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Abstract

Water scheduling is a complex optimization problem that requires efficient and adaptive
solution approaches. Metaheuristic techniques, particularly swarm intelligence models,
have increasingly been applied to address these challenges. This study presents a scoping
review that maps and synthesizes the existing literature on the application of swarm
intelligence in water scheduling. Guided by the PRISMA-ScR framework and the JBI
Population—-Concept-Context (PCC) model, relevant studies published between 2015 and
2025 were identified across multiple databases. From an initial pool of 1357 studies, only
23 met the inclusion criteria and were subjected to detailed analysis. The findings reveal
a strong concentration of research on water distribution networks, coupled with limited
methodological diversity across the reviewed studies. There is an absence of explicit focus
on resource-constrained or arid environments contexts where water-scheduling challenges
are often most acute. Geographically, the literature is heavily skewed toward Asia, with
the majority of studies conducted in China (n = 7) and Iran (n = 6). In contrast, only
one study originated from Africa and one from Australia despite the disproportionate
severity of water scarcity challenges across the African continent. The review exposes
a critical gap in the literature and underscores the need for more context-aware, hybrid
swarm intelligence models that explicitly account for the socio-economic and environmental
constraints of water-stressed regions.

Keywords: water scheduling; swarm intelligence; metaheuristic optimization; water
distribution networks; resource-constrained environments; hybrid optimization models

1. Introduction

Metaheuristics are high-level optimization techniques that search for near-optimal so-
lutions in complex, often non-convex solution spaces [1,2]. Unlike exact optimization meth-
ods, which frequently become computationally intractable as problem size and complexity
increase, metaheuristic algorithms trade guaranteed optimality for scalability, flexibility,
and robustness. These characteristics have driven their widespread adoption across diverse
application domains, including computer vision [3,4], power and energy management [5],
machine learning [6], and robotics [7]. In resource allocation and scheduling contexts, where
efficiency, adaptability, and scalability are critical, metaheuristics consistently demonstrate
advantages over traditional deterministic approaches [3-7].

Swarm intelligence algorithms are a subset of metaheuristics inspired by collective
behavior in nature: ant colonies [8], bird flocks, bee swarms [9], fish schools, and preda-
tor—prey dynamics. By modeling decentralized decision-making, self-organization, and

Computers 2026, 15, 438

https://doi.org/10.3390/computers15070438


https://crossmark.crossref.org/dialog?doi=10.3390/computers15070438&domain=pdf&date_stamp=2026-07-10
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/computers
https://www.mdpi.com
https://orcid.org/0009-0006-6124-2099
https://orcid.org/0000-0001-6995-605X
https://doi.org/10.3390/computers15070438

Computers 2026, 15, 438

20f27

cooperative search, swarm intelligence algorithms enable effective exploration and exploita-
tion of complex solution spaces. Well-established swarm intelligence methods include
Particle Swarm Optimization [10], Ant Colony Optimization [8], Artificial Bee Colony [9],
Grey Wolf Optimizer [11], Firefly Algorithm [12], and more recent approaches such as the
Slime Mold Algorithm [13]. These algorithms have demonstrated strong performance in
solving nonlinear, high-dimensional, and multi-modal optimization problems.

Water scheduling constitutes a highly complex and inherently multi-objective opti-
mization problem, involving the simultaneous consideration of competing objectives such
as operational cost, water availability, demand satisfaction, water quality, infrastructure
constraints, and system reliability [14]. The increasing scale and complexity of modern
water systems driven by population growth, urbanization, climate variability, and ageing
infrastructure have exposed the limitations of conventional optimization techniques, which
often struggle to handle large-scale, nonlinear, and multi-objective formulations efficiently.
As a result, metaheuristic approaches, and swarm intelligence algorithms in particular,
have emerged as promising alternatives for addressing the water-scheduling problem.

Looking at nonlinearity in hydraulic problems such as pressure flow dynamics, small
changes in pump operations can produce disproportionate system-wide effects. Decisions
are temporally coupled. Infrastructure can impose mixed discrete—continuous decisions.
Demand for water is uncertain. These characteristics combine to produce solution land-
scapes that are well suited to metaheuristics. However, despite a growing body of research
applying swarm intelligence techniques to water scheduling, the literature remains frag-
mented. Algorithm selection is frequently ad hoc, with limited justification for choosing
specific techniques [15]. Evaluation metrics vary widely, from single-objective cost min-
imization to multi-objective Pareto-based analyses. Case studies differ significantly in
scale and complexity. This heterogeneity limits cross-study comparability [16]. It hinders
methodological consolidation, and obscures emerging research trends.

Existing studies are predominantly concentrated in well-resourced and data-rich en-
vironments, with limited attention given to resource-constrained or arid regions where
water-scheduling challenges are most severe [17,18]. In this case, a well-resourced and data-
rich environment refers to contexts where extensive, reliable, and continuously updated
hydrological, operational, and environmental data are supported by advanced technologi-
cal infrastructure and computational capacity, and institutional resources to enable efficient
and intelligent water allocation and management. This imbalance highlights a critical gap
in the literature and underscores the need for context-aware optimization approaches that
explicitly account for socio-economic and environmental constraints.

To address these challenges, this study conducts a scoping review to systematically
map and synthesize the literature on the application of swarm intelligence models in water
scheduling. The review consolidates fragmented evidence, identifies dominant algorithms
and application contexts, examines methodological trends, and highlights underexplored
research areas. In doing so, it provides a structured understanding of the field and supports
the development of more robust, adaptive, and context-sensitive optimization solutions.

1.1. Problem Statement

Water scheduling is a complex, multi-objective, and nonlinear optimization problem
that involves balancing competing demands such as cost, availability, infrastructure con-
straints, and system reliability [14]. While metaheuristic approaches, particularly swarm
intelligence algorithms, have been successfully applied to complex optimization prob-
lems across various domains, their adoption within the water-scheduling domain remains
dispersed and insufficiently synthesized.
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Existing studies differ widely in terms of algorithm selection, application focus, and
evaluation contexts, making it difficult to identify dominant trends, methodological pat-
terns, and research gaps. As a result, there is limited consolidated knowledge on which
swarm intelligence models are most appropriate for specific water-scheduling contexts and
under what conditions they perform best. This fragmentation hinders informed decision-
making, methodological advancement, and the development of context-aware optimization
strategies. To address this gap, this study conducts a scoping review to systematically
map research trends, algorithmic approaches, application domains, and temporal develop-
ments in the use of swarm intelligence techniques for water scheduling, while explicitly
identifying underexplored contexts.

1.2. Research Questions
This study is guided by five sequential research questions as follows:

1.  What swarm intelligence models have been applied to the water-scheduling problem?
In which application contexts have these models been implemented?

3. What methodological trends characterize swarm intelligence-based water-scheduling
studies?

4. How has research evolved over time and across geographical regions?

5. What gaps exist in the literature, particularly in resource-constrained and arid environ-
ments?

1.3. Aim

The aim of this study is to systematically map and synthesize the existing literature on
the application of swarm intelligence models in water scheduling, to identify dominant
algorithms, application contexts, methodological trends, and research gaps, with particular
attention to underexplored environments.

1.4. Objectives

To achieve the aim and in line with the research questions, the study pursues five
objectives as follows:

1.  To identify and characterize the swarm intelligence algorithms applied to water-
scheduling problems.

2. To map application contexts of the identified swarm intelligence algorithms, including
water distribution networks, allocation planning, and reservoir management.

3.  To examine methodological trends inferred in these swarm intelligence models, in-
cluding hybridization strategies and evaluation frameworks.

