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Considering the trade-offs between conflicting objectives in project scheduling problems (PSPs) is a dif-
ficult task. We propose a new multi-objective multi-mode model for solving discrete time–cost–quality
trade-off problems (DTCQTPs) with preemption and generalized precedence relations. The proposed
model has three unique features: (1) preemption of activities (with some restrictions as a minimum time
before the first interruption, a maximum number of interruptions for each activity, and a maximum time
between interruption and restarting); (2) simultaneous optimization of conflicting objectives (i.e., time,
cost, and quality); and (3) generalized precedence relations between activities. These assumptions are
often consistent with real-life projects. A customized, dynamic, and self-adaptive version of a multi-
objective evolutionary algorithm is proposed to solve the scheduling problem. The proposed multi-objec-
tive evolutionary algorithm is compared with an efficient multi-objective mathematical programming
technique known as the efficient e-constraint method. The comparison is based on a number of perfor-
mance metrics commonly used in multi-objective optimization. The results show the relative dominance
of the proposed multi-objective evolutionary algorithm over the e-constraint method.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction

Project scheduling problems (PSPs) have received significant
attention and played a vital role in managing organizational
resources. A PSP is defined by its activities (each with a specific
execution time) and by the precedence relations among them.
The overall goal in project scheduling is to optimize a set of mea-
surement functions subject to a set of precedence and resource
constraints (Singh & Ernst, 2011). PSPs are some of the most intrac-
table problems in operations research, and have therefore become
a popular playground for the latest optimization techniques (Bap-
tiste & Demassey, 2004; Möhring, Schulz, Stork, & Uetz, 2003). PSPs
are complex scheduling problems with limited resources. This
extension of the PSP is called the resource-constrained PSP
(RCPSP). Two types of constraints are usually present in a RCPSP:
precedence constraints and resource constraints. Precedence con-
straints establish a specific sequence for some pairs of activities
and resource constraints model the resource requirements of the
activities assuming a limited resource supply (Correia, Lourenço,
& Saldanha-da-Gama, 2012). Evolutionary optimization ap-
proaches such as particle swarm optimization (PSO) and genetic
algorithms (GA) have been successfully used to solve the RCPSPs
(Chen, 2011; Chen, Wu, Wang, & Lo, 2010; Hartmann, 2002; Van
Peteghem & Vanhoucke, 2010.

In project scheduling, it is often possible to reduce the duration
of some activities and thereby expedite the project duration with
some additional costs. Project expedition decisions has tradition-
ally involved time and cost trade-off considerations. However, it
was recently suggested that the quality of a project should also
be taken into consideration (Iranmanesh, Skandari, & Allahverdi-
loo, 2008; Tareghian & Taheri, 2006).

In the continuous trade-off problems, there are functions which
correlate the time, cost, and quality objectives. As research efforts
progressed in the field and practical needs arose, researchers began
to focus on the development of procedures for solving the discrete
time–cost trade-off problems (DTCTPs) (Hazır, Erel, & Günalay,
2011; Sonmez & Bettemir, 2012; Wuliang & Chengen, 2009; Xu,
Zheng, Zeng, Wu, & Shen, 2012). In the discrete variant, the rela-
tionships between the objectives in a project are defined at dis-
crete points. In this case, each activity can be executed in several
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modes. Hence, the feasible solution space of the problem exponen-
tially increases for medium and large size problems. These trade-
off problems are known as non-deterministic polynomial-time
hard (NP-Hard) (De, Dunne, Ghosh, & Wells, 1997).

DTCTP is inherently difficult to solve (Tareghian & Taheri, 2007).
Prabudha, Dunne, Ghosh, and Wells (1995) have offered two rea-
sons why interest in DTCTP should be revived. ‘‘First, discrete alter-
natives are common in practice and second discretization provides
a convenient means for modeling any general time/cost relation-
ship’’. Several exact and approximation procedures are developed
for small-size trade-off problems (Burns, Liu, & Feng, 1996; Dem-
eulemeester, De Reyck, & Herroelen, 2000; Skutella, 1998; Sunde
& Lichtenberg, 1995). The solution procedures to the DTCTPs are
classified into three groups: (a) Exact algorithms, such as linear
programming, integer programming, dynamic programming,
branch-and-bound algorithms, etc. (Erenguc, Ahn, & Conway,
2001), (b) Heuristic algorithms (Vanhoucke, Debels, & Sched,
2007), and (c) Meta-heuristic algorithms (Afshar, Kaveh, & Shoghli,
2007; Azaron, Perkgoz, & Sakawa, 2005; Chao-guang, Shang, Yan,
Yuan-min, & Zhen-dong, 2005; El-Rayes & Kandil, 2005; Wuliang
& Chengen, 2009; Yang, 2011; Zhang & Xing, 2010).

Szmerekovsky and Venkateshanb (2012) proposed four integer
programming formulations for the irregular costs PSP with time–
cost trade-offs. Three formulations using the standard assignment
type variables were tested against a more novel integer program-
ming formulation. Their empirical tests showed that in many in-
stances the new formulation performed best and could solve
problems with up to 90 activities in a reasonable amount of time.

Heuristic and Meta-heuristic algorithms represented better re-
sults for medium and large-size trade-off problems (Rahimi &
Iranmanesh, 2008). Meta-heuristics have also been successfully
used to solve multi-objective trade-off problems. Other assump-
tions such as time-switch constraints have been introduced in
the literature on the trade-off problems (Vanhoucke, 2005). Table 1
represents some relevant studies on the trade-off problems in the
literature.

Real world tasks, including project activities and job scheduling,
can be either preemptable or non-preemptable (Bła _zewicz, Ecker,
Pesch, Schmidt, & Węglarz, 2007). An activity is preemptable if it
can be preempted at any time and restarted later with no cost
(Demeulemeester & Herroelen, 2002). Preemption may be either
discrete or continuous. In discrete case, preemption is allowed at
the end of the time period while in continuous preemption, activity
preemption may occur at an arbitrary time instant. Considering the
Table 1
A summary of the studies on the TCQT problem.

