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Abstract

This paper presents a novel approach to water access segmentation by introducing an
improved version of the Salp Swarm Algorithm (ISSA), addressing the complex challenge
of household water access classification in developing regions. The proposed enhancement
incorporates dynamic exploration—exploitation balancing and feature-aware mechanisms
into the original SSA framework, significantly improving cluster quality and interpretabil-
ity. Using a real-world dataset of 500 households from the El Hajeb region in Morocco
and 12 socio-economic criteria, our method demonstrates superior clustering performance
compared to conventional techniques. The ISSA achieves a 25% improvement in the
silhouette coefficient (0.732 vs. 0.480) and a 22% reduction in the Davies—Bouldin index
(0.421 vs. 0.645) compared to the standard SSA and other state-of-the-art metaheuristic algo-
rithms. Five distinct water access segments are identified, enabling targeted infrastructure
development strategies across different community types. The approach provides regional
planners with essential insights into the spatial distribution of water access patterns and
their relationship with socio-economic factors.

Keywords: water access segmentation; improved salp swarm algorithm; cluster analysis;
regional development planning; unsupervised learning; metaheuristic optimization; socio-
economic indicators

1. Introduction

Access to clean water remains a critical development challenge in many regions world-
wide, particularly in rural and peri-urban areas of developing countries [1]. Understanding
the patterns and determinants of water access is essential for the design of effective water
infrastructure investment strategies and policy interventions. Traditional approaches to
water access analysis often rely on aggregated statistics or regression models that predict
connectivity at the household level [2]. However, these methods frequently overlook
important nuances in water access patterns that exist across different community segments.

Water access segmentation, as an analytical tool for community development planning,
enables organizations to systematically categorize households and communities based on
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multiple socio-economic and infrastructure characteristics, facilitating more effective re-
source allocation and targeted intervention strategies [3]. However, conventional clustering
techniques often struggle with the high-dimensional nature of household data and the
inherent complexity of finding optimal cluster configurations that meaningfully represent
water access segments [4].

Recent advancements in computational intelligence, particularly in metaheuristic
optimization algorithms, have shown promising results in addressing complex clustering
problems [5]. Among these, the Salp Swarm Algorithm (SSA) [6] has emerged as an effective
approach for solving optimization problems, demonstrating strong potential for clustering
applications. However, the standard SSA faces limitations in maintaining an optimal
balance between exploration and exploitation phases, potentially leading to premature
convergence or suboptimal clustering solutions.

To address these limitations, this paper introduces an Improved Salp Swarm Algo-
rithm (ISSA) specifically designed for water access segmentation. The proposed algorithm
enhances the standard SSA through dynamic parameter adaptation mechanisms and
feature-aware optimization to better capture the complex relationships between socio-
economic factors and water access patterns.

The following are the main contributions of this research:

1.  Development of a novel water access segmentation framework that integrates en-
hanced exploration and exploitation capabilities;

2. Introduction of feature-aware mechanisms that adapt optimization behavior based on
the relative importance of different socio-economic indicators;

3. Comprehensive validation using a real-world dataset of 500 households from the El
Hajeb region in Morocco with 12 socio-economic criteria;

4.  Identification of five distinct water access segments with clear policy implications for
targeted infrastructure development;

5. Spatial analysis of water access patterns, revealing critical geographic disparities in
water infrastructure distribution.

The remainder of this paper is organized as follows: Section 2 presents the theoretical
background of segmentation in water access analysis. Section 3 introduces the proposed
ISSA methodology and its implementation for water access clustering. Section 4 outlines
the experimental setup and results. Section 5 provides a detailed analysis of the identified
segments and their characteristics. Section 6 discusses policy implications and recommen-
dations. Finally, Section 7 concludes the paper with a summary of findings and directions
for future research.

2. Segmentation in Water Access Analysis
2.1. Theoretical Background

Segmentation in water access analysis refers to the process of dividing a population of
households or communities into distinct groups based on their water access characteristics
and related socio-economic factors [7]. Unlike prediction-based approaches that estimate
water access levels for individual households, segmentation identifies natural groupings
within the population, revealing underlying patterns that may not be apparent through
aggregated statistics or regression models.

