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Abstract
Efficient scheduling is a cornerstone of successful software projectmanagement, directly
influencing delivery timelines, cost control, and resource utilization. However, inade-
quate scheduling methodologies remain a critical factor behind project delays and bud-
get overruns, particularly in contexts requiring rapid deployment such as the COVID-19
pandemic. This study addresses the Software Project Scheduling Problem (SPSP) through
a search-based approach leveraging metaheuristic optimization techniques. Specifically,
we investigate the effectiveness of Genetic Algorithms (GA), Tabu Search (TS), and their
hybridization, in comparison with alternativemetaheuristics such as the Firefly and Drag-
onfly algorithms. The International Software Benchmarking Standards Group (ISBSG)
dataset, comprising over 2,000 global software projects, is employed as the empirical
basis for validation. The research design encompasses a comprehensive literature re-
view, formulation of research questions, and systematic application of GA and GA–TS hy-
bridmodels. Experimental evaluation reveals that the hybrid approach achieves substan-
tial improvements over standalone GA, with mean fitness values increasing by approxi-
mately 40% across 100 iterations (from 0.948 to 1.887 in the final 10 iterations). Further-
more, the hybrid model reduced convergence time by nearly 30%, enhanced resource
allocation accuracy, improved project duration estimates by 25%, and lowered projected
costs by 20%. These results demonstrate that the GA–TS hybrid consistently provides
more robust, efficient, and reliable scheduling solutions. The findings contribute to both
theory and practice by validating the superiority of hybrid metaheuristics in addressing
the inherent complexity and nonlinearity of SPSP. They further highlight the potential
of search-based techniques to improve real-world project management outcomes in dy-
namic and resource-constrained environments. Future research should extend this work
by integrating additional metaheuristic combinations, incorporating uncertainty model-
ing, and testing across diverse datasets to generalize applicability and strengthen practi-
cal adoption.
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1 Introduction
Inefficient scheduling practices not only result in
significant project delays and cost overruns but also
hinder the effective allocation of scarce resources,
thereby exacerbating risks in already volatile project
environments. These challenges highlight the press-
ing need for advanced computational approaches
capable of addressing the inherent complexity and
uncertainty of software project scheduling.

The concept of metaheuristics offers a promising
paradigm for addressing such optimization challenges.
A metaheuristic can be broadly defined as a high-level,
problem-independent strategy that guides lower-level
heuristics to efficiently explore the solution space
and generate near-optimal solutions. The term was
first introduced by Glover in the late 1980s, although
metaheuristic strategies had been employed in vari-
ous problem domains well before their formalization.
Unlike traditional heuristics, which are tailored to
specific problem instances, metaheuristics provide
generalized frameworks that balance exploration and
exploitation to navigate large and complex search
spaces. Notable examples include Genetic Algorithms
(GA) [1], Firefly Algorithm [2], Dragonfly Algorithm [3],
Pareto Archived Evolution Strategy (PAES) [4], and
Non-dominated Sorting Genetic Algorithm-II (NSGA-
II) [5]. Each of these algorithms has been successfully
applied in optimization tasks, and their adaptability
makes them particularly suitable for addressing the
Software Project Scheduling Problem (SPSP).

SPSP can be formally defined as the allocation of
tasks to human and technical resources in a manner
that satisfies precedence and resource constraints
while optimizing multiple conflicting objectives such
as minimizing project duration, reducing cost, max-
imizing resource utilization, and ensuring timely
delivery. The problem is inherently multi-objective,
as improving one dimension (e.g., minimizing costs)
may adversely affect another (e.g., meeting deadlines).
This complexity has positioned SPSP as a suitable
candidate for metaheuristic and hybrid metaheuristic
techniques. Previous studies have demonstrated
the capability of such approaches to deliver effec-
tive scheduling solutions. For instance, Alba and

Chicano [1] emphasized the importance of computer-
aided scheduling tools to support decision-making
in SPSP, arguing that effective scheduling must si-
multaneously account for budget, project scope, task
interdependencies, communication among stakehold-
ers, and workforce characteristics such as skills and
overtime. Other works have investigated the scalabil-
ity and robustness of multi-objective algorithms such
as NSGA-II, PAES, and MOFA, demonstrating their
capacity to address large and complex scheduling
environments. Similarly, hybrid strategies—such as
the integration of GA with Simulated Annealing—
have yielded improvements over single-algorithm
approaches, illustrating the benefits of combining
complementary search strategies.

Despite these advances, existing approaches
continue to face limitations. Single metaheuristics,
while effective in some cases, often suffer from issues
such as premature convergence or lack of scalability.
Hybrid approaches have emerged as a viable solution
to these shortcomings by combining global explo-
ration mechanisms with local refinement strategies,
thereby balancing efficiency and robustness. Building
on this foundation, the present study introduces a
novel hybrid framework that integrates GA with Tabu
Search (TS) to enhance scheduling performance in
SPSP. GA provides global exploration capabilities by
maintaining population diversity, while TS mitigates
the risk of premature convergence by exploiting local
neighborhoods and avoiding cycles through memory
structures. By uniting these complementary strengths,
the proposed GA–TS hybrid seeks to achieve superior
performance relative to standalone algorithms.

The contributions of this research are fourfold:
1. A comprehensive synthesis of metaheuristic

techniques applied to SPSP, highlighting their
strengths, limitations, and areas for improve-
ment.

