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ABSTRACT The software project scheduling (SPS) problem deals with optimal allocation of employees to
tasks such that the project is completed within budget and schedule. This is well addressed in the absence of
dynamic events and has been demonstrated in SPS research with the static scenarios only. The software
development methodologies have evolved where customer requirements are not initially locked but are
flexible to take into account ongoing additional requirements or changes. In this regard, ‘new employee
addition’ has emerged as one of the critical dynamic events that could significantly disrupt the project
budget and schedule. In this paper, the SPS is modelled as multi-objective optimization problem and a novel
approach is presented to deal with ‘new employee addition’ dynamic event; that uses domain knowledge to
generate a robust schedule. The proposed heuristic is further evaluated on 18 dynamic benchmark scenarios
and 3 real-world instances. The results show that the proposed heuristic besides its capability to handle
dynamic events also demonstrates good convergence while maintaining good distribution of solutions in
a dynamic environment. The principal target audience for this research are project managers in software
development organizations who will get optimal project reschedule under ‘new employee addition’ dynamic
event particularly in complex, large scale and multi-project settings.

INDEX TERMS Dynamic software project scheduling, multi-objective optimization, mathematical model,
metaheuristics.

I. INTRODUCTION
In SPS, tasks are optimally allocated to the resources for
their completion within budget and time under uncertain and
dynamic environment [1]. In this regard, decisions are made
about who does what during the whole software development
life cycle [2] by optimally matching the required skill set
against tasks in multi-project settings. The objectives of SPS
are to generate an effective (robust and stable) and optimal
(cost and duration) schedule under uncertain and/or dynamic
scenarios resulting from unpredictable human behaviour
while balancing the employees workload [3].

The associate editor coordinating the review of this manuscript and

approving it for publication was Zhenzhou Tang .

The traditional SPS approaches are based on determinis-
tic and static environment with little place for uncertain or
dynamic events [4], [5], [6]. It is assumed that task effort
and the skills of each employee are known in advance and
remain unchanged [7]; however, in reality, a software project
may face hard-to-predict dynamic events that can disturb a
software project schedule, effecting the project duration and
budget [8]. Consequently, resulting project schedule under
uncertain and dynamic events results in late software project
deliveries, high development and maintenance costs, and
unsatisfied customers [9]. Therefore, as dynamic environ-
ment changes, software project managers must react quickly
and organizations need to be flexible to respond.

The SPS problem can be solved using critical path method
(CPM) [10] and program evaluation and review technique
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(PERT) [10], traditional techniques being used to generate
optimal project schedules. However, these techniques may
fail due to distinctive characteristics of software projects such
as nature of the team, application being built and customers.
Moreover, these cannot effectively handle situations in which
two or more projects share available resources, and also
require subjective information to generate an effective project
schedule [11]. Further, to ensure the sustainable software
development in an uncertain and dynamic environment, the
risk mitigation strategies must be adopted to ensure business
continuity. This shows that SPS problem under dynamic envi-
ronment is challenging.

It is worth noting that the literature about project schedul-
ing with uncertainty is increasing particularly in the domains
of Operations Research and Management Science [12], [13],
[14]. However, little effort is observed that captures the
dynamic events in real-world software projects as these are
subject to environmental changes and unforeseen dynamic
events e.g. new employee addition, task effort estimation
uncertainty, and volatile software requirements [15]. This
becomes critical and a limiting factor particularly during
complex large scale software projects in multi-project set-
tings [1]. In such case, a deterministic scheduling technique
will fail to generate an optimal project schedule that addresses
performance deterioration and infeasibility when faced with
disruptions [7]. Therefore, it is required to employ dynamic
scheduling techniques which takes into account the dynamic
events and uncertainties to ensure success of a project. In this
regard, search-based software engineering (SBSE) [16] field
has excelled. It has reformulated software engineering com-
plex issues as search problems and applies meta-heuristics
techniques such as evolutionary algorithms (EAs) and sim-
ulated annealing (SA). The SPS is one of those NP-hard
combinatorial optimization problems for which EAs have
been widely applied [1] and help the project managers for
near-optimal software project schedules.

In literature, few studies address the dynamic software
project scheduling (DSPS) which is an emerging area in the
field of software engineering. The studies in [1] and [7] use a
rescheduling approach to deal with software project dynamic
events, e.g., employee leave/return and new task arrival.
Besides this, Xiao et al. [17] proposed a multi-objective
genetic algorithm under disruptive environment such as
requirement changes. There is no work which considers ‘new
employee addition’ that occurs as dynamic event consequent
upon additional requirement or employee resignation when
project rescheduling fails to find the best match between
existing employees skill set and remaining tasks in multi-
project settings. In this paper, project rescheduling optimally
allocates the tasks to available resources and highlights the
need for additional employee(s) with target skill set. Con-
sequently, software companies may hire a new employee to
replace a leaving team member or to augment the team’s
capacity [18]. This new team member may also overcome
the shortage of existing employees’ skills demanded by

current projects. In summary, we make the following main
contributions:
• New Heuristic Approach: We present a new heuristic
(h_NEA) to deal with a new practical dynamic event
‘new employee addition’ for the SPS problem. This
heuristic approach optimizes and reduces project dura-
tion and cost with robustness and stability objectives.

• Data Set: The proposed approach is evaluated on
18 benchmark dynamic scenarios and 3 real-world
instances.