4. To analyze temporal and geographical patterns of the studies identified in the literature.

5. To highlight gaps and underexplored areas of research, particularly in resource-
constrained and arid environments.

1.5. Scope Definition

This review uses water scheduling as a catch-all for operational optimization problems
in water systems. We split the term into four types: Scheduling problems are about timing:
so, when to pump, when to release, when to deliver. The decision variables are time-
indexed: pump on/off at each hour, reservoir release rates by day. Allocation problems
are about volume: how much water each user or sector gets when there is not enough
to go around. These show up as volumetric assignments across competing demands.
Distribution problems are about routing: which pipes carry water, which valves open, how
flows move through the network [19]. Resource management covers broader coordination,
multi-year planning, inter-agency governance, strategic oversight that operates above
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day-to-day operations. The boundaries between these problem types are not always clear.
Water-scheduling problems are inherently multi-objective, involving cost, reliability, equity,
and sustainability considerations. A reservoir release schedule is not only a scheduling
problem, it is also an allocation and distribution problem. We used water scheduling as our
search term because it is inclusive, then classified studies by their dominant focus.

1.6. Overview

The remainder of this review paper is divided into five sections. Section 2 presents the
theoretical background on metaheuristics and swarm intelligence models. It contextualizes
water scheduling as a critical optimization problem. Section 3 outlines the research method-
ology, including the strategy used in searching for relevant studies, inclusion and exclusion
criteria, data extraction procedures, as well as data charting and analysis methods. Section 4
presents the results yield, focusing on swarm intelligence algorithm usage, application
contexts, geographical distribution, and temporal trends. We discuss the results in Section 5,
presenting the key findings, research gaps, and outlining the contributions and implications
for future work. The need for hybrid and context-aware swarm intelligence models is
highlighted in this section, along with the conclusions thereto.

2. Theoretical Background

Water scheduling requires balancing cost efficiency, water availability, demand satis-
faction, infrastructure constraints, and water quality [14]. These objectives often conflict.
Modern water systems have grown more complex due to urbanization, population growth,
climate variability, and aging infrastructure. Classical optimization techniques struggle
with large-scale, nonlinear, dynamic problems at this scale.

Swarm intelligence algorithms offer a way forward. Their population-based search
explores solution spaces in parallel. Their stochastic nature helps them escape local optima.
They adapt to changing system conditions [9,10]. These characteristics make swarm intel-
ligence algorithms especially suitable for water-scheduling problems, where uncertainty;,
nonlinearity, and competing objectives are inherent. From a theoretical perspective, the
application of swarm intelligence to water scheduling offers several key advantages. First,
adaptive optimization enables algorithms to dynamically adjust their search behavior in re-
sponse to evolving system states and constraints. Second, distributed computation supports
scalability in large, networked water systems by decentralizing the search process. Third,
inherent multi-objective handling capabilities allow swarm intelligence algorithms to bal-
ance competing criteria such as cost, efficiency, and reliability within a unified optimization
framework.

Rather than presenting the mathematical formulation of a single swarm intelligence
algorithm, this review adopts a general algorithmic view of swarm-intelligence-based
optimization. As shown in Figure 1, most swarm intelligence algorithms follow a common
optimization cycle: candidate solutions are initialized, evaluated using a fitness or objective
function, updated through algorithm-specific collective interaction rules, checked against
constraints, and iterated until a stopping criterion is reached. The differences between
algorithms lie mainly in how candidate solutions interact and update their positions. As
seen in Table 1, PSO uses velocity-position updates, ACO uses pheromone-based path
reinforcement, ABC uses bee-foraging phases, GWO uses leadership hierarchy, and SMA
uses adaptive foraging behavior inspired by slime mold.
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Define optimization problem
(decision variables, objectives, constraints)
Initialize swarm/population
of candidate solutions

Evaluate candidate solutions W
using the fitness/objective function J
Update candidates using
algorithm-specific interaction rules

Apply constraints, penalties,
or repair mechanisms

Stopping No Generate/update
criterion met? next candidate solutions

Yes

Return best solution
or Pareto-front approximation

Figure 1. General workflow of swarm-intelligence-based optimization algorithms.

Table 1. General mechanisms of common swarm intelligence algorithms.

Algorithm  Natural Inspiration Main Optimization Mechanism

Particles update positions using personal and

PSO Bird flocking / fish schooling global best solutions.
. Candidate paths are reinforced through
ACO Ant foraging pheromone-like feedback.
. Employed, onlooker and scout bees explore
ABC Bee foraging and exploit food-source candidates.
. Candidate solutions follow alpha, beta, and
GWO Grey wolf hunting delta leadership positions.
FA Firefly flashing behavior Candidate sglutlons move toward brighter or
more attractive solutions.
Search behavior adapts through oscillation,
SMA Slime mold foraging exploration, and exploitation around food

sources.

3. Materials and Methods

A scoping review methodology is adopted to systematically map and synthesize
the literature on the application of swarm intelligence techniques in water scheduling.
Scoping reviews are particularly well suited to emerging and heterogeneous research
domains, where studies differ in methods, objectives, and application contexts [20]. The
review followed the PRISMA-ScR (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses extension for Scoping Reviews) framework [21] and was guided by
the Population—Concept—Context (PCC) model proposed by the Joanna Briggs Institute
(JBI) [20,22].

This methodology was explicitly aligned with the research questions outlined in
Section 1.2, which informed the search strategy, eligibility criteria, study selection process,
data extraction, data charting, and data analysis procedures.
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3.1. Eligibility Criteria

Study selection was guided by the Population—-Concept-Context (PCC) framework.
In this framework, the population refers to water-scheduling systems, including water
distribution networks, reservoir operations, allocation planning, and related infrastructure.
On the other hand, the concept remained application of swarm intelligence algorithms,
including PSO, ACO, ABC, GWO, FA, SMA, and hybrid swarm intelligence approaches.
EC algorithms are included only when they appear alongside SI algorithms as baseline or
comparator. On the contrary, the contexts are all geographical regions and environmental
settings, with particular attention to resource-constrained and arid environments.

To ensure relevance and quality, peer-reviewed journal articles and conference paper
publications between 2015 and 2025 were considered. Studies applying swarm intelligence
techniques to the water-scheduling problem were key. The selected time frame reflects
a period in which classical swarm intelligence models reached maturity while hybrid
approaches became increasingly prevalent.

Studies were excluded if they did not employ swarm intelligence techniques or ad-
dressed problems in unrelated domains such as non-water-scheduling problems. Purely
conceptual studies without practical application were also excluded, along with studies
not written in English. Some studies were also excluded for constituting grey literature,
such as theses, reports, and non-peer-reviewed sources. This criterion ensured a focused
and methodologically consistent collection of studies for further analysis

3.2. Information Sources

A comprehensive search was conducted across seven electronic databases, namely:
ScienceDirect, Scopus, IEEE Xplore, EBSCO, SpringerLink, MDPI, and Taylor & Francis.
These databases were selected for their coverage of the engineering, computer science, and
applied mathematics literature relevant to swarm intelligence and water systems research.
The following query can be seen as the base that is executed across all selected databases,
modified slightly to match each database’s syntax.

SELECT * WHERE KEYWORD <--
(
"swarm intelligence" OR "particle swarm optimization"
OR "ant colony optimization" OR "grey wolf optimizer"
OR "artificial bee colony"
)
AND
(
"water scheduling" OR "water distribution network"
OR "pump scheduling" OR "water supply network"
)

Table 2 shows the detailed search query of the seven databases. Here we have more
details such as Search field, Queries and Filters used.

Searches were limited to search by titles, abstracts, and keywords to ensure relevance.
Additional studies were identified through reference chaining. Searches were conducted
between the 18 January 2026 and the 30 March 2026. Differences in indexing fields, metadata
coverage, and search filters may have influenced retrieval counts. We also acknowledge the
omission of databases and languages will have an impact on the results of the article count.
This includes omitting well-known databases such as the Web of Science (access constraints
at the time of data collection). This presents an opportunity to expand databases and the
inclusion of non-English papers for future works.
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Table 2. Database-specific search strategy.