2. The design and implementation of a novel GA–TS
hybrid approach that leverages the comple-
mentary strengths of evolutionary search and
memory-based local refinement.

3. An empirical evaluation conducted on the In-
ternational Software Benchmarking Standards
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Group (ISBSG) dataset, encompassing over 2,000
real-world software projects, to rigorously assess
the proposed method.

4. An analysis of the practical implications of hybrid
metaheuristics for project managers, accompa-
nied by recommendations for future research
directions, including the integration of additional
metaheuristic combinations and the extension
of models to dynamic, uncertain scheduling
environments.

The remainder of this paper is structured as
follows. Section 2 reviews related work onmetaheuris-
tics and hybrid strategies for SPSP. Section 3 outlines
the proposed methodology, including the design of
the GA–TS hybrid framework, research questions,
and evaluation criteria. Section 4 presents the exper-
imental results and comparative analysis. Section 5
concludes the study by summarizing the findings,
discussing theoretical and practical implications, and
identifying promising avenues for future research.
2 Related Work
Project scheduling is essentially the methodical pro-
cess of organizing and arranging tasks, events, and
activities to guarantee their successful and efficient
completion. Because it makes it possible to allocate
and use scarce resources as efficiently as possible,
it is essential to the success of a project. Usually, a
set of interdependent tasks, expected task durations,
necessary renewable and non-renewable resources,
and priority constraints among activities comprise a
basic project scheduling problem. The main goal is to
create a workable schedule that respects dependency
relationships and details the start and end times of
each task, as well as the resource assignments that
go along with it. Therefore, efficient scheduling is
essential to completing projects on schedule, within
budget, and in accordance with predetermined quality
standards. Efficient project scheduling is essential in
the software engineering process and significantly
affects project effort estimation, which eventually
leads to the project’s success.

The absence of rich, fine-grained attributes limits
the effectiveness of predictive models in uncovering

meaningful patterns, which is especially critical in
Software Development Effort Estimation (SEE), where
accurate and detailed data are vital for reliable project
scheduling and resource allocation [6]. Software
Scheduling has a key role in project development
and success [7], [6], [8]. The growing complexity
and scale of contemporary software projects ne-
cessitate advanced scheduling techniques beyond
traditional methods. This literature review explores
the application of metaheuristic algorithms in ad-
dressing Software Project Scheduling Problems (SPSP),
highlighting key advancements and findings in this
field.

Software engineering comprises various activities,
including requirement gathering [9], software testing,
configuration management, software development,
and maintenance [7]. These interrelated activities con-
sume resources and generate outputs, emphasizing
the importance of efficient project scheduling [10].
The significance of software development, particularly
in health-related and mission-critical applications [11],
[12], further highlights the necessity for optimized
scheduling techniques.

Recent studies have advanced the understand-
ing of AI and optimization techniques in software
project scheduling and management. Mohammad
et al. [13] analyzed 17 studies on AI-driven project
planning, identifying ten barriers categorized under
the Technology–Organization–Environment frame-
work. Their findings revealed that technological and
organizational challenges—such as data scarcity,
system integration, and workforce readiness—are
dominant, while environmental factors remain under-
explored, thereby limiting the adoption of AI in project
scheduling.

Building on this, Adamantiadou et al. [14] con-
ducted a systematic review of 97 studies (2011–2024)
using the PRISMA methodology to evaluate AI’s role
in project management. Their results indicated that
hybrid AI models and machine learning techniques
significantly enhance predictive accuracy in cost es-
timation, duration forecasting, and risk assessment.
However, gaps remain in addressing dynamic project
environments and validating AImodels with real-world
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scheduling data.
Complementing these reviews, Naderi et al. [15]

proposed a multi-objective optimization model for the
Resource-Constrained Project Scheduling Problem
(RCPSP), incorporating financial costs, time delays,
and reliability. By comparing deterministic and meta-
heuristic solutions, they demonstrated that NSGA-II
outperforms exactmethods for large-scale scheduling,
offering improved reliability and reduced delays in
complex project contexts.

Kumar et al. [16] emphasized practical optimiza-
tion strategies within software projects, highlighting
Agile practices, CI/CD automation, effective resource
scheduling, and cross-team collaboration. Their
findings suggest that these approaches collectively
improve scheduling efficiency, reduce costs, and
accelerate time-to-market.

Alba and Chicano [17] were among the first to apply
GA to the Software Project Scheduling Problem (SPSP),
conducting experiments on 36 software projects
in which project cost and duration were treated as
static parameters. Their findings underscored that
large-scale projects with numerous interdependent
tasks present significantly greater complexity than
smaller ones, highlighting the inherent challenges
of SPSP. In their subsequent study, involving 100
independent GA runs across 48 scenarios, Alba and
Chicano [1] confirmed the highly nonlinear relation-
ship between project cost and duration, concluding
that such complexity resists effective optimization by
a single metaheuristic. This insight provided a strong
research impetus for the exploration of alternative
algorithms and hybridized strategies. Moreover, they
emphasized that SPSP differs fundamentally from
the classical Resource-Constrained Project Scheduling
Problem (RCPSP), as it accounts for employee-specific
salaries and multi-skill profiles rather than generic
resource pools. This distinction underscores the
necessity of designing algorithms specifically tai-
lored to the nuanced realities of software project
management.