Author(s) Method Main contributions

Babu and Suresh (1996) Linear programming Using three inter-related linear
Khang and Myint (1999) Linear programming Applying the Babu and Suresh (

applicability, assumptions and l
El-Rayes and Kandil

(2005)
Genetic algorithm Applying their model to highwa

calculating the project quality b
Tareghian and Taheri

(2006)
Integer programming Developing a method to prune

Pollack-Johnson and
Liberatore (2006)

Goal programming Conceptualizing the quality in p
Analytic Hierarchy Process (AHP
cost, minimum quality and mea

Tareghian and Taheri
(2007)

Electromagnetic
scatter search

Validating and checking the app
with 19900 activities

Afshar et al. (2007) Multi-colony ant
algorithm

Solving an example and compar

Zhang and Xing (2010) Particle swarm
optimization

Considering construction metho
time, cost, and quality; Using fu
operators to evaluate each cons
bridge construction problem

Kim, Kang, and Hwang
(2012)

Mixed integer linear
programming

Focusing on minimizing quality
Validating their model by apply
assumption that preemptive activities can be preempted at integer
time instants and restarted later at no additional cost, an activity is
split into a number of sub-activities with unit duration. This type of
preemption was first introduced by Kaplan (1988) in preemptive
RCPSPs. Kaplan (1988) used dynamic programming to formulate
the preemptive RCPSP and showed that this type of preemption
has no meaningful effect on project lengths when constant re-
source availability levels are defined and the exact procedures
are used. Demeulemeester and Herroelen (1996) later improved
the formulation of Kaplan (1988) through a branch-and-bound
procedure. Preemption may occur subject to a maximum limita-
tion. Although allowing activity interruption may reduce the dura-
tion of a project, the repeated stopping and starting of an activity
may not be feasible in practice (Ballestín, Valls, & Quintanilla,
2008).

Lino (1997) conducted an extensive set of experiments on
scheduling of projects with generalized precedence relations and
no resource constraints. Lino (1997) considered three different
assumptions for modeling preemption as follows: (a) no interrup-
tion, (b) any number of interruptions at integer time instants, and
(c) a maximum of one interruption per activity. Lino (1997) used
an extensive number of randomly generated instances and showed
that if each activity is allowed to be interrupted just once, then a
significant reduction in project length is obtained in comparison
with the case of no interruption. He also detected that allowing
more than one interruption instead of a maximum of one interrup-
tion per activity does not further reduce the project length in the
majority of the instances – and that when a reduction happens it
is very small.

In recent years, the applications of the RCPSP and its extensions
have attracted increasing interest from researchers and practitio-
ners (Demeulemeester & Herroelen, 2002). One of the extensions
of the RCPSP that has received considerable attention has been
the RCPSP with preemption. Yang and Chen (2000) investigated
one type of time constraint called a time-switch constraint which
assumes that an activity begins at a specific time interval in a cycle
with some pairs of exclusive components. Yang and Chen (2000)
developed polynomial time algorithms to find the longest path
(or critical path) and analyzed the float of each arc in this time-
constrained activity network. Their analysis showed that the criti-
cal path and float in the time-constrained activity networks differ
from those of the traditional activity networks and the consider-
ation of the time-switch constraints lead to effective use of budgets
and resources.
programming models and extending them into non-linear models
1996) method to an actual cement factory and examining the method’s
imitations
y construction projects; quantifying quality with some quality indices and
ased on an additive weighting method

the activity execution modes

rojects; Quantifying the quality value of each activity execution mode with the
) and developing a goal programming model with four objectives including: time,
n of quality
licability of their algorithm by solving a randomly generated large-scale problem

ing their algorithm’s results with some other algorithms

ds instead of execution modes for each activity; Using fuzzy numbers to describe
zzy multi-attribute utility methodology and constrained fuzzy arithmetic

truction method; Demonstrating the effectiveness of their algorithm by solving a

loss cost instead of maximizing the individual activity quality of the projects;
ing it to a robot type palletizing system installation project



1832 M. Tavana et al. / Expert Systems with Applications 41 (2014) 1830–1846
Vanhoucke, Demeulemeester, and Herroelen (2002) further
studied the time-switch constraints and showed that these con-
straints can be incorporated into the well-known discrete time/
cost trade-off problems to cope with day, night and weekend shifts.
Vanhoucke (2005) showed that the time-switch constraints pro-
posed by Yang and Chen (2000) impose a specific starting time
on the project activities and force them to be inactive during the
specified time periods. Vanhoucke (2005) proposed a new
branch-and-bound algorithm which made use of a lower-bound
calculation for the discrete time/cost trade-off problem.

Ballestín et al. (2008) widely studied the discrete activity pre-
emption and showed how three basic elements of many heuristics
for the RCPSP (i.e., codification, serial Schedule Generation Schema
(SGS), and double justification) can be adapted to deal with inter-
ruption. They focused on a generalization of the RCPSP where a
maximum of one interruption per activity is allowed. They also
showed how these three elements can be further adapted to deal
with more general preemptive problems. Ballestín, Valls, and Quin-
tanilla (2009) further investigated the effect of interruption on pro-
ject length in more general cases and proposed a new model and a
Meta-heuristic algorithm that covered most practical applications
of discrete activity preemption. Ballestín et al. (2009) also analyzed
the usefulness of preemption in the presence of due dates.

In this paper a new multi-objective multi-mode preemptive
generalized precedence discrete time–cost–quality trade-off
(PGP-DTCQT) problem is proposed. The activities in the proposed
PGP-DTCQT model are assumed to have several execution modes
with specified time–cost–quality in each mode. The proposed
PGP-DTCQT model has several features including:

� Three conflicting objectives including time, cost, and quality are
considered.
� Specific upper and lower-bounds are assumed for the time, cost,

and quality attributes of the project.
� The activities can change their execution mode after

preemption.
� A maximum number of preemptions are allowed for each

activity.
� A predetermined maximum time is assumed between two

sequential preemptions.
� A predefined required minimum run time without any preemp-

tion is considered for each activity.
� Generalized Precedence relation is assumed among the activi-

ties of project.

These assumptions are often consistent with real-life projects.
To our best knowledge, there is no trade-off model in the literature
which considers all the aforementioned properties simultaneously.
Table 2
The generalized precedence relations.
The PGP-DTCQT problem is modeled using a new multi-objective
mixed-integer mathematical formulation. Two different proce-
dures, including an efficient version of the e-constraint method
and a dynamic self-adaptive version of a multi-objective evolution-
ary computation are proposed to solve and generate sets of non-
dominated solutions on the Pareto front of several instances of
the PGP-DTCQT problem. The performance of both methods is
compared on different sets of systematically generated instances
of the PGP-DTCQT problem through different diversity and accu-
racy metrics in a multi-objective environment.

