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Abstract

Population growth and rapid industrialisation have imposed excessive demand for
groundwater in Pacific Island countries (PICs). To meet this demand, over-pumping of
groundwater is practised in the majority of the PICs, which eventually causes saltwater
intrusion (SWI) in coastal aquifers. In addition, the geographical location of PICs makes
them more vulnerable to natural means of SWI. However, other anthropogenic activities
and natural factors also cause groundwater contamination and SWI in PICs. SWI poses a
significant threat to the sustainability of coastal aquifers in small PICs, driven by both
anthropogenic and natural factors. This thesis focuses on developing efficient, reliable,
and robust methodologies to manage SWI in these aquifers using mathematical models,
machine learning, simulation-optimisation (S-O), and digital twin (DT) technologies. It
further examines how climate change, human activities, and natural disasters impact
groundwater resources across PICs. By addressing these challenges, the research
contributes to the long-term sustainability of groundwater resources vital for these

nations' development.

A comprehensive analysis was conducted to evaluate the effects of anthropogenic
activities and natural factors on groundwater resources, focusing on Tonga. This study is
the first to investigate various aspects of climate change and how it ultimately affects
groundwater resources in Tonga. Limited studies have been done on the evaluation of
groundwater use sustainability in Tonga, and so far, no specific investigation has been
reported on the links between salinity trends, over-abstraction, long-term rainfall patterns,
net recharge, sea level rise and CO: emissions on groundwater in Tonga. Hence, this study
provides novel insights into Tonga's groundwater condition and opens pathways for

further studies in the domain of groundwater research.

Historical data revealed that increased groundwater pumping in Tongatapu has
caused significant salinity to increase over 42 years. Concurrently, long-term rainfall and
net recharge have declined over 61 years, largely due to reduced precipitation and
atmospheric heating from rising carbon dioxide (CO:) emissions. Rising sea levels have
exacerbated SWI, further contaminating coastal aquifers. This analysis highlights the
urgent need for innovative management strategies that incorporate climate change

mitigation, reduced abstraction rates, and carbon footprint reduction. These findings



underline the necessity of advanced modelling techniques, such as 3D numerical and Al-

based models, for improved SWI prediction and management.

To address the SWI challenges in PICs, a SEAWAT-based 3D numerical
simulation model was developed for an illustrative study area testing different SWI
management scenarios. While field data limitations restricted precise calibration,
hydrogeological parameters and boundary conditions were incorporated to simulate the
system's response under seven scenarios. The scenarios included changing the barrier
wells (BWs), injection wells (IWs), recharge, hydraulic head, hydraulic conductivity and
grid size. Apart from salt, leachate and engine oil were also modelled in the current study
area to see how they affect the freshwater wells over time. The scenario-based sensitivity
analysis tests indicate that IWs, recharge, and hydraulic conductivities are highly
sensitive, and with the proper modification, SWI can be managed or regulated. The
sensitivity of grid size showed that the simulated results varied within the 10% range of
different gird sizes. Moreover, it was also found that the rise in sea level or coastal heads
by 0.3m-1m does not significantly cause further SWI in aquifers. However, a sea level
rise above 1m would increase SWI rates. The results from this study are very crucial in
this modern era when freshwater needs in coastal areas, especially PICs, are rapidly
increasing, and fresh groundwater resources are declining. The novel outcome presented
in this study opens pathways for further detailed modelling and numerical studies in the

field of SWI management strategies development.

To enhance the realism of these models, randomised hydraulic conductivities
(RHCs) were introduced to simulate aquifer heterogeneity. Using MATLAB, over 10000
randomised K values were generated for three hydraulic conductivity ranges (K-1 = 15
to 25 m/day, K-2 = 5 to 40 m/day, and K-3 = 2 to 100 m/day) and integrated into
MODFLOW, MT3DMS and SEAWAT. The random integers and Halton Sequence were
used to generate random hydraulic conductivities. The illustrative study area was selected
for this simulation, leveraging available hydrogeological and raster data. Results
indicated that RHCs reduced computational burdens and made the models more
representative of field conditions. Importantly, SEAWAT demonstrated convergence
under heterogeneous conditions, affirming its capability for complex simulations. This
study is crucial, and the novel insight from this study is that this is the first study to

randomise hydraulic conductivities in the SEAWAT code to develop a numerical model
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for a coastal aquifer. The methods used to randomise the hydraulic conductivities are also

the first to be used in this study.

After successfully developing and simulating the 3D numerical model using the
SEAWAT code for the illustrative study area, a similar methodology was applied, and a
3D model was developed for a real study area. The methodology was applied to Tagabe
coastal aquifer, which mostly supplies the groundwater to the capital city, Port Vila, in
Vanuatu. The knowledge gained from this study is novel and of foremost importance for
Vanuatu and all other surrounding island nations in the Pacific region, as it will provide
optimal SWI management strategies by considering uncertainties, including climate
change. This study also provides new knowledge to stakeholders and/or bore drilling
companies who want to harvest groundwater in Vanuatu, as it gives them the benchmark

of fresh groundwater's daily or yearly production rates.

The study on Tagabe coastal aquifer marks the first SEAWAT-based numerical
model developed, calibrated, and validated using field data for Vanuatu. Scenario testing
identified that a combination of BWs and IWs offered the most effective SWI mitigation
strategy. Additionally, sea level rise projections up to 2043 indicated limited immediate
impact under current estimates but underscored the need for extended modelling to
account for uncertainties and higher sea level scenarios. The study also highlighted the
need to balance BW and production well (PW) pumping rates to prevent unintended
consequences, such as increased SWI or saline water disposal challenges. Hence, optimal

SWI management strategies are needed for managing water in Tagabe coastal aquifer.

To optimise SWI management strategies further, an S-O methodology was
developed, combining numerical simulation with machine learning-based surrogate
ensemble models. Twelve surrogate models were trained using input-output patterns from
SEAWAT simulations. The top five models ranked using Shannon’s entropy weight,
were selected to form ensemble models for each monitoring location. These ensemble
models, externally linked to a Controlled Elitist Multi-Objective Genetic Algorithm
(CEMOGA), successfully optimised SWI management strategies by resolving conflicting
constraints. The results from the S-O models are of global significance as they build on
the current knowledge of utilising machine learning models in SWI predictions. This
study will contribute to the knowledge of which surrogate or ensemble is robust,

computer-efficient and accurate in predicting the SWI of a complex and heterogeneous
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real island aquifer. A large number of surrogates and ensembles would also provide a
benchmark for the accuracy of SWI predictions in an island coastal aquifer. Another
important aspect of using multi-objective S-O is that it uses a limited number of input-
output training patterns to train the surrogate models. This approach saved computational
time and provided efficiency in developing the surrogate models. Hence, using fewer
input-output datasets is another novelty of the S-O model. The results will provide
justifications of which decision theories are important in selecting surrogate and ensemble
models. Moreover, the results will also highlight the importance of using CEMOGA

algorithm in drawing up robust multi-objective SWI management strategies in Vanuatu.

The S-O model achieved Pareto optimal solutions, maximising PW pumping,
minimising BW pumping, and maintaining salt concentrations below allowable limits.
Validation of these solutions showed minimal relative errors (<7%) between surrogate
ensemble and numerical models, affirming their reliability. The S-O methodology also
demonstrated the potential of machine learning in groundwater management. Surrogate
ensemble models reduced computational burdens and effectively predicted SWI with
limited datasets. However, implementing and validating optimal strategies in real-world
scenarios necessitated a more dynamic approach, leading to the development of a DT

model for the Tagabe coastal aquifer.

The DT framework integrated the 3D numerical model, surrogate ensemble models,
and S-O techniques to create a virtual replica of the aquifer. Simulated data from
illustrative field sensors triggered real-time updates between the physical and virtual
systems. The DT was used to optimise pumping strategies under five scenarios of
maximum allowable salt concentrations (ranging from 0.45 to 1.15 kg/m?). Scenario 3
(0.75 kg/m?) offered the best balance, allowing 17,317 m?*/day of PW pumping and 202
m?/day from BWs. Higher salt concentration scenarios increased extraction rates but
required greater BW pumping, highlighting trade-offs between sustainability and
resource demand. The DT demonstrated a relative error of less than 10%, confirming its

reliability for SWI management.