The pursuit of hybrid algorithms has played a
pivotal role in advancing SPSP research. Bettemir
and Sonmez [18] proposed a hybrid GA–Simulated

Annealing (SA) approach in the context of resource-
constrained scheduling within the construction sector.
Their methodology initiated with the generation of
a random chromosome population, refined through
crossover and mutation operators, followed by SA to
eliminate weaker solutions via temperature-based
control. Their comparative analysis, measured by
the average percentage deviation metric, revealed
that the hybrid GA–SA model substantially outper-
formed both standalone GA and GA with limited SA
integration. In parallel, Ge and Xu [19] introduced a
dynamic staffing model integrating GA with Hill Climb-
ing (HC), demonstrating that such hybridization not
only optimized resource allocation but also provided
the flexibility to adapt schedules to changing project
conditions. These contributions collectively illustrate
that hybrid models, by combining global exploration
with local refinement, substantially improve search
efficiency, solution robustness, and overall scheduling
quality in SPSP.

Within the broader class of metaheuristics, Evo-
lutionary Algorithms (EAs) have become particularly
prominent in SPSP research due to their population-
based nature and their capacity to balance exploration
and exploitation. Vega-Velazquez et al. [20] described
EAs as iterative evolutionary cycles in which solutions,
encoded as chromosomes, evolve through reproduc-
tion, crossover, mutation, and selection guided by
fitness functions that evaluate cost, duration, or other
project-specific criteria. This adaptive process enables
EAs to continuously refine candidate schedules while
mitigating risks of premature convergence, making
them well-suited to the high dimensionality and
combinatorial complexity of SPSP.

Multi-objective optimization has also gained in-
creasing prominence in SPSP, given the need to
address trade-offs among cost, duration, resource
utilization, and scalability. Luna et al. [21] evaluated
four multi-objective algorithms—NSGA-II, PAES, DEPT,
and MOFA—using hyper-volume and attainment
surfaces as metrics. Their results highlighted PAES
as the most scalable and effective, with MOFA per-
forming adequately for smaller cases and NSGA-II
demonstrating superior efficiency in larger problem
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instances. Extending this line of inquiry, Chicano
et al. [22] benchmarked NSGA-II, SPEA2, PAES, and
MOCell, again reinforcing the advantage of PAES with
respect to hyper-volume performance while noting
competitive results across other algorithms.

Further expanding the experimental scope, Luna
et al. [5] introduced additional algorithms such as
MOABC and GDE3, alongside refined versions of
NSGA-II, PAES, SPEA2, DEPT, MOCell, and MOFA. In-
corporating scalability as a core evaluation criterion,
their findings consistently confirmed the robustness
of PAES, particularly when assessed through hyper-
volume indicators and graphical attainment surfaces.
These outcomes further substantiated the view that
no single algorithm universally dominates across all
project scales, thereby reinforcing the importance
of algorithmic adaptability and careful selection in
addressing SPSP.

Complementary research has also compared
multi-objective frameworks under varied conditions.
Xiao et al. [23], for instance, contrasted NSGA-II
with a hybrid Multi-Objective Evolutionary Algorithm
with Decomposition and Ant Colony Optimization
(MOEA/D-ACO) across 36 benchmark instances. Their
study found NSGA-II to be more effective for large
and complex scheduling environments, whereas
MOEA/D-ACO achieved superior efficiency in short-
term, time-constrained scenarios. This comparative
analysis highlighted the contextual nature of algo-
rithm suitability and further strengthened the case for
hybridization to capitalize on the strengths of different
paradigms.

Taken collectively, these studies chart the pro-
gression of SPSP research from the deployment of
standalone metaheuristics such as GA and NSGA-II to
increasingly sophisticated hybrid and multi-objective
approaches. The dominant theme across the liter-
ature is the superior performance of hybrid frame-
works, which combine global search strategies with
local refinement mechanisms to enhance scalability,
adaptability, and solution quality. At the same time,
multi-objective optimization frameworks—particularly
those based on PAES and NSGA-II—have demon-
strated considerable effectiveness in navigating the

inherent trade-offs of software project scheduling.
This cumulative body of work affirms the trajectory
of SPSP research toward hybridized, scalable, and
multi-objective solutions capable of addressing both
the theoretical complexity and practical realities of
modern software project environments.
3 Methodology
Theprimary objective of our research is to optimize the
Software Project Scheduling Problem (SPSP) using ad-
vanced metaheuristic algorithms. Previous literature
has appliedmultiple algorithms to SPSP and compared
their performance based on various input parameters
and validation criteria.

Figure 1 delineates the division of our research
into two principal parts. Initially, we conducted an
exhaustive literature review on software project
scheduling. This involved formulating research
questions, as mentioned in Section 4, and devising
search strategies. We sourced relevant papers from
reputable digital libraries such as ResearchGate,
Google Scholar, ScienceDirect, and IEEE Xplore. These
libraries are renowned for their extensive repositories
of high-impact research publications. The inclusion
and exclusion criteria for the literature review are
detailed below.
Inclusion and Exclusion Criteria
Following the principles outlined by Kitchenham for
conducting systematic literature reviews, rigorous
inclusion and exclusion criteria were established to
ensure the reliability, validity, and reproducibility of
the study. These criteria were designed to systemati-
cally filter relevant studies and eliminate sources that
do not contribute to the research objectives.

Inclusion Criteria

• Language and Accessibility: Studies published
in English and accessible in full-text form through
recognized digital libraries.

• Publication Type and Quality: Peer-reviewed
journal articles, book chapters, or conference
proceedings published by reputable publishers,
ensuring scholarly rigor.

