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The significance of project scheduling and sequencing has increased considerably in recent years,
driven by the rising customer demand for highly personalized solutions. Companies have to
consider multiple criteria while executing multiple projects simultaneously to meet the customer
demands. Therefore, this study focuses on the multi-objective multi-project scheduling and
sequencing problem (MP-SSP). A simulation-based mathematical model is developed and
integrated with a multi-objective genetic algorithm. The objectives of this model are to minimize
the project execution cost, project completion time and project lateness simultaneously while
maximizing the resource utilization in the stochastic environment. Goal attainment programming
is introduced in the simulation integrated multi-objective genetic algorithm (SIHMO-GA) to
increase the effectiveness of the algorithm. Further, response surface methodology (RSM) has been
used to find the optimum parameters of the proposed SIHMO-GA. The effectiveness of the
proposed SIHMO-GA is evaluated through a real-world case study by comparing it with
simulation-optimization approaches, namely the multi-objective genetic algorithm (MOGA) and
goal attainment programming. Gap analysis indicates that the STHMO-GA provides best trade off
values of the above-mentioned conflicting objectives under a stochastic environment. This study
supports practical scheduling and sequencing of multiple projects in a stochastic environment by
generating solutions that maximize profit, enhance resource utilization, and ensure customer
satisfaction through timely project delivery.

© 2025 by the authors; licensee Growing Science, Canada.

1. Introduction

In real life, organizations must undertake multiple projects to efficiently meet client demands. Project management and control
of multiple projects is a very challenging job for the project managers. Project scheduling is one of the major problems in
project management which also become critical under limited resources. Beside scheduling project sequencing is also very
important as a slight change in the activities or project can significantly affect the overall performance of the organization.
Scheduling and sequencing problems of multiple projects consists of prioritizing the projects while assigning the start time to
the projects’ activities with the resource availability. In real settings, project activity durations invariably exhibit some
variance owing to human participation. Scheduling and sequencing of projects become extremely challenging because of
stochastic behavior. Further, it is crucial to schedule and sequence the activities and projects while satisfying the several
criteria. Among various objectives, project implementation cost, completion time, project lateness and resources utilizations
are among the most important. Therefore, this research optimizes four conflicting objectives (project execution cost, project
completion time, resource utilization, and project lateness) simultaneously for MP-SSP in a stochastic environment.
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Extensive literature can be found on project scheduling under limited resources. However, the literature on multi-project
scheduling (MPS) under limited resources is relatively scarce. Kriiger and Scholl (2009) developed a priority rule based
procedure for MPS problems aiming to minimize the project completion time. They proposed two approaches; first is a single
project approach in which all the projects were merged into a single project with the dummy start and finish activities and
second, is multi project approach in which projects are merged for resource scheduling after separately measuring the critical
path of each project. Kim and Schniederjans (1989) presented a conceptual framework for the multi-project scheduling under
limited resources which included searching strategies and knowledge acquisitions. Their proposed framework can be used as
the basis for an expert system. Homberger (2007) integrated the Restart Evolution Strategy with the Multi-Agent System and
proposed a decentralized solution procedure for multi-project scheduling with the objective to minimize the average make-
span of the projects. Chiu and Tsai (2002) presented a heuristic rule for discounted cash flow with delay penalty cost and early
completion bonus. The objective was to minimize the project delay while maximizing the net present value (NPV). They also
developed a model based on Mixed-Integer Nonlinear Programming (MINP) and compared its results with proposed heuristic
rules. Browning and Yassine (2010) analysed the performance of 20 priority rules for the project lateness and project portfolio
lateness in RCMPSP. They provided the table to help project managers understand which priority rule performs better in
which situation. Vazquez et al. (2015) studied the performance of priority rules in RCMPSP. They analysed 34 priority rules
on 26 benchmark problems. They proposed a learning process to determine which rule performs best in which scenario. They
proved that the wrong choice of priority rule can lead to the worst results. Lova and Tormos (2001) also analysed the
performance of priority rule for multi-project scheduling problem based on mean project delay and proposed a new two phase
priority rule based heuristic.