This innovative application of DT in SWI management underscores its
transformative potential for sustainable water resource governance. The application of
DT in SWI management in coastal aquifers has not been applied yet. By enabling real-

time monitoring, simulation, and optimisation, the DT provided critical insights into
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future scenarios and adaptive management strategies. Its integration of smart sensors and
feedback loops promises enhanced decision-making and resource conservation, setting a
global precedent for groundwater management. The results from this thesis demonstrate
that numerical models, surrogate ensemble models, S-O methodologies, and DTs are
effective tools for managing SWI in coastal aquifers. The findings offer actionable
strategies for policymakers, water managers, and stakeholders in PICs, enabling
sustainable groundwater extraction and long-term aquifer protection. The methodologies
and insights developed can also be adapted to other regions globally facing similar

challenges, contributing to the broader field of groundwater resource management.
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1.1 Overview

This chapter describes the background of the problem statement — saltwater
intrusion in coastal aquifers. Section 1.2 of this chapter outlines the theoretical
background, causes and solutions of managing saltwater intrusion in Pacific Island
countries. Section 1.3 of this chapter talks about the significance of this research. Section
1.4 outlines the aims and objectives of this thesis. Lastly, Section 1.5 describes the thesis

organisation and structure.

1.2 Outline

Water of suitable quality for drinking is essential for life on Earth. Often referred
to as "Blue Gold" due to its immense value (Vidal, 2002; Collins, 2015), drinking water
is sourced from various locations, with groundwater being one of the oldest and most
utilised. Groundwater is freshwater stored beneath the Earth’s surface in the spaces
between rocks or in saturated zones (Margat and Gun, 2013). It occurs in two subsurface
zones: the zone of aeration, which holds less water bound to soil and rock by capillary
forces, and the zone of saturation, where water completely fills the pores and spaces in
the rocks, separated by the water table (Baldwin and McGuinness, 1963). Of the
approximately 3% of the Earth's water classified as freshwater, 95% 1is stored as
groundwater, with surface water accounting for 3.5% and soil moisture making up 1.5%.
However, only 0.36% of freshwater is easily accessible for use (Leopold, 1947).
Groundwater supports over 2 billion people globally (~32%) and accounts for about one-
third of freshwater consumption worldwide (Morris et al., 2003; Famiglietti, 2014;
Gorelick and Zheng, 2015). In coastal regions, which host more than 70% of the global
population, groundwater plays a critical role in meeting water demands (Bear et al., 1999).
While 50% of groundwater is used for drinking, 40% serves industrial purposes, and 20%
is used for irrigation (Foster and Chilton, 2003; Hao et al., 2018).

Groundwater systems are highly dynamic and complex, shaped by various physical
and environmental factors. Groundwater recharge occurs naturally through precipitation
and infiltration, while discharge takes place via springs, streams, and wells. The
interconnectedness of groundwater and surface water is crucial for sustaining aquatic

ecosystems and fulfilling water demands across multiple sectors (Alley et al., 1999).
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However, over-extraction of groundwater can result in resource depletion, land
subsidence, and saltwater intrusion in coastal areas. The quality of groundwater is a
critical component of its management. It is vulnerable to contamination from both natural
and human-induced sources, such as agricultural runoff, industrial discharges, and septic
systems. Polluted groundwater poses serious risks to public health and the environment
and is often expensive and challenging to remediate (Li et al., 2021). Consequently, the
regular monitoring and management of groundwater quality are essential to ensure the

sustainability of these resources.

Climate change further complicates groundwater management. Variations in
precipitation patterns and rising temperatures can influence groundwater recharge rates
and distribution. Additionally, extreme weather events such as droughts and floods can
have profound impacts on groundwater systems (UNESCO, 2021). Implementing
effective management strategies such as water conservation, land use regulation, and
pollution control is vital to mitigating the effects of climate change and ensuring the long-

term availability and quality of groundwater.

Over-abstraction, industrialisation, growing population and extensive agricultural
usage impose significant constraints on groundwater availability and use. One of the
major impacts of unplanned constant use of groundwater is saltwater intrusion (SWI) in
coastal aquifers. SWI occurs when saltwater infiltrates freshwater aquifers due to
excessive groundwater pumping, sea-level rise, or other anthropogenic activities. This
phenomenon, driven by differences in the density of saltwater and freshwater as well as
hydraulic gradients within aquifers, can severely degrade groundwater resources,
ecosystems, and the communities that depend on them (Werner et al., 2013). Proactive
measures are necessary to address these challenges and safeguard groundwater resources

in such vulnerable regions.

SWI is a growing problem around the globe, including smaller island nations. In
Pacific Island Countries (PICs), groundwater sources are mainly affected by SWI in
coastal aquifers due to their geographic locations and excessive use of groundwater. In
PICs, groundwater is also the main source of fresh water for domestic use and irrigation.
To ensure the future sustainability of valuable groundwater resources in coastal areas, the
development and implementation of groundwater monitoring, management, and

prevention techniques are essential.
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The current study will provide various SWI management strategies and techniques
using mathematical, empirical, numerical and machine learning-based models. The
knowledge gained from this study is novel and important for small island nations in the
Pacific region, as it will provide optimal SWI management strategies by considering
uncertainties, including climate change and sea level rise. The strategies provided will
help protect groundwater resources for future use and help reduce saline water
contaminations. In addition, this study will also provide new knowledge, and
policymakers and water engineers will use the results from this study in modelling,
planning, and decision-making to conserve and utilise the water resources of coastal

aquifers.

1.3 Research Significance

Various natural, climate and anthropogenic impacts threaten the freshwater aquifers
around the globe and in PICs. The land area of PICs is small and fully surrounded by
ocean water, which leads to SWI more often by natural means. Also, the groundwater in
PICs is also contaminated by anthropogenic means. Freshwater reserves in coastal
aquifers are continuously degrading, necessitating sustainable management strategies and
policies. It is surprising to note that while threats to groundwater reserves are
acknowledged, research, conception and implementation of water management

frameworks have been very poor.

The problem of coastal aquifer management remains a practical concern in many
parts of the world. This proposed research fills this gap by providing improved techniques
for regulating groundwater withdrawals without compromising groundwater reserves in
coastal aquifers. In addition, the application of management strategies in a real-life case
study aquifer is a key feature of this study. This application will also help in developing
efficient and improved regional-scale coastal aquifer management strategies for similar

coastal aquifers subjected to SWI.

Moreover, the present study will be useful to groundwater users, consultants,
engineers, firms, stakeholders, and policymakers in developing robust and optimum
monitoring, management, and prevention techniques to minimise the impact of SWI on
coastal aquifers. The simulated-synthetic (S-S) data will be used with reference to PICs
for the sustainable management of groundwater resources. SEAWAT-based modelling,

new surrogate ensemble models, coupled simulation-optimisation models would be used
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to provide optimum solutions for SWI management in coastal aquifers. The development
of various methodology components will be tested utilising simulated synthetic and field
data. A digital twin model will be developed for the real site aquifer or a specific part of
the aquifer better to evaluate the SWI and groundwater management system performance.
Digital twin technology is fairly new in water sectors and it has not been used in
groundwater or coastal aquifer systems. The developed SWI management methodologies
will be validated with real-life aquifer data from a selected PIC, e.g., Vanuatu, to test the

performance of the developed methodology for the actual management of coastal SWI.

Furthermore, this proposed research focuses on coastal aquifer management efforts,
building research capabilities and providing results of substantial benefit in an area
critical to a nation’s sustainability. This research fills a major gap in current coastal
aquifer management capabilities and application, especially to tropical PIC, by delivering
improved, reliable, robust and practical management solutions. Lastly, the developed
coastal aquifer management methodology will help solve current SWI problems and
possibly avoid or explore future unforeseen problems. The outcome of this work will
impart new knowledge and permit better long-term regional-scale management, planning,

and governance of precious yet fragile groundwater resources in coastal aquifers.

Climate change and other natural disasters impacting the groundwater quality will
also be incorporated. This study, when completed, will provide new tools and techniques,
especially for application in PICs with the primary freshwater sources coming from
groundwater resources. The results from this proposed study will be useful in addressing

the salinity intrusion process and the consequences related to climate change.

1.4 Aims and Objectives

The aim of this research is to develop more efficient, reliable and robust
mathematical, machine learning, simulation-optimisation and digital twin models for
managing saltwater intrusion of Pacific Island coastal aquifers for the long-term
sustainability of groundwater resources. This study also aims to analyse the
anthropogenic factors and natural disasters affecting groundwater resources in Pacific

Island countries (PICs).

The specific objectives of this study are as follows:



Chapter 1: Introduction

Objective 1: Explore the plausible impact of climate change in terms of sea level
rise and CO; emission levels on groundwater withdrawal and groundwater quality for a

natural aquifer system in a Pacific Island country.

Objective 2: Develop and evaluate simulated-synthetic aquifer data-based models
integrating numerical modelling and scenario-based sensitivity analysis for saltwater

intrusion management using a complex heterogeneous island aquifer.