The remainder of the paper is organized as follows. In Section 2,
we present our notations and problem formulation. In Section 3,
we provide a comprehensive detail of our solution procedures. In
Section 4, we present our computational experiments and results.
In Section 5, we conclude with our conclusions and future research
directions.
2. Notations and problem formulation

A project consists of n + 2 activities numbered from 0 to n + 1
where dummy activities i = 0 and i = n + 1 represent the beginning
and the end of the project. Each project can be defined as an acyclic
directed graph G = (V,E), where V denotes the set of nodes repre-
senting activities and E denotes the set of arcs representing rela-
tions in the activity on node (AON) representation. Based on the
preemption feature, the set V is divided into two distinct sets V1

and V2 which are respectively associated with the preemptive
and non-preemptive activities. It is clear that V = V1 [ V2 and
£ = V1 \ V2. Each activity i 2 VL; L ¼ 1;2 can be executed in
r(i) 2 k different modes where mode k has its own time (dik), cost
(cik) and quality (qik). Dummy activities i = 0 and i = n + 1 have zero
duration, cost and quality. There are also generalized precedence
relations between the activities.
2.1. Generalized precedence relations

The generalized precedence relations are temporal constraints
in which the starting or finishing times of a pair of activities have
to be separated by at least or at most an amount of time denoted as
‘‘time lag’’ (Bianco & Caramia, 2012). The generalized precedence
relations can be classified into ‘‘start-to-start’’ (SS), ‘‘finish-to-fin-
ish’’ (FF), ‘‘start-to-finish’’ (SF), ‘‘finish-to-start’’ (FS) relations
(Crandall, 1973). These generalized precedence relationships are
depicted in Table 2.

To consider generalized precedence constraints in the modeling
procedure, the set of arcs, E, is classified into the following four
subsets: ESS, ESF, EFS, and EFF, which respectively denote the sets
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of start-to-start, start-to-finish, finish-to-start, and finish-to-finish
precedence relations.

2.2. Preemption assumptions

Preemption is generally a situation in which an activity in the
project can be stopped at a certain point in one phase of the plan-
ning process and continued again from that point in another phase
of the planning process. A preempted activity uses no resources
and those unused resources could be allocated to other activities.
Preemption often occurs as a result of resource restrictions, un-
planned quality control problems, customer service issues, or tech-
nical problems, among others. Several preemption assumptions are
considered in project planning and control. An activity can be pre-
empted in each phase of the planning process. The number of
activity preemptions is restricted to eliminate the potential risk
of restarting the activity from the beginning. In addition, the time
period between the preemption and the re-starting points should
be limited to avoid the risk of restarting the activity. Sometimes
it may be possible to re-start an activity form the preemption point
with a different execution mode due to technological or contrac-
tual changes in a project. We consider all aforementioned common
project management assumptions with regard to preemption in
the proposed model.

More specifically, denoting the maximum number of allowed
preemption for activity i as Maxnprei, the maximum number of
parts (sub-activities) of an activity in any feasible solution of the
trade-off problem can be defined as Maxnsubi = Maxnprei + 1. For
each activity i, a minimum execution time of eik is defined during
which activity i in mode k has to be in progress without interrup-
tion. For each activity i, a maximum interruption time of ai is
defined. After each interruption, activity i has to be re-scheduled
in a time period less than or equal to ai. Otherwise, it is assumed
to be a re-work and must be re-started. Consequently, the cost of
the activity will increase and the quality will be diminished consid-
erably. After each preemption activity i can be re-started in a
different execution mode. Therefore, parts of a given preemptive
activity may be executed in several modes.

2.3. Modeling the PGP-DTCQT

The multiple objectives in the PGP-DTCQT model are to concur-
rently minimize the overall time and cost and maximize the overall
quality of the project. The notations used to formulate the PGP-
DTCQT model are presented in Table 3.

The following multi-objective mixed integer non-linear mathe-
matical programming formulation is proposed for the PGP-DTCQT
model:

Min Time ¼ Snþ1;0 ð1Þ

Min Cost ¼
Xn

i¼1
i2V2

XrðiÞ
k¼1

xikcik þ
XMaxnsubi

p¼1

Xn

i¼1
i2V1

XrðiÞ
k¼1

xik;pcik;p ð2Þ

Max Quality ¼
Xn

i¼1
i2V2

XrðiÞ
k¼1

xikqik þ
XMaxnsubi

p¼1

Xn

i¼1
i2V1

XrðiÞxik;pqik;p

k¼1

ð3Þ

s:t:

XrðiÞ
k¼1

xik ¼ 1 8i 2 V2 ð4Þ

XrðiÞ
k¼1

xik;p ¼ 1 8i 2 V1; 8p ð5Þ
Xn

i¼1
i2V2

XrðiÞ
k¼1

xikcik þ
XMaxnsubi

p¼1

Xn

i¼1
i2V1

XrðiÞ
k¼1

xik;pcik;p 6 C ð6Þ

Xn

i¼1
i2V2

XrðiÞ
k¼1

xikqik þ
XMaxnsubi

p¼1

Xn

i¼1
i2V1

XrðiÞ
k¼1

xik;pqik;p � Q ð7Þ

Snþ1 6 T ð8Þ
Fi þ Lij 6 Sj 8i; j 2 V2; 8ði; jÞ 2 EFS ð9Þ
Fi;Ui
þ Lij 6 Sj 8i 2 V1; 8j 2 V2; 8ði; jÞ 2 EFS ð10Þ

Fi þ Lij 6 Sj;1 8i 2 V2; 8j 2 V1; 8ði; jÞ 2 EFS ð11Þ
Fi;Ui
þ Lij 6 Sj;1 8i; j 2 V1; 8ði; jÞ 2 EFS ð12Þ

Si þ Lij 6 Fj 8i; j 2 V2; 8ði; jÞ 2 ESF ð13Þ
Si;1 þ Lij 6 Fj 8i 2 V1; 8j 2 V2; 8ði; jÞ 2 ESF ð14Þ
Si þ Lij 6 Fj;Uj

8i 2 V2; 8j 2 V1; 8ði; jÞ 2 ESF ð15Þ
Si;1 þ Lij 6 Fj;Uj

8i; j 2 V1; 8ði; jÞ 2 ESF ð16Þ
Si þ Lij 6 Sj 8i; j 2 V2; 8ði; jÞ 2 ESS ð17Þ
Si;1 þ Lij 6 Sj 8i 2 V1; 8j 2 V2; 8ði; jÞ 2 ESS ð18Þ
Si þ Lij 6 Sj;1 8i 2 V2; 8j 2 V1; 8ði; jÞ 2 ESS ð19Þ
Si;1 þ Lij 6 Sj;1 8i; j 2 V1; 8ði; jÞ 2 ESS ð20Þ
Fi þ Lij 6 Fj 8i; j 2 V2; 8ði; jÞ 2 EFF ð21Þ
Fi;Ui
þ Lij 6 Fj 8i 2 V1; 8j 2 V2; 8ði; jÞ 2 EFF ð22Þ

Fi þ Lij 6 Fj;Uj
8i 2 V2; 8j 2 V1; 8ði; jÞ 2 EFF ð23Þ

Fi;Ui
þ Lij 6 Fj;Uj

8i; j 2 V1; 8ði; jÞ 2 EFF ð24Þ
eik 6 tik;p 6 dik 8i 2 V1; p ¼ 1;2; . . . ;Ui þ 1; k ¼ 1;2; . . . ; rðiÞð25Þ