The paper is structured into seven sections. Section II
provides an overview to the background and related work.
Section III presents problem formulation and mathematical
model. Section IV presents our proposed approach followed
by experimental design and experimental results in section V.
The limitations to the validity of this study are presented in
section VI. This paper is concluded in section VII with future
directions.

II. LITERATURE REVIEW
A. BACKGROUND
1) STATE-OF-THE-ART APPROACH
Shen et al. [7] proposed a dynamic version of the SPS
problem by formulating a mathematical model with multiple
objectives considering dynamic events and uncertainties that
often occur during software project development. The pro-
posed model considers one uncertainty and three dynamic
events. It deals with tasks efforts uncertainty which implies
that modifications in task specifications by the customer or
inaccurate initial estimates may cause changes in estimated
task effort. Moreover, the customer may raise new require-
ments request during the software development life cycle.
The model also considers that employees can leave or return
(from holiday) during the project execution. To handle the
uncertainty and dynamic events, Shen et al. [7] also proposed
amulti-objective approach based on ϵ-MOEA [19] algorithm.
A scenario-based approach is used to handle the task effort
uncertainty and very basic heuristic strategies are designed to
handle the dynamic events.

The model proposed by Alba and Chicano [2] considers a
maximum number of employees assigned to a task to avoid
communication overhead; however, it can be violated with
a corresponding penalty if task skills are not fulfilled by
allocated number of employees. The above literature high-
lights the fact that there is still space to add more objectives
and dynamic features in their work such as new employee
addition, changing objectives, task removal, variation in task
precedence, and task due-date etc. The scalability of such
approaches also requires to be verified.

The software development starts with conception of
desired software through to the final manifestation of the
software, sometimes in a planned and structured process [20].
During this process, customermay demand change in require-
ments, some of which may not be fulfilled by using exist-
ing employees’ skills or an employee may leave. Hence,
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it escalates the need for new employee to be hired with those
desired skills.Moreover, hiring a skilled and experienced can-
didate may also reduce training cost. Therefore, a practical
dynamic version of the problem is presented which considers
‘new employee addition’ dynamic event.

2) DECISION MAKER
In this paper, the decision maker selects a single solution
from a set of non-dominated solutions among those resulting
from evolutionary algorithms. In practice, at each scheduling
point t ′, project manager selects a solution from a set of
non-dominated solutions identified by the EA for implemen-
tation. However, if the decision to choose the solution for
implementation is left at the subjective judgement of project
manager, ten it may lead the project drifting from the bench-
mark KPIs. This becomes more critical in case of complex
large scale projects and multi-project settings. Therefore,
an automated decision making method proposed in [21] is
adopted and its procedure is briefly presented below:
• Step i (Pairwise ComparisonMatrix): In this step, a pair-
wise comparison matrix is constructed. Let’s say, there
are No = 4 objectives to be optimized, then there are
No × (No − 1)/2 = 4(4 − 1)/2 = 6 comparisons.
The pairwise comparison matrix C1 = (cij)No×No can be
constructed which describes the degree of the preference
for one objective versus another.

• Step ii (Weight Vector Estimation): Aweight vectorw =
(wi)No×1 for multiple objectives is estimated using least
squares method [22]. The geometric mean of each row
is computed in the matrix C1, which is then normalized
by dividing it with the sum of them.

• Step iii (Objective Values Normalization): Each objec-
tive is normalized as:

n_fi(x) = f maxi −fi(x)/f maxi −f mini , i = 1, 2, . . . .,No.
(1)

where f maxi and f mini denotes the maximum and min-
imum objective values among all the non-dominated
solutions obtained at the current scheduling point.

• Step iv (Utility Value Calculation): The utility value for
each non-dominated solution is found using weighted
geometric mean of the multiple objective values as
follows:

U (x) =
No∏
i=1

n_fi(x)wi/
∑No

i wi (2)

• Step v (Solution Selection): The solution with maximum
utility value is selected as the final schedule.

Notably, the pairwise comparison matrix and the weight
vector determined in Steps i and ii are calculated in advanced
and is not changed during the dynamic process. Only
Steps iii, iv, and v are performed at each scheduling point
during the project execution.

Following example explains this procedure in detail. Let’s
say that there are four objectives to be optimized namely,

project duration, cost, robustness, and stability. The soft-
ware project manager gives equal importance to duration
and cost objectives, and considers that robustness and sta-
bility are of the equal importance. Thus, the pairwise com-
parison matrix for the four objectives is constructed as
follows:

C1 = (cij)4×1 =


1 1 2 2
1 1 2 2
1/2 1/2 1 1
1/2 1/2 1 1


Theweight vectorw = (wi)4×1 = [0.3333, 0.3333, 0.1667,

0.1667]T can be obtained according to the above Step ii.
After that each objective is normalized according to (1),
and the utility value for each non-dominated solution can be
calculated using (2). Then, the non-dominated solution with
the highest utility value is chosen as final schedule.

B. RELATED WORKS
The human resources play a crucial role in the successful
completion of software projects. Therefore, ensuring the suit-
able and correct assignment of employees to tasks is an imme-
diate requirement. The software projects go through various
unforeseen disruptions and dynamic events. Table 1 presents
the significance of frequently occurring dynamic events in
literature.