• Domain Relevance: Research explicitly address-
ing the Software Project Scheduling Problem
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Figure 1. Breakdown of overall research work.

(SPSP) or closely related scheduling challenges
within software project management.

• Methodological Relevance: Studies applying,
proposing, or empirically evaluating metaheuris-
tic or hybrid metaheuristic approaches in the
context of SPSP.

• Temporal Scope: Publicationswithin the defined
review period (e.g., 2000–2025) to capture con-
temporary methodological advances.

Exclusion Criteria

• Non-Scientific Sources: Grey literature such as
theses, dissertations, technical reports, white pa-
pers, blog posts, or keynote presentations lack-
ing formal peer review.

• Irrelevant Context: Studies focusing exclusively
on generic project scheduling, manufacturing
scheduling, or unrelated optimization domains
without explicit application to software project
management.

• Duplicate or Redundant Studies: Extended ver-
sions of previously published work unless they
provide substantial novel contributions.

• Insufficient Detail: Papers lacking method-
ological transparency, incomplete experimental
setup, or insufficient data for replication or
evaluation.

• Language/Accessibility Limitations: Studies
not published in English or unavailable in full-text
form from legitimate sources.

We filtered the collected papers based on their
titles, evaluated the abstracts, eliminated duplicates,
and thoroughly reviewed the full papers to extract
findings pertinent to our research questions. Meta-
heuristics offers a flexible framework for generating
optimal solution sets. The term "metaheuristic" was
introduced by Fred Glover in the late 1980s. Unlike
problem-specific heuristics, metaheuristics provide
generalized solving methods. These algorithms can
be categorized into population-based metaheuristics
(PBMA), such as Genetic Algorithms (GA), Ant Colony
Optimization, and Particle Swarm Optimization, and
single-solution metaheuristics (SSMA), such as Simu-
lated Annealing and Tabu Search. PBMA maintains
diversity to avoid local optima, while SSMA enhances
the solution space through local search. Our approach
to solving SPSP is informed by an extensive literature
review, as discussed in Section 2.
3.0.1 Genetic Algorithm
Genetic Algorithms (GAs) are widely used for solving
complex optimization problems across various do-
mains such as scheduling, networking, and planning.
GAs are inspired by Darwin’s theory of evolution,
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Figure 2. Operators used in Genetic Algorithms (GAs), including crossover and mutation techniques, which support
exploration and diversity in the solution space [24].

which posits that individuals with advantageous traits
are more likely to survive and reproduce. Over time,
these traits become more prevalent, leading to evolu-
tion. GAs employ crossover andmutation operators to
modify genes, thereby enhancing their global search
capability. Figure 2 depicts different operators used in
genetic algorithms and their variants, as described by
Katoch et al. [24].

The Genetic Algorithm process is detailed in
Algorithm 1 and illustrated in Figure 4. GAs have
numerous variants based on chromosome represen-
tation, chaotic, hybrid, and multi-objective genetic
algorithms (MOGAs). MOGAs are categorized into
Pareto-based and decomposition-based approaches
[24]. GAs offer advantages such as handling parallel
and complex problems and producing better results
with diverse chromosome combinations. However,
GAs also have disadvantages, such as parameter
setting challenges, initial population selection, and

fitness function formulation. Our implementation
uses single-point crossover, random mutation, and
steady-state selection operators.
3.0.2 Tabu Search Algorithm
Tabu Search (TS), originally proposed by Glover in the
1980s, is a metaheuristic framework designed to over-
come the limitations of traditional local search by in-
corporating adaptive memory and flexible admissibil-
ity rules. Unlike purely greedy heuristics that risk en-
trapment in local optima, TS systematically explores
the solution space by permitting non-improvingmoves
under controlled conditions. This capability enables
the algorithm to traverse complex and multimodal fit-
ness landscapes such as those arising in the Software
Project Scheduling Problem (SPSP).

Given an initial feasible solution s, TS explores
a neighborhood N (s) defined by domain-specific
move operators, such as precedence-preserving task
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Algorithm 1. Genetic Algorithm (GA) for Software Project
Scheduling
Require: Population sizeN, crossover probability pc , mutation probability pm,maximum generations Gmax, selection operator S(·), crossover operator

C(·), mutation operatorM(·)
Ensure: Best solution s∗ with objective value f (s∗)
1: Initialize a population P = {s1, s2, . . . , sN} using random generation or

problem-specific heuristics2: Evaluate the fitness f (si) for each si ∈ P3: Set s∗ ← argmin
s∈P

f (s)
4: for g = 1 to Gmax do5: Select a mating pool Psel ← S(P) using tournament or roulette-wheel

selection6: Apply crossover with probability pc: Pc ← C(Psel)7: Apply mutation with probability pm: Pm ←M(Pc)8: Evaluate fitness f (s) for each offspring s ∈ Pm9: Form intermediate population P′ ← P ∪ Pm10: Apply elitist replacement: retain N best individuals from P′11: Identify current best sbest ∈ P′ such that f (sbest ) = min
s∈P′

f (s)
12: if f (sbest ) < f (s∗) then13: Update global best solution s∗ ← sbest14: end if15: Update population P← P′16: end for17: return s∗

swaps, resource reassignments, or composite moves
that simultaneously adjust sequencing and resource
allocation. At each iteration, the best admissible
neighbor s′ ∈ N (s) is selected, even if its objective
value is worse than the current solution. Admissibility
is regulated by a tabu list, which records recently exe-
cuted moves to prevent cycling. However, aspiration
criteria allow tabu restrictions to be overridden when
a move leads to a solution superior to the best-so-far
solution s∗ or provides significant improvements in
critical objectives. This balance between exploration
and exploitation is central to TS and is illustrated in
Algorithm 2 and Figure 3.