Fi;p � Si;p ¼
XrðiÞ
k¼1

xik;ptik;p 8i 2 V1; p ¼ 1;2; . . . ;Ui þ 1 ð26Þ

Fi � Si ¼
XrðiÞ
k¼1

xikdik 8i 2 V2 ð27Þ

Si;pþ1 � Fi;p 6 ai 8i 2 V1; p ¼ 1;2; . . . ;Ui þ 1 ð28Þ
xik;pþ1 6 xik;p 8i 2 V1 ð29Þ
XMaxnsubi

p¼1

XrðiÞ
k¼1

tik;p

dik

� �
� xik;p ¼ 1 8i 2 V1 ð30Þ

Fi;p; Si;p P 0 8i 2 V1; p ¼ 1;2; . . . ;Ui þ 1 ð31Þ
Fi; Si P 0 8i 2 V2 ð32Þ
F0; S0 ¼ 0 ð33Þ
xik; xik;p 2 f0;1g 8i; k;p ð34Þ

The relations (1)-(3) in the above formulation are used to describe
time, cost, and quality objectives, respectively. Constraint (4) guar-
antees the selection of one and only one mode for each part of a
non-preemptive activity. Constraint (5) guarantees the selection
of one and only one mode for each preemptive activity. Constraint
(6) defines the allowed upper-bound for the cost objective. Con-
straint (7) defines the allowed lower-bound for the quality objec-
tive. Constraint (8) defines the allowed upper-bound for the time
objective. Constraints (9)–(12) preserve the precedence relations
between the preemptive and non-preemptive activities with the
finish-to-start relations. Constraints (13)–(16) preserve the prece-
dence relations between the preemptive and non-preemptive activ-
ities with the start-to-finish relations. Constraints (17)–(20)
preserve the precedence relations between the preemptive and
non-preemptive activities with the start-to-start relation. Con-
straints (21)–(24) preserve the precedence relations between the
preemptive and non-preemptive activities with the finish-to-finish
relations. Constraint (25) guarantees that there is a minimum exe-
cution time eik and a maximum execution time dik during which the
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preemptive activity i in mode k is in progress without interruption.
Constraint (26) shows that the duration of part p of preemptive
activity i in mode k should be equal to the difference between the
finish time and the start time for part p of activity i. Constraint
(27) shows that the duration of non-preemptive activity i in mode
k should be equal to the difference between the finish time and
the start time of activity i. Constraint (28) guarantees that the inter-
ruption time for a given preemptive activity is less than or equal to
a predefined level called ai. Constraint (29), which is written for
each part of a given preemptive activity in each mode, shows that,
in a feasible solution, the later part of the activity will be scheduled
if and only if the former part of the activity was scheduled. Con-
straint (30) ensures that the sum of the relative progress of all parts
of a given preemptive activity in all execution modes is equal to
unit. Constraints (31)–(34) guarantee that the decision variables
are binary and positive.
3. Solution procedures

An efficient version of the e-constraint method and a dynamic
self-adaptive multi-objective evolutionary algorithm are proposed
to generate different sets of non-dominated solutions for Model
(1)–(34).
3.1. Efficient e-constraint method for PGP-DTCQT problem

One of the advantages of the e-constraint method is its ability to
achieve efficient points in a non-convex Pareto curve (Chankong &
Haimes, 1983). An efficient version of the e-constraint method was
proposed by Mavrotas, 2009. Khalili-Damghani, Tavana, and Sadi-
Nezhad (2012) customized the augmented e-constraint method
Table 3
The parameters, notations, and decision variables.

Sets
V Set of activities
V1 Set of preemptive activities
V2 Set of non-preemptive activities
E Set of arcs

Indices
i, j Index of activities
k Index of execution modes
p Index of parts activity parts

Parameters
n Number of real project activities
0, n + 1 Dummy starting and ending activities
C Upper-bound of project cost
T Upper-bound of project time (deadline)
Q Lower-bound of project quality
Maxnprei (Ui) Maximum number of allowed preemptions (maximum equals
Maxnsubi Maximum number of activity parts (sub-activities) for an acti
eik Minimum execution time of activity i without interruption in
ai Maximum interruption time for activity i
r(i) Number of execution modes for activity i
cik Cost of activity i in mode k
cik,p Cost of Part p of activity i in mode k
qik Quality of activity i in mode k
qik,p Quality of Part p of activity i in mode k
Lij Time lag between activity i and activity j
dik Duration of activity i in mode k

Decision variables
Si Positive decision variable: Start time for activity i
Fi Positive decision variable: Finish time for activity i
Si,p Positive decision variable: Start time for part p of activity i
Fi,p Positive decision variable: Finish time for part p of activity i
xik Binary decision variable: Equals to 1 if activity i is executed in
xik,p Binary decision variable: Equals to 1 if part p of activity i is ex
tik,p Positive continuous decision variable: Duration of part p of ac
proposed by Mavrotas (2009) for solving real-life large-scale
multi-objective problems. Khalili-Damghani and Amiri (2012) pro-
posed a multi-objective procedure based on the e-constraint meth-
od to solve the multi-objective redundancy allocation problems.
Khalili-Damghani, Abtahi, and Tavana (2013) also used an efficient
version of the e-constraint method to assess the performance of a
multi-objective particle swarm optimization problem. The method
proposed by Mavrotas (2009) is customized to generate the Pareto
front for the PGP-DTCQT problem. The Model (35)–(38), presents
an alternative formulation for Model (1)–(34):

Min Snþ1;0 þ b� ðS2=r2 þ S3=r3Þ ð35Þ
s:t:
Xn

i¼1
i2V2

XrðiÞ
k¼1

xikcikþ
Xn

i¼1
i2V1

XrðiÞ
k¼1

xik;pcik;pþS2¼ e2;e2 2 ½Cost�;Costþ� ð36Þ

Xn

i¼1
i2V2

XrðiÞ
k¼1

xikqikþ
XMaxnsubi

p¼1

Xn

i¼1
i2V1

XrðiÞ
k¼1

ðxik;pqik;pÞ�S3¼ e3;e3 2

Quality�;Qualityþ
� �

ð37Þ
X 2 S ð38Þ

where r2 and r3 represent the range of the cost and quality objec-
tives, respectively. The range of each objective is calculated by using
the ideal and nadir values of the cost and quality objectives in the
lexicographic payoff table of the original PGP-DTCQT model. Cost+

and Cost� are, respectively, the ideal and nadir values for the cost
objective of the single optimization problem of (2) and (4)–(36).
Similarly, Quality+ and Quality� are the ideal and nadir values of
to di � 1) i 2 V
vity (Ui + 1) i 2 V
mode k i 2 V: k = 1,2, . . . ,r(i)

i 2 V
i 2 V
i 2 V2; k = 1,2, . . . ,r(i)
i 2 V1; k = 1,2, . . . ,r(i); p = 1,2, . . . ,Ui