To address the DSPS problem, Hepke et al. [27] pre-
sented a fuzzy model for the SPS system. In this model,
activity time parameters were modelled by means of L-R
fuzzy numbers due to uncertainty, and the fuzzy problem
was transformed into a set of associate deterministic prob-
lems. A simulation based method aiming to limit the impact
of uncertainties on the overall project success, was pro-
posed by Lazarova-Molnar and Mizouni [28] that selects the
most appropriate remedial action based on the project goal.
Gueorguiev et al. [29] proposed a multi-objective evolution-
ary algorithm (MOEA) to provide robustness under uncer-
tainty for rescheduled software project. The robustness is
defined as the difference between the total time and estimated
timewhen tasks duration are extended or new tasks are added.
The Pareto front found by their proposed MOEA represents
the trade-off between project completion time and robustness.
Antoniol et al. [30] used a tandem genetic algorithm (GA) to
process work packages in best sequence and allocate the staff
to project teams in optimal fashion. The results obtained by
GA were analysed by a queuing simulator which guides the
search process to determine whether a negotiation of further
employees and successive iteration of the tandemGA process
was required or not. To obtain an optimal solution, the whole
process repeat multiple times but their work does not consider
stability and other dynamic events.

Ge [31] proposed a rescheduling method under uncertainty
that deals with two objectives (efficiency and stability) and is
based on GAs; however, both objectives were handled as a
single objective function through weighted sums. Xiao et al.
[17] work deals with resource management in disrupted
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TABLE 1. Significance of dynamic events in literature.

environment e.g. requirement changes and urgent bug fixing.
They used Little-JIL process definition language [32] to
define software project activities, activities dependencies,
and need for resources. The authors did not consider con-
tinuous rescheduling and incorporates capability constraints,
availability constraints, and activity execution order con-
straints only. Other constraints, such as different activities
demanding the same resource in multi-project settings are not
considered.

Chicano et al. [33] proposed a new multi-objective for-
mulation considering employees’ productivity at perform-
ing different tasks for project scheduling. Their solution
proved to be robust against inaccuracies in the task-cost
estimations. Chand et al. [34] addressed resource-constrained
project scheduling problem (RCPSP) with stochastic activ-
ities duration and resource availability under uncertainties
as a single-objective problem. Shen et al. [7] proposed a
mathematical model with four objectives and three dynamic
events (employee leaving/returning and new task addition)
using a proactive-scheduling method which is presented
in detain in next section. Shen et al. [8] also proposed
a mathematical model for large-scale projects with simi-
lar dynamic events. As an improvement of their work [1],
authors proposed a memetic algorithm dealing with five
objectives and aforementioned dynamic events. Cheng et al.
[35] considered tasks rework, dynamic skill proficiency, and
employee leave and return. Ge and Xu [36] proposed a
GA and hill climbing (HC) based optimizer. In their soft-
ware project staffing model, authors considered dynamic
elements of staff productivity as well as both stability and
efficiency as a single objective function through weighted
sum. However, the proposed model does not incorporate
the interactions between parallel tasks. Besides these, some
studies [15], [37] provide a survey of research on the SPS
problem.

The above literature highlights the fact that static
approaches lack the consideration of unpredictable scenarios
while dynamic ones are also restricted to employee leaving
and returning as events. In real-world, many dynamic events
could occur which make the scheduling problem highly com-
plex. To resolve these issues, a more practical dynamic ver-
sion of problem should be considered.

III. DYNAMIC SOFTWARE PROJECT SCHEDULING
A. GENERIC PROBLEM FORMULATION
Managing human resources and total budget in an optimal
way for a successful project is critical. Suppose a software
company has 5 employees E = {e1, e2, e3, . . . .., e5} with
employee’s skills set SK = {s1, s2, s3, s4, s5}. They need
to develop a software application comprising of 7 tasks
T = {t1, t2, t3, . . . .., t7}. The term eskill ⊆ SK denotes an
employee’s skill and emaxded represents maximum dedication
to the project, which is defined as the ratio of amount of
hours dedicated to the project divided by full length of the
employee’s working day [2]. The salary esalary is expressed
in fictitious currency units. This is explained by a simpli-
fied scenario as shown in Fig. 1. The employee e1 is a
programmer (s1) and UML (s2) expert with salary $ 3,000.
Another employee e2 has UML (s2), testing (s3), and data
modelling (s4) expertise whereas e4 is also an UML expert
(s2). The employees e4 and e5 also have leadership skills
(s5). The employees e1, e2, e5 can spend all their day on
the project with maximum dedication equal to one. Another
employee e3 with programming experience (s1) dedicates
half of his/her working day developing the software appli-
cation. This employee may be working part time or he/she
is looking after some administrative tasks as part of their
dedication. The employee e4 can work overtime with his/her
maximum dedication greater than one, e.g., (emaxded = 1.3).
This implies that he/she can work on the project up to 30%
more than in a normal working day.

Each task is associated with certain required skills denoted
as tskills and an effort teffort expressed in person-month (PM).
The tasks are performed according to a task precedence graph
(TPG). This indicates which tasks must be completed before
a new task begins. TPG is an acyclic directed graph G(T ,A)
to represent the dependency among tasks. In TPG, the set of
nodes represents the set of tasks T . The precedence relation
among the tasks is denoted by set of arcs A. In the given
example, task t1 (design model document) requires UML
expertise (skill s2) and 3 person-months effort to complete the
subsequent tasks as illustrated in Fig. 2. In the same figure,
it can also be observed that the last task t7 (User manual
creation) cannot be instantiated until all the previous tasks
are completed.
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FIGURE 1. Example of software company employees with different skill set, salary, and dedication level.