In the context of water access, let H = {hy,hy,..., h,} represent a set of n
households, where each household (h;) is characterized by a vector of m attributes
(hi = (ajp,aip, ..., aiy)). These attributes may include infrastructure indicators, socio-
economic factors, geographic characteristics, and water usage patterns. The objective
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is to partition H into k disjoint segments (S = {51, Sy, ..., Sx}) while optimizing specific
clustering criteria.

2.2. Problem Formulation

The water access segmentation problem can be formally defined as an optimization
problem seeking to minimize the within-cluster sum of squares (WCSS):

k
minimize F(S) =} Y ||k — ,u]-||2 1)

j=1 h,‘ES]'

where y; represents the centroid of segment S;, calculated as follows:

Hj = Isi] 5 [l hZ hi, 2)
subject to the following constraints:
k
US]'IH and SiﬂS]’IQ,Vl’#']’ 3)
=1

This formulation aims to create segments where households within the same segment
exhibit similar water access characteristics, while households in different segments show
distinct patterns.

2.3. Evaluation Metrics

The quality of water access segmentation solutions is evaluated using several metrics:

2.3.1. Silhouette Coefficient

The Silhouette Coefficient (SC) [8] measures both cohesion and separation:
l n

1 b —a(h)
5C= 4 & maxdalin), b(hy)) @

where a(h;) is the average distance between household #; and all other households in
its segment and b(h;) is the minimum average distance between h; and households in
other segments.

2.3.2. Davies-Bouldin Index

The Davies—Bouldin Index (DBI) [9] evaluates the ratio of within-cluster scatter to
between-cluster separation:

1& 0+ 0;
DBI:kZmax{M} (5)

where 0; represents the average distance of households in segment i to their centroid and
d(pi, pj) is the distance between centroids of segments i and j.

2.3.3. Calinski-Harabasz Index

The Calinski-Harabasz Index (CHI) [10] evaluates cluster validity based on the ratio
of between-cluster dispersion to within-cluster dispersion:

Tr(By)/(k—1)

e T AVICET)

(6)
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where By is the between-cluster scatter matrix, W is the within-cluster scatter matrix, Tr is
the trace function, # is the number of households, and k is the number of clusters.
2.3.4. Dunn Index

The Dunn Index (DI) [11] measures the ratio of the smallest inter-cluster distance to
the largest intra-cluster distance:

1<i<j<k | maxq <<k diam(Sy;)

where d,,i, (S, S;) is the minimum distance between segments S; and S; and diam(Sy,) is
the diameter of segment S,.

2.4. Socio-Economic Indicators
The socio-economic indicators considered in this study include the following [12]:
1. Infrastructure metrics:

e  Infrastructure score (a1);

e Comfort score (a3).
2. Educational factors:

e  Education level (a3);

*  Waste management practices (a4).
3. Accessibility indicators:

e Distance to road (as);

e Household size (ag);

e School enrollment rate (ay).
4.  Basic amenities:

e Toilet presence (ag);

e  Kitchen presence (a9);

*  Bathroom presence (a19);

e  Modern amenities (a11);

*  Profession type (a12).

These indicators provide a comprehensive view of the factors that may influence water
access patterns and segment formation.

3. Proposed Methodology
3.1. Standard Salp Swarm Algorithm

The Salp Swarm Algorithm (SSA) [6] is a population-based metaheuristic inspired
by the swarming behavior of salps in deep oceans. In the standard SSA, the population is
divided into leaders and followers. The position of the leader is updated based on the food
source (best solution), while followers follow each other in a chain-like structure.

The position update in SSA is governed by the following equations:

1_ Pj+c1((ub]-—lbj)cz+lbj), ifc3 >0

. , ®
Fj—Cl((ubj—lbj)C2+lbj), ifc3 <0
xi = l(xli +x7h, i>2 )
]2\ i =

where

. x} is the position of the leader salp in dimension j;
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. x;- is the position of the i-th follower salp in dimension j;
. F] is the position of the food source in dimension j;
*  ubjand Ib; are the upper and lower bounds of dimension j;
*  is the main control parameter balancing exploration and exploitation, i.e.,
41y2
¢ =2e (1) (10)

where [ is the current iteration and L is the maximum number of iterations;
® (5 and c3 are random numbers in [0,1].

