
performance of the algorithms after 30 runs. Table 2
presents the experimental results where the bold values
are indicative of the best acquired solutions. In this
table, the FFBI has a competitive performance with
regard to the accuracy and stability indicators. The
FFBI is able to �nd the optimal solutions in �tness
functions of both cases. Moreover, FFBI outperformed
all its counterpart algorithms since it succeeded in
�nding solutions with the lowest average �tness values
of 3.45 in the �rst case and of 33.502 in the second case.

As the curves shown in Figure 4, the resource
graph found by the FFBI in the �rst case has the
maximum daily resource usage of R1, R2, and R3 of 16,
59, and 24, respectively. These values were determined
to be 15, 62, and 23 previously by Tran et al. [46].
Overall, the value of the total obtained RI of the FFBI
is higher than that of the previous �ndings. Therefore,
it can be concluded that the FFBI is comparable to
other algorithms in solving multiple resource leveling
in multiple projects.

The performance of the proposed FFBI in the two
case studies is very promising to the reader. The third
case veri�es the robustness of the proposed algorithm
in the available case in research works of Prayogo et
al. [49] and Cheng et al. [47]. The project case has
44 activities with the total duration of 70 days. The
FFBI yielded lower values of �tness function of 9486
than those found by fuzzy clustering chaotic-based

di�erential evolution (9522) and modi�ed symbiotic
organisms search (9518).

5.3. Analytical outcomes with di�erent
objective functions

The proposed FFBI performance is further investigated
for eight di�erent objective functions in the resource
graphs. The formulas for eight objective functions
are given in the second column in Table 3 [54]. The
notes at the bottom of Table 3 explain the notations
in the objective functions, and the third column lists
the optimization criteria of these objective functions.
Table 3 displays the initial values using the earliest
start times of all non-critical activities and optimal
values of the eight objective functions obtained by
FFBI in both case studies. As observed, there was
a signi�cant improvement in all values of the eight ob-
jective functions, compared to their initial values. The
percentage of improvement in each objective function
was computed to analyze the improvement levels. As
demonstrated in Table 3, the FFBI yielded the best
improvement percentage (100% and 67.08%) in the
second objective function of the �rst case and eighth
objective function of the second case, respectively.

Such an improvement highly depends on the
project characteristics. In other words, di�erent
projects may yield the best improvement on another
objective function(s). Therefore, Project Managers
(PMs) need to apply the model to di�erent objective
functions to determine the objective function and
gain the highest improvement. In addition, based on
particular demands, the PMs should set coe�cients for
these objectives to obtain the best �t for their resource
graph.

Figure 5 displays the optimized project resource
graph by FFBI on eight di�erent objective functions
of both cases. The proposal model generated distinct
resource graphs on each objective function. Eight
di�erent objective functions attempt to minimize the
values of di�erent parameters and yield di�erent solu-
tions.

Table 2. Comparison of obtained results for both cases.

Performance measurement GA PSO DE WO SOS FBI FFBI

Resource Intensity
(RI)

Case 1

Best 3.627 3.184 3.184 3.184 3.184 3.184 3.184
Avg. 3.705 3.702 3.682 3.626 3.614 3.599 3.450
Std. 0.062 0.115 0.146 0.183 0.203 0.181 0.221
Worst 3.903 3.903 3.903 3.805 3.805 3.726 3.627

Case 2

Best 33.983 33.651 33.323 33.299 33.299 33.299 33.299
Avg. 35.006 34.886 34.435 34.422 34.390 34.055 33.502
Std. 1.411 1.279 0.563 0.596 0.559 0.729 0.249
Worst 38.355 38.355 35.347 35.471 35.471 35.347 34.159
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Table 3. Results of di�erent objectives obtained by FFBI.