Besides priority rules, heuristics as well as meta-heuristic algorithms are also proposed by various researchers for the
scheduling of multiple projects. Gongalves et al. (2008) considered the multi-project scheduling problem under limited
resources. They proposed a Genetic Algorithm (GA) based approach to simultaneously minimize flow time deviation,
tardiness and earliness of the projects. They proposed the use of parameterized active schedules concept in which allowed
delay time for an activity is limited to reduce the search space. Chu et al. (2019) and Shirzadeh Chaleshtarti and Shadrokh
(2014) proposed GA, branch and cut algorithms respectively to minimize the makespan for multi-project scheduling problems.
Qi et al. (2014) developed particle swarm optimization (PSO) algorithm for the optimization of total resource cost while Dai
et al. (2018) proposed tabu search (TS) algorithms for the minimization of weighted resource cost and make span. Suresh et
al. (2015) proposed a GA and heuristic approach based on two phase priority rule to minimize the NPV while considering the
renewable resource constraint. Mehdizadeh and Akbari (2017) developed a Vibration Damping Optimization (VDO)
algorithm for RCMPSP to minimize the total completion time of the projects. They designed a new matrix form solution
representation scheme. Response surface methodology (RSM) was used to fine tune the algorithm’s parameters. Performance
of the developed algorithm was compared against the simulated annealing algorithm. Zheng et al. (2014) developed a multi-
agent system based algorithm using elimination mechanism for minimization of average project delay in distributed multi-
project scheduling problems. Yassine et al. (2017) considered the product development projects and proposed two GA based
approaches with and without stochastic feedback for the minimization of total time of the projects with stochastic activity
iterations. Lova et al. (2000) proposed a multicriteria heuristic algorithm for two objectives (mean project delay and in process
inventory, project splitting, idle resources or resource levelling). Kumanan et al. (2006) presented a heuristic algorithm in
combination with GA to minimize make-span. Chen and Shahandashti (2009) studied the RCMPSP with multiple resource
constraints and proposed a hybrid algorithm based on GA and Simulated Annealing (SA) algorithms with the aim to minimize
the make-span. Proposed algorithm was compared against the modified SA algorithm on three real and three test projects.
Zheng et. al. (2013) proposed a NSGA-II based algorithm to minimize the make-span and robustness measure with stochastic
activity duration while considering the project priorities. Kim and Leachman (1993) proposed a heuristic procedure based on
aggregate analysis using linear programming to minimize the lateness cost. Wang et al. (2014) addressed multi-objective
problems with doubly constrained resources on critical chains and developed cloud genetic algorithms while considering
overall duration, financing costs and whole robustness as performance measures. Yang and Fu (2014) proposed a multi-project
scheduling method based on Critical Chain and Evidence Reasoning to determine the buffer size and locations to deal with
uncertainty. Kim et al. (2005) minimized the total project time (total flow time) and total tardiness penalty cost of the multiple
projects. They developed a hybrid GA by integrating a fuzzy logic controller. They proposed a priority rule based on the serial
method for encoding. Proposed algorithm provided better results as compared to GA and adopted GA.

It can be summarised from the above literature that project execution cost, project completion time, resource utilization, and
project lateness are the most important and widely used objectives for scheduling and sequencing of multiple projects.
Therefore, in this work, project scheduling and sequencing problems are solved while simultaneously optimizing the four
conflicting objectives (project execution cost, project completion time, resource utilization, and project lateness). It can also
be seen from the above literature that GA has been most extensively used for the scheduling and sequencing of multiple
projects with single or two objectives. However, hybridization in the algorithm can significantly enhance the performance.
Therefore, in this research, a SIHMO-GA is proposed in which simulation model and goal attainment programming are
integrated MOGA to increase the effectiveness of the algorithm. Moreover, the proposed STHMO-GA is applied to real-life
case study. To further validate the effectiveness, performance of the proposed SIHMO-GA is compared with the MOGA and
goal attainment programming.
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The rest of the paper is organized as follows: The problem description is presented in section 2 while the mathematical and
simulation model and proposed algorithm (SIHMO-GA) along with the implementation on case study problems are described
in section 3 and section 4 respectively. Discussion on results is presented in section 5 while the conclusion and future directions
is given in section 6.