Query Used

Filters

Database Search Field
Scopus Title, abstract,
keywords
IEEE Xplore Metadata
ScienceDirect Title, abstract,
keywords
EBSCO Title, abstract,

subject terms

Taylor & Francis ~ Title, abstract,
keywords

SpringerLink Article search

MDPI Article search

TITLE-ABS-KEY(("swarm intelligence" OR "particle
swarm optimization" OR "ant colony optimization" OR
"artificial bee colony" OR "grey wolf optimizer" OR
"firefly algorithm" OR "slime mould algorithm" OR
"slime mold algorithm") AND ("water scheduling" OR
"water distribution network" OR "water distribution
networks" OR "pump scheduling" OR "reservoir
operation" OR "water allocation" OR "water supply
network"))

(("A1l Metadata":"swarm intelligence") OR ("All
Metadata":"particle swarm optimization") OR

("All Metadata":"ant colony optimization")

OR ("All Metadata":"artificial bee colony")

OR ("All Metadata":"grey wolf optimizer")

OR ("All Metadata":"firefly algorithm") OR

("All Metadata":"slime mould algorithm") OR

("All Metadata":"slime mold algorithm"))

AND (("All Metadata":"water scheduling") OR

("All Metadata":"water distribution network")

OR ("All Metadata":"pump scheduling") OR

("All Metadata":"reservoir operation") OR

("All Metadata":"water allocation") OR ("All
Metadata":"water supply network"))

("swarm intelligence" OR "particle swarm
optimization" OR "ant colony optimization" OR
"artificial bee colony" OR "grey wolf optimizer"

OR "firefly algorithm" OR "slime mould algorithm" OR
"slime mold algorithm") AND ("water scheduling" OR
"water distribution network" OR "water distribution
networks" OR "pump scheduling" OR "reservoir
operation" OR "water allocation" OR "water supply
network")

(TI("swarm intelligence" OR "particle swarm
optimization" OR "ant colony optimization" OR
"artificial bee colony" OR "grey wolf optimizer"

OR "firefly algorithm" OR "slime mould algorithm" OR
"slime mold algorithm") OR AB("swarm intelligence"
OR "particle swarm optimization" OR "ant colony
optimization" OR "artificial bee colony" OR

"grey wolf optimizer" OR "firefly algorithm" OR
"slime mould algorithm" OR "slime mold algorithm")
OR SU("swarm intelligence" OR "particle swarm
optimization" OR "ant colony optimization")) AND
(TI("water scheduling" OR "water distribution
network" OR "pump scheduling" OR "reservoir
operation" OR "water allocation") OR AB("water
scheduling" OR "water distribution network" OR

"pump scheduling" OR "reservoir operation" OR "water
allocation") OR SU("water scheduling" OR "water
distribution network" OR "water allocation"))
("swarm intelligence" OR "particle swarm
optimization" OR "ant colony optimization" OR
"artificial bee colony" OR "grey wolf optimizer"

OR "firefly algorithm" OR "slime mould algorithm" OR
"slime mold algorithm") AND ("water scheduling" OR
"water distribution network" OR "water distribution
networks" OR "pump scheduling" OR "reservoir
operation" OR "water allocation" OR "water supply
network")

("swarm intelligence" OR "particle swarm
optimization" OR "ant colony optimization" OR
"artificial bee colony" OR "grey wolf optimizer"

OR "firefly algorithm" OR "slime mould algorithm" OR
"slime mold algorithm") AND ("water scheduling" OR
"water distribution network" OR "water distribution
networks" OR "pump scheduling" OR "reservoir
operation" OR "water allocation" OR "water supply
network")

("swarm intelligence" OR "particle swarm
optimization" OR "ant colony optimization" OR
"artificial bee colony" OR "grey wolf optimizer"

OR "firefly algorithm" OR "slime mould algorithm" OR
"slime mold algorithm") AND ("water scheduling" OR
"water distribution network" OR "water distribution
networks" OR "pump scheduling" OR "reservoir
operation" OR "water allocation" OR "water supply
network")

2015-2025; English;
journal articles and
conference papers

2015-2025; English;
journal articles and
conference papers

2015-2025; research
articles and confer-
ence papers

2015-2025; English;
peer-reviewed

2015-2025; English;
articles

2015-2025; English;
articles; conference
Ppaper; open access

2015-2025; English;
articles
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3.3. Study Selection

The study selection process comprised three stages. During the study identification
stage, a total of 1357 records were retrieved across the seven databases. Immediately,
130 duplicate studies were reviewed and removed, leaving 1227 unique records. The next
stage involved screening studies by titles and abstracts against the inclusion and exclusion
criteria. In this case, studies were dropped if they did not apply swarm intelligence
approaches, addressing water-related scheduling or allocation problems. Articles that were
not peer-reviewed were also excluded. A total of 1093 studies did not meet the inclusion
criteria. This left 134 studies before full-text assessment. This high study exclusion rate
reflects the specificity of the intersection between swarm intelligence and water scheduling,
as many studies applied swarm intelligence to unrelated domains such as energy, logistics,
and robotics [23,24]. In the final screening stage, full-text analysis was administered.
This resulted in the exclusion of 112 more studies, to remain with 22 relevant studies.
One additional study was identified through citation chaining, yielding a final sample of
23 studies for further analysis.

3.4. Data Extraction

A standardized data extraction form was developed to ensure consistency and com-
pleteness. The following information was extracted from the 23 studies; bibliographic
details (authors, year, country of origin), the swarm intelligence algorithms used (PSO,
ACO, ABC, GWO, FA, SMA, or hybrid models), application domain (distribution networks,
reservoir scheduling), problem characteristics (objectives, constraints, scale), and method-
ological details (hybridization strategies, parameter settings). Finally, the key findings and
limitations of each study were documented. This structured approach facilitated systematic
comparison and synthesis across studies.

3.5. Data Synthesis

Data were analyzed using a descriptive-analytical approach to identify patterns in
algorithm usage, application domains, temporal trends, and geographical distribution. The
synthesis emphasized identification of research gaps, particularly around water scheduling
in underrepresented contexts such as resource-constrained and arid environments. Findings
were presented using tables, figures, and graphs to clearly map trends and literature
distributions across patterns.

3.6. Data Charting

A structured data charting template was used to organize extracted information in
alignment with PRISMA-ScR guidelines. The key variables included publication year,
geographic region, study objectives, application domain, swarm intelligence algorithms
used, and contextual characteristics such as urban, rural, arid, and resource-constrained
settings. Visualizations were mainly generated using Python-based tools, including Mat-
plotlib, Seaborn, Plotnine, and VOSviewer, to illustrate trends in algorithm prevalence,
application domains, and geographic distribution.

3.7. Data Analysis

Descriptive statistical analysis was employed to quantify patterns. Temporal evolution
and geographic distribution were analyzed to identify dominant research clusters. In
addition, thematic analysis was conducted on study objectives, methodologies, and findings
to identify recurring patterns, methodological strengths, and underexplored areas. This
combined analytical approach provided both quantitative and qualitative insights into the
state of the field.
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3.8. Technical Profiling

In addition to the descriptive data charting, we mapped how the included studies
reported computational and optimization characteristics. This assessment was not used
as a formal methodological quality appraisal; rather, it was used to support the scoping
purpose of identifying how SI and related metaheuristic methods are formulated, imple-
mented, evaluated, and reported within the water-scheduling literature. For each included
study, the following were extracted when available: algorithm type, algorithm family,
problem type, constraints considered, objective function, convergence reporting, and repro-
ducibility indicators. Therefore, findings are interpreted to surface reporting patterns and
methodological gaps rather than to rank algorithms. Where studies report head-to-head
comparisons, we report their results without endorsing the comparison methodology.