i 2 V2; k = 1,2, . . . ,r(i)
i 2 V1; k = 1,2, . . . ,r(i); p = 1,2, . . . ,Ui

i 2 V1; j = 1,2, . . . ,n
i 2 V2; k = 1,2, . . . ,r(i)

i 2 V2

i 2 V2

i 2 V1; p = 1,2, . . . ,Ui

i 2 V1; p = 1,2, . . . ,Ui

mode k; and 0 otherwise i 2 V2; k = 1,2, . . . ,r(i)
ecuted in mode k; and 0 otherwise i 2 V1; k = 1,2, . . . ,r(i); p = 1,2, . . . ,Ui

tivity i in mode k i 2 V1; k = 1,2, . . . ,r(i); p = 1,2, . . . ,Ui



Fig. 1. The customized multi-objective evolutionary algorithm flowchart.
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the quality objective function for the single optimization problem
(3)–(34); where, X 2 S is the feasible region of the original PGP-
DTCQT model (i.e., constraints (4)–(34)) and b is a positive value.
It is notable that the term (S2/r2 + S3/r3) results in the generation
of strong non-dominated solutions on the Pareto front of the PGP-
DTCQT model because formulations (35)–(38) produce solutions
where the S2 and S3 values are near zero.
3.2. Customized multi-objective evolutionary algorithm

Non-dominated sorting genetic algorithm (NSGA) is an evolu-
tionary algorithm used to solve the DTCTPs by producing a set of
non-dominated solutions, Pareto, as the optimal solutions
(Fallah-Mehdipour, Bozorg Haddad, Tabari, & Mariño, 2012). The
classic NSGA-II algorithm proposed by Deb, Pratap, Agarwal, and



Fig. 2. The structure of a chromosome in the population.

Fig. 3. The high-level procedure map for the proposed MOEA.

Fig. 4. Cross-over operator.

Fig. 5. Mutation operator (type I).
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Meyarivan (2002) has been improved, customized, and extended to
solve the proposed PGP-DTCQT model. Fig. 1 presents a schematic
view of the customized NSGA-II algorithm proposed in this study.

A unique chromosome structure is proposed for a complete
schedule of a project. The structure of the proposed chromosome
can handle both preemptive and non-preemptive activities,
concurrently. Considering a project with nði ¼ 1;2; . . . ; nÞ activities,
rðiÞðk ¼ 1;2; . . . ; rðiÞÞ, different execution modes for each activity,
and a maximum of pðp ¼ 1;2; . . . ;UiÞ interruption possibilities, a



Fig. 6. The study process map.
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triple line real coded chromosome is proposed. In the first line, an
integer structure controls whether the activity is preemptive or
non-preemptive. If the value is equal to zero the activity is non-
preemptive. Hence, only one cell is reserved for the associated
non-preemptive activity in lines 2 and 3. The positive value for line
1 represents a preemptive activity. Hence, a maximum number of
Ui + 1 cells are reserved for the associated preemptive activity in
lines 2 and 3. In the second line, the selected mode of part p of
activity i is represented. For non-preemptive activities only part
1 will have positive value. The duration of part p for mode k of
activity i is represented in line 3. Fig. 1 presents the general struc-
ture of a chromosome. As mentioned above, all alleles of the pro-
posed structure in Fig. 2 may not be occupied in practice.

Fig. 3 presents the schematic view of the proposed algorithm for
solving the instances of the PGP-DTCQT problem.

An activity can be interrupted in several different ways and the
length of the chromosome is not constant because the number of
preemptions is not a constant and it can vary in a range between
1 and a given maximum number of preemptions. Therefore, the ge-
netic operators should be customized. Moreover the initial popula-
tion should be constructed according to some basic properties.

Initial Population Generation. The possibility of preemption and
the maximum number of preemptions for each activity are defined
as parameters. The number of initial chromosomes is also used as a
parameter. The number of execution modes for each activity as
well as the processing time of each execution mode is parameters
in the model. Line 1 of the chromosomes for non-preemptive activ-
ities is set to zero. The remaining cells in Line 1 of the chromo-
somes (i.e., preemptive activities) are valued randomly in the
[1,Ui] range using a discrete uniform distribution function, where
Ui is the maximum allowed number of preemption for activity i.
Then, line 2 of the chromosomes is filled randomly in the [1,k]
range using a discrete uniform distribution function, where k is
the execution mode of the activity. As mentioned above, line 3



Fig. 7. The generalized precedence relations and the execution mode generation algorithms.
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holds the duration of part p of the k-th execution mode for activity
i. Line 3 is filled randomly in the [1,dik] range using a discrete uni-
form distribution function. It is notable that lines 2 and 3 only have
one cell for non-preemptive activities. Line 2 of the non-preemp-
tive activities is filled the same as preemptive activities. But the
line 3 for non-preemptive activities is filled using the associated
single value dik.

Complete Schedule. A complete schedule for proposed PGP-
DTCQT model is a schedule in which the following three properties
are illustrated for all activities: (a) The number of interruptions for
each preemptive activity is determined; (b) The execution modes
for all activities are determined; and (c) The processing times of
all parts for all preemptive activities and the processing time of
all non-preemptive activities are determined. It is notable that a
complete schedule can be infeasible. The feasibility of a schedule
is checked based on the constraint handling procedure proposed
in Section 5.2.2.

Four dependent types of genetic operators are considered. All
types have a tunable positive portability of implementation in or-
der to improve the exploration and exploitation of the algorithm.

Crossover operator. A single point cut is used as crossover oper-
ator based on line 1 of the chromosome. Based upon a crossover
probability, called PC, two parents are selected and the crossover
is accomplished. The cut point is randomly determined uniformly



Table 4
The characteristics of the networks of generated random instances.

Instance
number

Number of
activities

Number of
arcs

Order
strength*

Complexity
index**

1 10 45 1 5
2 50 1225 1 42
3 100 4950 1 87

* The number of precedence relations divided by the theoretical maximum number
of precedence relations in the network.
** The measure of the closeness of a network to a series-parallel directed graph.

Table 5
The fitted parameters of the solution procedures.

Efficient e-constraint Test instances

Small Medium Large

Archive size 30 30 30
Upper-bound of cost 31,397 153,579 314,310
Upper-bound of quality 0.984 0.9786 0.9774
Lower-bound of cost 29,590 143,016 293,269
Lower-bound of quality 0.834 0.8222 0.8327
Step Size of cost 0.05 0.05 0.05
Step Size of quality 0.04 0.04 0.04

NSGA-II Test Instances

Small Small Small

Chromosome number 200 200 200
Archive size 30 30 30
Maximum iteration number 1000 1000 1000
Cross rate [0.8,0.7] [0.8,0.7] [0.8,0.7]
Mutation rate (pmi, i = 1,2,3) [0.02,0.04] [0.02,0.04] [0.02,0.04]
Alpha 1 1 1
Beta 5 5 5

M. Tavana et al. / Expert Systems with Applications 41 (2014) 1830–1846 1839
in the range of the number of activities. Fortunately, this type of
crossover has no effect on the feasibility of the reproduced
solutions.