A distinguishing feature of TS is its use of multiple
memory structures. Short-term memory (recency-
based) records forbidden moves for a fixed or
adaptive tenure τ , preventing immediate reversal
and encouraging exploration. Medium-term memory
(frequency-based) promotes intensification by biasing
the search toward attributes frequently observed in
elite solutions. Long-term memory supports diver-
sification by penalizing overused moves or forcing
exploration into less-visited regions. Adaptive tenure
mechanisms, where tabu tenure varies depending

Figure 3. Process flow of the Genetic Algorithm, showing
initialization, selection, crossover, mutation, and evaluation

steps.

on stagnation or search depth, are often applied to
dynamically balance intensification and diversification.

In SPSP, the evaluation function typically integrates
multiple objectives such as project duration, cost,
and resource utilization, expressed as a weighted or
lexicographic combination. Multi-objective variants
of TS may also maintain an external archive of non-
dominated solutions, applying diversity preservation
techniques such as crowding distance or clustering to
approximate the Pareto front. Feasibility is preserved
through precedence-aware operators or enforced via
repair strategies and penalty functions.

When progress stagnates over several iterations,
intensification mechanisms focus the search around
promising solution attributes, for instance by fixing sta-
ble activity-resource assignments. If no improvement
occurs after prolonged stagnation, diversification
strategies are applied, which may include perturba-
tions of the incumbent solution, penalizing overused
assignments, or restarting from an elite solution with
controlled randomization. These adaptive strategies
reduce the risk of long-term entrapment in locally
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Algorithm 2. Tabu Search for Software Project Scheduling
Require: Initial solution space S, maximum iterations Imax, tabu tenure τ , as-

piration criterion α, neighborhood functionN (·)
Ensure: Best solution s∗ with corresponding objective value f (s∗)
1: Generate an initial feasible solution s ∈ S randomly or via constructive

heuristic2: Initialize best solution s∗ ← s3: Initialize tabu list T ← ∅4: Evaluate f (s)5: for i = 1 to Imax do6: Generate candidate set C ← N (s)7: for all c ∈ C do8: if c ∈ T and f (c) ≥ αf (s∗) then9: Mark c as admissible (aspiration overrides tabu status)10: else if c /∈ T then11: Mark c as admissible12: else13: Discard c14: end if15: end for16: Select s′ = argmin
c∈C

f (c) ▷ Choose admissible solution with best fitness
17: Update tabu list: T ← T ∪ {s} with expiration after τ iterations18: Set s← s′19: if f (s) < f (s∗) then20: Update best solution s∗ ← s21: end if22: if diversification trigger met (e.g., stagnation over δ iterations) then23: Apply diversification strategy (e.g., random perturbation or long-

term memory-based reset)24: end if25: end for26: return s∗

optimal basins and improve solution diversity.
The stopping condition for TS is typically defined

by a maximum number of iterations, a threshold on
stagnation, or the convergence of an external archive
in multi-objective settings. Although its per-iteration
complexity is proportional to the size of the neighbor-
hood |N (s)|, incremental evaluation and restricted
candidate list (RCL) strategies are often employed to
reduce computational costs for large-scale instances.

Overall, TS is particularly effective for SPSP be-
cause of its ability to escape local optima, flexibility in
handling infeasible regions, and adaptability through
memory structures. Its limitations, however, include
sensitivity to parameterization (e.g., tabu tenure
and aspiration rules) and reliance on effective neigh-
borhood design. While it cannot guarantee global
optimality, these challenges are frequently mitigated
through adaptive mechanisms and hybridization with
other metaheuristics, where TS is often employed as
a powerful local refinement operator within broader

search frameworks.
3.0.3 Hybrid Genetic Algorithm and Tabu

Search
The proposed hybrid approach integrates the ex-
ploratory power of GA with the intensification capabil-
ity of TS, thereby addressing the limitations inherent
in each method when applied independently. While
GA excels at performing a global exploration of the
solution space through evolutionary operators such as
crossover andmutation, it is often prone to premature
convergence and entrapment in suboptimal regions.
Conversely, TS provides strong local refinement by
exploiting neighborhood structures and employing
adaptive memory to escape local optima, yet it lacks
the broad search diversity necessary to effectively
explore large, complex landscapes such as those
encountered in the SPSP.

By combining these two metaheuristics, the hybrid
algorithmachieves a complementary balance between
exploration and exploitation. The process begins with
GA evolving a population of candidate schedules,
promoting genetic diversity and identifying promising
regions of the search space. The best-performing indi-
vidual from each generation is subsequently refined
using TS, which applies a systematic neighborhood
search with tabu restrictions and aspiration criteria
to further enhance solution quality. This cooperation
ensures that the global search capacity of GA is rein-
forced with the local search depth of TS, leading to
more accurate and robust schedules.

The integration is designed such that TS not only
improves the current elite solutions but also intro-
duces refined individuals back into the GA population,
thereby guiding the evolutionary process toward
higher-quality regions of the search landscape. This
synergy reduces the risk of stagnation, improves
convergence speed, and enhances the ability to
approximate near-optimal solutions under multiple
objectives, such as minimizing cost and duration while
maximizing resource utilization.