FIGURE 2. Task precedence graph of the software application.

Dynamic feature - new employee addition: Once software
project has started, a new employee may join it. The software
development is an ongoing process and requirement change
is inevitable [20]. Hence, a request for software requirement
changemay be raised by the customer due to enhanced under-
standing of software, organizational restructure, and avail-
ability of new technologies. For example, the requirement
change needs some special skills which none/very few of
existing employees have. In this case, the software company
hires a new employee having those skills. The new employee
may be proficient in all or some skills and has higher/lower
salary as compared to existing employees. Further, it is
assumed that new employee is hired somewhere in the middle
of project, and does not violates Brook’s lawwhich states that
adding manpower to late project makes it later [38].

Employee’s proficiency calculation: The proficiency of an
employee ei for a task tj can be defined as the employee’s
capability level to perform that task. It is denoted as eprofij and

ranges between [0,1]. According to Chang [39] calculation,

if an employee has zero proficiency against a skill related to
a task then employee’s total proficiency becomes zero, which
should not be a case. In reality, if employee’s proficiency
for one skill is zero while having other skills for a task,
then employee could still perform that task. Therefore, in this
work, we define employee to task proficiency as:

eprofij =

∑
k∈reqj

prof _valueki
C

(3)

The term reqj (3) denotes task required skills and each skill
has a proficiency value against it. The C is a constant and is
set ‘C = 5’ according to [39]. The average proficiency is
computed as follows:

eprofij =
eprofij

total_skills_required_by_task
(4)

B. SOLUTION REPRESENTATION
To represent the SPS problem solution, a dedication matrix
X = (xij) of size m x n where xij ≥ 0 is used. The element
m represents number of employees, n denotes number of
tasks, and xij denotes the degree of dedication of an employee
ei to task tj. An employee ei allocated on a task tj with
dedication degree of ‘1’ means that he/she spends his/her
all working hours of a day to that task. If dedication degree
is ‘0’, it indicates that employee will not perform that task.
The project duration and starting and finishing time of each
task is calculated using this information. According to the
TPG and dedication matrix, a Gantt chart of the project is
drawn as shown in Fig. 3. The task’s duration are calculated
according to formulation in [2]. Once duration of project
is calculated, project cost using the dedication matrix and
employees’ salary is computed.

C. OBJECTIVE FUNCTIONS
In this DSPS optimization problem, two objectives are con-
sidered as duration and cost to see how our proposed approach
(h_NEA) works for new dynamic event as compared to
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FIGURE 3. Tentative solution to the SPS problem.

current state-of-the-art algorithm [7]. The mathematical for-
mulation and detail of each objective is according to [7].

minF(t) = [f1, f2, f3, f4] (5)

where f1, f2, f3, f4 denotes duration, cost, robustness, and sta-
bility as project objectives respectively.

Duration: Project duration is time required to complete the
project and is taken as the maximum finishing time of the last
task.

f1(t) = durationI = max(T endj )−min(T startj ) (6)

The terms T endj and T startj denote the starting and ending
time of each task. The end time for tasks without precedence
is computed by adding the start time to respective duration
of each task. The start time of a task with precedence is
the end time of longest corresponding preceding task. The
dependency between tasks is represented using the TPG.
Moreover, duration (6) for the whole project is the maximum
finishing time of last task.

Cost: Project cost is the total expenses required for the
project completion.

f2(t) = costI =
∑

ei∈E_ava_set

e_costi (7)

The term E_ava_set (7) represents the set of available
employees. Suppose an employee ei is assigned to a task tj
with xij dedication. The employee’s normal monthly salary is
denoted as enorm_salaryi . If employee’s dedication xij is greater
than 1, it indicates that he/she overworks for the project and
consequently, overtime salary eoverwork_salaryi is also added to
the total salary. The expenses paid to an employee ei at t ′

month are calculated as follows:
if

∑
j∈T_active_set xij ≤ 1.0

e_costi = enorm_salaryi · t ′ ·
∑

j∈T_active_set

xij (8)

if
∑

j∈T_active_set xij > 1.0

e_costi = enorm_salaryi · t ′ + eoverwork_salaryi · t ′

·

 ∑
j∈T_active_set

xij − 1

 (9)

The term T_active_set (8-9) represents the set of active
tasks which are being developed at time moment t ′, where
t ′ denotes the current project development month. At time
t ′, a task that does not have any preceding unfinished task is
known as active task. Further, subscript I (6-7) represents the
initial scenario without any uncertainty in the tasks efforts.
It means that initially estimated tasks efforts are correct.

To analyse the effect of our approach to other objective val-
ues, four objectives are considered including robustness and
stability with assumption that improvement in duration and
cost objectives may improve or deteriorate other objectives.

Robustness: It is project schedule’s ability to cope with the
task effort uncertainties for the software project.

f3(t)=

√√√√√1
N

N∑
q=1

(
max

(
0,
durationq(t ′)− durationI (t ′)

durationI (t ′)

))2

+

√√√√√ 1
N

N∑
q=1

(
max

(
0,
costq(t ′)− costI (t ′)

costI (t ′)

))2

(10)

The terms durationI and costI (10) are the initial dura-
tion and cost calculated in equations (6) and (7) respec-
tively, with assumption that there is no task effort variance.
To cope up with the task effort uncertainties, a scenario-based
approach is used. We sample a set of task effort scenarios
{Qq | q = 1, 2, 3, . . . .N}, where N is sample size. In our
case, N = 30. The terms durationq and costq are efficiency
objectives under value Qq. A ‘max’ function is used to trun-
cate the variances of duration and cost decreases from initial

value. The sampled effort for task T
effortq
j is calculated using

the normal distribution [1].