Consider Fig. 4 for an explanation of the crossover operator. As-
sume that a project has five activities, with a maximum of three
interruptions and three possible execution modes per activity, a
minimum execution time of each part of activity without interrup-
tion which is assumed equal to 1, and a maximum execution time
of each part of activity without interruption which is assumed to
be equal to dik.

Solutions 4a and 4b present the schematic structure of the
chromosome for two arbitrary solutions for this project. The repre-
sented solution for chromosome 4a has five activities. The number
of interruptions in the activities is 0, 1, 2, 0, and 3, respectively. For
example Activity 3 has two interruptions. This will divide Activity
3 into three parts. These three parts are implemented in mode 2, 3,
and 1, respectively. The execution time of the parts is 1, 3, and 4,
respectively. The other activities have similar descriptions. Solu-
tion 4b has a similar description. A single crossover has been
accomplished on the chromosome in Fig. 4a and b. If the cut-point
is assumed to be equal to 3, the resulting children are represented
by Solutions 4c, and 4d.

Mutation operator (type I). The value of a randomly selected cell
in line 1 of a given chromosome is changed uniformly in the inter-
val of [0,Ui] based on the mutation probability, called Pm1. Lines 2
and 3 are re-structured and modified based on the changes made
in line 1. The modifications usually are accomplished randomly.
Fig. 5 illustrates the mechanism for this operator.

More formally, the mutation operator type I has two distinct
sub-types (i.e., reduction, and increment) as shown in Fig. 5a and
b. It is notable that the possibility for preemption of an activity is
naturally one of the substantial properties of the activity. There-
fore, the mutation operator type I essentially is done for activities
which have the possibility of the preemption. The illustrative
examples in Fig. 4 are provided to demonstrate the mechanism
of the operator. If the associated value of a cell in line 1 is set to
zero, it means that the associate activity cannot be preempted
and the mutation operator type I does not act on such cells. This
type of mutation is strong enough to change the structure of a
schedule. Hence, it can be used with a higher rate in the explora-
tion phase.

Mutation operator (type II). The value of a randomly selected cell
in line 2 of a given chromosome is changed uniformly in the range
of execution modes based on the mutation probability defined as
Pm2. Consequently, line 3 of the chromosome should be modified.
A checking procedure is provided to check the feasibility of the
associated cell in line 3 considering the processing time of the
new execution mode. Since the number of infeasible solutions
may increase extensively for medium and large size instances,
the infeasible solutions are modified in this operator. If the total
processing time of the new execution mode is less than the pro-
cessing time of part p (i.e., mutated cell) of the old execution mode,
the associated cell in line 3 is then randomly selected in range
[1,dik] based on a uniform distribution function where dik is the
duration of Activity i in its new selected execution mode (i.e., after
mutation). If the total processing time of the new execution mode
is greater than the processing time of part p (i.e., mutated cell) of
the old execution mode, the associated cell in line 3 is left
unchanged.

Mutation operator (type III). Two cells in line 3 of a given chro-
mosome are selected randomly based on the mutation probability
Pm3. The values of the selected cells are replaced with each other.

Pc and Pmi; i ¼ 1;2; and 3; are determined dynamically using
linear equations which relate the crossover and mutation rate to
the iteration number in the algorithm. Pc is set close to 1 in the first
iteration of the algorithm and is decreased as the iterations pro-
ceed. Pmi is configured to a small value in the first iteration of the
algorithm and is increased until the last iteration. The dynamic
parameter tuning causes better exploration and exploitation. The
fitness function is calculated based on a triple vector of the objec-
tive functions.

3.3. Constraint handling strategy for the customized NSGA-II method

The time, cost, and quality windows in model (1)–(35) are sat-
isfied using a heuristic self-adaptive penalty approach. The gener-
alized precedence constraints are handled through the elimination
approach.

The value of the objective function may violate the time, cost,
and quality window constraints. In these situations the value of
the violation for each chromosome in the population is calculated
with relations (39)–(41) as follows:

v i1 ¼Maxf0; Time� Tg ð39Þ
v i2 ¼Maxf0;Cost � Cg ð40Þ
v i3 ¼Maxf0;Q � Qualityg ð41Þ

where, vi1, vi2, and vi3 are the violation values associated with the
time, cost, and quality of chromosome i, respectively. T and C are
the upper-bound of the time and the cost objectives, respectively.
Q is the lower-bound of the quality objective.

Based on the violation values, the minimum value of the viola-
tions, the iteration number of the algorithm, and the dynamic self-
adaptive penalty values are calculated with Eqs. (42)-(44) as
follows:



Fig. 8. The generated non-dominated solutions for both methods.
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TimePenalty ¼ v i1

vmin
i1

 !a

� tb ð42Þ

CostPenalty ¼ v i2

vmin
i2

 !a

� tb ð43Þ

QualityPenalty ¼ v i3

vmin
i3

 !a

� tb ð44Þ

where, vi1, vi2, and vi3 have the same definition of (41)-(43).
vmin

i1 ¼minifeþ v i1g, vmin
i2 ¼minifeþ v i2g, and vmin

i3 ¼minifeþ v i3g
are the minimum violation values for the time, cost, and quality
of the chromosomes in the population, respectively. The constant
e is a small positive value to avoid division by zero, t is the iteration
number, and a and b are the control parameters. The penalty values
are applied to the associated fitness functions as (45)-(47),
respectively.

Time0i ¼ Timei þ Time Penalty ð45Þ
Cost0i ¼ Costi þ Cost Penalty ð46Þ
Quality0i ¼ Qualityi � Quality Penalty ð47Þ



Table 6
Comparison metrics (Coello et al., 2007; Yu and Gen, 2010).