4. Results
4.1. The PRISMA Flowchart

The study selection process, illustrated in Figure 2, followed the PRISMA-ScR frame-
work. Database searches yielded 1357 records across ScienceDirect (n = 511), Scopus
(n =384), IEEE Xplore (n = 19), EBSCO (n = 91), Taylor & Francis (n = 115), SpringerLink
(n =115), and MDPI (122). After removing 130 duplicates, 1227 records remained. Title,
abstract, and keyword screening resulted in the removal of 1093 records. The remaining
134 records were assessed in full-text screening and a further 112 were removed. Reasons
included: paywall articles, non-English articles, articles not containing swarm intelligence
as the main algorithm or baseline algorithm, and finally, articles that had mismatched
domains. A single article was added through citation chaining, resulting in a final record
count of 23.

Identification of studies via datasets

; ; Records identified from
ScienceDirect =511 Scopus = 384 o g = |
—
MDPI =122 IEEE Xplore =19
Identification Taylor & Francis =115 EBSCO =91
SpringerLink =115

¥
Duplicates Removed = 130
v
Records Screened = - Records Removed (Title, abstract
1227 and keywords) = 1093
: Records Removed =112
S Records Assessed For Reason 1 (Paywall = 10)
Eligibility=134 | Ly Reason 2 (Non English = 2)
Reason 3 (Domain mismatch = 7)
Reason 4 (Not SI (not relevant) = 93)
Included Records = 22
Included l Included Records =1 J

Final Records = 23 )

Figure 2. Prisma flowchart.

4.2. Distribution by Place of Publication

Figure 3 shows the distribution of the 23 included studies by country of origin. China
contributed 7 studies, Iran 6. By continent: Asia 14, Europe 4, Americas 3, Africa 1, Australia
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1. The sample is small (n = 23) and not statistically representative, but the geographic
imbalance is clear. Africa and Australia are severely underrepresented despite facing
acute water scarcity [17,18]. This disparity underscores a critical gap in the literature and
highlights the need for increased research attention in resource-constrained and water-
stressed regions [17,18].

While the trend is observed, it is important to acknowledge limitations in the search
strategy. Restricting the review to English-language publications and use of a limited set
of databases may have excluded relevant studies published in other languages. Expand-
ing both linguistic and database coverage in future reviews may yield a more globally
representative dataset.

Geographical Distribution of Publications

China

Iran

Italy

C
w
>
N

N

=}

c

3 i 1
S Malyasia

(=2}
~

3 4 5
Frequency of Articles

[S)
=
[N]

Figure 3. Frequency of articles by country.

4.3. Distribution by Year of Publication

Figure 4 illustrates the publication frequency between 2015 and 2025. A slight increase
was observed in 2019 with four publications. The results of the PRISMA-ScR represent
too small a dataset (n = 23); it is not possible to identify a growth trend or statistically
significant pattern in publication frequency.

Annudl Publication Trend

z | . /\/ \i\i :

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
Year of Publication

Number of Articles
=N N W W
w o w o w o
®

by
=)

Figure 4. Frequency of articles by year.
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4.4. Distribution by Processing Technique

The dominance of hybrid models suggests that single-algorithm approaches may be
insufficient for capturing the full complexity of water-scheduling problems. However,
it also raises an important methodological question on whether these hybridizations are
systematically designed or primarily driven by ad hoc experimentation and benchmark
optimization (see Figure 5 and Table 3).

Distribution of Optimization Algorithms

NSGA-II

PSO

ACO

MOPSO

PSO-CS

BORG MOEA

IMPROVED GA

SVRS-PSO

Algorithm Type

AACO

APSO

OMOPSO

N
w

0 1 2 3
Number of Studies

Figure 5. Number of identified techniques used.

Technical performance reporting was inconsistent. Most studies reported solution-
quality metrics (cost minimization, Pareto-front coverage). Nine reported convergence
curves [25-33]. NSGA-II studies typically showed Pareto-front approximations as evidence
of performance. But Pareto fronts can appear early in optimization without demonstrating
actual convergence. Few studies reported hypervolume stability, generational distance, or
other convergence indicators. This inconsistency is itself a gap.

Table 3. Algorithm mapping.

Algorithm  Hybrid Objective Type Application Domains n
Water distribution network, Water supply sys-

NSGA-II 0/5 Multi-objective (Pareto-front)  tem, Multi-reservoir system, Water resource 5
system

Water distribution network, Water pump sta-
PSO Mixed  Multi-objective (mixed) tions, Agricultural water supply, Water re- 10
source system

Water pump stations, Water distribution net- 3

ACO Mixed  Single-objective (flow) work

Other Mixed  Mixed Various 1

Table 3 reveals three dominant algorithmic clusters: NSGA-II (n = 5), PSO, and its variants
(n = 10) (the PSO row aggregates all PSO-based variants shown disaggregated in Figure 5),
and ACO (n = 3), with the remaining five studies applying algorithms that appear only once.
The following analysis examines each cluster in depth, profiling representative studies.

NSGA-II cluster consists of five studies. Although NSGA-II is technically an EC method
rather than SI, it appears in this review because it serves as the dominant multi-objective
baseline against which swarm methods are compared, and because water scheduling is
inherently multi-objective in ways that classical SI algorithms struggle to handle natively.
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Abdolazimi and colleagues developed a multi-objective mixed-integer nonlinear pro-
gramming (MINLP) model for pipe material selection in water distribution systems, applied
to a real case study of the Isfahan water network in Iran. The model balances three competing
objectives: maximizing buried pipe mean time to failure (reliability), minimizing total cost
(including pipe purchase, installation, maintenance, replacement, and worker cancer treatment
costs), and minimizing environmental impact (soil, air, water quality damage from various
pipe materials). The problem involves 48 pipe locations, 6 candidate materials, and a 10-year
planning horizon. The authors solved the model using three approaches: the Weighted Sum
Method (WSM) implemented in GAMS 24.1.3 with CPLEX as an exact baseline, NSGA-II
programmed in MATLAB R2015b, and MOPSO also in MATLAB. Critically, both NSGA-II
and MOPSO parameters were tuned using the Taguchi method. The study compared all three
methods across 15 numerical examples of varying problem sizes (I = 10 to I = 60). Results
revealed that NSGA-II was not the recommended method, MOPSO outperformed NSGA-II
on three of four key metrics: Average cost (Z;): MOPSO USD 47.3M vs. NSGA-II USD 48.1M
(1.54% better); Average environmental impact (Z3): MOPSO 578.94 MU vs. NSGA-II 591.90
MU (2.19% better); Average CPU time: MOPSO 171.5 s vs. NSGA-II 200.95 s (14.64% faster);
and Average reliability (Z;): MOPSO 57.71% vs. NSGA-II 54.48% (MOPSO marginally better,
but with high variance, NSGA-II reached 65.66%). Applied to the real Isfahan case study
using the selected MOPSO method, the final solution achieved reliability of 64.32%, cost of
USD 86,404,779, environmental impact of 646.76 MU, and CPU time of 130.52 s. This is one of
the few studies in our sample with both a real validated case study and a clear best-method
recommendation supported by quantitative evidence. Despite this, no standard deviations or
confidence intervals were reported across runs, and no convergence evidence was provided.
The 130.52 s runtime on a real 48-location case study demonstrates practical scalability. The
expert questionnaire process (28 pairwise comparisons) for weighting water health factors
brings domain expertise into the optimization formulation in a structured way.