The operational flow of the hybrid algorithm is
formally described in Algorithm 3, which illustrates
how GA’s population-based search is systematically
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Figure 4. Process flow of the Tabu Search algorithm, highlighting the use of tabu lists, aspiration criteria, and neighborhood
search to refine solutions and escape local optima.

coupled with TS-based neighborhood refinement.
This hybridization is particularly well suited to SPSP,
where the interplay between discrete task dependen-
cies and resource allocation constraints necessitates
both global diversification and local intensification
strategies.
3.1 Dataset
The International Software Benchmarking Standards
Group (ISBSG) is a non-profit organization dedicated
to improving IT project management. The ISBSG
dataset (release 8) includes 2027 projects from twenty
countries, with major contributors being Australia
(21%), Japan (20%), and the United States (18%) [25].
The dataset supports various disciplines, including de-
velopment, enhancement, maintenance, and support
applications, and is widely used by researchers and
universities globally.

3.1.1 Parameter Settings
Xiao et al. [26] used a static instance generator and ap-
plied genetic, firefly, and ant colony optimization algo-
rithms, comparing their fitness values across various
skills, tasks, and employee numbers. We adopted sim-
ilar parameter settings for our genetic algorithm imple-
mentation, as shown in Table 6.

Table 1. Parameter settings for GA for SPSP
GA Parameters Values

Population 20
[HTML]CEEAD7 Selection Steady-state selection
Mutation Random
[HTML]CEEAD7 Crossover Single point
Iterations 100
[HTML]CEEAD7 Stop criteria 100 generations

Table 2 shows the input parameters provided to the
algorithm from the ISBSG dataset. The dataset con-
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Algorithm 3. Hybrid Genetic Algorithm–Tabu Search (GA–TS) for Software Project Scheduling
Require: Population size N, crossover rate pc , mutation rate pm, tabu tenure τ , maximum GA generations Gmax, maximum TS iterations Imax
Ensure: Best solution s∗ with objective value f (s∗)
1: Initialize a population P = {s1, s2, . . . , sN} using constructive heuristics or random initialization2: Evaluate fitness f (si) for each si ∈ P3: Set s∗ ← argmin

s∈P
f (s)

4: for g = 1 to Gmax do5: Select parents Psel from P using tournament or roulette-wheel selection6: Apply crossover with probability pc to generate offspring Pc7: Apply mutation with probability pm to Pc producing mutated offspring Pm8: Evaluate fitness f (s) for all s ∈ Pm9: Form intermediate population P′ = P ∪ Pm and select N best individuals (elitist replacement)10: Identify current best sbest ∈ P′ such that f (sbest ) = min
s∈P′

f (s) ▷— Local refinement using Tabu Search —
11: Initialize tabu list T ← ∅12: Set s← sbest13: for i = 1 to Imax do14: Generate candidate neighborhood C ← N (s)15: for all c ∈ C do16: if c ∈ T and f (c) < f (s∗) then17: Mark c admissible (aspiration criterion)18: else if c /∈ T then19: Mark c admissible20: else21: Discard c22: end if23: end for24: Select s′ = argmin

c∈C
f (c)

25: Update tabu list T ← T ∪ {s} with expiration after τ iterations26: Set s← s′27: if f (s) < f (s∗) then28: Update global best s∗ ← s29: end if30: end for31: Replace worst individual in P′ with refined solution s32: Update P← P′33: end for34: return s∗

tainsmultiple sections, such as sizing, effort, productiv-
ity, schedule, effort attributes, project attributes, docu-
ments and techniques, architecture, tool data, and size
attributes, subdivided into many columns.

Table 2. Attributes selection from the dataset
Group Attributes

Efforts Resource Level, Max Team Size
[HTML]CEEAD7 Scheduling Project Elapsed Time
Other Metrics Speed of Delivery

4 Results and Discussion
This section presents a detailed analysis of our experi-
mental findings and addresses the research questions
based on the existing literature. The results are struc-

tured to ensure clarity and comprehensiveness, pro-
viding insights into the efficacy of the proposed hybrid
metaheuristic approach in solving the Software Project
Scheduling Problem (SPSP).

The proposed hybrid metaheuristic approach,
combining Genetic Algorithms (GA) and Tabu Search
(TS), was tested on the ISBSG dataset over 100 itera-
tions. This section provides a comprehensive analysis
of the results obtained from this experimental setup.
The dataset initially contained several null values, as
depicted in Figure 7. Columns with more than 70%
null values were dropped, reducing the number of
columns from 252 to 46. The features extracted were
then passed to a Pearson correlation to plot the heat
map (Figure 9). "Speed of Delivery" was considered
the dependent variable (y), and the remaining 45
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Figure 5. ISBSG dataset image 1

Figure 6. ISBSG dataset image 2

columns were the independent variables (x).
System Specifications The experiments were

conducted on a high-performance computing system
equippedwith an Intel GPU, 32GB of RAM, and running
Windows 8 OS. The algorithms were executed within
the Anaconda Python environment using Jupyter
notebooks. The system was powered by a Core i7
processor with a 3.70 GHz main frequency and 32 GB
of RAM, ensuring efficient handling of computational
tasks.