Type Metric Description Criterion

Convergence
metrics

NNS The number of non-dominated solutions found by each procedure N/A

ER Error rate (used to measures the non-convergence of the procedure
towards the real Pareto front)

ER ¼
Pn

i¼1
ei

n

ei ¼
0 S olution i belongs to Pareto front
1 otherwise

�
GD Generational distance (used to calculates the distance between the

reference set and the solution set generated by a procedure)
GD ¼

Pn

i¼1
di

n

di ¼ Min
p2PF

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPm
k¼1 Zi

k � Zi
k

� 	2
r( )

where m is the number of

objective values
Distribution

metrics
SM Spacing metric (used to measure the uniformity of the spread of the

points of the solution set generated by a procedure)
�d ¼

Pn

i¼1
di

n

SP ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1
ð�d�diÞ

2

n�1

r
DM Diversification metric (used to measure the spread of the solution set

generated by a procedure)
DM ¼

Pn
i¼1Maxðxi � yiÞ

� �1
2 where kxi � yik is the Euclidean

distance between two non-dominated solutions xi and yi

Fig. 9. The time, cost, and quality objectives.
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where Time0i, Cost0i , and Quality0i are the penalized time, cost, and
quality objectives for the violated chromosome i. Those chromo-
somes which do not satisfy the generalized precedence constraints
are eliminated during the population initialization and evolutionary
operators. Fig. 6 presents a schematic view of the process map in
this study.
4. Computational experiments

4.1. Problem generation

We utilized simulation to investigate the performance of the
two solution procedures described in the previous section. A



Fig. 10. The reference sets (RSs) for three different benchmark instances.
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three-phase procedure was used in the simulation model to gener-
ate the network design, the generalized precedence relations, and
the activities’ execution modes. The RaGEN software proposed by
Demeulemeester, Vanhoucke, and Herroelen (2003) was utilized
to generate the networks of instances characterized in Table 4.

In addition to the parameters characterized in Table 4, we set
Ui = 3, eik = 2, and ai = 2. We extended the procedure proposed by
Tareghian and Taheri (2007) to assign generalized precedence rela-
tions, time lags, and execution modes to each activity in the pro-
jects. The Pseudo-code of the proposed procedure is illustrated
for Algorithm 1 to Algorithm 4 in Fig. 7.

Three classes of instances (i.e., small size, medium size, and
large size) were generated in order to check and compare the per-
formance of the proposed solution procedures. We have generated
10 benchmark instances in each class. Each instance has been
solved 10 times by each of the proposed solution procedures. The
mean values of all runs and all instances in a class has been plotted
and discussed. Therefore, the quality, time, cost, and CPU times are
the mean values of all runs for all instances for different class of
problems.
4.2. Software–hardware implementation and parameter tuning

The proposed e-constraint method was coded using LINGO 13.0.
The dynamic self-adaptive multi-objective evolutionary algorithm
was coded using Visual Basic 6.0. All codes were run on a Pentium
IV PC with MS-Windows 7, 4 GB of RAM, and 2.2 GHz Core 2 Due
CPU. The parameters were tuned for both methods based on
experimental analysis. The fitted values for the parameters are
illustrated in Table 5.
4.3. Comparison metrics

Two sets of accuracy and diversity metrics were utilized to
provide a basis for evaluating the relative performance of both
solution procedures. These metrics, presented in Table 6, have been
proposed for an extensive comparison of multi-objective optimiza-
tion procedures by Coello, Lamont, and Veldhuizen (2007) and Yu
and Gen (2010).
4.4. Results

The efficient e-constraint method and dynamic self-adaptive
multi-objective evolutionary algorithm were implemented on all
generated instances. Fig. 8 represents the generated non-dominate
solutions for both methods for all instances.

A careful examination of Fig. 8 reveals that in all benchmark
instances, the generated Pareto fronts of the efficient e-constraint
method are sparse while these are dense in the dynamic self-adap-
tive multi-objective evolutionary algorithm. The situation is more
critical for large-size instances as the e-constraint method



Fig. 11. The achieved objective functions for each method vs. the RS for small size instances.
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generates a limited number of distinct non-dominate solutions
over the real Pareto front.

The CPU time of the e-constraint method was 300, 2400, and
3000 s for small, medium, and large size instances, respectively.
The CPU time of the dynamic self-adaptive NSGA-II method was
40, 130, and 400 s for small, medium and large size instances,
respectively.

Fig. 9 presents the comparative analysis of different objective
functions for thirty non-dominated solution samples on both
methods for all categories of the benchmark instances. As shown



Table 7
The computational results for the accuracy and diversity metrics.

Run Accuracy metrics Diversity metrics Run time

NNS ER GD SM DM CPU time (S)

NSGA II e Constraint NSGA II e Constraint NSGA II e Constraint NSGA II e Constraint NSGA II e Constraint NSGA II e Constraint

Small-size instances
1 74 30 0.26 0.7 4.24 2313.93 17.03 8332.97 271.324 2060.743 13 121.524
2 54 40 0.46 0.6 13.34 98.66 59.82 260.50 265.4091 2060.743 14.6 119.767
3 37 50 0.63 0.5 10.95 17.85 25.63 45.88 292.7654 2060.743 13.688 120.053
4 58 50 0.42 0.5 6.55 20.91 20.53 51.82 297.739 2060.743 13.313 120.592
5 74 50 0.26 0.5 3.11 28.59 12.92 74.13 302.0842 2060.743 13.797 120.468
6 78 50 0.22 0.5 2.17 22.15 8.61 55.37 309.103 2060.743 13.617 121.298
7 71 50 0.29 0.5 4.50 25.04 22.31 65.92 314.0928 2060.743 13.484 120.622
8 70 50 0.3 0.5 4.96 24.96 18.90 65.87 314.7681 2060.743 13.016 120.647
9 61 50 0.39 0.5 5.97 12.43 21.19 31.66 316.334 2060.743 13.359 121.263
10 69 50 0.31 0.5 6.52 13.58 23.76 35.27 318.0094 2060.743 12.828 120.279
Ave. 64.6 47 0.354 0.53 6.231 257.81 23.07 901.939 300.162 2060.743 13.4702 120.6513
Std. Dev. 12.3666 6.749486 0.12366 0.067495 3.46199 722.8799 13.881 2611.845 18.7707 4.79E-13 0.508736 0.564757
Medium-size instances
1 90 21 0.1 0.79 219.84 7304.30 829.30 8863.22 507.8854 2331.905 77.45768 3600
2 63 21 0.37 0.79 148.23 7304.30 592.92 8863.22 455.4259 2331.905 57.75 3600
3 78 21 0.22 0.79 116.42 7304.30 399.11 8863.22 521.9694 2331.905 74.15625 3600
4 67 21 0.33 0.79 66.98 7304.30 276.75 8863.22 617.5348 2331.905 54.67188 3600
5 38 20 0.62 0.83 83.99 7304.30 265.93 8863.22 632.0249 2331.905 56.25 3600
6 34 20 0.66 0.83 47.57 7304.30 135.49 8863.22 636.15 2331.905 56.77344 3600
7 13 21 0.87 0.79 282.90 7304.30 657.60 8863.22 636.9724 2331.905 56.64844 3600
8 1 21 0.99 0.79 2141.57 7304.30 5233.09 8863.22 3448.319 2331.905 54.9375 3600
9 33 21 0.67 0.79 108.67 7304.30 290.69 8863.22 3448.366 2331.905 56.85156 3600
10 42 21 0.58 0.79 69.15 7304.30 199.30 8863.22 3448.631 2331.905 57.42188 3600
Ave. 45.9 20.8 0.541 0.798 328.529 7304.303 888.017 8863.225 1435.32 2331.905 60.29186 3600
Std. Dev. 28.2781 0.421637 0.28278 0.016865 641.289 1.82E-12 1542.73 1.92E-12 1390.54 0 8.270859 0
Large-size instances
1 99 11 0.01 0.89 6.277778 8069.766 108.97 10497.25 585.0552 2943.12 214.9922 7200
2 53 20 0.47 0.8 42.32 8000.00 120.77 10403.62 672.734 2943.123 213.4023 7200
3 51 1 0.49 0.99 108.66 9340.44 543.70 13685.74 705.9236 2943.123 215.0703 7200
4 55 4 0.45 0.96 40.25 8161.70 113.34 10605.17 713.9622 2943.123 212.8164 7200
5 97 13 0.03 0.87 4.097599 8039.869 42.65 10451.96 746.8129 2943.12 217.0586 7200
6 82 20 0.18 0.8 12.6312 8000 60.72 10403.62 747.994 2943.12 210.2031 7200
7 68 20 0.32 0.8 42.39 8000.00 155.05 10403.62 758.5173 2943.123 210.9453 7200
8 88 4 0.12 0.96 8.586149 8161.698 44.80 10605.17 772.8406 2943.12 214.7539 7200
9 17 4 0.83 0.96 182.68 8161.70 1633.90 10605.17 5474.265 2943.123 219.2031 7200
10 47 4 0.53 0.96 55.56 8161.70 149.68 10605.17 5474.265 2943.123 218.1641 7200
Ave. 65.7 10.1 0.343 0.899 50.3465 8209.687 297.358 10826.65 1665.23 2943.123 214.6609 7200
Std. Dev. 25.9702 7.709302 0.25970 0.077093 56.1914 403.8901 491.514 1008.65 2008.25 4.79E-13 2.936407 0
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in Fig. 9, the number of generated distinct non-dominate solutions
for the e-constraint method is very low for medium and large scale
instances.