2. Problem description

In this paper, scheduling and sequencing of multiple projects is investigated which consists of assigning start and finish time
to the activities of the projects. Each project has its own target or deadline. The projects must be delivered to the customers
before or on the due date. In real life, project managers are interested in scheduling and sequencing of the projects to meet
multiple criteria. In addition to meeting the deadlines, they are also interested in minimizing the project execution cost and
project completion time while maximizing the utilization of resources. Computation of project execution cost is numerically
possible, but the computation of project completion time and utilization of resources is a challenging job. In addition to
multiple conflicting objectives, project managers must deal with the stochastic activities process time. Therefore, there is a
need to develop a realistic simulation-optimization method with stochastic activities process time for multi-project scheduling
and sequencing. This research focuses on the challenges of achieving conflicting multi-objective such as project delivery,
completion time, resource utilization, and project execution cost.

2.1 Assumptions
The assumptions of the model are outlined here:

The project must be delivered to the customers before or on the due date.

The resources cannot be increased or decreased for the execution of all projects.

Activity times of all projects are stochastic and are generated randomly using distribution.
Each activity may or may not follow the same distribution.

Resource utilization varies from project to project.

Project activities and their precedence relationship is known.

The use of the same resource for more than one activity is not allowed at the same time.
There is no disruption in project execution.

There is no absenteeism in resources for executing the project activities.

3. Mathematical and simulation model

In this section a detailed description of model along with formulation of mathematical and simulation model has been
provided.

3.1 Sets
i activity i=1,23,..,n
j project j=123,.,m
k sequence k=12,3,..,1
f function f=123,.F

3.2 Parameters

a; time of activity “i” of project *“ j ”

DD, lead time of project *“ j

oG, operation cost of resources at activity “i” of project ““ j ”
(T, completion time of activity “i” of project “ j

ST, start time of activity “i” of project “ j

PCT, completion time of project *“ j ”

PC, execution of project “ j



U, utilization of resource at activity “i”’

C, total execution cost of project « j ”

L, lateness of project «“ j

w, Waiting time of activity “i” of project “ j

3.3 Decision variables

{1 if project j is scheduled at sequence k&
k=

0 otherwise

3.4 Objective function

This research is a multi-objective and multi-project scheduling problem. The objectives are project execution cost, project
completion time, project lateness, and resource utilization. The description of each objective is provided below.

3.4.1 Project execution cost

Project execution cost is composed of the cost incurred at the resources being used for carrying out the activities of the projects.
According to the assumptions resources can start the activity only when precedence activity is completed, and resource is

22 ITEE2)

available for next project activity. Equation (1) shows the completion time of activity “i” of project ‘5"
T, :(STt/J”VVU”L(avXYJk)) W

The starting time of each activity depends on the precedence activity and precedence project. Eq. (2) shows the starting time
evaluation in the simulation model for cost function. There are three cases in the simulation model for starting time of activity.

Case-I: If there is no precedent activity or precedent project for activity then S7, =0.

Case-II: If there is only precedent activity then ST, =CT,, ;.

Case-III: ST, = Max(CT,,

i-1)j>

function which needs to be minimized.

CT,;.,,)) when there is precedence activity and precedent project. Eq. (2) is the final cost

min C, =% > 0C, x(CT, - ST,)

j=1 i=1

3.4.2 Project completion time

Project completion time is the time required to complete all projects. It is the maximum completion time of any activity in
multiple projects during. In the simulation model the activity completion time is recorded using Eq. (3) which must be
minimized.

min PCT, = max(CT}) 3)

3.4.3 Utilization

Utilization of resources in project management is defined as the ratio of activity time to the actual time taken by that activity.
The actual time taken comes from the simulation model. The function in Eq. (4) is used in a simulation model for average
utilization of resources.

w (4)
min U, =| —— |x100
CT; - ST,

3.4.4 Project lateness

If the project delivery exceeds the project deadlines, then the project is said to be late. Eq. (5) computes the project lateness.
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DD.—PCT. if DD, —PCT >0 (5)
PL ={ "’ / /
i 0 if DD, — PCT <0

Eq. (6) computes the total lateness of all projects which must be minimum.

min 7L; = iPLj N
Constraints "

CT, <ST, , V(j'j)epd, .

ink =1 Vi N

=

ink =1 Vi ’

Y; >0 ViV "

Precedence constraint is defined in Eq. (7). Constraint in Eq. (8) shows that each project will be assigned to a unique sequence.
Eq. (9) depicts that one sequence will be assigned to one project. Non-negativity constraint is in Eq. (10) whileY,, e {0,1}.