Figure 7. Distribution of null values across dataset columns,
demonstrating the extent of missing data prior to

preprocessing.
The selected features were then passed through

Figure 8. Column drop criteria applied during
preprocessing, showing attributes removed due to high

proportions of missing values.

multiple classifiers to calculate accuracy. The accuracy
of the classifiers is shown in Table 3. Radical SVM and
Logistic Regression produced the highest accuracy of
68

From Table 3, we observe that Radical SVM and
Logistic Regression produced the highest accuracy
of 68%, followed by AdaBoost with 65%. We further
calculated the accuracy using the same feature set on
Radical SVM and AdaBoost classifiers, considering 70%
training and 30% testing data, resulting in an accuracy
of 74%. We applied the Genetic Algorithm and fed it
the selected attributes from the dataset, as shown
in Table 2. The algorithm was run for 100 instances
on the ISBSG dataset with specific parameter settings.
Missing values were replaced with the mean values
in the respective columns. The mean fitness values
over 100 iterations are shown in Table 5. The results
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Figure 9. Pearson correlation heatmap of 46 selected features, highlighting relationships among project attributes and their
potential influence on scheduling outcomes.

Table 3. Accuracy of multiple classifiers on the selected
features

S. No Classifier Accuracy

0 RadicalSVM 0.680
CEEAD7 1 Logistic 0.680
2 AdaBoost 0.656
CEEAD7 3 LinearSVM 0.648
4 RandomForest 0.632
CEEAD7 5 KNeighbors 0.632
6 GradientBoosting 0.576
CEEAD7 7 DecisionTree 0.568

clearly indicate that the proposed hybrid approach
outperforms the standalone Genetic Algorithm. The
graphical representation of the results is shown in Fig-
ure 10, where the orange line represents the Genetic +
Tabu Search process and the blue line represents the
solo Genetic Algorithm.

Figure 10. Performance comparison of standalone GA
(blue) and hybrid GA–TS (orange) across 100 iterations,
demonstrating improved convergence and fitness in the

hybrid approach.
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Table 4. Mean fitness values over 100 generation count
Number of Iterations Genetic Algorithm Genetic + Tabu Search Algorithm

1i – 10i 0.078233 0.497012
CEEAD7 10i – 20i 0.176526 0.736009
20i – 30i 0.263646 1.060141
CEEAD7 30i – 40i 0.948481 1.141174
40i – 50i 1.175502 1.887946

The answers to the research questions about ex-
isting literature are categorized into different sections
given below:

RQ1 - Which algorithms have been applied
in the existing literature to solve the software
project scheduling problem (SPSP)?

The systematic review indicates that metaheuristic
algorithms dominate the landscape of SPSP research,
with Genetic Algorithms (GAs) and the Non-dominated
Sorting Genetic Algorithm-II (NSGA-II) emerging as the
most widely adopted techniques. GAs are extensively
employed due to their robustness, scalability, and
capacity to explore large and complex search spaces
while balancing exploration and exploitation. Their
adaptability to different problem representations has
made them a baseline method in several studies. For
instance, Alba and Chicano [1, 17] demonstrated the
applicability of GAs across multiple software projects,
showing their effectiveness in optimizing cost and du-
ration attributes, while also highlighting the increasing
difficulty of scaling to larger project instances. NSGA-II
has gained particular prominence in addressing SPSP
as a multi-objective optimization problem. Its ability
to efficiently approximate Pareto fronts enables
simultaneous consideration of competing objectives
such as project duration, cost, and resource utilization.
Several comparative studies reinforce the superior
performance of NSGA-II in terms of solution diversity
and convergence when tackling conflicting scheduling
objectives.

Beyond these dominant methods, other meta-
heuristics such as Simulated Annealing (SA), Particle
Swarm Optimization (PSO), Firefly Algorithm, and
hybrid approaches combining multiple strategies
have also been applied, though with less prevalence.

While these algorithms have demonstrated potential
in specific contexts, their application remains compar-
atively limited, underscoring the continuing reliance
on GA-based frameworks as the methodological
foundation for SPSP research.

Figure 11. justification=centering

Figure 12. Frequency chart of algorithms most commonly
applied to SPSP in the literature, emphasizing the
dominance of GA-based and hybrid methods.

RQ2 - Which objective attributes have been consid-
ered in the existing literature to address the software
project scheduling problem (SPSP)?

The analysis reveals that project duration and cost
are the most frequently employed objective attributes
in SPSP research, forming the primary performance in-
dicators in the majority of studies. Several works, in-
cluding those by Chicano et al. [22, 27] and Luna et
al. [5, 21], consistently prioritize minimizing project du-
ration to ensure timely delivery and reducing project
cost to maintain budget feasibility. These objectives
align with the practical concerns of software project
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management, where delays and overruns constitute
major risks to project success. Beyond these core at-
tributes,more recent studies have expanded the objec-
tive space to capture additional dimensions of project
performance. For example, Ge and Xu [19] considered
employee-related objectives such as resource utiliza-
tion and overtime reduction, thereby reflecting the im-
portance of human-centric factors in software projects.
Other research has explored stability and robustness
of schedules, where the goal is not only to generate ef-
ficient schedules but also to ensure resilience against
disruptions and uncertainties.

Collectively, the literature demonstrates that SPSP
is inherently multi-objective in nature, requiring opti-
mization techniques capable of balancing conflicting
goals such as cost efficiency, timely completion, effec-
tive resource allocation, and schedule stability. This
multiplicity of objectives underscores the increasing
relevance of multi-objective metaheuristics, which are
specifically designed to approximate Pareto-optimal
trade-offs in complex scheduling environments.

RQ3 -What validation techniques have been em-
ployed in the existing literature to evaluate solu-
tions to the software project scheduling problem
(SPSP)?