T
effortq
j = T effortmeanj + T effortvaraincej ∗ z (11)

The term ‘z’ (11) is a random scalar drawn from the nor-
mal distribution. At scheduling point t ′, T

effortq
j is calculated

multiple times until the condition T
effortq
j > T finished_effortj

is satisfied and then set Qq = {T
rem_effortq
j | T

remeffortq
j =

T
effortq
j −T finished_effortj }where T

rem_effortq
j means the qth sam-

pled remaining effort of Tj at scheduling point t ′.
Stability: The purpose of this objective is to measure the

deviation between new and initial project schedule. The term
t ′ represents the time when a dynamic event occurs and t
indicates initial schedule time. It ensures that at each schedul-
ing point, there is not too much variation in employees’
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assignment as compared to initial schedule.

f4(t)=stability=
E∑
i=1

T∑
j=1

| xij(t ′)− xij(t) | ∗Penaltyij (12)

where the values of Penaltyij are set as follows:
2, if xij(t ′) > 0 and xij(t) = 0,
1.5, if xij(t ′) = 0 and xij(t) > 0,
1, else.

(13)

These penalty values are according to [7]. In first case,
a large penalty value of ‘2’ is given if employee ei performs a
new task tj at scheduling point t ′. He/she may need additional
time to know about task specifications. In such scenario, the
employee’s efficiency level to do work may be decreased.
In second case, amedium penalty of ‘1.5’ is given if employee
is not allocated to the same task for which he was working in
initial schedule. The employee might have received training
and such training would be fruitless if employee is not per-
forming that task anymore. A small penalty of ‘1’ is given if
a task is performed with a different dedication level.

D. CONSTRAINTS
The DSPS problem is subject to following constraints [7].
The (i)-(iii) are hard constraints whereas (iv) is a soft
constraint.

i) All tasks allocation constraint: Each task should be
allocated to at least one available employee. The term
Tj_Dedication represents employees total dedication
for that task.

∀ei ∈ E _ava _set(t),
∑

Tj_Dedication ̸= 0 (14)

ii) Task skills constraint: All the available employees allo-
cated on a task must collectively cover all the skills
required by that task.

Tj_Skills ⊆ ∪ei { Skills | xij > 0 } (15)

iii) No overwork constraint: No employee overworks for a
project means that employee should not work for the
project more than his/her maximum dedication.∑

j∈T

xij ≤ e
maxd ed
i (16)

iv) Task head count constraint: According to the best prac-
tices in software engineering, the number of employees
assigned on a task should not exceed a limit [40]. Each
task has amaximumnumber of employees in this DSPS
problem. The term T no_of _empj denotes the number of

allocated employees on a task and Tmaxheadcountj repre-
sents task maximum headcount and is computed using
the formula in [26].

∀Tj,T
no_of _emp
j ≤ Tmaxheadcountj (17)

FIGURE 4. Example of critical path.

IV. THE PROPOSED HEURISTIC
This section describes a heuristic method (h_NEA) to deal
with a new dynamic event i.e. ‘new employee addition’,
in order to address the shortcomings in an existing state-of-
the-art algorithm [7] that they are unable to handle other real-
events. We make an assumption here that new employee is
added somewhere in the middle of project; however, Brook’s
law does not apply which states that adding manpower to late
project makes it later [38].

A. HEURISTIC METHODS
The objective of the heuristic method is to produce
near-optimal solutions in a reasonable time frame that solves
the SPS problem for ‘new employee addition’ dynamic event.
The SPS is an NP-hard combinatorial optimization prob-
lem [2]. The results about NP-hard problems make heuristics
the only viable option for complex optimization problems that
need to be solved in real-world applications [41]. These are
designed for solving a problem where classic methods are
too slow or may fail when finding an approximate solution.
The proposed heuristic (h_NEA) is divided into duration and
cost heuristic. The purpose of duration heuristic is appropri-
ate allocation of new employee to available critical tasks to
reduce project duration whereas cost heuristic allocates new
employee with an objective to minimize the project cost.

1) DURATION HEURISTIC
For new employee joining the software company, the purpose
of duration heuristic is to reduce project duration. Detailed
steps are given below:
Step1: Identify the critical path in the TPG. The TPG indi-

cates that a task should finish before starting a new preceding
task. The complexity of each task is associated with it. The
critical path (Fig. 4) consists of all the tasks, in which any
kind of task delay will ultimately delay the whole project.
This determines the shortest time possible to complete the
project. The tasks in critical path are dependent on each other
with zero float [10].
Step2: The new employee is allocated to a critical task with

the maximum dedication as long as his/her proficiency to that
task is not zero.