Makaremi and colleagues addressed pump scheduling as a multi-objective optimiza-
tion problem using a self-adaptive NSGA-II algorithm coupled with the EPANET hydraulic
simulator. The study formulated two competing objectives: minimizing pumping energy
cost (consisting of consumption charge based on time-of-day tariffs, and demand charge
based on peak power consumption) and minimizing the total number of pump switches (a
surrogate for maintenance costs, reflecting mechanical wear). Each pump-scheduling pro-
gram was encoded as a binary string where each bit represents on/ off status per hour. Case
Study I involved 3 pumps over 24 h = 72 binary decision variables. Case Study II (Bagh-
malek potable water supply network in Iran) involved 6 pumps over 24 h = 144 binary
decision variables. The authors used the Blend Crossover method (BLX-«) with binary
tournament selection. For Case Study I: population size 100, mutation ratio 0.05. For
Case Study II: population size 150, mutation ratio 0.04. Parameters were tuned through
preliminary sensitivity analysis. Each scenario was run 10 independent times to verify
reproducibility. The algorithm converged in approximately 50,000 evaluations for Case I
and 75,000 for Case II. The paper’s methodological contribution is a modified tournament
selection criterion that handles constraints adaptively without penalty functions. Three
constraint categories are modeled: hydraulic compatibility (mass conservation, energy con-
servation, Hazen-Williams head losses all handled inside EPANET), system performance
(minimum pressure > 15 m at all demand nodes), and infrastructure capacity (pump curve
limits, tank level bounds, end-of-period tank storage recovery). All 10 runs of NSGA-II
converged to the same Pareto front in both case studies, demonstrating algorithmic stability.
The headline finding from Case Study II: the number of pump switches can be reduced by
69% (from 13 switches to 4) while energy cost increases by at most 10% (from USD 390.9
to USD 431.1 per month). The authors compared their results to previous single-objective
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approaches on the same Case Study I benchmark: hybrid GA required 6000 evaluations per
single Pareto point, ACO required similar effort, while NSGA-II found the entire Pareto
front equivalent to 1389 evaluations per pump-switch alternative. Despite strong repro-
ducibility (10 runs, same Pareto front), the study reports only final Pareto fronts. No source
code is released, though EPANET use and full parameter specification enable reasonable
reproduction. The authors acknowledge the study is limited to fixed-speed pumps and
propose variable-speed pump scheduling as future work.

Ben Ammar et al. addressed pump scheduling as a multi-objective optimization
problem using NSGA-II with a pseudo-weights decision-making approach. The study
formulated three competing objectives: minimization of daily pumping energy cost (Fpc),
minimization of total daily pump switches (Fsy, representing mechanical wear), and mini-
mization of daily tank volume variation (FAv). Decision variables using two alternative
schemes: an explicit scheme with 24 binary pump on/off commands per day (48 genes for
two pumps, 480 genes for twenty), and an implicit scheme with paired threshold volumes
triggering pump switches (4 genes for two pumps, 40 genes for twenty). The authors
implemented NSGA-II using the pymoo Python library. Algorithm parameters were:
population size 100, generations 1000 (small case)/200 (scalable case), crossover rate 0.9,
binary tournament selection, polynomial mutation with rate 1/chromosome length. The
pseudo-weight decision-making method, translates Pareto front candidates into normalized
weight vectors representing each solution’s relative position across the three objectives,
allowing the decision-maker to specify a target weight vector and select the closest match-
ing solution. Four target strategies were compared: balanced, cost-saving, switch-saving,
and volumes-cyclicity. The authors publicly released their entire testbed as a GitHub
repository (https://github.com/), reported all algorithm hyperparameters and hydraulic
simulation parameters, specified the pymoo framework version, and even validated the
small case study on a Raspberry Pi. No convergence is reported. The authors themselves
acknowledge this in their conclusions: “Further research is necessary to compare different
metaheuristics on different and large scenarios.” While the hydraulic constraints are more
realistic than Abdolazimi et al., the model still lacks pressure constraints and pipe head
losses. The authors acknowledge this limitation and propose future integration. The most
novel contribution of this study is the systematic comparison of explicit versus implicit
pump-scheduling encoding.

Hojjati and colleagues compared NSGA-II against MOPSO for two reservoir operations
in Iran. They followed a similar methodology pattern as the above articles, and reported
that NSGA-II achieved 22% higher revenue and 3% higher flood storage. No convergence
metrics or multiple runs were reported. Zarei and colleagues applied the same NSGA-II
versus MOPSO head-to-head comparison to two benchmark water distribution networks
(the Alperovits—Shamir two-looped network and the Lansey network), using EPANET 2 for
hydraulic simulation and MATLAB 2010 for algorithm implementation. These two studies
follow a similar methodological pattern. Zarei’s study reported finding is a sharp reduction in
iterations required to reach the optimal solution. Across the NSGA-II cluster, several patterns
emerge. First, NSGA-II is rarely justified on water-specific grounds. Only Makaremi [33]
reported multi-run reproducibility evidence, while Abdolazimi, Ben Ammar, Hojjati, and
Zarei [34-37] present single-run or limited-run results despite NSGA-II's stochastic nature.

PSO cluster is the largest in the review with 10 studies, split between standalone PSO
(n = 4) applications, as seen in Figure 5 and PSO hybrids (n = 6). This split shows that
researchers acknowledge PSO’s limitations for certain optimization problems and reach for
hybridization if needed.

Mehdi and Asghar developed a PSO-based methodology for optimizing the location
and setting of Pressure-Reducing Valves in WDN's, with the single objective of maximizing
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a fuzzy Network Pressure Reliability Index (NPRI). It used a deterministic stochastic
pipeline rather than a single joint optimization. A custom Valve Selection Index (VSI) ranks
pipes by flow-weighted pressure differential to pre-filter candidate valve locations. PSO is
then used twice in sequence, first to calibrate Hazen—-Williams roughness coefficients on
the selected pipes against the NPRI, then to set PRV openings hourly over a 24 h horizon.
EPANET 2.0 provides the hydraulic simulator and the formulation uses both demand-
driven simulation for nodal outflows and head-driven simulation for pressure-dependent
leakage modeled via an orifice equation with pressure exponent § = 1.18. The method is
applied to the Jowitt—Xu benchmark (37 pipes, 26 nodes) and to the Ahar WDN in East
Azerbaijan, Iran (192 pipes, 169 nodes, 5 tanks, 3 pumping stations), with reported gains
on Ahar of 24.8% in average NPRI and 15% in average leakage rate relative to the no-PRV
baseline. No PSO parameters are reported.

Chong and colleagues developed a hybrid simulation optimization framework for
adapting the operating rule curve of the Klang Gate Dam (KGD) in Malaysia under
temperature-driven demand scenarios, comparing four pipeline combinations (SVRS-FA,
SVRS-PSO, MLPS-FA, MLPS-PSO) over a 228-month historical record between 2001 and
2019. The single objective formulation minimizes the sum of squared release demand
deviations over a 12-month operating cycle, subject to monthly mass balance, storage
bounds, and release bounds. PSO uses population 500, max iterations 5000, w = 0.8, c1 =
c2 = 1.494. FA uses population 100, max generations 1000, « = 0.2, Bg = 0.2, v = 1.0. The
reported finding is that PSO dominates FA on every reservoir performance index across
all scenarios. The MLPS-PSO model achieves the highest periodic reliability (0.6491) and
resilience (0.6750) under the minimum temperature scenario, while SVRS-PSO achieves the
lowest vulnerability (0.0237) and shortage index (0.0047) in the same scenario.