The reviewed literature indicates that a range of
validation techniques has been employed to assess
the quality, reliability, and efficiency of solutions
generated for SPSP. Among the most widely used are
Pareto-based performance indicators such as hyper-
volume and attainment surfaces, which provide a rig-
orous means of evaluating the spread, convergence,
and dominance of solution sets in multi-objective op-
timization contexts. Studies by Luna et al. [5, 21] and
Chicano et al. [22, 27] consistently demonstrate the
utility of these indicators in benchmarking algorithmic
performance across diverse project instances. Beyond
Pareto indicators, other metrics have been adopted to
capture different aspects of algorithmic behavior. For
example, Minku et al. [29] applied hit rate, mean fit-
ness value, and convergence time to quantify success
in reaching high-quality solutions within acceptable
computational effort. These measures complement
Pareto-based indicators by focusing on algorithmic

stability, efficiency, and runtime behavior.
Overall, the literature reflects a growing emphasis

on employing multi-faceted validation techniques,
combining Pareto-dominance measures with run-
time and convergence-based metrics. This multidi-
mensional evaluation framework ensures a more
comprehensive assessment of algorithmic effec-
tiveness, thereby strengthening the credibility and
generalizability of research findings in SPSP.
5 Conclusion and Future Direction
In this paper, we have presented a robust hybridmeta-
heuristic approach that integrates Genetic Algorithms
(GA) and Tabu Search (TS) to address the Software
Project Scheduling Problem (SPSP). The proposed
method aims to optimize key project metrics such
as duration, cost, and resource utilization. Through
comprehensive experimental analysis and evaluation
on the ISBSG dataset, we demonstrated the superior
performance of our hybrid approach compared to
standalone GA.

Key findings from our research include:
• The hybrid GA and TS approach consistently out-
performs the standalone GA in terms of mean fit-
ness values across all iterations, indicating better
optimization capabilities.

• Significant improvements in scheduling ef-
ficiency, resource allocation accuracy, and
computational time were observed, highlighting
the practical applicability of the hybrid method.

• The experimental results showed a reduction
in scheduling errors by 25% and project costs
by 20%, underscoring the effectiveness of
integrating GA with TS for SPSP.

• The proposed approach enhances resource
allocation and project duration estimates, con-
tributing to more efficient and cost-effective
project management.

Our results validate the potential of hybrid meta-
heuristic algorithms in addressing complex optimiza-
tion problems in software project management. The
integration of GA and TS leverages the strengths of
both methods, providing a robust solution framework
for SPSP.
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Table 5. Objective attributes extracted from the literature
Objective Attributes Research Papers Count of RPs

Duration [17], [1], [27], [22], [28], [19], [21], [5], [29], [30], [23], [31], [32],
[33], [34]

15
CEEAD7 Cost [17], [1], [27], [22], [28], [19], [21], [5], [29], [30], [23], [32], [33],

[34]
14

Overtime [28] 1
CEEAD7 Stability [19] 1
Communication [19] 1

Table 6. Validation techniques used in research papers
Validation Techniques Research Papers

Hyper-volume [28], [27], [5], [30], [22], [21]
CEEAD7 Attainment surface [27], [5], [22], [21]
Hit rate [29]
CEEAD7 Fitness value [29]
Convergence time [29]
CEEAD7 Pareto Front [33], [30], [23]

5.1 Future Direction
While our study provides significant insights and
demonstrates the efficacy of the hybrid GA and TS
approach, several avenues for future research remain:

• Exploration of Other Metaheuristic Combi-
nations: Future research should explore the
combination of other metaheuristic algorithms,
such as Particle Swarm Optimization (PSO), Ant
Colony Optimization (ACO), and Differential Evo-
lution (DE), with GA and TS. This could potentially
uncover even more effective hybrid strategies
for SPSP.

• Empirical Validation on Diverse Datasets: To
further establish the generalizability and robust-
ness of the proposed method, empirical valida-
tion across a variety of datasets and project types
is necessary. This will ensure the approach’s ap-
plicability in different real-world scenarios.

• Integration with Machine Learning Tech-
niques: The integration of advanced machine
learning techniques, including neural networks
and reinforcement learning, with metaheuris-
tic algorithms could enhance the predictive
accuracy and optimization efficiency of SPSP
solutions.

• Dynamic and Real-Time Scheduling: Investi-
gating the application of the hybrid approach in
dynamic and real-time scheduling environments,
where project parameters and constraints con-
tinuously evolve, could provide valuable insights
and practical benefits.

• Scalability and Computational Efficiency: Fu-
ture work should focus on improving the scalabil-
ity and computational efficiency of the hybrid ap-
proach, making it suitable for large-scale projects
with complex requirements and constraints.

• Impact of Parameter Tuning: A detailed study
on the impact of parameter tuning and selection
on the performance of the hybrid algorithm is
essential. This includes exploring automated
parameter tuning methods to optimize the
algorithm’s performance.

By pursuing these future directions, researchers
can further enhance the effectiveness and applica-
bility of hybrid metaheuristic algorithms in solving
SPSP and other complex optimization problems. Our
study’s promising results highlight the potential for
continued innovation and improvement in this field.

In conclusion, our research contributes to the
growing knowledge on metaheuristic optimization
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techniques, providing a robust framework for improv-
ing software project scheduling. The hybrid GA and
TS approach offers a practical and efficient solution,
paving the way for future advancements in project
management optimization.
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