4. The proposed approach

Genetic algorithm is based on the theory of evolution by Darwin (Kriiger & Scholl, 2009). Later in 1970, Holland
(1992). developed the genetic algorithm on the basis of the theory of evaluation. Genetic algorithms are known to solve
complex, non-linear, and NP hard problems with high accuracy. The nature of the problem presented in section 3 is NP-hard
and stochastic. Therefore, there is a need to develop an efficient methodology for solving such problems. The use of only
MO-GA cannot confirm the quality of solution. Therefore, to use MO-GA for solving NP-hard problems and to improve its
performance, fine tuning and hybridization is essential. Figure 1 shows the schematic procedure of our proposed methodology.
The proposed SIHMO-GA is a modified version of the MO-GA, in which discrete event simulation (DES) is integrated with
the genetic algorithm. In SIHMO-GA, each individual is evaluated using DES. This integration yields superior results
compared to combining simulation with other methods such as linear programming or mixed-integer programming. Further,
Goal attainment programming is also introduced to increase the effectiveness of the algorithm. The RSM method has been
used to determine the optimal parameters of the proposed SIHMO-GA. The model formulated in the preceding section is
employed to optimize the four competing objectives: project execution cost, project completion time, project lateness, and
resource utilization. The schematic diagram of the proposed STHMO-GA is presented in Fig. 1.

Define decision variables and
parameters

l

’ Define objective functions ‘

Initialize SIHMO-GA

Generate Random Initial Population

Evaluate the population using Set new population as start point of
Simulation considering constraints Goal attainment programming

| f

Evaluate the fitness of final
solutions

‘ermination criteria
reached?

Yes

Crossover and Mutation Operation

Terminate

Fig. 1. The implementation steps of the proposed SIHMO-GA
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4.1 Case study

This section provides a case study of a project-based organization which executes multiple projects which are facing a problem
to find optimal schedule and sequence of the multiple projects that can satisfy multiple conflicting criteria. Project managers
want to minimize project execution cost, project completion time and project lateness while maximizing the resource
utilization. Moreover, project managers must cope with the stochastic process time of the activities due to the use of manual
and semi-automatic resources. Currently the organization has seven projects with known delivery dates and the project
manager wants to schedule and sequence the execution of the project. The activity time in projects is not certain because of
the uncertainty and fluctuated resources capabilities. Project activities, activities’ precedence relationships, the stochastic
process times and due dates of the projects shown in Table 1. Since hiring and firing of resources incurs extra cost to the
organization. Therefore, they maintain their current resources for all projects. Operating cost of all types of resources on each
activity per day is known that can be seen in Table 2.

Table 1

Project activities, activities’ precedence relationships, the stochastic process times and due dates of the projects

Projects Activity Precedence Activity time (days) Due date (days)
NORM (34,1.2)
1 UNIF (20,30)
UNIF (25,35)
3 EXPO (15)
5,7 UNIF (15,25)
8 UNIF (23,30)
NORM (12,2)
NORM (33,1.5)
2 UNIF (20,30)
4 UNIF (10,20)
EXPO (11)
1 UNIF (12,15)
UNIF (15,25)
UNIF (21,30)
NORM (32.,3)
NORM (45,2.4)
UNIF (11,16)
NORM (12,2)
NORM (11,0.5)
NORM (15,3)
2,4 UNIF (45,56)
UNIF (10,2)
UNIF (2,4)
1 NORM (34,2)
UNIE (5,10)
NORM (45,1.2)
EXPO (27) 100
EXPO (25)
3,4 EXPO (45)
UNIF (50,60)
UNIF (30,50)
UNIF (4,8)
UNTF (6,15)
2,4 EXPO (45) 90
EXPO (34)
5 EXPO (45)
UNIF (4,10)
1 EXPO (45)
NORM (34,1.5)
2 EXPO (57)
5,7 EXPO (36)
9 NORM (34,0.5)