Sharafkhane and colleagues developed AquaCrop plug-in-PSO, a hybrid simulation
optimization framework coupling the Food and Agriculture Organization’s AquaCrop
crop water productivity model with particle swarm optimization. The single objective
formulation maximizes crop water productivity. The PSO is implemented with population
200, cognitive and social parameters c1 = c2 = 2, and an inertia weight reported as w = 10 (an
unusually high value, an order of magnitude above typical PSO inertia weights of 0.4-0.9,
that the authors do not justify or sensitivity test). The framework’s central methodological
move is the static versus dynamic contrast. The same AquaCrop PSO algorithm is run twice
on the same field, once using only 50-year-old historical weather data (“static”) and once
using rolling 7-day weather forecasts blended with historical data for the remaining season
(“dynamic”). The dynamic approach achieved the highest WPc among all five irrigation
methods tested under full irrigation (3.12 kg m~2 vs. 2.70 for soil-moisture-based, 2.42
for static, 2.09 for fixed, 1.80 for ET-based), with a 127 mm water saving over static and a
264 mm saving (33% reduction) over the fixed irrigation practice of local growers. Under
deficit irrigation (90% and 70%), the dynamic approach again recorded the highest WPc
(3.00 and 2.21 kg m~3, respectively), outperforming both ET-based and soil-moisture-based
methods. No multi-run statistics, standard deviations, or convergence diagnostics are
reported. The framework is not compared against any alternative metaheuristic algorithm.

Across the PSO cluster, the remaining articles shows similar methodology. PSO is
consistently a means rather than a contribution, the algorithm functions as infrastructure
behind a novel formulation, hybrid pipeline, or domain-specific application rather than as
the research target itself. Reporting on the optimization step tracks the contribution type,
not the algorithm [38]. The application diversity is far broader than in NSGA-IL

The ACO cluster, whilst being a small cluster, is a finding in itself. Sang developed a
cost-effective pump-scheduling algorithm for mine drainage systems based on ACO, applied
to the Jinchiling Gold Mine in Shandong, China. The problem in the study is formulated
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as a discrete optimization problem, minimizing total daily pump costs under time-of-use
electricity tariffs. The decision space is represented as a multistage directed weighted graph
where each stage corresponds to a 20 min period and each vertex represents the number of
running pumps (0 to 5); ACO ants traverse the graph to find the lowest-cost feasible schedule.
Sump water inflow is predicted using double exponential smoothing with smoothing factor
w = 0.7, with reported mean relative prediction errors of 0.039%, 0.066%, and 0.091% for one-,
two-, and three-step-ahead forecasts. The reported finding is a 34.09% average cost reduction
over 30 days of real operational data compared to the manual baseline schedule, achieved
by shifting pump operation from peak hours (17.67 to 2.65 machine hours) to valley hours
(54.62 to 98.55 machine hours). The methodological limitations are significant: no multi-run
statistics, no convergence diagnostics, no comparison against alternative metaheuristics.

Nguyen and colleagues developed a generic simulation optimization framework com-
bining ant colony optimization with the process-based Root Zone Water Quality Model in
Greeley Colorado. The objective was to maximize three-year net return. The methodological
contribution is dynamic decision variable option adjustment, which reduces the effective
search space by checking the annual water availability constraint at each decision point and
removing infeasible options as the ACO ant constructs its solution. Twenty-one experiments
tested water availability levels from 100% to 22% of irrigation system capacity, with each
experiment repeated 30 times from random starting points (a total run time of approximately
60 h per replicate on a high-performance computing cluster). The reported findings: only
41% of maximum irrigation capacity was needed to achieve the optimal net return of USD
7760.7. It showed ACO-DDVO outperformed the Microsoft Excel based Colorado Irrigation
Scheduler benchmark by 1.80% in net return while using 0.20% more water and 16.67% less
fertilizer (Experiment 4), or alternatively by 1.52% in net return with 9.57% less water and
16.67% less fertilizer. The methodological strengths are substantial: formal ACO parameter
sensitivity analysis, 30 independent runs per experiment to address stochasticity; it has the
same limitation as Sang with no comparison against alternative metaheuristics.

The DDVO mechanism originated in [30], which applied the same ACO+DDVO
framework to annual crop and water allocation using crop-water production functions
rather than a process-based simulator; the 2017 paper extends the framework to within-
season irrigation and fertilizer scheduling.

The two ACO studies in this review form a contrast pair (noting that [30] extends [39])
that exposes both the algorithm’s natural fit and its scaling limits. ACO originated as a
combinatorial optimization method for discrete graph-search problems, and Sang’s mine
drainage application sits comfortably in that territory. The contrast suggests that ACO’s
appearance in this review’s literature reflects two distinct usage patterns: ACO as a natural-
fit solver for genuinely combinatorial water-scheduling problems, and ACO as a candidate
metaheuristic stretched onto continuous allocation. ACO appearing only twice shows that
the algorithm can still be chosen when researchers have specific use cases.

Across the three clusters, a consistent pattern emerges: the methodological rigor of
the optimization step is determined less by which algorithm a study uses than by how
the algorithm sits in the study’s contribution chain. Where the metaheuristic is itself
the methodological centrepiece, multi-run statistics, parameter sensitivity analysis, and
convergence diagnostics are present. Where the metaheuristic is incidental infrastructure
behind a novel formulation, hybrid pipeline, or domain application, the optimization
step is typically reported as a parameter list without sensitivity, multi-run statistics, or
alternative algorithm comparison. This pattern cuts across NSGA-II, PSO, and ACO clusters
and operates independently of algorithm family. The implication for this review is that
the algorithm family taxonomy used to organize these 23 studies, while reflecting how
the field commonly categorizes itself, captures less of the methodological variation than
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a contribution-type taxonomy would. A consequence for readers seeking comparative
evidence on algorithm effectiveness in water scheduling is that head-to-head algorithm
comparisons within this literature (NSGA-II vs. MOPSO in Hojjati and Abdolazimi, PSO vs.
firefly in Chong et al.) are conducted with single runs, unmatched parameter tuning, and
aggregate scalar metrics rather than distributional indicators, which limits what scoping
review readers can infer about relative algorithm performance even when individual
studies report substantial percentage gains. The remaining five studies appear only once
and are too heterogeneous to support cluster-level synthesis.

4.5. Technical Profiling

Table 4 shows a quick technical profile where this is expanded to a more detailed
study-level technical profile in Appendix A. The appendix reports the algorithm family,
algorithm type, application domain, constraints, objective-function focus, convergence
reporting, and reproducibility indicators for each included study.

Table 4. Summary of technical reporting across included studies,

Technical Category Main Observation Implication

Studies included swarm intelligence,
Algorithm family evolutionary computation, and hybrid

metaheuristic approaches.

Most studies focused on cost, energy,
Objective functions pressure, reliability, or multi-objective

Pareto trade-offs.

Common constraints included pressure,
Constraints demand, storage, pump limits, water
availability, and hydraulic equations.
Only some studies reported

Clearer classification is required
between SI, EC, and hybrid methods.

Objective formulation is heterogeneous
across studies.

Constraint reporting varies by
application domain.

Convergence - I . - .
reporting convergence curves, stopping criteria, Convergence evidence is inconsistent.

P hypervolume, or generational distance.
Reproducibility Software, datasets, code, and parameter ~ Reproducibility remains a key reporting

settings were not consistently reported. gap.

4.6. Distribution by Application Focus

Application domains were characterized to highlight practical relevance. Water distri-
bution networks were the most common focus, appearing in six studies. Other domains
include pump scheduling, reservoir operation, irrigation scheduling, water resource man-
agement, and broader water resource systems (see Figure 6).

Classification of Studies by Water Management Domain
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Figure 6. Frequency of application focus,
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4.7. Keyword Co-Occurrence

Figure 7 illustrates the thematic evolution of the reviewed literature. Early-stage
research is characterized by broad themes such as general optimization and water resource
management, with MATLAB commonly used as the computational platform for modeling
hydraulic systems.

ns@aii
multi-objectiygjoptimization

schedulingprograms

water supply and irrigation systems
multi objective partiglg swarm optimization populatiop statistics

g water and sewer line and related structures construction

maglab
water supply network water distribution
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Figure 7. Keyword co-occurrence.