3.2. Improved Salp Swarm Algorithm (ISSA)

To enhance the performance of the SSA for water access segmentation, we propose
several improvements:

3.2.1. Adaptive Control Parameter

We replace the fixed control parameter (c;) with an adaptive parameter that responds
to the clustering quality:

)Zx(l_’_ﬁxfavg_fbest) (11)
favg

S

(1) = 2¢(

where
®  frest is the fitness of the best solution;
*  faug is the average fitness of the population;
* Bisan adaptation coefficient (set to 0.5 in our implementation).
This modification allows the algorithm to maintain exploration capabilities when the
population diversity is high and focus on exploitation when the population converges.

3.2.2. Feature-Aware Mechanism

We introduce a feature-aware mechanism that adjusts the search behavior based on
the relative importance of different attributes:

Var(a;)

i1 Var(a;) (12)

wj =

o F]‘ +c01 X wj X ((ubj — lbj)Cz + lb]'), ifc3 >0 (13)

/ F]'—Cl X wj X ((ubj—lbj)C2+lbj), ifcz3 <0

where w; is the weight assigned to dimension j based on its variance across the dataset.

3.2.3. Local Search Enhancement
We incorporate a local search operator that is applied to the best solution in each
iteration:
x?ff{ = Xpest + ¥ X N(O,l) X (xr - xbest) (14)
where

*  x,isarandomly selected solution from the population;
e  visalocal search coefficient that decreases with iterations, i.e.,

Y=7 x(1- %); (15)
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e N(0,1) is a random number from a standard normal distribution.

3.3. Clustering Solution Representation

In the context of water access segmentation, each solution in the ISSA population
represents a set of cluster centroids. For a problem with k clusters and m attributes, a
solution (X) is encoded as follows:

X = [C11/~ e ClmsC21s - C2my o -4 Ck1y - - '/Ckm} (16)
where c;; represents the j-th attribute value of the i-th cluster centroid.

3.4. ISSA Clustering Algorithm

The complete ISSA implementation for water access segmentation follows these steps:
Initialize a population of salps with random positions (cluster centroids);

Evaluate the fitness of each salp using WCSS as the objective function;

Identify the best salp (food source) with the lowest WCSS value;
For each iteration,

L

(@)  Update the adaptive control parameter c1(I);
(b) Calculate feature weights (w;) based on attribute variances;

(c) Update the position of the leader salp using the feature-aware mechanism;
(d)  Update the positions of follower salps;

(e) Apply local search enhancement to the best solution;

(f) Assign each household to the nearest centroid;

(g) Evaluate the fitness of each salp;
(h)  Update the best solution if improved;

5. Return the best clustering solution

4. Water Access Clustering Implementation
4.1. Dataset Description

The dataset used in this study consists of 500 households from the El Hajeb region in
Morocco, characterized by 12 socio-economic indicators as described in Section 2.4. The
El Hajeb region was selected due to its diverse water access conditions, ranging from
well-connected urban areas to remote rural communities with limited water infrastructure.

Prior to clustering, the data underwent several preprocessing steps:

e Normalization of numeric attributes to the range of [0,1] using min—max scaling;
e Encoding of categorical variables using one-hot encoding;

*  Handling of missing values through imputation based on geographic proximity;
*  Feature correlation analysis to identify potential redundancies.

4.2. Parameter Settings
The ISSA was implemented with the following parameters:
*  Population size: 100 salps;
. Maximum iterations: 500;
*  Number of clusters (k): 5 (determined through silhouette analysis);
*  Adaptation coefficient (8): 0.5
e Initial local search coefficient (yg): 0.1.

For comparative analysis, we also implemented several other metaheuristic algorithms
with equivalent parameter settings: the standard SSA [6], Grey Wolf Optimizer (GWO) [13],
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Whale Optimization Algorithm (WOA) [14], Harris Hawks Optimization (HHO) [15],
Multi-Verse Optimizer (MVO) [16], and Genetic Algorithm (GA) [17].