50

60

80

W 3 W W

95

100

SOUNUNN—CANAEARNSOVOXANNEWTIENSTOTIRAUEWLW—=ON RS 0IUNW—
~

Table 2
Resource operating cost for each activity of each project

Activities/Projects 1 2 3 4 5 6 7

200 380 400 340
700 12 890 700

300 200 350 400
400 344 1000 500 400

300 150 450 345 100
800 250 200 300 560 300
500 320 560 550

500 450 450 450

400 100 110 560 340
320 120 110 340 630

S0 0T U AW —
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4.2 Genetic representation

In the current scheduling and sequencing problem of multiple projects, genetic representation consists of two parts as shown
in Fig. 2. First part of the chromosome represents the projects while the second part represents each project’s activities.
Examples of double point crossover and mutation operations are also given in the Fig. 2.

projects (1 (2 3 (a4 )
activiies >(1)(2)(3)(4)(2)3 e\ @ORD@((@E )

Cross Over

Parent 1 ! X 2 ( 3 X 4 )
Zl@@00969060G0°.0

G G D D
Z@OO@CCC@G@OGQQQ@

3 X 4

Child 1 2 X ! ( )
Z@OOOCCC@QQ@GGOOO

hild 2 ! X 2 4 X } )
e 6060000000060

( 1 X 2 (s (a4 )
LSO 0006000000000 000,
A D GEETED SRS G
EHDQQQOQQGQC@@@QGQQ

Fig. 2. Genetic representation and reproduction

4.3 Tuning of proposed algorithm parameters using RSM

The performance of algorithms is highly dependent on the appropriate selection of their parameters, as their behaviour varies
across different problem contexts. Therefore, to obtain superior optimal solutions for the given problem, careful tuning of
algorithm parameters is essential. This study employs RSM to optimize the parameters of the proposed algorithm. This can
significantly improve the quality of the algorithm by performing various sets of experiments. Population size, crossover
function and crossover rate are the major parameters of the proposed algorithm. The factor of crossover rate includes three
levels 0f 0.4,0.6, and 0.8. The levels of population size were 50,100, and 150. The crossover function is a categorical variable
with three levels: single-point crossover, double-point crossover, and arithmetic crossover. Central composite design of
experiment for RSM along with responses and proposed algorithm performance is given in the Table 3. At each experiment
SIHMO-GA has been run and responses have been recorded. RSM optimized parameter of the proposed SIHMO-GA is given
in Fig. 3.

T
!
v
T
I
1
T

"
T
T
+
L
T
T
I
T
s
L
T
T
'

T

12 14 16 18 2 22 24 26 28 @ 0 80 % 100 110 120 130 1 045 05 085 05 065 07 038

Dot point 100 051667

Cross over fanction Bopulaor sze e

Fig. 3. RSM optimized parameters for proposed SIHMO-GA

It can be seen from Fig. 3 that double point crossover with 100 population size and crossover rate of 0.51 are the optimal
parameters on which proposed algorithms provide better results.
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Table 3
Central composite design (CCD) of experiments for RSM
Input Parameters Responses Performance of SIHMO-GA

Sr. Cfrl?rfsg‘(;ir Population size  Crossover rate Cost ($) Tardiness Completion Time  Utilization CPU Time Generations
1 Single 50 0.4 761142.45 1 141 0.74 28.279 18
2 Single 50 0.8 877468.310 0 144 0.73 22.54 20
3 Single 150 0.4 786732.859 0 140 0.74 41.78 20
4 Single 150 0.8 755946.83 0 148 0.73 34.609 53
5 Double 50 0.4 760300.732 0 137 0.74 30.069 20
6 Double 50 0.8 908595.064 0 174 0.72 26.498 18
7 Double 150 0.4 707993.748 0 141 0.76 59.803 53
8 Double 150 0.8 808805.263 0 152 0.73 59.973 53
9 Single 100 0.6 795642.399 0 190 0.72 35.427 35
10 Double 100 0.6 929470.342 0 160 0.72 35.126 34
11 Arithmetic 50 0.6 831500.811 0 178 0.74 21.264 35
12 Arithmetic 150 0.6 778272.840 8 134 0.73 34.071 49
13 Arithmetic 100 0.4 851017.900 0 171 0.73 42.884 39
14 Arithmetic 100 0.8 796228.906 0 136 0.74 29.336 35
15  Arithmetic 100 0.4 784487.50 0 143 0.73 46.503 35
16  Arithmetic 100 0.4 804822.638 0 191 0.72 43.714 35
17 Arithmetic 100 0.4 774712.622 0 145 0.73 35 26
18  Arithmetic 100 0.4 857307.343 0 150 0.73 49.156 34
19 Arithmetic 100 0.4 852009.187 0 151 0.73 37.116 34
20  Arithmetic 100 0.4 764489.288 0 133 0.75 41.214 35
21  Arithmetic 100 0.4 841815.671 0 134 0.75 46.969 39
22 Arithmetic 100 0.4 793583.676 0 138 0.74 31.297 35
23 Arithmetic 100 0.4 794203.374 0 158 0.73 44.648 34
24 Arithmetic 100 0.4 789837.339 0 147 0.73 52.98 35