The intermediate phase reflects increased adoption of swarm intelligence techniques,
particularly PSO and ACO, with Iran emerging as a key contributor during this period.
This stage marks a transition from general optimization toward algorithm-focused research.

More recent developments indicate a shift toward application-driven research, with
emphasis on energy efficiency, pump operation, and system-level optimization. This
evolution suggests that the focus of water scheduling has expanded beyond hydraulic
reliability to include operational efficiency and sustainability considerations. China’s
increased presence in this cluster reflects its growing contribution to the field.

Overall, the keyword analysis highlights a progression from general optimization
frameworks to specialized, application-oriented research, signaling a gradual maturation
of the field, albeit one that remains uneven and geographically concentrated.

5. Discussion and Conclusions

A clear emergence of evolutionary computation (EC) showed throughout the results
(with NSGA-II). Although EC and SI are both metaheuristic algorithms, they are distinct. EC
algorithms based on mutation, Darwinian selection, and evolution [40]. Articles containing
EC algorithms were included if they included SI baseline algorithms in their articles as well.
SI algorithms such as the PSO required multi-objective modifications (MOPSO) to handle
the Pareto fronts; this may explain why SI algorithms mostly showed up as hybridized
models rather than standalone models, a stark contrast to the EC models (NSGA-II).

5.1. Conclusions

This scoping review mapped SI and related metaheuristic applications in water
scheduling across 23 studies published between 2015 and 2025 through the PRISMA-
ScR framework and JBI Population—-Concept-Context methodology. The review identified
three dominant algorithmic clusters (NSGA-II, PSO, ACO), profiled representative studies
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in technical depth, and surfaced patterns invisible to frequency-based analysis alone. The
literature exhibits a reproducibility gap that limits its cumulative knowledge value.

These findings have practical implications. For water utility decision-makers in
resource-constrained regions, the available literature offers limited transferable guidance,
as research concentrates on well-resourced contexts with reliable data and established
infrastructure. For researchers, the most valuable contribution to this field is not another
algorithm comparison on synthetic benchmarks, but methodological consolidation.

The sample size of 23 studies, while appropriate for a scoping review, limits statistical
generalizability. The technical profiling framework introduced here charts reporting prac-
tices descriptively rather than evaluating algorithmic performance, consistent with scoping
review methodology. Future systematic reviews with meta-analytical synthesis will require
the benchmarking infrastructure that this review identifies as currently absent.

Within these limits, the review provides a structured map of swarm intelligence
applications in water scheduling, identifies methodological patterns that frequency-based
analysis cannot surface, and establishes a baseline against which future research can be
positioned. The intersection of swarm intelligence and water scheduling remains sparsely
populated and methodologically heterogeneous.

5.2. Key Observations
Four observations are outstanding in this study as follows:

1.  The geographic distribution of studies is highly skewed. The majority of studies
originate from Asia and Europe, while Africa is represented by only one study despite
facing some of the most severe water scarcity challenges globally [17,18].

2. The application contexts are biased toward well-resourced or idealized environments.
Few studies explicitly address the constraints typical of arid or resource-limited re-
gions, such as data scarcity, infrastructure unreliability, or socio-economic limitations.
This misalignment between research focus and real-world need represents a significant
gap in the literature.

3.  The dominance of hybrid and multi-objective approaches reflects the inherent com-
plexity of water-scheduling problems. However, the design of these hybrid models is
often insufficiently justified, raising concerns about reproducibility and methodologi-
cal rigor.

4.  The literature exhibits a reproducibility gap: only 9 of 23 studies report conver-
gence curves, none report hypervolume or generational distance, and fewer than
30% provide reproducibility indicators (code, full parameterization, shared datasets).
Head-to-head algorithm comparisons rely on single runs and aggregate scalar metrics
rather than distributional indicators.

These observations should be interpreted cautiously. With a final sample of 23 studies,
the review is not intended to provide statistically generalizable conclusions. Rather, consis-
tent with the purpose of scoping reviews [20], it offers a structured mapping of the field,
identifying dominant patterns, gaps, and emerging directions. Within this scope, the study
demonstrates that the intersection of swarm intelligence and water scheduling remains
sparsely populated and methodologically heterogeneous, reinforcing the need for further
systematic investigation.

5.3. Contributions

This study highlights two primary contributions.

1.  The systematic mapping of the field provides a structured synthesis of swarm intel-
ligence applications in water scheduling, including algorithm usage, application
domains, methodological trends, and geographic distribution. This contributes
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to consolidating a fragmented body of knowledge and establishes a baseline for
future research.

2. The study highlights significant underrepresentation of resource-constrained and arid
regions, particularly in Africa, despite their acute water challenges [17,18]. It also
exposes methodological gaps, including inconsistent evaluation practices and limited
attention to context-aware model design.

Together, these contributions position the study as both a diagnostic overview of the
current state of the field and a foundation for targeted research development.

5.4. Future Directions
Six likely directions for future research emerge as follows:

1.  Future work should prioritize the development of swarm intelligence models tailored
to resource-constrained and arid environments. This includes incorporating real-
world constraints such as limited data availability, infrastructure variability, and
socio-economic factors into optimization frameworks.

2. There is a need for robust optimization frameworks capable of operating under data
scarcity and environmental variability. Designing swarm intelligence algorithms that
explicitly account for uncertainty will enhance their practical applicability.

3. The field would benefit from consistent benchmarking practices, including standard
datasets, performance metrics, and reporting protocols, to enable meaningful compar-
ison across studies.

4.  Existing studies predominantly focus on operational metrics such as cost and pressure
optimization. Future research should expand objective functions to include equity,
accessibility, and sustainability, particularly access to water as a fundamental outcome.

5. Broadening future reviews to include non-English publications and additional re-
gional databases will provide a more globally representative understanding of
the field.

6. Advancing swarm intelligence from standalone optimization tools to integrated
decision-support frameworks will enhance their relevance for policy-makers and
practitioners, particularly in community-center water management contexts.

Author Contributions: Each author contributed as follows: Conceptualization: C.v.W. (80%), C.C.
(20%); methodology: C.v.W. (80%), C.C. (20%); validation: C.v.W. (80%), C.C. (20%); formal analysis:
C.v.W. (80%), C.C. (20%); investigation: C.v.W. (100%); data curation: C.v.W. (100%); writing—original
draft preparation: C.v.W. (100%); writing—review and editing: C.v.W. (80%), C.C. (20%); visualization:
C.v.W. (100%); supervision: C.C. (80%); T.M. (20%); funding acquisition: C.v.W. (50%), C.C. (50%). All
authors have read and agreed to the published version of the manuscript.

Funding: This research was conducted as part of the activities of the Center for Artificial Intelligence
Research, which receives funding from the Center for Scientific and Innovation Research (CSIR)
under grant number CSIR/BEI/HNP/CAIR/2020/10.

Data Availability Statement: The original contributions presented in this study are included in the
article; further inquiries or requests can be directed to the corresponding authors.

Acknowledgments: We acknowledge both the moral and technical support given by Sol Plaatje
University—Department of Computer Science and Information Technology. We would also like to
extend our gratitude to the National Research Foundation regarding funding support. Lastly, we also
thank Taryn Michael and Colin Chibaya for their supervision and guidance.