Let us consider an example in Fig. 4, where there are
eleven tasks with corresponding TPG and duration. The tasks
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Algorithm 1 Duration Heuristic
Input : en: new employee, T : set of available tasks,

X : dedication matrix, G(T ,A): Task
precedence graph

Output: Dhs: Heuristic solutions with minimized
project duration

for ∀Tj ∈ T do
CT = critical tasks /* a subroutine
findCriticalTasks() is called which finds all
critical tasks using task precedence graph */

end
for ∀cj ∈ CT do

if eprofnj > 0 then
xij: assign employee ei to cj with maximum
dedication /* a heuristic solution is generated
*/

end
end
return Dhs

{1, 2, 3, 6, 9, 11} are critical with zero float. The red color
path shows the critical path. Hence, if the new employee is
allocated to these tasks in the critical path with maximum
dedication, it will reduce the project duration. For each crit-
ical task, a new heuristic solution is generated depending on
new employee proficiency for that task. For duration heuris-
tic, ‘task head count’ constraint is checked at algorithmic
level. The pseudo code for the duration heuristic is given in
Algorithm 1.

2) COST HEURISTIC
This heuristic method (Algorithm 2) is designed in such a
way to optimally allocate new employee to available tasks
and reduce the project cost. According to [20], software
engineer’s salary (a.k.a effort cost) is the main attribute that
will have impact on project cost. Besides, if employee’s
proficiency is higher for a task, employee will finish that task
in a shorter time. Based on these facts, three different cases
are considered to generate cost heuristic solutions as shown
in Fig. 5. For each available task, a new heuristic solution is
generated depending on the cases stated below:

• Case a: If new employee’s proficiency level is higher
and salary is lower than all the existing employees, then
replace all the employees who can be replaced (without
violating task skills constraint) with new employee. The
new employee’s dedication is the sum of dedications
of replaced employees. If new employee’s dedication
exceeds the employee’s maximum dedication, then ‘no
employee overwork’ constraint is considered here as
well.

• Case b: If new employee’s proficiency level is lower
and salary is also lower, then select between the existing
and new employee who has lowest cost to perform a

Algorithm 2 Cost Heuristic
Input : E : set of available employee, en: new

employee, T : set of available tasks, X :
dedication matrix

Output: Chs: Heuristic solutions with minimized
project cost

for ∀Tj ∈ T do
for ∀ei ∈ E do

if eprofn > eprofi &esalaryn < esalaryi then
xij← 0
if Task_skill_constraint(xij) = 0 then

xnj←
∑
xij

end
if
Employee_overwork_constraint(xnj) > 0
then
xnj← emaxdedn

end
end

if eprofn < eprofi &esalaryn < esalaryi then
xnj← xij
lowerTaskcost(en, ei) /* a subroutine is
called */
return elower_cost

end

if eprofn > eprofi &esalaryn > esaalryi then
xnj← xij
lowerTaskcost(en, ei) /* a subroutine is
called */
return elower_cost

end
end

end
return Chs

task. In this case, dedication for new employee and old
employee is same.

• Case c: If new employee’s proficiency level is higher
and salary is also higher, then select between the existing
and new employee who has lowest cost for performing a
task. In this case, dedication for new employee and old
employee is also same.

For the cost heuristic, new employee is replaced with the
existing one if this replacement causes a significant difference
in the project cost. It is assumed that this difference is 5% of
the total cost. If difference is too small, therewill be no benefit
for replacement as new employee may not be proficient for
that task as the old one.

B. MOEA-BASED METHOD FOR DSPS PROBLEM
A set of Pareto optimal solutions in a well-converged and
well-distributed form, is an important issue in multi-objective
evolutionary optimization. Many evolutionary algorithms do
not use domain knowledge to generate the initial population.
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FIGURE 5. Cases for cost heuristic.

It is known fact that good initial estimates may generate
better solutions with faster convergence depending on the
prior knowledge existence, or if it can be generated at a
low computational cost [42]. Therefore, in our approach,
we design a heuristic method (h_NEA) using domain knowl-
edge for population initialization. It is based on the concept of
ϵ-dominance [19] to deal with ‘new employee addition’
as new dynamic event. The procedure of the algorithm at
scheduling point t ′ is given in Fig. 6. The initial population is
formed using the following combination of solutions in step
1 of the algorithm.

50%Heuristic+ 1%Baseline+ 49%Random (18)

In our study, 50% are duration heuristic and cost heuris-
tic solutions produced by Algorithm 1 and Algorithm 2
respectively; and its variants using mutation operator. 1% is
initial schedule/baseline/history solutions and 49% are ran-
dom solutions. We are using trade-off between random ini-
tialization and heuristic procedure. Random initialization will
give diversification on the generated solutions while heuris-
tics/baseline solution will converge the solutions rapidly.
At initial time t0, when the project starts, the initial population
is generated using 100% random solutions in the initial step
of algorithm and only duration, cost, and robustness as project
objectives are solved.

V. EXPERIMENTAL RESULTS
This section answers the following research question by
empirically investigating the proposed method:

• RQ1. Are existing methods capable to deal with ‘new
employee addition’ dynamic event efficiently?

• RQ2. Does proposed approach generate effective project
plans in terms of duration and cost when dealing with
‘new employee addition’ dynamic event in contrast to
existing approach?

• RQ3. Does the improvement on objectives (duration and
cost) made by the proposed heuristics compromise other
objectives, e.g., project robustness and stability?