A reference set (RS) was defined for each benchmark instance
since the real Pareto fronts of the benchmark instances were not
known in advance. A RS is the set of best known solutions of a
benchmark instance throughout the 10 different runs for both
methods. Fig. 10 presents the RSs for three categories of bench-
mark instances.

As the number of generated solutions by the e-constraint meth-
od is not meaningful in the medium and large scale instances,
Fig. 11 only presents the achieved objective functions for each
method against the RS for small size instances. This may help to
recognize the relative effect of each method in the construction
of RS. Plotting the achieved solutions against the RS in medium
and large size instances has no practical use since the RSs are
approximately the same as the solutions generated by the dynamic
self-adaptive NSGA-II method.

The comparison metrics have been calculated for both methods
using the RSs for all benchmark instances over 10 different runs.
Table 7 presents the computational results of the accuracy and
diversity metrics for small, medium, and large size instances.

As shown in Table 7, the dynamic self-adaptive NSGA-II method
outperforms the e-constraint method with regards to all compari-
son metrics. The dynamic self-adaptive NSGA-II method has a bet-
ter CPU time for all runs and all benchmark instances. The Number
of Non-dominated Solutions (NNS) generated by the NSGA-II
method is greater than the NNS generated by the e-constraint
method for all runs and all instances. Since the NSGA-II method
has a lower error rate (ER) in comparison with the e-constraint
method in all runs, it has a relatively lower non-convergence to-
wards the RS. The proposed NSGA-II method has less Generated
Distance (GD) in all runs. This shows that the Non-dominated Solu-
tions generated by the proposed NSGA-II method are closer to the
RS in comparison with the e-constraint method. The value of the
NNS, ER, and GD metrics on different instances reveals that the
NSGA-II method outperforms the e-constraint method in accuracy.

The NSGA-II method also outperformed the e-constraint meth-
od in the diversification metrics. As shown in Table 7, the SM and
DM for the NSGA-II method are greater than for the e-constraint
method. The greater Spacing Metric (SM) revealed that the
NSGA-II method generated more uniformly distributed solutions
throughout the RS in comparison with the e-constraint method.
In addition, larger DMs indicated that the solution set generated
by the NSGA-II method covers more space of the RS in comparison
with the e-constraint method. Moreover, as shown in Table 7, the
CPU times of the e-constraint method are considerably longer than
those of the NSGA-II method in all instances. The e-constraint
method was inapplicable specifically in medium and large scale
problems.
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5. Conclusions and future research directions

Trade-off problems try to schedule activities of the project in a
way to obtain a nice balance between cost, time, and quality mea-
surements. Finding the non-dominated solutions considering time,
cost and quality objectives can be interesting in trade-off prob-
lems. In the real world, there are several generalized types of pre-
cedence relations between the activities of a project. Moreover, an
activity may be interrupted in one time period and re-started in
another time period of the project in a different mode. It is clear
that a maximum number of interruptions are acceptable in practi-
cal environments. An interrupted activity should also be re-started
no later than a pre-defined interval of time. Otherwise, it is as-
sumed as a re-work and should be re-scheduled. Moreover, an
activity should run a minimum number of times without preemp-
tion in each planning horizon. Considering these and the fact that
in practice the resources are used in discrete units in projects, a
new multi-objective multi-mode project time–cost–quality trade-
off model under preemption and generalized precedence relations
was developed.

Two multi-objective solution procedures were proposed to
solve the PGP-DTCQT model. One is based on mathematical
programming and is called the efficient e-constraint which is a cus-
tomized version of the classical e-constraint method. The efficient
e-constraint method has several advantages over the classical e-
constraint method. The calculation of the range for the objective
functions over the efficient set was accomplished with a lexico-
graphic payoff table. The search of the solution space was done sys-
tematically to decrease the solution time for problems with more
than two objective functions. The other one is based on a dynamic
self-adaptive multi-objective evolutionary algorithm. A special
chromosome structure was designed for the problem. Customized
evolutionary operators were designed for PGP-DTCQT model. The
proposed algorithm was also equipped with a self-adaptive penalty
function and a dynamic parameter-tuning function. The dynamic
self-adaptive penalty function penalized the violated chromo-
somes according to the status of the chromosome, the status of
the entire population, and the iteration of the algorithm. Through
dynamic parameter-tuning, the crossover, mutation and penalty
parameters were modified based on the iteration number in favor
of a better exploration and exploitation.

In order to provide a basis for comparison and investigating the
efficiency and applicability of the two procedures, we systemati-
cally simulated a series of random problems. The generated Pareto
fronts of both methods were compared against reference sets (i.e.,
the best known Pareto fronts of instances) based on two sets of
diversification and accuracy metrics. The proposed dynamic self-
adaptive multi-objective evolutionary algorithm represented rela-
tive dominance in comparison with the efficient e-constraint
method.
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