Conflicts of Interest: The authors declare no conflicts of interest.

https://doi.org/10.3390/computers15070438


https://doi.org/10.3390/computers15070438

Computers 2026, 15, 438

20 of 27

Abbreviations

The following abbreviations are used in this manuscript:

PCC
JBI

PRISMA-ScR

SI

EC

PSO
ACO
SMA
ABC
GWO

FF
NSGA-II
MATLAB
NLP
EPANET

Population, Concepts, and Context

Joanna Briggs Institute

Preferred Reporting Items for Systematic reviews
and Meta-Analyses Extension for Scoping Reviews
Swarm Intelligence

Evolutionary Computation

Particle Swarm Optimization

Ant Colony Optimization

Slime Mold Algorithm

Artificial Bee Colony

Grey Wolf Optimizer

Firefly Algorithm

Non-Dominated Sorting Genetic Algorithm II
Matrix Laboratory

Natural Language Processing

Environmental Protection Agency Network
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Appendix A. Technical Algorithmic Profile of Included Studies
Table Al. Technical algorithmic profile of included studies
. . . . . Constraints Objective/Fitness- Reproducibility
Study Algorithm Family Algorithm Type Application Domain Considered Function Focus Conv. Indicators
Pipe age, pipe MUIFI-O].D]eCtIV.e Dataset/case: Iran;
Water distribution material optimization using software: GAMS
[34] Hybrid SI-EC MOPSO, NSGA-II svstem maintenanc’e or CPU time and No 2413 and M ATLAB:
Y objective-function T ’
replacement need values code not reported
Annual reservoir Multi-objective ) )
Evolutionary drawdown, release optimization using Dataset/case: Iran;
[25] ) Borg MOEA Reservoir operation L Yes software: C++; code
computation constraints, storage hypervolume and not reported
constraints generational distance P
Dailv water Minimization of Software:
Evolutionar Water distribution avai}llabilit daily pumping cost, EpanetSimulator and
[35] ary NSGA-II Y tank-volume No WNTRSimulator;
computation networks lower-tank volume, variation, and pump dataset/code not
upper-tank volume switches reported
Supply and derpand, Minimization of total Dataset/ case: Ch%na;
water quantity, water-delivery cost benchmarked against
. Oilfield sewage effluent . PSO, WOA, SA,
[26] Hybrid S1 FSO-C5 system scheduling concentration, ani;;?gfgseorgfit of Yes COA, and HO;
injection-station utilization software/platform:
pressure CEC2022
Dataset/case:
Storage continuity, Minimization of Malaysia; benchmark
11 - , eservoir operations storage capacity, . . o methods reported;
[41] Hybrid SI SVRS-PSO, FF R ir operati ge capacity, water deficit N hods reported
release constraints software/code not
reported
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Table A1. Cont.
. . . . . Constraints Objective/Fitness- Reproducibility
Study Algorithm Family Algorithm Type Application Domain Considered Function Focus Conv. Indicators
Floviifirgsla;ci,xsif_)eed Optimal Dataset/case: China;
. Improved GA, Water pump station mum/minimum punip-groip software: MATLAB
[27] Hybrid SI-EC . scheduling and Yes and Python;
AACO, APSO scheduling flow, parallel pumps, .
model energy-use benchmarked against
L minimization GA, ACO, and APSO
summarization
Continuity equations, Multi-objective Software: MATLAB;
Water distribution energy-balance optimization benchmarked against
[28] Hybrid SI-EC OMOPSO, NSGA-II cvstems equations, evaluated using Yes  MMOPSO and PSO;
y pressure-head convergence and dataset/code not
constraints hypervolume metrics reported
Reservoir water
balance, release Maximization of
Water resources restrictions hydroelectric ener Dataset/case: Iran;
[36] Hybrid SI-EC NSGA-II, MOPSO SUCTOnS, y : 8 No  software: MATLAB;
systems minimum production and code not reported
downstream flood-storage volume p
environmental flow
Minimization of
Pump optimization Standard pressure operational cost, Software. EPANET
toolkit for MATLAB;
[42] Swarm intelligence PSO and pressure requirements, pump energy No ’
. . dataset/code not
management tank-level constraints ~ consumption, and reported
water loss P
. Pump and valve Pressure L Software: Python
Reinforcement cheduling in water requirements and Minimization of and MEALPY;
[43] learning / Multi-agent DDPG SCReCUIng 1r Cquirements energy cost and No  benchmarked against
distribution final tank-level
comparator study networks bounds water-loss cost GA, PSO, and DE;

code not reported
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Table Al. Cont.
. . . N . Constraints Objective/Fitness- Reproducibility
Study Algorithm Family Algorithm Type Application Domain Considered Function Focus Conv. Indicators
Continuity law, Dataset/case: Iran;
Pump scheduling in  energy conservation Reduction of total software: MATLAB;
[44] Swarm intelligence BDA water supply law, tank mini- enerev cost NR  benchmarked against
systems mum/maximum gy GA, EA, ABC, FE,
capacity PSO, ACO, and BDA
Maximization of
Laree-scale water Not explicit] NPRI index using Dataset/case: Iran;
[38] Swarm intelligence PSO argess praty roughness No software: MATLAB;
distribution network reported 2.
coefficients of code not reported
selected pipes
Multi-objective Dataset/case: China;
Nature-inspired Multi-reservoir Power output, reservoir operation benchmarked against
[29] pir Cuckoo Search continuity equation, with convergence- Yes GA and PSO;
metaheuristic system
water level, outflow performance software/code not
evaluation reported
Reduction of Benchmarked
Crop and water Area allocation and computational effort against ACO-SDVO
[30] Swarm intelligence ACO-DDVO P . water-allocation pu Yes and LP;
allocation . for optimal crop and
constraints ' dataset/software/
water allocation
code not reported
Annual water Maximization of net Dataset/case: USA;
[39] Swarm intelligence ACO Irrigation scheduling : No software/code not
allocation return
reported
l\élrllr;mlzca;;(t):izf Dataset/case: Italy;
[31] Swarm intelligence SMPSO Irrigation scheduling Pipeline capacity Y Yes software: Python;

rotational irrigation
management

code not reported
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Table A1. Cont.
. . . s . Constraints Objective/Fitness- Reproducibility
Study Algorithm Family Algorithm Type Application Domain Considered Function Focus Conw. Indicators
Mine drainage SOIUtl(Zg;fe beoundS’ Reduction of mine Dataset/case: China;
[45] Swarm intelligence ACO & TP . No software/code not
system classification, operation cost
. reported
pressure-head limits
Hvbrid Reported as Maximization of Dataset/case: Iran;
[46] P AquaCrop-PSO Irrigation scheduling p . crop water No software/code not
simulation—SI unconstrained .
productivity reported
Pump activation e .
. . .. L. . Minimization of Benchmarking/
[32] Hybrl(.i . GA, SA, PSO Water-pumping hm}ts,.cawtatlon-nsk pump energy Yes software/code not
metaheuristic systems limits, reservoir .
.. consumption reported
overflow limits
. . Mine water Water guahty and Maximization of Dataset/case: China;
[47] Swarm intelligence PSO . . quantity at each . No software/code not
dispatching . recycling rate
water point reported
s comsenvaton Benchmarcd
Evolutionary Self-adaptive Water supply pipe head loss, Minimization of against GA, ACO,
[33] . . energy and Yes and SPEA2;
computation NSGA-II systems hydraulic .
s maintenance costs dataset/software/code
compatibility
. not reported
equations
Pumping-unit Tizgiti:;a;s;-tgiarigy Minimization of Dataset/case: China;
[48] Swarm intelligence PSO PIng’ 9 . No software/code not
scheduling allowable operational cost
- reported
water-level variation
Velocity bounds, Multi-objective EPANET 2,
commercial pipe minimization of MATLAB 2010;
diameter set, network cost and benchmark networks
[37] Hybrid SI-EC NSGA-IL, MOPSO Water distribution continuity equation, total pressure deficit; Partial (two-looped,

network

energy conservation,
allowable pressure
range
(penalty-based)

modified cost
function with
pressure-violation
penalty

Lansey); no code
release, no multi-run
statistics, no
hypervolume
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