Objective 3: Develop and evaluate a numerical simulation model using randomised
hydraulic conductivities and stochastic application of simulated-synthetic data for

groundwater salinity management and decision-making.

Objective 4: Develop and evaluate a SEAWAT-based 3-dimensional numerical
model to simulate and predict groundwater salinity concentrations in a real case study

aquifer system in a Pacific Island country.

Objective 5: Develop and evaluate a multi-objective simulation-optimisation-based
model for sustainable management of Pacific Island coastal aquifer systems,
incorporating surrogate ensemble models as approximate predictors of salinity

concentrations.

Objective 6: Develop and implement a digital twin model of a Pacific Island country
aquifer system using real-time data to further evaluate management strategies under

various management and input uncertainties scenarios.

1.5 Thesis organisation and structure

This thesis consists of nine chapters. The main contents of chapters 2, 3, 4, 5, and
6 have been published in peer-reviewed journals, while chapters 7 and 8 are under review.
References to published and under-reviewed articles are given at the beginning of each

chapter. A summary of the major contents of each chapter is given below.

Chapter 1 provides the broad framework of the coastal aquifer management

problem, the thesis aims and objectives, and the thesis structure.

Chapter 2 provides a detailed background, literature review and knowledge gap on

managing saltwater intrusion in coastal aquifers for Pacific Island countries.

Chapter 3 evaluated the impacts of climate change and water over-abstraction on
groundwater resources in the Pacific island country of Tonga.

5
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Chapter 4 uses a complex heterogeneous island aquifer system to integrate
numerical modelling and scenario-based sensitivity analysis for saltwater intrusion

management.

Chapter 5 uses randomised hydraulic conductivities and stochastic application for

groundwater salinity management and decision-making in numerical simulation models.

Chapter 6 provides saltwater intrusion management strategies using numerical

modelling techniques in the Pacific Island country of Vanuatu.

Chapter 7 deals with the surrogate ensembles and multi-objective simulation-
optimisation model for managing saltwater intrusion in a coastal aquifer for a Pacific

Island country.

Chapter 8 describes the conceptual development and implementation of a digital

twin model for managing saltwater intrusion of an island coastal aquifer.

Chapter 9 discusses the summary, conclusions and recommendations for future

work.
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The main contents of this chapter have been published and copyrighted as outlined

below:

Sharan, A., Lal, A., & Datta, B. (2021). A review of groundwater sustainability crisis in
the Pacific Island countries: Challenges and solutions. Journal of Hydrology, 603,
1-15. https://doi.org/10.1016/1.jhydrol.2021.127165

2.1 Overview

This chapter comprehensively reviews the groundwater sustainability crisis in
different Pacific Island countries. It also identifies different water sources in Pacific
Island countries, the significant challenges groundwater faces, and solutions or strategies

for monitoring, managing, and preventing the identified challenges.

2.2 Executive Summary

Population growth and rapid industrialisation have imposed excessive demand for
groundwater in Pacific Island countries (PICs). To meet this demand, over-pumping of
groundwater is practised in majority of the PICs, which eventually causes saltwater
intrusion (SWI) in coastal aquifers. The geographical location of PICs makes them more
vulnerable to natural means of SWI. However, anthropogenic activities also cause
groundwater contamination in PICs. The main objectives of this review are to identify the
water sources in PICs, the major challenges groundwater faces, and solutions or strategies
for monitoring, management, and prevention of the identified challenges. This study has
revealed that SWI is highly common in PICs and that there is a knowledge gap with
limited research on groundwater. This review also highlights that the use of the latest
technologies, 3D modelling, simulation-optimisation techniques, artificial intelligence,
relevant policies and regulations on groundwater and mass awareness will help in
monitoring, managing and preventing SWI and other ways of contamination in coastal

aquifers for PICs.

2.3 Introduction

Water of acceptable quality and fit for drinking purposes is essential for survival on
Earth. Water is so precious that it is also termed as Blue Gold! (Vidal, 2002; Collins,
2015). Drinking water can be available from various sources, with groundwater being the

oldest and widely used water source. Groundwater is merely freshwater present

7



Chapter 2: Literature review

underneath the Earth's surface between rock spaces or in saturated zones (Margat and
Gun, 2013). Groundwater is found in two zones beneath the Earth surface, namely, zone
of aeration and zone of saturation, separated by the water table. The zone of aeration has
less water held to the soil and rocks by capillarity force, whereas the zone of saturation is
filled with water in all the rock spaces and its pores (Baldwin and McGuinness, 1963).
Approximately 3% of the world's water is freshwater, of which 95% is groundwater, 3.5%
1s surface water and 1.5% is soil moisture. However, only 0.36% of freshwater is readily
available for usage (Leopold, 1947). More than 2 billion people (~32%) are dependent on
groundwater (Morris et al., 2003), or approximately one-third of freshwater is consumed
globally (Famiglietti, 2014; Gorelick and Zheng, 2015). More than 70% of the world's
population living in coastal areas is directly and indirectly linked with groundwater (Bear
et al., 1999). Groundwater is not only used for drinking but for other purposes as well.
Only 50% of groundwater is used as drinking water, 40% and 20% are used for industrial

and irrigation, respectively (Foster and Chilton, 2003; Hao et al., 2018).

The use of groundwater has increased due to population growth, agriculture,
environmental demands, tourism, increased living standards and industrialisation (Hanjra
and Qureshi, 2010; Howard, 2015; Neumann et al., 2015; Hamed et al., 2018).
Groundwater is highly demanding in this era, including Pacific Island countries (PICs).
The PICs are surrounded by the largest and deepest ocean in the world — the Pacific Ocean
(NOAA, 2021), yet people do not have access to safe drinking water. Pacific Island
consists of 22 countries with ~550,000 km? of land area (Weber, 2007), of which some
selected country profiles are given in Table 2.1 and the map of PICs is shown in Figure

2.1.

The rise in sea level, climate change and water usage has mandated us to do a
thorough review, largely focusing on the groundwater crisis, challenges and solutions in
PICs. This review will provide an in-depth analysis of twelve major PICs water resources,
water challenges, saltwater intrusion (SWI) and salinity levels in some selected boreholes.
This review is different from other research work as it will discuss the knowledge gap
and the amount of research conducted on sustaining groundwater resources, which will
help other researchers focus on areas where significant work is needed in PICs. Moreover,
this study will provide robust solutions for monitoring, managing and preventing SWI

and other groundwater contaminants.
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2.4 PICs water resources and associated challenges — detailed
background

The PICs are spread out geographically, with Papua New Guinea (PNG) being the
largest and Nauru being the smallest. All the PICs listed in Table 2.1 share groundwater

as a common natural resource.
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Figure 2.1: The Pacific Islands.

The major water sources in these twelve PICs are shown in Figure 2.2. These twelve
PICs use groundwater from aquifer systems, wells and boreholes. Apart from
groundwater, around 67% of them use rainwater, 33% use surface water and 12%
of countries use desalination plants to purify water for daily needs, as deduced from
Figure 2.2. The twelve PICs' background, water resources and challenges will be
discussed as follows: (1) Cook Islands (21.24° S, 159.78° W) comprises 15 widely
spread islands clustered in Southern and Northern groups with tropical climates
(Carruthers, 2009). The country's major income is tourism. However, it also gained from
agriculture, offshore banking, and black pearls (CIA, 2021). There is great potential for
groundwater in this country. However, it needs further studies and better monitoring and
management plans. The major concerns for Cook Islands groundwater are saltwater

intrusion (SWI) in coastal aquifers, high demand or reticulated usage of water for
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agriculture, contamination of groundwater due to the leakage of lavatory septic tanks,

waste from animal farms located near rivers and streams, lack of vivid water usage and

supply policies (Antoniou et al., 2018).

® Groundwater Surface water @ Rain water @ Desalination
Figure 2.2: Major water sources in Pacific Island countries.

(2) Fiji (17.71° S, 178.06° E) is a much more developed country when compared
with other PICs with tropical climates. The primary income for Fiji is from tourism,
agriculture, sugar exports, and minerals (Gounder, 2020). Rural and low-lying island
communities extensively use groundwater for daily needs in all aspects. Groundwater
usage started in the 1970s by digging boreholes, and currently, more than 800 boreholes
are registered in Fiji's Mineral Resource Department (IGRAC, 2016). Fiji produces more
than 120000 mega litres of water annually from 55 water treatment plants (WAF, 2019).
The monthly freshwater production in Fiji for the year 2016 is shown in Figure 2.3.
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Figure 2.3: Fiji's total freshwater water production in year 2016. Source (WAF, 2019).