A. EXPERIMENTAL SETUP
1) DSPS INSTANCES
In this study, we use 18 dynamic benchmark and 3 real-world
data instances.

a: BENCHMARK
These 18 dynamic instances are derived from Alba and
Chicano’s benchmark [2] which are gathered from different
software projects. The reason for choosing this benchmark
data set is that these instances include variants of three impor-
tant factors (number of employees, number of tasks and num-
ber of employee skills) for the DSPS problem as in real-world
scenario. To induce more reality, the dynamic data instances
differentiate themselves from the static ones in [2] with the
following keys aspects: task maximum headcount, task effort
uncertainties, part-time jobs, and overworking of employees.
In the project, it is assumed that part-time employees are
20 percent of the total employees whose maximum dedi-
cations are in the interval [0.5, 1); employees doing over-
time work are 20 percent, whose maximum dedications are
generated uniformly from (1, 1.5] at random; and remaining
employees are full time, their maximum dedication is set to
1.0. If an employee possesses a skill, then relevant proficiency
score for that skill is sampled uniformly from (0, 5] in a
random manner. If employee does not have any specific skill,
then proficiency score is set to 0 for that skill. Following
the practice in [2], an employee’s normal monthly salary is
sampled from a normal distribution with the mean of 10,000
and standard deviation of 1,000.

Further, tasks efforts variances are assumed to follow a nor-
mal distribution. These tasks efforts are calculated depend-
ing on different values of mean and standard deviation; and
vary uniformly in interval [8], [12] and [4], [6] respectively.
On average, the mean of a task effort is 10 and the standard
deviation is 5 [7].

b: REAL-WORLD
Three real-world instances derived from business software
construction projects for a departmental store [43] are
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FIGURE 6. Procedure of algorithm at scheduling point ‘t ′ ’.

also used in our experiments. These instances are having
10 employees (each employee with 5 different skills) and
15 tasks each except Real_3 which consists of 12 tasks.

The data instances are denoted as ‘T30_E5_SK6-7’,
whereas the notations ‘T30’ and ‘E5’ represent total num-
ber of tasks and number of employees respectively. ‘SK6-7’
means number of skills possessed by an employee in the

TABLE 2. Parametrization (L = Individual length).

project. The 3 real-world instances are named as Real_1,
Real_2 and Real_3.

Currently, we do not have access to real-world software
project data containing information about their dynamic
events. In this work, we have used data instances with
simulated dynamic and uncertain events which is threat to
validity of this study. Once real-world data with known
dynamic events become available, further analyses should be
performed.

2) PARAMETER SETTINGS
A set of parameter values for a rational comparison among
algorithms are presented in Table 2.

In this study, for each algorithm on each problem instance
(18 benchmark and 3 real-world), 30 independent runs were
executed to obtain all the results with the termination criterion
of 10,000 evaluations.

3) EVALUATION OF SOLUTION QUALITY
In this study, hypervolume (HV) indicator is used to compare
algorithms’ performance. The HV is used for the problems
whose Pareto front are unknown as in our case. Therefore,
it is more suitable in real-world scenarios as compared to
other indicators [44]. Algorithms with higher HV values are
desired. Here, we use a normalised HV value (also called
hypervolume ratio (HVR)).With this normalisation, the range
of all the obtained results is [0, 1], where 1 represents the
optimal value. In the calculation of HV, the reference point
determination is a crucial issue. To calculate the reference
point, we extract the maximal values for all objectives from
the Pareto approximations found by all algorithms used in
comparison. In addition, the reference point should be set
to slightly worse than the maximal value on each objective
of the estimated Pareto front (e.g., 1.1 times of it) [44].
In experiments, single employee and one rescheduling point
is considered.

B. PERFORMANCE ANALYSIS OF EXISTING ALGORITHMS
This section analyses that whether existing algorithms can
handle ‘new employee addition’ dynamic event efficiently.
Both state-of-the-art (SOA) [7] and baseline algorithm for
new dynamic event are investigated. Baseline algorithm is a
MOEA-based complete rescheduling method [45] and gen-
erates initial population randomly at each scheduling point
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FIGURE 7. State-of-the-art and baseline algorithm performance for ‘new employee addition’ dynamic event.

TABLE 3. Duration and cost values comparison for data instances. The
selected solution against each instance is according to decision maker
result [21].

whereas SOA also includes the history solutions at the
scheduling point. The use of baseline algorithm implies that
new schedule is generated from scratch. The comparison
results for some data instances are depicted in Fig. 7. These
data instances are choosen randomly. The objective values are
normalized to be on the same scale. It is obvious that there
is no clear pattern of results for both algorithms to deal with
new dynamic event. For some instances, baseline outperforms
state-of-the-art algorithm and vice versa. Furthermore, the
objective values against data instances returned from both
algorithms for ‘new employee addition’ dynamic event are
presented in Table 3. It is not clear from results that which
algorithm performs better for both duration and cost objec-
tives. All these key factors necessitate the need for a new
approach to deal with this event.

Since EAs provide a set of non-dominated solutions to
solve NP-hard problem [46]. Therefore, only single solution
among feasible solutions is presented, according to decision
maker (DM) choice [21]. In practice, a non-dominated solu-
tions set found by EAs, is provided to the software project
manager subject to manager’s choice. The project manager
may select a solution considering best duration, best cost or
trade-off among all objectives. However, the involvement of a
person for taking decisions is not practical in our experiments;
hence, an automated decisionmakingmethod [21] is adopted.

C. COMPARISON OF PROPOSED HEURISTIC
The purpose of this comparison is to investigate that how
significantly our proposed heuristic (h_NEA) deals with ‘new

TABLE 4. Real_1 data instance: h_NEA vs existing algorithm solutions.

