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In construction engineering, project schedules are commonly established by the critical path method. Nevertheless, these schedules
often lead to substantial fluctuations in the resource profile that are not only impractical but also costly for the contractors to execute.
Therefore, in order to smooth out the resource profile, construction managers need to perform resource-leveling procedures.
This paper proposes a novel approach for resource leveling, named as resource leveling based on differential evolution (RLDE).
The performance of the RLDE is compared to that of Microsoft Project software, the genetic algorithm, and the particle swarm
optimization algorithm. Experiments have proved that the newly developed method can deliver the most desirable resource-leveling
result. Thus, the RLDE is an effective method and it can be a useful tool for assisting managers/planners in the field of project
management.

1. Introduction
In today’s market condition, the survivability of any construction contractor essentially depends on its capability of
managing resources. Ineffective resource management escalates the operational expense or even gives rise to financial
and scheduling problems [1, 2]. Without doubt, the excess
requirement of resources in the construction site leads to the
extension of project duration. As the construction contractor
fails to deliver the project by the prespecified date, the owner
may suffer from financial losses due to the nonavailability
of the facility [3]. In addition, construction delays often
bring about legal disputes among parties, higher overhead
costs, and degraded reputation, and they occasionally result
in project failures [4, 5]. As a consequence, resource management is an essential task that needs to be implemented
thoroughly in the planning phase.
Basically, resources in construction projects consist of
manpower, equipment, materials, money, and expertise.
Needless to say, the proper management of these resources
holds the key to the successful accomplishment of any project
[3]. However, construction schedules, generated by network
scheduling techniques, are often characterized by undesirable
resource fluctuations that are impractical and costly for

the contractors to implement [6]. The reason is that it is
expensive to hire and to lay off workers on a short-term
basis according to the fluctuations in the resource profile.
Additionally, if the resources cannot be managed efficiently,
they may exceed the supply capability of the contractor and
lead to schedule delay. Finally, the contractor must maintain
a number of idle resources during low-demand periods.
These facts undoubtedly cause profit damage for construction
companies. Thus, construction managers mandatorily need
to perform schedule-adjusting processes to alleviate fluctuations in the resource profile during the project execution.
The process of smoothing out resources is well known as
the resource-leveling problem [6–8]. In resource leveling, the
objective is to minimize the peak demand and fluctuations
in the pattern of the resource usage [9]. This process aims
to minimize variations in the resource profile by shifting
noncritical activities within their available floats and keep the
project duration unchanged.
Initially, the mathematical approaches were used to solve
the resource-leveling problems because they can provide
optimal solutions to the problem at hand. Nonetheless,
these methods become impractical when the size of project
network reaches a considerably large number. This is because
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resource leveling belongs to the class of combinatorial problem. Hence, the increasing number of decision variables
causes the problem solving to become infeasible. As a
consequence, mathematical methods are not computationally
tractable for real-life projects [10].
Other researchers attempted to utilize heuristic methods
in solving the resource-leveling problem [9, 11]. Despite
the simplicity of resource-leveling heuristics and their wide
implementation on commercial project management software (e.g., Microsoft Project), the result oftentimes cannot satisfy project managers. It is because the heuristic
approaches operate on the basis of prespecified rules. Thus,
their performances are dependent on specific types of problem and on the set of implemented rules. Hence, they can
only deliver feasible solutions and by no means guarantee an
optimum solution [12].
Due to the limitations of the mathematic and heuristic
methods, the application of evolutionary algorithms (EAs)
for resource leveling has attracted more attention in recent
years [13, 14]. EAs, inspired by the natural evolution of
species, have been successfully utilized to tackle optimization
problems in diverse fields [15]. Evolutionary computation
is characterized by iterative progresses used to guide the
randomly initiated population to the final optimal solution.
Recently, differential evolution (DE) [16–18] has drawn
increasing interest of researchers who have explored its
capability in a wide range of problems. DE is a populationbased stochastic search engine, which is efficient and effective
for global optimization in the continuous domain [19]. It uses
mutation, crossover, and selection operators at each generation to move its population toward the global optimum.
Superior performance of DE over other algorithms has been
verified in many reported research works [15, 17, 20, 21].
Nevertheless, none of the previous works has investigated the
potentiality of DE in solving resource-leveling problem.
Thus, this paper proposes a novel approach for resource
leveling, named as resource leveling based on differential
evolution (RLDE). RLDE is developed based on the DE
algorithm as the search engine. The rest of the paper is
organized as follows. In Section 2, the research methodology
is presented. The structure of the proposed RLDE is shown
in Section 3. The performance of the newly developed model
is demonstrated in Section 4. Finally, some conclusions are
mentioned in the last section of this paper.