5. Results and discussion

This section evaluates the performance of the proposed algorithm in comparison to the conventional MO-GA and MO-GA
with target achievement. All algorithms are applied on the case study problem and evaluated based on computation time and
four conflicting performance measures (project execution cost, completion time, lateness and resource utilization). Above
mentioned problem has been programmed and run in MATLAB R2017b on a personal computer of 2.67 GHz RAM and 4
GB processor. Proposed SIHMO-GA provided the results in 17.712 seconds with the value of cost to be 757506.6247$ with
zeros lateness. The utilization of the resources remained 74 % while all projects were completed within 145 days. Results of
different algorithms are given in Table 4.

Table 4
Objective function values by different algorithms
Performance measures Goal Attainment MO-GA SIHMO-GA
Cost ($) 1174225.5 852617.3 757506.6
Tardiness (days) 0 0 0
Project completion Time 271.5 213 145
Utilization 66% 72% 74%
CPU Time 16.5 30.2 17.7
Generations 4 26 18

Various performance metrics exist to assess the efficacy of the algorithms. In this work four problem related and two algorithm
related performance measures are used to compare the performance of the proposed algorithm with others. These performance
measures are; project cost, tardiness, resource utilization, completion time, CPU time and generations. As this is a multi-
objective optimization problem, algorithms cannot be compared directly. Therefore, to evaluate the relative performance of
SIHMO-GA, percentage gap analysis is performed using Eq. (10). Here BV stands for best value and AV stands for achieved
value.

_ 10
Percentage Gap = (%] x100 (19

Results obtained from the percentage gap analysis are presented in Table 5.

Table 5
Performance evaluation of proposed STHMO-GA and compared algorithms
Performance measures Goal Attainment MO-GA SIHMO-GA
Cost ($) 35% 11% 0%
Tardiness (days 0% 0% 0%
Project completion Time 46% 32% 0%
Utilization 13% 3% 0%
CPU Time 0% 45% 7%
Generations 0% 85% 78%

Total GAP 95% 176% 84%
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It can be concluded from the percentage gap analysis that proposed STHMO-GA outperforms other compared algorithms
while traditional MO-GA performs worst.

6. Conclusion

This research focused on the multi-objective and multi-projects scheduling and sequencing problems in a stochastic
environment. A SIHMO-GA has been developed to determine the ideal schedule and sequence of many projects while
optimizing four competing objectives: project execution cost, project completion time, project lateness, and resource
utilization. The proposed SIHMO-GA is the hybridization of MO-GA, discrete event simulation and goal attainment
programming. Moreover, RSM has been used to fine-tune the parameters of the algorithm. Proposed SIHMO-GA has been
applied on the real-life case-study problem and results of the proposed SIHMO-GA are compared with the traditional MO-
GA and MO-GA with goal attainment programming. Percentage gap analysis is performed to compare the effectiveness of
the proposed algorithm with above-mentioned algorithms. The results reveal that the STHMO-GA outperformed other
compared algorithms in terms of project execution cost, project completion time, project lateness, resource utilization, CPU
time and generations. In future, this research can be extended to integrate the simulation models of the stochastic resource
availability, and the proposed SIHMO-GA can be implemented on the other multi-objective optimization problems.
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