TABLE 5. Real_2 data instance: h_NEA vs existing algorithm solutions.

employee addition’ dynamic event. To show the effectiveness
of our proposed approach, we present heuristic solutions
produced by h_NEA for Real_1 and Real_2 data instances.
We compare it with a state-of-the-art algorithm [7] using
two objectives duration and cost. Since the baseline algo-
rithm generates the initial population from scratch, therefore,
we only choose state-of-the-art algorithm [7] for compar-
ison. For a fair comparison, the baseline/history solution
(implemented schedule) for both algorithms is same. Also,
the set of employees is the same for both algorithms. For
h_NEA, at scheduling point t ′, the population is composed
of 1% history/baseline solution (implemented schedule),
50% heuristic solutions and 49% random solutions. For
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FIGURE 8. Gantt chart for Real_3: h_NEA vs existing algorithm. The selected solution is returned by decision maker result [21].

state-of-the-art algorithm, the distribution is 1% history/
baseline solution, 50% history variants and 49% random
solutions.

The duration and cost heuristics optimize protect duration
and cost by appropriate allocation of employees to the tasks.
The results indicate (Table 4 and Table 5) that proposed
approach significantly reduces both duration and cost objec-
tives as compared with the existing ones.

For the sake of simplicity, the gantt chart is also drawn
from the results of both algorithms in Fig. 8 for Real_3 data
instance. The results indicate that proposed method returns
shorter project duration as compared to state-of-the-art algo-
rithm. Based on HVR values in Table 6, it is also obvious that
h_NEA returns higher HVR value for 80% data instances and
results are better.

Wilcoxon’s rank sum test [47] is also performed. It gives
statically sound conclusion that results are significantly dif-
ferent from each other. The notation ‘‘†’’ (Table 6) indicates
that both algorithms are significantly different from each
other at 0.05 significance level.

D. EFFECT TO OTHER OBJECTIVES
This section explores that whether proposed approach
(h_NEA) affects the consideration of other two objectives
(robustness and stability). It means that while improving
duration and cost objective, other objectives are not dete-
riorated. To answer this, h_NEA is analysed using four
project objectives as duration, cost, robustness, and stabil-
ity. The Table 7 gives objective vector for data instances
chosen randomly. It is clear from the result that robustness
and stability objectives have also been improved along with
duration and cost. This is due to the reason that robust-
ness objective also has some dependency on duration and
cost objectives and stability assures that there is not too
much variation in employees’ assignment. The proposed
algorithm optimizes all objectives and selects a best trade-off
among solutions. This analysis may be helpful for a manager
with deeper insights about various trade-offs among multiple
objectives.

TABLE 6. Mean value of HVR Indicator - 2 objectives, best mean is in
boldface.

To evaluate the effectiveness of our approach with four
objectives, HVR quality indicator is also applied. In Table 8,
proposed approach outperforms existing algorithm for 67%
data instances including three real instances by returning
higher HVR values.

VI. THREATS TO VALIDITY
There are some limitations to this work. First, dynamic nature
of the SPS problem needs to be studied in-depth. In this
paper, only one type of dynamic event and uncertainty is
considered; however, in real-world projects, many dynamic
events may occur at the same time. Second, in this paper,
only one critical path is considered whereas in real-world
software projects can have multiple critical paths. Third, the
scalability of proposed approach needs to be verified for large
scale software projects. Moreover, resiliency of SPS solutions
requires to be validated to check if solution generated by

VOLUME 11, 2023 39803



N. Nigar et al.: Multi-Objective Dynamic SPS: A Novel Approach to Handle Employee’s Addition

TABLE 7. Objective values comparison for data instances. The selected solution is according to decision maker result [21].

TABLE 8. Mean value of HVR Indicator - 4 objectives, best mean is in
boldface.

proposed approach is identical to software project manager’s
choice. The comparison with Shen et al. [7] approach is
based on the fact that this is the first paper which considered
3 dynamic events and 1 uncertainty. However, comparison
with the latest approaches need to be conducted.

VII. CONCLUDING REMARKS
The growth in IT industry in a competitivemarket and volatile
nature of software requirements needs new employees for
new/existing projects. The software development method-
ologies have evolved where customer requirements are not
initially locked but are flexible to take into account ongoing
additional requirements or changes. This is an uncertain event
which triggers project rescheduling by first optimally allocat-
ing tasks to existing resources, if not feasible, new employee
additional event is triggered which is dynamic in nature.
It is also worth noting that culture, context, dedication, and
work environment plays very important role and are ensured
through best HR practices; however, skill set mapping is one

of the most critical success factor for the projects particularly
when new employee is added against an employee turnover.

In this paper, a new heuristic approach for SPS is proposed
to deal with ‘‘new employee addition’’ dynamic event and
the project success is evaluated on technical skill set based
limitations. The said approach is focused on the addition of
new employee in the middle of the project where budget and
time constraints are limitations. Moreover, one resource is
engaged in multiple projects at the same time. This makes
the addition of new employee with right skill set in multi
project settings a complicated task. The proposed approach
also employs domain knowledge for population initialization
in order to generate high-quality solutions. The experimental
results show that our approach is effective to generate soft-
ware project plans with lower duration and cost compared to
other existing approaches.

The principal target audience for this research are project
managers in software development organizations who will
get optimal project reschedule under ‘employee addition’
dynamic event particularly in complex, large scale and multi-
project settings. The proposed approach is meant to be used in
recommender system where project managers will be served
with optimal project reschedule for further decision support.
In future, more factors and other dynamic events faced in the
SPS problem will be considered e.g., task’s slack time and
software requirements cancellation.
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