Fiji

lacks thorough monitoring of groundwater reserves, issuing rights in

groundwater exploration to public and private sectors and SWI monitoring (Mimura,

1999).
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Table 2.1: Pacific Island countries and territories summary. Source (‘World Population Review, 2021; *Falkland, 2002).

Approximate

Country! Sub-Region' Population (in Land Area . Island Geology’
2020)! (per km sq.)
Cook Islands Polynesia 17564 236 Atoll, volcanic, volcanic & limestone
Fiji Melanesia 896445 18272 Volcanic, limestone, atoll
Kiribati Micronesia 119449 811 Majority atoll, 1 limestone
Nauru Micronesia 10824 21 Limestone
Niue Polynesia 1626 260 Limestone
Palau Micronesia 18094 459 Limestone, volcanic
f;lr\)llg)New Guinea Melanesia 8947024 462840 Atolls, coral Is., volcanic, limestone
Samoa Polynesia 198414 2842 Volcanic
Solomon Islands Melanesia 686884 28896 Atolls, volcanic, limestone
Tonga Polynesia 105695 747 Volcamg, limestone, limestone &
sand, mixed
Tuvalu Polynesia 11792 26 Atoll
Vanuatu Melanesia 307145 12189 Majority volcanic, sand & limestone
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Limited and outdated policies and legislations on SWI management, over-pumping,
pollution and contamination control exist. Moreover, detailed information and data on
groundwater parameters, technical skills and public awareness are lacking in Fiji
(Carpenter et al., 2007). (3) Kiribati (3.37° S, 168.73° W) has 33 atolls and has a hot and
humid tropical climate. The economic income for this country is mainly from foreign aid,
seafood export, copra farming and limited tourism (Webb, 2020; CIA, 2021).
Groundwater is the major water source for the people on the island (Lal and Datta, 2019b).
They have reliable and extensive data on more than 80 groundwater boreholes starting
from the 1980s. Water salinity plants are also operational in the outer islands of Kiribati.
However, more investment should be made by the government in sanitation and
improving the quality of water (Webb, 2020). Onotoa Island in Kiribati has 184 wells,
which supply groundwater. The details of these wells and the water salinity levels are
shown in Figure 2.4. The issues and challenges that come with excessive usage of
groundwater in Kiribati include SWI, animal waste contamination (Loco et al., 2015),
lack of constant and extensive monitoring with world-class technologies, lack of
exploring and using other water sources for drought periods, land ownership issues, lack
of proper policies on use and monitoring the groundwater (Carpenter et al., 2007). Sea

level rise is also a major concern for Kiribati, which causes SWI (Aung et al., 2009).
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Figure 2.4: Summary of all groundwater wells surveyed for seven villages in Onotoa, Kiribati.
Source (Loco et al., 2020).

(4) Nauru (0.52° S, 166.93° E) is a single limestone island with a very hot and

humid climate due to its geographical location. The island is mainly dependent on foreign
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aid, fishing, tourism and agroforestry (Clifford et al., 2018). Harvesting of rainwater and
shallow groundwater is widely available on the island. The average water usage for 2-4
persons in Nauru is shown in Figure 2.5. The subsurface water issues are SWI (Alberti et
al., 2017), contamination from sewage systems and long droughts. Nauru also lacks
policies on the usage and monitoring of groundwater and awareness to the public.
Moreover, the land and groundwater sources are mainly owned by the public. Hence,
government involvement is limited. Mining also disturbed and destroyed ~64% of
the whole of Nauru and its natural environment, including groundwater (Carpenter et al.,

2007).

(5) Niue (19.05° S, 169.87° W) is also a single island with a tropical climate.
Agriculture is the major source of income for Niueans, along with the export of honey,
coconut cream, sale of postal stamps and vanilla (Butler, 2004; CIA, 2021). This country
is only dependent on groundwater, which is being overexploited due to an increase in
demand (Carpenter et al., 2007). Some selected boreholes and their submersible pumping
(SP) capacity per day are shown in Figure 2.6. There are many challenges in Niue related
to water resource, which includes a lack of proper planning, development and
management of groundwater, lack of skills, competencies and technology to minimise

water contamination and wastewater management (IGRAC, 2016).
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Figure 2.5: Nauru's internal water usage per day (2-4 persons) in 2015. Source (NRW, 2015).
(6) Palau (7.52° N, 134.58° E) Palau has around 350 islands with a tropical climate,

where tourism and foreign aid are major economic contributors (IMF, 2019). Agriculture

and fishing exports also contribute to the island's economic growth (Miles, 2020). The

majority of the population has access to treated water or surface water. However, Palauans

14



Chapter 2: Literature review

also use groundwater. The detailed information on the water usage for nine states in Palau

is shown in Figure 2.7.
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Figure 2.6: Water pumping output of selected boreholes in Niue (2008). Source (Siohane and
Chapman, 2009).
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Figure 2.7: Water usage of some selected states in Palau. Source (SOPAC, 2007a).

Unlike other PICs, Palau also has challenges associated with water resources,
including sea level rise and SWI (Mcleod et al, 2019; Miles, 2020), massive
deforestation, sediment erosion, pesticide, lack of wastewater management, technologies
for water resource assessment and monitoring (Carpenter et al., 2007; IGRAC, 2016). (7)
Papua New Guinea (PNG) (6.32° S, 143.96° E) is divided into two regions, half of
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which falls in Oceania and half towards Indonesia or north of Australia, with an overall
tropical climate (IGRAC, 2016). The primary income for PNG is from agriculture,
mining, forestry, crude oil production and refinery (Howes et al., 2019; Schmidt et al.,
2020). PNGs renewable water resources are declining at a considerable rate. The details
are shown in Figure 2.8. The number of people who do not have access to safe drinking
water has grown since 1992. Groundwater is safer and more reliable in PNG. However,
the country also uses surface water and effluent water for daily needs. Groundwater is at
risk due to population growth, industrialisation, fewer strategies to minimise
contamination measures and SWI (Wolanski et al., 1997). PNG also lacks proper policies
and control on the usage of agricultural chemicals and fertilisers, which additionally

increases the groundwater threat (Carpenter et al., 2007).
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Figure 2.8: Renewable water resources per capita and number of people with access to safe
drinking water in PNG. Source (Worldometer, 2021).

(8) Samoa (13.76° S, 172.10° W) has nine volcanic islands with hot and humid
weather year-round. Agriculture, fish exports, tourism and copra are major economic
boosters for the country (Sialaoa, 2003; Amosa, 2012). Surface and groundwater are both
used for daily needs, with approximately ten boreholes under operation (Berthe et al.,
2014). The water temperature and salinity levels in a selected borehole are shown in
Figure 2.9. Population growth, industrialisation and drought induce challenges to water
sources, especially groundwater (Berthe et al., 2014). SWI, lack of wastewater
management, soil and sediment erosion, and other anthropogenic factors affect
groundwater in the country (IGRAC, 2016). (9) Solomon Islands (9.65° S, 160.16° E)
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consists of 347 islands with very humid climate throughout the year. Logging or log
exports are major income generators for the country, with a high amount of minerals
untouched, which can further increase the country's income (Gay, 2016). Rainwater and

groundwater are two major sources of water supply on the island.
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Figure 2.9: Water temperature and salinity measurements of a borehole in Samoa. Source (Wiyot,
2015).
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Figure 2.10: Characteristics of some selected boreholes in Solomon Islands. Source (SOPAC,
2007b). Boreholes W1 to W4 are located in White River (9.26° S 159.55° E), M1 to M3
are located in Mataniko (9.43° S 159.97° E) and K1 and K2 are located in Kombito
(9.433°S 159.98°E).

The characteristics of some selected boreholes are shown in Figure 2.10. Increases
in population, sea level rise, climate change, excessive logging and SWI are some of the

major causes of groundwater contamination (Quigley et al., 2016; World-Bank, 2018).
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Moreover, wastewater management, human resources, groundwater competencies, robust
information and data, chloride and total dissolved solids, public awareness and lack of
policies are also added challenges to the current water sources (Carpenter et al., 2007;

IGRAC, 2016).
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Figure 2.11: The specific conductivity of four selected boreholes and one treatment plant in
Tonga. Source (Singh, 2014). These production bores are located in Lifuka Island (19.81°
S 174.34° W). The geographic locations of each bores are; Tonga Water Board (TWB)
PANGAI North (19.81° S 174.35° W), TWB Hihifo North (19.813° S 174.353° W), TWB
Hihifo East (19.818° S 174.356° W), TWB4 (19.817° S 174.354° W), Treatment plant is
also located in Lifuka.
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Figure 2.12: Number of people with no access to safe drinking water in Tuvalu. Source
(Worldometer, 2021).