2. Research Methodology
2.1. The Resource-Leveling Problem. In the resource-leveling
problem, the objective is to reduce the peak resource demand
and smooth out day-to-day resource consumptions within
the required project duration and with the assumption of
unlimited resource availability. Hence, the resource leveling
can be expressed as an optimization problem within which
the following cost function is minimized [9, 12]:
𝑇
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𝑓 = ∑ (𝑦𝑖 − 𝑦𝑢 ) ,
𝑖=1

(1)

where 𝑇 denotes the project duration, 𝑦𝑖 represents the total
resource requirements of the activities performed at time unit
𝑖, and 𝑦𝑢 represents a uniform resource level given as follows:
∑𝑇𝑖=1 𝑦𝑖
(2)
.
𝑇
Equation (1) means that if the value of the objective function 𝑓 is small, the actual resource profile of the project will
be close to the form of the ideal resource profile. In the ideal
resource profile, the resource demand is constant throughout
the project duration. Moreover, (1) can be rewritten in the
following form:
𝑦𝑢 =

𝑇

𝑇

𝑖=1

𝑖=1

𝑓 = ∑ 𝑦𝑖2 − 2𝑦𝑢 ∑ 𝑦𝑖 + 𝑦𝑢2 .

(3)

Because activity duration and rate of resource for each
activity are fixed, 𝑦𝑢 and ∑𝑇𝑖=1 𝑦𝑖 are constant. Thus, the cost
function can be expressed as follows:
𝑇

𝑓 = ∑ 𝑦𝑖2 .

(4)

𝑖=1

2.2. Differential Evolution. Differential evolution (DE) is an
evolutionary algorithm proposed by Storn and Price [16, 17],
which is designed for real parameter optimization problems.
The algorithm of DE is depicted in Algorithm 1. In this figure,
it is noted that NP represents the size of the population,
𝑋𝑗,𝑖 is the 𝑗th decision variable of the 𝑖th individual in
the population, 𝑔 is the current generation, and 𝐷 denotes
the number of decision variables. rand𝑗 (0, 1) is a uniform
random number lying between 0 and 1, and rnb(𝑖) is a
randomly chosen index of (1, 2, . . . , NP).
DE is based on the utilization of a novel crossovermutation operator, based on the linear combination of three
different individuals and one subject-to-replacement parent
(or target vector) [20]. The crossover-mutation operator
yields a trial vector (or child vector) which will compete
with its parent in the selection operator. These two terms,
trial vector and child vector, can be used interchangeably.
The selection process is performed via selection between the
parent and the corresponding offspring [22].
In the selection process, the trial vector is compared to the
target vector (or the parent) using the greedy criterion [17].
These two terms, target vector and parent vector, can be used
synonymously. Under the greedy criterion, the fitness value is
the only information that determines which vector is allowed
to survive in the next generation (see Figure 2). Thus, if the
trial vector can yield a lower objective function value than its
parent, then the trial vector supersedes the target vector. The
selection operator is expressed as follows:
𝑈
𝑋𝑖,𝑔+1 = { 𝑖,𝑔
𝑋𝑖,𝑔

if 𝑓 (𝑈𝑖,𝑔 ) ≤ 𝑓 (𝑋𝑖,𝑔 )
if 𝑓 (𝑈𝑖,𝑔 ) > 𝑓 (𝑋𝑖,𝑔 ) ,

(5)