No
Objective
function
formulas

Optimization
criteria

Initial
schedule

Optimized
by FFBI

Improvement
percentage

Case 1 Case 2 Case 1 Case 2 Case 1 Case 2

1 w � TP
t=1
jRdevtj Sum of the absolute deviations in

daily resource usage
73.663 127.60 13.42 69.30 81.78% 45.69%

2 w � TP
t=1
jRinctj Sum of only the increases in daily

resource usage from one day to the
next

15.658 60.70 0 35.30 100.00% 41.85%

3 w � TP
t=1
jRt �Ravj Sum of the absolute deviations be-

tween daily resource usage and the
average resource usage

251.276 456.744 24.069 214.456 90.42% 53.05%

4 w �max(Rt) Maximum daily resource usage 49.681 44.40 27.1920 28.80 45.27% 35.14%
5 w �max(Rdevt) Maximum deviation in daily re-

source usage
17.329 22.50 3.395 9.20 80.41% 59.11%

6 w �max(jRt�Ravj) Maximum absolute deviation be-
tween daily resource usage and the
average resource usage

24.835 22.78 3.0875 12.82 87.57% 43.72%

7 w � TP
t=1

(Rt)2 Sum of the square of daily resource
usage

23476.74 29514.0 16984.81 25389.4 27.65% 13.98%

8 w � TP
t=1

(Rdevt)2 Sum of the square of the deviations
in daily resource usage

1321.52 1203.4 31.78 396.2 97.60% 67.08%

Note: t = Day under consideration; T = Total project duration; Rdevt = Deviation between resources required on day t and t+ 1;
Rinct = Increase of resource requirement between required on day t and t+ 1;
Rav = Average resource use; Rt = Resources required on day t.

5.4. Discussion
A comparison of the results given above indicates that
the proposed FFBI outperformed other popular algo-
rithms in terms of solving resource-leveling problems.
Further discussion and inferences are drawn in the
following.

The FCM clustering approach played an impor-
tant role in the operation of the FBI mechanism by in-
troducing cluster center as the new potential candidate.
This operator facilitates making a balance between the
exploration and exploitation at the investigation and
pursuit phases of FBI.

The proposed FFBI exhibits simplicity and stable
performance, mainly because it does not require any
tuning parameter during the optimization process.
This characteristic favors the diversi�ed optimization
problems.

Investigation of the three case studies con�rmed
the e�ciency and e�ectiveness of the FFBI. The �rst
two cases are about multiple resource levelling in
multiple projects. The third case handles the publicly
available data. The FFBI outperformed the considered
algorithms in terms of the objective function value.

The analytical results of eight di�erent objective
functions of the resource graphs proved the feasibil-
ity and robustness of the FFBI in dealing with the

resource-levelling problem. The outcomes provide
helpful information for project managers that assist
them in planning project schedule in early phase.

6. Conclusions and further study

This study proposed a robust Forensic-Based Investiga-
tion (FBI) algorithm to solve the multiple resources in
multiple projects on di�erent objective functions. The
FBI was integrated with the fuzzy c-means clustering
technique to enhance the performance of the original
algorithm. Two case studies were utilized to validate
the e�ectiveness and e�ciency of the proposed model
in �nding the solutions that level the resource 
uctu-
ations. The obtained solutions were compared with
those of well-known and recently developed optimiza-
tion algorithms. The Fuzzy clustering Forensic-Based
Investigation (FFBI) outperformed the considered al-
gorithms in terms of resource intensity indicator.

The statistical results proved the superior per-
formance of the FFBI in dealing with the multiple
resources in multiple project problems. The FFBI
could �nd the best solution in the two considered
case studies with the values of 3.184 and 33.299,
respectively. Moreover, the proposed model generated
the lowest average �tness functions of 3.450 and 33.502
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Figure 5. Levelled resource graph by FFBI in di�erent objective functions of both cases.

in both cases. Furthermore, the FFBI exhibited excel-
lent performance on eight di�erent objective functions
with a considerable improvement in the �tness value,
compared to their initial values.

The FFBI algorithm can be easily modi�ed to

solve other real-world engineering optimization prob-
lems such as resource constraint and allocation. Fur-
thermore, integration of the leveling resource objective
with other project management objectives could be an
interesting direction. Therefore, extending the current
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Figure 5. Levelled resource graph by FFBI in di�erent objective functions of both cases (continued).

algorithm to multiple objective versions would be a
potential improvement for further research.
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