(10) Tonga (21.18° S, 175.19° W) has 171 small islands and semi-tropical weather,
with agriculture and tourism being the primary foreign exchange earners for the country

(Harkness, 2001; CIA, 2021). This country is primarily dependent on groundwater and
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has around 124 water supply wells and 16 boreholes. The salinity levels on some selected
boreholes are shown in Figure 2.11. Some challenges on groundwater sources are SWI
due to over-pumping, improper disposal of pesticides, insecticides, factory and human
waste, droughts, soil and sediment erosion, sea level rise and climate change (Harkness,
2001; IGRAC, 2016; Babu et al.,, 2018). Comprehensive laws on land ownership,
management and protection of water resources, and better sanitation policies or practices
do not exist in Tonga (Carpenter et al., 2007). (11) Tuvalu (7.12° S, 177.65° E) has nine
atoll islands with tropical climates comprising of monsoon and dry seasons. Granting
fishing licences in Tuvaluan water generates significant income for the country (Mellor,
2003; Milan et al., 2016). The number of people who do not have access to safe drinking
water declined over the years, as shown in Figure 2.12. The groundwater is not used for
drinking but for other purposes like agriculture, lavatories and washing because it is
highly contaminated due to improper disposal of factory, human and animal waste,
chemicals, oil, fuel, coastal erosion and SWI (Fujita et al., 2013; Milan et al., 2016).
Tuvalu is in the dark when it comes to groundwater monitoring, usage and management

due to a knowledge gap, a lack of policies and awareness.

Lastly, (12) Vanuatu (15.38° S, 166.96° E) has 80 islands with tropical climate.
The country's primary income sources are agriculture, fishing and tourism (Verdone and
Seidl, 2012; Duncan, 2016). The country uses groundwater and rainwater as primary
water sources and has four groundwater monitoring stations (Foster and Willetts, 2018).

The water source for seven provinces is shown in Figure 2.13.
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Figure 2.13: Water source for seven provinces in Vanuatu. Source (SOPAC, 2007c¢).
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Some of the challenges for the groundwater in this country are SWI, sea level rise,
poor solid and liquid waste disposal, and lack of proper policies and procedures for water
resource assessment, usage, monitoring and management (Foster et al., 2019; Devlin et
al., 2020). Moreover, the lack of proper data, technology and competencies are some of
the additional challenges Vanuatu faces regarding groundwater (Carpenter et al., 2007;
IGRAC, 2016). These twelve PICs use groundwater, are vulnerable to frequent water

contaminations and are linked with a common environmental challenge.

2.5 Background Information on Saltwater Intrusion — A Common
Challenge for PICs

A thorough PICs profile and literature have identified saltwater intrusion (SWI) as
a major concern for PICs due to population growth, increase in abstraction on water
demand, industrialisation and sea level rise. All these issues also have a huge impact on
coastal aquifers (e.g. Reilly and Goodman, 1987; Alley et al., 1999; Sherif and Singh,
2002; Zektser et al., 2005; Michael et al., 2017). Coastal aquifers are predominantly a
link between hydrogeology systems and the ocean, which are hydraulically connected
with the sea. Freshwater aquifers provide drinking water in urban and rural sectors, as
well as agricultural, irrigation, and industrial use. The interaction between groundwater
and seawater is a process of surface and subsurface water, which is also referred to as
the intrusion of saltwater or seawater into coastal aquifers. Intrusion generally occurs
when the density of the groundwater is less than that of seawater when they hydraulically
interact with each other (Mohsen et al., 1990; Khublaryan et al., 2008). The process of
SWI in coastal aquifer systems is shown in Figure 2.14. Huge groundwater abstraction
causes extra SWI sip-in and the formation of depression and ascension zones, further
indicating the SWI severity. Withdrawing excessive amounts of groundwater from
confined aquifers results in the formation of huge depression cones with a radius greater
than 100 km, causing extensive amounts of SWI (Freeze and Cherry, 1979; lodkazis and
Mokrik, 1981; Gregorauskas., 1986; Gregorauskas., 1987; Frolov and Yushmanov.,
1998; Bear et al., 1999).

SWI in coastal aquifers is a major concern, and researchers around the globe are
showing immense interest in this environmental phenomenon (e.g. Post and Abarca,
2009; Werner et al., 2013; Meyer et al., 2019; Wang et al., 2019). Senthilkumar et al.
(2019) studied the integrated SWI of the coastal region of Thriuvallur district (13.25° N,
80.01° E), Tamil Nadu in South India using integrated geophysical and geochemical
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methodologies to assess the SWI. The authors found NaCl in majority of the water
samples, indicating SWI in the area of study due to over pumping. Costal et al. (2020)
studied the groundwater through-flow and SWI in high-quality coastal aquifers using
more than 30 years of well-based data from SWI monitoring sites in the south-west of
Western Australia. The authors reported that the SWI is a major groundwater problem in
coastal regions and the SWI monitoring tools should be specifically designed for coastal

areas.

Figure 2.14: Saltwater intrusion in a coastal aquifer system.

In PICs, there is very little research being conducted on SWI and groundwater, even
though PICs are vulnerable to this environmental problem (Burns, 2002; Carpenter et al.,
2007; Velde et al., 2007; White and Falkland, 2010; IGRAC, 2016). The land area of
PICs is small and fully surrounded by ocean water, which leads to SWI more often by
natural means. Some studies on groundwater contamination due to SWI in PICs are given
in (e.g. Hay and Kaluwln, 1993; Ghassemi et al., 1996; Mourits, 1996; Dawe, 2001; Singh
et al., 2001; Presley, 2005; Carruthers, 2009; Fletcher and Richmond, 2010; Fussel, 2012;
Bendixson et al., 2014; Lal and Datta, 2019a; 2019b). All these studies have reported that
due to the immense use and abstraction of groundwater, SWI contaminates the
groundwater and makes it unusable for a longer timeframe. Closing the groundwater sites

for a period of time and switching to other water sources or new boreholes is the only
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option for preventing SWI for some PICs. Robust research should be conducted on PICs
groundwater, as it is highly vulnerable. Researchers around the world can also do case
studies on PICs and do experimental setups for robust and accurate SWI data collection.
These data can be used to draw the solutions for monitoring, managing and preventing

SWI.

2.5.1 Major solutions for saltwater intrusion in PICs

Numerous techniques have been developed and adapted by an immense number of
researchers around the world to monitor, manage, and prevent SWI in coastal aquifers.
This section will clearly discuss the solutions that researchers around the world have
adopted and the solutions recommended in this review allow PICs and others to adopt to
minimise and eliminate SWI and groundwater problems in general. Some of the
commonly used techniques to identify, locate, interface, salinity levels and severity of
SWI in aquifers use (1) geochemical techniques (e.g. Edet and Okereke, 2001; Allen et
al., 2001; Sherif et al., 2005), (2) geophysical methods (e.g. Fitterman and Deszcz-Pan,
2001; Ekwurzel et al., 2001; Sherif et al., 2010), (3) experimental studies (e.g. Koch and
Starke, 2001; Van et al.,, 2004; Chang and Clement, 2012) and (4) mathematical
modellings (e.g. Henry, 1959; Cooper, 1959; Sbai et al., 1998; Bower et al., 1999;
Aharmouch and Larabi, 2001). Households that depend solely on groundwater can face
many issues without getting clean and freshwater. Hence, prevention of SWI is very

important due to the impact it poses on freshwater.

2.5.1.1 Physical ways of preventing SWI

The common physically used SWI prevention techniques are (a) relocation of
abstraction wells, where the freshwater wells can be relocated by digging new ones on
higher grounds or away from the sea would prevent SWI (Todd, 1974; Maimone et al.,
2004; Dogan and Fare, 2008). (b) Reduction in pumping rates reduces the chance of
SWI. However, it can reduce the volume of water supply if there is no other water source
to meet the escalated demand (Sherif and Al-Rashed, 2001; Maimone et al., 2004; Abarca
et al., 2006). (c) Increasing the aquifer's natural recharge assists the aquifers with
extra surface water, whereby the retained water from rain infiltrates into the subsurface,
increasing the amount of groundwater ratio and preventing SWI. However, this technique
requires highly permeable land or soil structure, or else, natural recharge can last for a

longer period due to the infiltration process (Ru et al., 2001; Calvache and Pulido-Bosch,
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1997). (d) Artificial aquifer recharge assists the groundwater by manually adding water
to the ground. The excess surface water, desalinated water and treated wastewater are
directed into the ground near pumping wells or boreholes so they can be infiltrated into
the aquifer, increasing the volume of groundwater (Bouwer, 2002; Papadopoulou et al.,
2005; Shammas, 2008). (e) Pumping of saline groundwater will increase the water
volume and reduce the chance of SWI in the groundwater. This technique reduces the
volume of saline water underground and protects abstraction wells from upconing (Soldal
et al.,, 1994; Sherif and Hamza, 2001; Barrett et al., 2002; Rastogi et al., 2004). (f)
Forming a groundwater circulation well allows a vertical circulation flow by pumping
groundwater from the aquifers through a screen in a single well and injecting it back into
the aquifer through different screens. This vertical circulation forms a circular pattern
between pumping and recharge screens, acting as a hydraulic barrier for controlling SWI
in coastal aquifers (Herrling et al., 1991; Gonen and Gvirtzman 1997; Stamm 1998; Vats
et al. 2020). This technique is mostly suited for coastal areas (Prusty and Farooq, 2020),
hence, PICs should employ this technique to prevent SWI.