where 𝑋𝑖,𝑔 represents the parent vector at generation 𝑔. 𝑈𝑖,𝑔
denotes the trial vector at generation 𝑔. 𝑋𝑖,𝑔+1 is the chosen
individual which survives to the next generation (𝑔 + 1).
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Initialize population of NP individuals
Do
For each individual 𝑗 in the population
Generate three random integers 𝑟1 , 𝑟2 , and 𝑟3 ∈ (1, NP)
with 𝑟1 ≠ 𝑟2 ≠ 𝑟3 ≠ 𝑗
Generate random integer 𝑖rand ∈ (1, 𝐷)
For each parameter 𝑖
𝑋
+ 𝑓 × (𝑋𝑗,𝑟1 ,𝑔 − 𝑋𝑗,𝑟2 ,𝑔 ) if rand𝑗 (0, 1) < Cr or 𝑗 = 𝑟𝑛𝑏(𝑖)
𝑈𝑗,𝑖,𝑔 = { 𝑗,𝑟3 ,𝑔
𝑋𝑗,𝑖,𝑔
otherwise
End For
Replace 𝑋𝑖 with the offspring 𝑈𝑖 if 𝑈𝑖 is better
End For
Until the stopping condition is met
Algorithm 1: The differential evolution algorithm.

Project information
optimizer’s parameter setting

Scheduling module
DE optimizer
Population of NP solutions
[X1,1 , X1,2 , . . . , X1,D ]
[XNP,1 , XNP,2 , . . . , XNP,D ]

Mutation
Crossover
Selection

No

Optimal project schedule

Searching termination

Yes

Optimal activity start time
[X1 , X2 , . . . , XD ]

Figure 1: The resource leveling based on differential evolution (RLDE).

The optimization process can terminate when the stopping criterion is met. The user can set the type of this stopping
condition. Commonly, the maximum generation (𝐺max ) or
the maximum number of function evaluations (NFE) can
be used as the stopping condition. When the optimization
process terminates, the final optimal solution will be readily
presented to the user.

3. Resource Leveling Based on
Differential Evolution (RLDE)
This section of the paper is dedicated to describing the RLDE
resource-leveling approach (see Figure 1). It is noticed that
the RLDE is developed based on DE as the optimization

technique. The objective of this optimization model is to minimize daily fluctuations in the project resource utilization.
This goal is achieved by altering the schedules of noncritical
activities in the project within their available floats. Thus, the
schedules of critical activities are unchanged and the total
project duration remains the same as the critical path method
(CPM) based schedule.
Herein, the resource leveling is accomplished by minimizing the fluctuations of resource requirements and a
desirable uniform resource level. The model requires inputs
of project information including the activity relationship,
the activity duration, and the resource demand. In addition,
the user also needs to provide the parameter setting for the
search engine, such as the maximum number of searching
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Table 1: Metrics for performance measurement.
Notation

Calculation

𝑓

𝑓 = ∑ (𝑦𝑘 )

RDmax

RDmax = 𝑦max

Cumulative variation of the resource demand between
consecutive periods

CRV



CRV = ∑ 𝑦𝑘+1 − 𝑦𝑘 

Maximum variation of the resource demand between
two consecutive periods

RVmax

Performance measurement
Fitness function

𝑇

2

𝑘=1

Maximum resource demand

𝑇−1
𝑘=1

RVmax = max

𝑇−1
𝑘=1



{𝑦𝑘+1 − 𝑦𝑘 }

Note: 𝑇 is the total project duration. 𝑦𝑘 represents the resource requirements at day kth. 𝑦max denotes the peak of the resource demand throughout the project
execution.