4.3. Experimental Setup

All experiments were conducted using MATLAB R2021a on a machine with an Intel
Core i7-10700K CPU (Intel Corporation, Santa Clara, CA, USA), 32GB RAM, and Windows
10 operating system. For each algorithm, we performed 40 independent runs to ensure the
statistical validity of the results. The algorithms were evaluated based on the following
criteria:

*  (Clustering quality (WCSS, silhouette coefficient, and Davies-Bouldin Index);
*  Convergence behavior;

e Computational efficiency;

e  Stability across multiple runs;

* Interpretability of resulting segments.

5. Experimental Results
5.1. Clustering Quality Comparison

To comprehensively evaluate clustering performance, we employed four widely
used metrics: the Silhouette Coefficient (SC) [8], Davies—Bouldin Index (DBI) [9], Calin-
ski-Harabasz Index (CHI) [10], and Dunn Index (DI) [11]. Table 1 present the comparative
results across different algorithms.

Table 1. Comparison of clustering quality metrics across different algorithms.

Silhouette Davies—-Bouldin Calinski-Harabasz = Dunn

Algorithm Coefficient 1 Index | Index 1 Index 1
ISSA (Proposed) 0.732 0.421 832.6 0.196
SSA 0.480 0.645 652.1 0.124
GWO 0.525 0.595 736.2 0.143
WOA 0.493 0.622 691.5 0.132
HHO 0.472 0.672 625.8 0.112
MVO 0.461 0.715 593.7 0.102
GA 0.436 0.782 568.4 0.087

Note: 1 indicates higher values are better; | indicates lower values are better. Bold values indicate the best
performance for each metric.

The results demonstrate that the proposed ISSA significantly outperforms other meth-
ods across all metrics:

¢  Silhouette Coefficient: The ISSA achieves a 52.5% improvement compared to the
standard SSA (0.732 vs. 0.480), indicating significantly better cluster cohesion and
separation.

¢ Davies-Bouldin Index: The ISSA shows a 34.7% reduction compared to SSA (0.421 vs.
0.645), confirming better inter-cluster separation relative to intra-cluster dispersion.

*  Calinski-Harabasz Index: The ISSA delivers a 27.7% improvement over SSA (832.6 vs.
652.1), demonstrating a better ratio of between-cluster to within-cluster dispersion.

*  Dunn Index: The ISSA exhibits a 58.1% improvement compared to the SSA (0.196 vs.
0.124), indicating more compact and well-separated clusters.

*  WCSS: The ISSA achieves the lowest WCSS value (15200 vs. 19,500 for SSA), indicating
more compact clusters with better intra-cluster homogeneity.

We further verified the statistical significance of these improvements using the
Wilcoxon signed-rank test, which confirmed that the ISSA achieves significantly better
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results (p < 0.05) across all metrics and algorithms. Table 2 presents the p-values for the
comparisons.

Table 2. Wilcoxon test results (p-values) for water access clustering metrics.

Metric SSA GWO WOA HHO MVO GA
WCSS 3.02x10711 281x10711 1.10x10°% 3.02x10°1 3.02x10°1 1.85x10°8
Silhouette 3.02x10711 3.02x1011 3.02x10°1 3.02x10°1 3.02x101 3.02x101!

Davies-Bouldin ~ 4.68 x 107°  3.02 x 101 3,02 x 101 3.02x 10711 3.02x 10711 3.02x 107!

5.2. Convergence Analysis

Figure 1 illustrates the convergence behavior of different algorithms. The ISSA demon-
strates faster convergence, reaching high-quality solutions within approximately 150 itera-
tions, while other algorithms require significantly more iterations to achieve comparable
results.

%104 Convergence Curves for Water Access Clustering
T T T T T T

W W
W N R
T X

[
o

g
o

g
=

Within-Cluster Sum of Squares (WCSS)
& N R

-
[=2]

1.4
0 50 100 150 200 250 300 350 400 450 500
Iteration

Figure 1. Convergence curves of different algorithms for water access clustering. The y-axis represents
the Within-Cluster Sum of Squares (WCSS), and the x-axis represents the iteration number.

The key advantages of the ISSA’s convergence behavior include the following:

* A faster convergence rate, with the ISSA reaching a WCSS value of 15,200 compared
to the SSA’s 19,500;

* A more stable convergence trajectory with fewer oscillations;

*  Reduced likelihood of premature convergence, as evidenced by the continuous im-
provement in solution quality.