The use of the six physical ways of preventing SWI mentioned above are effective.
However, very few studies have been conducted and reported on PICs regarding the use
of these physical techniques. Hence, PICs need to keep a proper record of all
groundwater-related data to find a better physical way of preventing SWI in coastal
aquifers. Moreover, more research and funds are needed to physically visit groundwater
sites in PICs for a better understanding of the groundwater problems and to propose

the best solutions for protecting the groundwater and preventing SWIs.

2.5.1.2 Robust Monitoring

Comprehensive monitoring strategies must be employed by the countries facing
SWI issues in coastal aquifers using the latest technologies and devices. The
contaminated groundwater monitoring is challenging, as it can be triggered naturally or
by anthropogenic means. Hence, robust monitoring should generally include but not be
limited to field surveys, state-of-the-art technologies and devices, temporal and spatial
data collection and analysis, evaluating the on-hand information and implementing proper

management processes (Melloul and Goldenberg, 1997).

Electrical resistivity tomography (ERT) and electromagnetic (EM) devices using

multi-electrode, multi-channel systems, 2-dimensional, 3-dimensional and 4-dimensional
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surveys are used to monitor groundwater (Auken et al., 2006; Loke et al., 2013). Acworth
and Dasey (2003) used the ERT technique to examine the hyporheic zone and found a
widespread mixing region of seawater and permeated rainwater underground. The authors
reported that to understand the electrical images clearly, borehole data should be
combined with geophysical or geological surface-based data. Andersen et al. (2007)
studied the discharge of nitrate-containing groundwater into a coastal marine environment
using a multi-electrode profiling system to plot the subsurface distribution of freshwater
in a coastal aquifer. Their results indicated a freshwater discharge at the small scale
governed by limited heterogeneities. Kirkegaard et al. (2011) used an electromagnetic
measuring device to study the salinity distribution in heterogeneous coastal aquifers to
depths of 200 m below the surface and reported that there is a huge relationship

between geographical heterogeneity and groundwater salinity.

Moreover, the Saltwater Monitoring System (SAMOS) is a monitoring system
developed by Grinat et al. (2010), which is comprised of a vertical electrode chain
mounted in a backfilled borehole that monitors the zone of transition thoroughly. SAMOS
is useful mainly because the electrode array covers the zone of transition and is powered
by the solar system. Hence, it can operate in any location. SAMOS also generate
automatic measurements daily with telemetric data transfer (Grinat et al., 2010). Ronczka
et al. (2020) used SAMOS to observe freshwater-saltwater interfaces and their dynamics,
whereby the authors were able to get clear data on transition zones showing saline and
freshwater interaction. However, the authors indicated that alonger period of
groundwater monitoring data is needed for optimum results. Subsurface monitoring
devices (SMDs) are automatic, remote-controlled and multisensory tools used for SWI.
SMDs can be used for sampling, testing, logging and profiling SWI. Tal et al. (2019) used
SMD for SWI monitoring and found that SMDs are reliable because of high-resolution
temporal and spatial data output, which can be transmitted through the World Wide Web

and can be analysed and interpreted in real time.

Anumalla et al. (2005) used smart sensors to monitor groundwater and designed a
monitoring system based on a wireless network linked to pressure sensors. Moreover,
some sensors are linked to the Global Positioning System (GPS) and satellite
communications system, which records the groundwater data (SachinAmreiss et al.,
2020). PICs have few monitoring devices. However, they need to be updated, and state-

of-the-art technologies are needed for robust monitoring. Some of the sample sensors and
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latest devices for monitoring water and measuring different parameters are given in Table
2.2. These water monitoring devices are very useful in groundwater and SWI detections.
PICs can use some of these devices, which are cheap, handy and reliable for robust

monitoring of groundwater quantity and quality.
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Table 2.2: Water monitoring devices. Adapted from Xylem (2013).

Monitoring Type Applications Measuring parameters Sample(s)

Groundwater Temperature, Dissolved oxygen, pH,

Sampling and testing Wastewater ORP, Conductivity Level, Specific

. Aquaculture 7. .
(e.g. Professional Plus, Surface water conductance, Salinity, Total dissolved
ProODO, Pro20, Pro30) Industrial solids, Barometric pressure,

Ammonia, Calcium, Chlorine

Short-term studies, lake and
stream sampling, groundwater
Sampling, Logging & wells, tide gauge measurements,
Profiling (e.g. 600LS water level, sound velocity
sonde, 600XL/M sondes, profiles, saltwater intrusion,
600XL/M V2 sondes) hydrographic surveying, coastal
research and fisheries

Conductivity, Temperature, Depth,
Vented level, pH, ORP, Dissolved
oxygen, Turbidity, Nitrate,
Ammonium, Chloride, Salinity and
Sound speed

Continuous monitoring, source
water, lake profiling, dredging
underway sampling, PAR studies,
algal bloom monitoring, coastal
studies and saltwater intrusion

Long-term Monitoring
(e.g. 6600 V2 Sonde,
6000MS V2 sonde,
EXO1 sonde, EX02

Conductivity, Temperature, Dissolved
oxygen, Chlorophyll, Blue-green
algae, Turbidity, Rhodamine, Depth,
Vented level, PAR, pH, ORP and

sonde) fDOM

Hydrological Monitoring Water level monitoring, reservoirs

(e.g. Storm 3 Browser- and tanks, remote data delivery, Well and aquifer water levels.

based Data logger) real-time alerts

Continuous Monitoring Wastewater process monitoring Conductivity, Temperature, Dissolved
and Control (e.g. 5200A  Aquaculture monitoring and oxygen, Salinity Turbidity, TSS,
Monitor) control Ammonium, Nitrate.
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Table 2.3: Common 3-D modelling codes used for SWI.
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3D Modelling Common characteristics Reference
Codes
EAATER B e e e st athmied (Dhar and Dot 200% Koy
. . Datta 2017; Lal and Datta 2019¢)
pumping from production wells.
FEFLOW Finite-element model, Graphical user interface, Saturated and unsaturated (Watson et al., 2010; Zheng et al.,
flow, HYDROCOIN salt-dome, Elder and Henry problems are tested. 2018)
Finite-difference model, Graphical user interface, Saturated flow only, Uses ~ (Cherubini and Pastore 2011;
SEAWAT MODFLOW and MT3D models, HYDROCOIN salt-dome, Elder, Henry Webb and Howard 2010;
and rotating fluids problems are tested. Kourakos and Mantoglou 2013)
Finite-element model, Graphical user interface, Saturated and unsaturated - ) .
SUTRA flow, HYDROCOIN salt-dome, Elder and Henry problems are tested, gll\h;glll?)wa etal. 2009; Javadi et
Minimise total net recharge, SWI and total cost. )
C . . (Bakker et al., 2004;
MOCDENS3D i medl, Gphil e i, St o n FOT i .l 207
y & p ’ Vandenbohede and Lebbe 2011).
MARUN Finite-element model, Graphical user interface, Saturated and unsaturated (Boufadel et al., 2011; Li and
flow, Only tested for Henry's problem. Boufadel 2011).
SWAT- This is new integrated Soil and Water Assessment Tool (SWAT) and (Sabzzadeh and Shourian, 2020;
MODFLOW MODFLOW, Finite-difference model, Graphical user interface. Wang and Chen, 2021)
QSWATMOD Quantum Geographic Information System based graphical user, Finite- (Park et al., 2019)

difference model, Model written in Python.
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2.5.1.3 Use of 3D models

Numerous modelling methodologies and codes are used to understand, monitor, and
prevent SWI in coastal aquifers. A tremendous amount of research has been done
focusing on developing and using analytical and numerical models for forecasting the
level of SWI in coastal aquifers. There are two basic approaches used in numerical
modelling. (1) Sharp interface operates on the assumption that saltwater and freshwater
are immiscible liquids parted by sudden and unexpected interfaces (Bear and Verruijt,
2012). This approach is simple and requires less computational load. However, it can be
less accurate and will not give the desired results (Person et al., 1998; Zhou et al., 2005;
Kacimov and Sherif, 2006; Choquet et al., 2016). (2) Diffusive interface operates on the
assumption that saltwater and freshwater are miscible liquids separated by a zone of
transition. This interface uses density-dependent flow and transport models (Voss and
Souza, 1987). This approach provides more realistic results for homogeneous and
heterogeneous coastal aquifer systems (Nguyen, 2016). A diffusive interface is also

known as a density-dependent numerical model.