generation (𝐺max ), the population size (NP), the mutation
scale (𝐹), and the crossover probability (Cr). With these
inputs, the scheduling module can carry out the calculation
process to obtain the CPM schedule, which specifies the early
start and the late start of each activity. If all the necessary
information is provided, the model is capable of operating
automatically without users’ interventions.
Before the searching process can commence, an initial
population of feasible solutions is created by a uniform random generator. A solution for the resource-leveling problem
is represented as a vector with 𝐷 elements as follows:
𝑋 = [𝑋𝑖,1 , 𝑋𝑖,2 , . . . , 𝑋𝑖,𝐷] ,

(6)

where 𝐷 is the number of decision variables of the problem
at hand. It is obvious that 𝐷 is also the number of noncritical
activities in the project network. The index 𝑖 denotes the 𝑖th
individual in the population. The vector 𝑋 represents the start
time of 𝐷 activities in the network. Since the original DE
operates with real-value variables, a function is employed to
convert those activities’ start times from real values to integer
values within the feasible domain. Consider
𝑋𝑖,𝑗 = Round (LB (𝑗) + rand [0, 1] × (UB (𝑗) − LB (𝑗))) ,
(7)
where 𝑋𝑖,𝑗 is the start time of activity 𝑗 at the individual 𝑖th.
rand[0, 1] denotes a uniformly distributed random number
between 0 and 1. LB(𝑗) and UB(𝑗) are early start and late start
of the activity 𝑗.
The search engine DE takes into account the result
obtained from the scheduling module and it shifts noncritical
activities within their float values to seek for an optimal
project schedule. In our research, the following objective
function and constraints are employed:
𝑇

2

𝑓 = ∑ (𝑦𝑘 )

(8)

𝑘=1

subject to
ST𝑖 − ES𝑖 ≤ TF𝑖 ;

ST𝑖 ≥ 0;

𝑖 = 1, 2, . . . , 𝐷,

(9)

where 𝑇 denotes the project duration; 𝑦𝑘 represents the total
resource requirements of the activities performed at time unit
𝑘. ST𝑖 is the start time of activity 𝑖. ES𝑖 and TF𝑖 represent early

start and total float of activity 𝑖, respectively. 𝐷 is the number
of activities in the network.
After the searching process terminates, an optimal solution is identified. The project schedule and its corresponding
resource histogram are then constructed based on the optimal start times of all activities. The user can assess the quality
of a project schedule using a set of metrics (see Table 1). It
is worth noticing that the fitness function stated in (8) is
the objective function for the search engine DE. Meanwhile,
the set of metrics shown in Table 1 includes the fitness
function (see (8)) and other criteria (the maximum resource
demand, the cumulative variation of the resource demand
between consecutive periods, and the maximum variation of
the resource demand between two consecutive periods).
It is noted that the fitness function utilized in our research
aims at obtaining an optimized resource profile that is as
close to the ideal resource profile as possible. Thus, this fitness
function is the most crucial criterion and it is very similar
to that of the minimum moment method used in [9, 12].
However, the three additional criteria, illustrated in Table 1,
can provide more insights about the optimized resource
profile for users.

4. Experimental Result
In this section, a construction project adapted from Sears et
al. [23] is used to demonstrate the capability of the newly
developed RLDE. The project consists of 44 activities (see
Table 2). In this experiment, 𝑅 denotes a resource used in
the project. The resource profile of project before resourceleveling process is shown in Figure 2.
RLDE is applied to reduce the resource fluctuation in this
project. Parameter setting for the DE optimizer is shown in
Table 3. The project’s resource profile after being optimized
by the RLDE is depicted in Figure 3. The optimal solutions,
which specify the optimal start times of activities, are listed
in Table 4. The optimal results obtained from the new model
are listed as follows: 𝑓 = 13839, RDmax = 19, RVmax = 7, and
CRV = 57.
The results comparison between the RLDE and Microsoft
Project 2007 (MP 07) is shown in Table 5. The fitness function
of the proposed method (13839) is better than that of MP 07
(15245). This means that the resource profile produced by the
RLDE is more stable than that obtained from the benchmark
approach. Noticeably, the proposed RLDE can reduce the