5.3. Performance Across Multiple Metrics

To provide a comprehensive evaluation, we compared the algorithms across four key
metrics: the silhouette coefficient, Davies—-Bouldin index, Calinski-Harabasz index, and
Dunn index. Figure 2 presents a radar chart visualizing these results.
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Algorithm Performance Comparison for Water Access Clustering

Davies-Bouldin Index

Calinski-Harabasz Index Silhouette Coefficient

Dunn Index

1S3A
S5A

GWO
WOA

Figure 2. Radar chart comparing algorithm performance across multiple clustering metrics (nor-
malized to the [0,1] range). Different colored lines represent different algorithms, with ISSA shown
in blue.

The ISSA consistently outperforms all other algorithms across all four metrics:

* A 27.7% higher Calinski-Harabasz index compared to the SSA (832.6 vs. 652.1);
* A 58.1% higher Dunn index compared to the SSA (0.196 vs. 0.124).

This multi-metric evaluation confirms the superior clustering quality achieved by
the ISSA.

6. Cluster Analysis and Interpretation
6.1. Identified Water Access Segments
The ISSA identified five distinct water access segments, each with unique characteris-

tics and implications for infrastructure development strategies. Figure 3 shows the PCA
visualization of these clusters.
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PCA Visualization of Water Access CIL.J sters

®  Full Network Access (21%)
Partial Network Access (24%

O Limited Access (18%)
Minimal Access (19%)

© Variable Access (18%)

)

Principal Component 2

Principal Component 1

Figure 3. PCA visualization of the five identified water access clusters. Star markers indicate cluster
centroids, with different colors representing different segments: Cluster 1 (red), Cluster 2 (blue),

Cluster 3 (green), Cluster 4 (orange), and Cluster 5 (purple).
6.2. Segment Profiles

Figure 4 presents a heatmap visualization of the cluster centroids across all 12 socio-

economic criteria, providing deeper insights into each segment’s characteristic profile.

Cluster Centroids Across Socio-Economic Criteria

Full Network Access (21%)

Partial Network Access (24%)

Limited Access (18%)

Water Access Clusters

Minimal Access (19%)

Variable Access (18%)

@ b @ & o =) A ® @
i S AL I RV L e
& s} ANl &
4 ) ¢ @ ot § 2@ 5 o © < .
TS AR e wP A
\a‘-‘”g“ \ﬂa""e @ g AR & o o ®

Socio-Economic Indicators

Figure 4. Heatmap visualization of water access cluster centroids across 12 socio-economic criteria.

The color scale ranges from blue (low values) to red (high values), with rows representing the five

water access clusters and columns representing the 12 socio-economic indicators.

6.2.1. Full Network Access (21%)

This segment represents households with comprehensive water network connectivity.

Key characteristics include the following;:

*  High infrastructure scores (0.92, on average);
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¢ Modern housing types with complete basic facilities;

*  Higher education levels (0.75 average score);

¢ Primarily urban or peri-urban locations;

¢  Strong correlation between income and water infrastructure quality.

6.2.2. Partial Network Access (24%)
This segment consists of households with reliable but not comprehensive water access:

*  Good infrastructure scores (0.85, on average);

*  Mixed housing types with adequate basic facilities;

*  Moderate education levels (0.70 average score);

*  Located in developing areas with expanding infrastructure;

*  Moderate correlation between education and water access quality.

6.2.3. Limited Access (18%)
This segment represents households with basic water access but significant limitations:

*  Medium infrastructure scores (0.55, on average);

*  Basic housing with limited facilities;

* Lower education levels (0.45 average score);

*  Primarily rural locations with developing infrastructure;

*  Strong correlation between distance to roads and water access.

6.2.4. Minimal Access (19%)
This segment includes households with severe water access challenges:

. Poor infrastructure scores (0.35, on average);

¢  Traditional housing with minimal facilities;

*  Low education levels (0.38 average score);

*  Remote rural locations with limited development;
¢ High dependence on natural water sources.