The common modelling codes used in groundwater studies are summarised in

Table 2.3. From all the models given, SEAWAT can test all four problems (namely,
Elder, Henry/Hilleke, HYDROCOIN salt dome and rotating fluids problem), as it uses
combined MODFLOW and MT3D models. Few PICs used FEMWATER for modelling
and groundwater monitoring (Lal and Datta, 2019a; 2019¢). However, there is a vast
opportunity to explore and use other 3D models in PICs for managing SWI in coastal
aquifers. A sample 3D model developed from FEMWATER is shown in Figure 2.15. The
3D model helps to indicate SWI, explain non-linear flow and transport processes and
maximise or minimise total groundwater pumping rates. The PICs that are highly

dependent on groundwater must use 3D models to monitor, manage and prevent SWI.
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Figure 2.15: Study area indicating pumping and barrier wells, and monitoring stations, (b) 3D

model developed using FEMWATER. Reproduced from Lal and Datta (2019c).

2.5.1.4 Artificial intelligence

SWI monitoring, management and prevention methodology requires accurate and

precise results, whereby a simulation-optimisation (S-O) approach using artificial

intelligence (AI) or machine learning can help to achieve the optimum strategies replacing

; Sreekanth and Datta, 2010;

b

complex numerical simulation models (Dhar and Datta, 2009
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Christelis and Mantoglou, 2016; Roy and Datta, 2020). The S-O process ranges from
simple to complex based on the number of inputs and types of models. A simple S-O uses
the output of the simulation process by an optimisation model to provide the appropriate
feedback to achieve the optimum result, which then re-guides the input parameters in

the simulation model (Carson and Maria, 1997; Syberfeldt et al., 2013).

The S-O method is one of the most commonly used and effective approaches for
coastal aquifer management purposes. Numerical simulation modelling can estimate
various management strategies on aquifer systems, but it cannot find the best solutions
instantly because of its descriptive nature. Hence, an optimisation algorithm can be
combined with a numerical simulation model in an S-O structure to find optimum
management strategies for coastal aquifers (Mantoglou et al., 2004; Abarca et al., 2006;
Roy et al., 2016). Moreover, S-O helps to identify the optimal strategy in SWI
management, gives simultaneous results, removes the complexity of analysis and allows
the governing body to draw policies for using groundwater (Ataie-Ashtiani et al., 2013).
Some of the studies and S-O techniques are summarised in Table 2.4. This research work
provides different types of numerical and optimisation techniques used by several
researchers under density-dependent and sharp interface models. The majority of the
authors reported that using the S-O technique gives optimum results for coastal aquifer

problems.

Coupling the numerical simulation model with optimisation models requires a large
amount of computational time. Hence, it is computationally demanding (Lal and Datta,
2019a). Therefore, to minimise this time-related issue, S-O is coupled with data-driven
mathematical models, known as surrogate models. Forrester et al. (2008) gave a
comprehensive review of the theory, architecture and use of the surrogate modelling
approach in Engineering. Surrogate modelling approaches have been used by various
researchers, including (Sreekanth and Datta, 2010; Roy and Datta, 2018; Lal and Datta,
2017; 2018; 2019a; 2019b). These studies combined S-O modelling with surrogate

modelling to find the optimum management strategies for SWI in coastal aquifers.
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Table 2.4: The summary of simulation-optimisation techniques for SWI management.

Modelling Simulation Model Data-.])riven.Models Optimisation Reference
Type (approximate simulators) Model
3D advective dispersion flow and
DD transport process equation proposed ANN GA Bhattacharjya and Datta (2005)
by Huyakorn et al. (1987)
DD SEAWAT - EASS Kourakos and Mantoglou (2009)
DD FEMWATER ANN GA Dhar and Datta (2009)
DD FEMWATER ANN & GP NSGA II Sreekanth and Datta (2010)
DD SUTRA ANN GA Ataie-Ashtiani et al. (2013)
DD SUTRA - NSGA II Javadi et al. (2015)
DD FEMWATER MARS - Ensemble CEMOGA Roy and Datta (2019)
DD FEMWATER SVR-Ensemble GA Lal and Datta (2019b)
DD FEMWATER GP - Ensemble NSGA II Sreekanth and Datta (2011)
S Ghyben-Herzberg relationship i ECACO Ataic-Ashtiani and Ketabchi (2011)
(Analytical)
SI Ghybe“'l({zfzﬁii:)la“°“Sh‘p RBFN DE Papadopoulou et al. (2010)
SI Analytical - GA Cheng et al. (2000)
SI Analytical - LP & NLP Mantoglou (2003)
SI Analytica(MODFLOW) - EA & NLP Mantoglou et al. (2004)
SI Analytical - LP & DE Karterakis et al. (2007)
SI SHARP ANN SA Rao et al. (2004)

DD — Density Dependent model, SI — Sharp Interface model, LP — Linear Programming, NLP — Non-Linear Programming, ANFIS — Adaptive Neuro-
Fuzzy Inference System, ANN — Artificial Neural Network, EA — Evolutionary Algorithm, GA — Genetic Algorithm, EASS — Evolutionary Annealing
Simplex Scheme Optimisation Algorithm, RBFN — Radial Basis Function Network, DE — Differential Evolution, SA — Simulated Annealing, ECACO —
Elitist Continuous Ant-Colony Optimisation, NSGA II — Non-Dominated Sorting Genetic Algorithm, CEMOGA — Controlled Elitist Multi-Objective
Genetic Algorithm, MARS — Multivariate Adaptive Regression Spline.
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Single surrogate models have some uncertainties in predicting the optimum
management strategies. However, to overcome this issue, multiple surrogates are
combined for robust and accurate results, known as ensemble models (Wu et al., 2008;
Zhou, 2012; Zhou et al., 2013). Substituting numerical models with ensemble models
produces reliable results when coupled with the S-O framework. However, its application
in SWI and coastal aquifer problems is limited. Sreekanth and Datta (2011), Roy and
Datta (2017a; 2017b) and Lal and Datta (2019a; 2019¢) used ensemble models for multi-
objective, multi-layered and multi-realisation groundwater management strategies in
coastal aquifers. All these authors reported that the various uncertainties in management

strategies are addressed with clarity while using an ensemble modelling approach.

The PICs have yet to use common numerical models, optimisation techniques,
coupled S-O approaches, surrogate and ensemble models, and digital twin models. Lal
and Datta (2019a; 2019b; 2019¢) only studied using the S-O, surrogate and ensemble
modelling approaches to find the optimum SWI management strategies for the Bonriki
aquifer system in Kiribati. The majority of the PICs use groundwater for everyday needs
(refer to Figure 2.2). Therefore, all PICs should use S-O and Al to thoroughly monitor

and draw up optimum management strategies for controlling SWI in coastal aquifers.

2.5.1.5 Digital Twin

The use of smart sensors for remote monitoring and feedback is essential in
managing SWI and water resources. One of the emerging technologies used in
engineering disciplines (apart from water) is digital twins (DT). A DT, a virtual
representation of a physical system updated in real-time, is an emerging technology with
transformative potential across industries (Liu et al., 2021; Tao et al., 2022). It enables
predictive analysis, performance monitoring, and decision-making, enhancing efficiency
and reducing risks. Initially developed for aerospace, DT applications have expanded to
manufacturing, healthcare, and urban planning (Attaran and Celik, 2023). Globally and
in PICs, DT models have not been applied to SWI management. Hence, using DT will
provide a comprehensive, real-time depiction of an aquifer system, incorporating critical

information throughout its lifecycle.