Journal of Construction Engineering

5

Table 2: Project information.
Predecessor
1
1
1
1
1
2
3
5
5
5
4, 10, 11
10
8, 12
12, 13
14
15
16
7, 9, 17, 18
15, 18
19
20
21
22
23, 24
25
6
23
23
26
30
30
27, 29, 30
32
33
34, 35
36
28, 31, 37
28, 31, 37
36
38, 39, 40
41
42
43

Resource demand (𝑅)
0
5
2
3
2
2
6
10
6
2
2
6
1
5
2
6
7
7
13
9
4
6
8
3
8
7
5
6
2
9
10
3
4
0
1
12
12
3
8
2
10
3
3
0

peak of resource demand much better than the commercial
software. The maximum resource variation between two
consecutive days of the RLDE is 7 which is lower than that of
MP 07 (RVmax = 12). Moreover, in terms of the cumulative
variation of the resource demand between two consecutive

25
Resource demand

Duration
1
10
5
15
3
10
15
7
3
3
2
3
2
2
3
1
1
1
4
2
2
1
3
1
4
2
25
3
3
3
3
3
2
1
4
3
3
3
5
1
3
1
6
1

20
15
10
5
0
1

7

13

19

25

31 37
Time

43

49

55

61

67

61

67

Figure 2: The original resource profile.

Resource demand

Activity
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44

30

20
18
16
14
12
10
8
6
4
2
0
1

7

13

19

25

31

37

43

49

55

Time

Figure 3: The optimal resource profile produced by the RLDE.

Table 3: The RLDE’s parameter setting.
Parameters
Population size
Maximum generation
Mutation scale
Crossover probability

Notation
NP
Gmax
F
Cr

Setting
8×D
1000
0.5
0.8

Note: 𝐷 is the number of decision variables.

days, the proposed approach is also significantly better than
MP 07.
To better verify the performance of the proposed RLDE,
its performance is compared to that of the genetic algorithm
(GA) [24] and the particle swarm optimization algorithm
(PSO) [25]. The GA and PSO algorithms are both extensively utilized in the field of optimization and they have
been applied to solve the resource-leveling problem. It is
noted that, in this experiment, the population size and the
maximum number of generations of the two benchmark
algorithms are set similar to that of the RLDE. Thus, comparing the performance of the RLDE with that of the GA and
PSO algorithms can point out the advantage of the proposed
technique for tackling the problem at hand.
As can be seen from Table 5, the proposed resourceleveling approach has outperformed the GA and PSO algorithms. The fitness functions of the RLDE, GA, and PSO are
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Table 4: The optimal solutions of the RLDE method.

Activity
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44

Start time
1
2
2
2
2
2
12
12
9
6
7
19
18
22
21
24
26
25
27
31
31
33
33
34
36
40
20
45
39
42
48
45
45
50
47
51
54
58
57
57
62
65
66
72

13830, 13945, and 13965, respectively. This outcome indicates
that the proposed method can produce a resource profile
that is less fluctuating than those yielded by the GA and
PSO algorithms. In addition, the newly proposed approach
also yields the best performances in terms of the peak of

Table 5: Result comparison.
Approach
Early start schedule
Microsoft Project 2007
PSO
GA
RLDE

𝑓
15339
15245
13965
13945
13839

Performance
𝑦max
RVmax
28
13
24
12
20
7
21
7
19
7

CRV
151
139
72
95
57

the resource demand and the cumulative variation of the
resource demand between two consecutive days.

5. Conclusion
This study investigates the capability of the DE algorithm
in solving resource-leveling problem and proposes a new
resource-leveling approach, named as RLDE, to tackle the
complexity of the problem at hand. The experiments and
the result comparisons have demonstrated that the newly
proposed RLDE can overcome the commonly used Microsoft
Project software as well as the GA and PSO algorithms. This
fact has strongly proved that the RLDE is a promising tool to
assist project managers in dealing with the resource-leveling
problem. The future works of this research include evaluating
the performance of the new approach with different forms of
fitness function reported in the literature and utilizing novel
techniques to enhance the searching capability of the DE
algorithm.
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