6.2.5. Variable Access (18%)
This segment represents transitional communities with inconsistent water access:

*  Moderate infrastructure scores (0.62, on average);

¢  Diverse housing types and facility levels;

*  Mixed education levels (0.58 average score);

¢  Communities undergoing development transitions;
*  Significant variability in water access quality.

6.3. Silhouette Analysis

To validate the quality of the clustering solution, we conducted a silhouette analysis,
which measures how well each household fits within its assigned segment. Figure 5
presents the silhouette plot for the ISSA clustering solution.

The silhouette analysis confirms the following:

*  High overall clustering quality, with a mean silhouette coefficient of 0.732;

e  Strong cluster assignment confidence, with 94% of households having silhouette
values above 0.6;

*  Minimal potential misclassification, with only 6% of households having silhouette
values below 0.4;

*  C(lear separation between the five identified segments, with minimal overlap.



Eng. Proc. 2025, 97, 38 12 of 17

Silhouette Plot for ISSA Water Access Clustering

Cluster 5 [~

Cluster 4 [~

Cluster 3 [
Mean = 0.664

Household

Cluster 2 [~

Cluster 1

LI T R R R R R

0.2 0 0.2 0.4 0.6 0.8 1
Silhouette Value

Figure 5. Silhouette plot for ISSA water access clustering solution. Each colored section represents a
different cluster, with the width indicating the number of data points and individual bars showing
silhouette values for each household.

6.4. Category-Based Performance Analysis

For a more intuitive understanding of water access segments, we analyzed their
performance across four major categories: infrastructure, education, basic amenities, and
accessibility. Figure 6 presents this comparison.

Water Access Cluster Performance by Category

Education

Basic Amenities Infrastructure

Accessibility

Full Network Access (21%)
Partial Network Access (24%)
o Limited Access (18%)
Minimal Access (19%)
Variable Access (18%)

Figure 6. Performance of water access clusters across major categories using radar chart visualization.
Each colored line represents a different cluster’s performance profile across the four main categories.
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Impact Score

The analysis highlights the distinctive performance profiles of each water access segment:

Full network access demonstrates balanced excellence across all categories (0.78-0.92).
Partial network access shows strong infrastructure performance (0.85) but relatively
weaker accessibility (0.75).

Limited access exhibits moderate scores in basic amenities (0.58), with significant
weaknesses in infrastructure (0.55).

Minimal access shows poor performance across all dimensions (0.30-0.41).

Variable access displays a balanced profile (0.55-0.68), without pronounced strengths
or weaknesses.

Figure 7 further illustrates the impact of each socio-economic factor on the identified

water access clusters.

Impact of Socio-Economic Factors on Water Access Clusters
1 T

' ‘ ' ' I Full Network Access (21%)
L | |EEIPartial Network Access (24%)
8.9 CLimited Access (18%)
[CMinimal Access {19%)
0.8 | |IEEEVariable Access (18%)
07 1
0.6 L J
0.5 [ 1
04r 1
031 1
0.2 - 1
01 F 1
] L1l L1l L1l L1l Lil
© o &
o & o e oo?
25" @ R e @
o S 2¢ o
2 oe

Figure 7. Impact of socio-economic factors on water access clusters.

6.5. Socio-Economic Correlates

Analysis of the socio-economic characteristics across segments reveals several impor-

tant correlations, as illustrated in Figure 8.

The correlation analysis reveals the following:

Strong positive correlation (r = 0.87) between infrastructure score and water access;
Strong positive correlation (r = 0.82) between comfort score and water access;
Moderate positive correlation (r = 0.76) between education level and water access;
Strong negative correlation (r = —0.68) between distance to roads and water access;
Weak positive correlation (r = 0.34) between household size and water access.

These correlations highlight the multi-dimensional nature of water access challenges,

involving infrastructure, geographic, educational, and economic factors.
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Correlation Between Socio-Economic Factors and Water Access

Household Size
Profession Type

School Enrollment [

Distance to Road
Meodern Amenities
Kitchen Presence [
Waste Management [~
Education Level
Bathroom Presence [
Toilet Presence -

Comfort Score [

Infrastructure Score

1 1 1 1 1 1 1 1
-1 0.8 0.6 0.4 0.z 0 0.2 0.4 06 08 1
Correlation Coefficient

Figure 8. Correlation between socio-economic factors and water access level. Blue bars represent
positive correlations while the orange bar represents negative correlation, with correlation coefficients
displayed for each factor.

7. Policy Implications and Recommendations
The segment-based analysis provides valuable insights for tailored water infrastruc-

ture development strategies. Based on the identified segments, we propose the following
policy recommendations:

7.1. Segment-Specific Strategies

7.1.1. Full-Network-Access Communities

*  Focus on sustainability and maintenance of existing infrastructure;

¢  Implement water conservation programs to optimize usage;

¢ Develop smart water management systems leveraging existing infrastructure.

7.1.2. Partial-Network-Access Communities

*  Prioritize completion of network gaps to achieve full coverage;
*  Implement reliability improvement programs to address intermittent supply;
*  Develop community-based monitoring systems to identify infrastructure weaknesses.

7.1.3. Limited-Access Communities

*  Develop intermediate solutions combining centralized and decentralized approaches;
e Implement phased infrastructure development with clear progression paths;
e  Establish community water management committees to oversee distribution.

7.1.4. Minimal-Access Communities

*  Prioritize basic water access through appropriate technology solutions;
*  Develop emergency water supply systems for drought periods;
¢ Implement water quality monitoring and treatment programs.



Eng. Proc. 2025, 97, 38

15 of 17

7.1.5. Variable-Access Communities

*  Conduct detailed assessments to understand variability factors;
*  Develop flexible infrastructure solutions that are adaptable to changing conditions;
* Implement targeted interventions addressing specific access bottlenecks.

7.2. Regional Development Frameworks

Beyond segment-specific strategies, the analysis supports several broader policy frameworks:

7.2.1. Spatial Equity Framework
Addressing center—periphery disparities requires a spatial equity framework that

*  Allocates resources inversely proportionally to current access levels;
*  Develops infrastructure corridors connecting isolated communities;
e  Establishes regional water access standards applicable across geographic contexts.

7.2.2. Integrated Development Approach

The strong correlations between water access and other socio-economic factors suggest
the need for an integrated development approach that

*  Coordinates water infrastructure development with education initiatives;
*  Aligns water access programs with economic development strategies;
* Integrates water infrastructure planning with transportation networks.

7.2.3. Adaptive Management Framework

The dynamic nature of water access challenges, particularly in transitional communi-
ties, necessitates an adaptive management framework that

¢ Implements regular monitoring and segmentation updates;
*  Develops flexible funding mechanisms that can respond to changing needs;
*  Establishes clear progression pathways for communities transitioning between segments.

8. Conclusions

This study presented an enhanced approach to water access segmentation using an Im-
proved Salp Swarm Algorithm (ISSA), addressing the complex challenge of understanding
and categorizing water access patterns in developing regions. The ISSA, with its adaptive
control parameter, feature-aware mechanism, and local search enhancement, demonstrated
superior performance in clustering households based on water access characteristics and
related socio-economic factors.

The application of the proposed methodology to a real-world dataset from the El
Hajeb region in Morocco revealed five distinct water access segments with clear geographi-
cal and socio-economic patterns. These segments provide valuable insights for targeted
infrastructure development strategies and policy interventions.

Key contributions of this research include the following:

*  Development of an enhanced metaheuristic algorithm specifically tailored for water
access segmentation that achieved a 52.5% improvement in silhouette coefficient over
the standard SSA;

*  Identification of five distinct water access patterns with clear policy implications;

*  Analysis of spatial distribution patterns, revealing critical geographic disparities;

*  Development of a framework for translating segment characteristics into tailored
policy recommendations.

Future research directions include the following;:

¢  Longitudinal analysis to track segment transitions over time;
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¢ Integration of climate change projections to assess future water access vulnerabilities;

¢ Development of hybrid segmentation prediction models for comprehensive water
access planning;

*  Extension of the methodology to other infrastructure domains, such as energy and
telecommunications.

The segmentation approach presented in this study provides regional planners and
policymakers with a powerful tool for understanding the complex patterns of water ac-
cess and developing targeted interventions that address the specific needs of different
community segments. By moving beyond one-size-fits-all approaches, this methodology
contributes to more effective and equitable water infrastructure development strategies.
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