2.5.1.6 Robust groundwater policies and regulations

The use of groundwater and SWI monitoring state-of-the-art devices, 3D models

and codes, and S-O, ensemble models, and Als in coastal aquifers provide optimum
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monitoring, management, and prevention strategies. Using these strategies, the governing
body of a country, including PICs, can draw up policies and regulations to eliminate
groundwater-related problems, including SWI. These policies and regulations should
address groundwater pumping rates, pumping time, supply and demand, pricing and
trading, permissions for well or borehole drilling, depths of wells or boreholes,
and installing water meters for recording and detecting uncontrolled leaks (Giordana and
Montginoul, 2006; GWPR, 2016). Based on these policies, the governing body of a PIC
can regulate heavy fines and penalties for lawbreakers. These regulations should be
imposed on all the people using groundwater and the future investors, water companies,

farmers, and anyone directly or indirectly associated with groundwater.

A limited number of countries around the world have policies regulating
groundwater management and preventing SWI (Scheidleder et al., 1999). Also, many
countries have yet to regulate proper policies in relation to SWI management in coastal
aquifers (Livingston and Garrido, 2004). Kelly (2006) used the 1989 Island County
(48.19° N, 122.58° W) SWI policy and pointed out the limitations associated with it and
the need for revising the existing policy. The old policies on groundwater should be
revised, and new rules and regulations have to be adapted due to the increased demand
for groundwater in recent years. Alberti et al. (2017) studied SWI in Nauru and reported
that due to overexploitation and increased pollution through anthropogenic activities,

groundwater must be protected using strict rules and regulations

There is a study gap for PICs in terms of better policies, rules and regulations in
the identification, monitoring, management and prevention strategies of SWI. No
research has been conducted for PICs about scrutinising the old groundwater protection
policies and finding the drawbacks and limitations associated with the SWI management
strategies. Very few PICs have proper policies and regulations for protecting the
groundwater. The old policies and regulations must be revised by adding more ways to
protect the groundwater from natural and anthropogenic activities. Wastewater
management, water usage for agriculture, household needs, industrialisation, animal
waste and water resource planning should also be addressed in the new policies to protect

the groundwater for current and future generations.
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2.5.1.7 Awareness program

Creating community awareness is also one of the major ways of protecting
groundwater, preventing SWI and other contaminations in coastal aquifers. Those
countries that have all the rules and regulations in relation to groundwater protection
should also create public awareness on monitoring, management and prevention
strategies of groundwater contamination, including SWI. Awareness is one of the
significant aspects of preventing anthropogenic means of groundwater contamination, yet
limited research on ways of awareness is reported. Public awareness and support is very
important for water management. Due to continuous population growth and impaired
water supply, future generations will have many challenges, including the accessibility of

clean and freshwater (Weinrich et al., 2012).

Mokhtar et al. (2018) studied the groundwater flow and SWI in Fum Al Wad coastal
aquifer located in Laayoune (27.15° N, 13.19° W) and reported that the farmers using
groundwater for irrigation and other purposes must be thoroughly informed of the serious
issues associated with overexploitation and over pumping of groundwater. Maity et al.
(2018) reported that lack of awareness amongst farmers, unwilling involvement of the
governing bodies and unavailability of other water sources in the Purba Midnapur district
(21.94° N, 87.78° E) poses major hurdles in implementing aquifer improvement plans.
Carpenter et al. (2007) reported that the majority of the PICs lack public awareness,
community involvement and knowledge of monitoring, management and prevention of

SWI and other contaminations of groundwater.

PICs are affected by climate change and sea level rise (Sharan and Kumar, 2021),
thus posing a natural effect on groundwater and SWI. Anthropogenic effects are also very
common in PICs in relation to SWI (Carpenter et al., 2007), therefore, (1) thorough
awareness through community involvement must be done. This can be achieved by
establishing committees or groups that look after groundwater sites in their area and
ensure that all policies, procedures and regulations are followed. (2) Curriculum design
for primary and secondary education sectors. The younger generation should be taught
about the pros and cons of using groundwater, or they will face huge water problems in
the future. (3) University courses must be developed focusing on educating all aspects of

groundwater and its protection. The existing courses can be revised by adding the latest
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technologies, techniques and devices. (4) PICs need more research and funding to conduct

groundwater-related research and projects and create mass awareness.

Apart from groundwater-related problems, PICs are also prone to severe cyclones,
droughts, and other natural disasters. Hence, research must be very active in PICs to
protect the freshwater, its people and the country as a whole. (5) Conducting seminars
and awareness sessions to the general public and the targeted companies or industries
using groundwater. (6) Targeting NGOs, political, traditional and religious leaders for
conveying and conducting the awareness programs. (7) Teaching the public, farmers and
industries of harvesting rainwater and using other water sources to avoid overexploitation
and contamination of groundwater. These programs and ways of creating awareness will
be very effective in protecting groundwater and other freshwater sources in PICs and
around the globe. The SWI prevention and management techniques mentioned above
would be very useful, and their applicability to PICs is of great importance. Kiribati was
selected and illustrated in Table 2.5 to show the applicability of these techniques. Only
Kiribati was selected due to the availability of groundwater data, whereas most of the

island countries' data was unavailable.
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Application of Saltwater Intrusion Solutions

Countr Physical Ways of Robust Use of 3D Artificial Intellicence Robust Policies Awareness
y Preventing SWI  Monitoring Models & and Regulations Program
Use. of vanous Lal and Datta (2019b) National Water Robust awareness
devices in Bonriki used ensemble models Resources Polic OeTAMMES
Increasing the aquafer for Use of SEWAT  of Support Vector for Kiribati is Y praftise din Kiribati
. ... natural recharge in monitoring for Bonriki Machine Regression P g
Kiribati . . adapted for are detailed in the
Tarawa Atoll salinity, water groundwater (SVMR) for optimal rotecting all tvoes  Pacific Proeramme
(White et al., levels and water modeling (Mack, design of groundwater g f water fourcgsp for Water gt
2001) quality 2015) pumping strategies from .
(White and Governance

(Damlamian et al.,
2015)

the unconfined Bonriki

aquifer

Falkland, 2010)

(White, 2007)
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2.6 Conclusions

The review of groundwater in Pacific Island countries (PICs) highlights several key
findings related to the challenges of groundwater contamination and the strategies for
effective monitoring, management, and prevention. One of the major concerns is
groundwater contamination, primarily driven by SWI and improper disposal of solid and
liquid waste. Despite these pressing issues, using advanced numerical models and
optimisation techniques, such as simulation-optimisation approaches and surrogate and

ensemble models for SWI management, remains limited in most PICs.

However, there is great potential for improvement. By integrating state-of-the-art
technologies, including 3D numerical modelling, artificial intelligence, simulation-
optimisation methods, and digital twin models coupled with relevant policy frameworks
and increased public awareness, PICs can significantly enhance their ability to monitor
and manage groundwater resources. The SWI management strategies obtained from
various modelling techniques would help address anthropogenic and natural

contamination in coastal aquifers.

The review also reveals a significant knowledge gap in research and the lack of
attention to scrutinising outdated groundwater policies and SWI management strategies
in PICs. No research has been conducted to examine the limitations of current SWI and
groundwater resources management strategies, pointing to the need for more extensive
studies. Moving forward, increased funding, governmental support, and international

collaboration are crucial to protecting groundwater resources in PICs.

The next chapter will describe how the over-abstraction of freshwater and climate
change affect the water quality and quantity of groundwater resources in one of the PICs.
The next chapter's results will validate the literature review's findings on how natural and

anthropogenic activities affect groundwater resources in PICs.
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Chapter 3: Evaluating the impacts of climate change and water
over-abstraction on groundwater resources in Pacific island
country of Tonga

The main contents of this chapter have been published and copyrighted as outlined

below:

Sharan, A., Lal, A., & Datta, B. (2023). Evaluating the impacts of climate change and
water over-abstraction on groundwater resources in Pacific island country of

Tonga. Groundwater  for  Sustainable  Development, 20, 1-7.
https://doi.org/10.1016/].gsd.2022.100890

3.1 Overview

This chapter used a large number of groundwater and climate data to show how
natural and anthropogenic activities affect groundwater resources in Tonga. Over-
abstraction of groundwater, increased salinity in production bores, recharge rates,
increased sea level rise and carbon dioxide emissions are the major factors considered in

this chapter.

3.2 Executive Summary

Small, low-lying Pacific Island countries are prone to climate change and water
resources-related issues. The demand for water in Pacific Island countries has increased
significantly due to population growth, industrialisation, tourism, and agricultural needs.
Groundwater is utilised by most Pacific Island countries, and due to increasing demand,
the majority of the Pacific Island countries practise over-abstraction. Climate change
caused by natural means and over-abstraction of groundwater has led to saltwater
intrusion into the coastal aquifers and other groundwater-related problems in several low-
lying Pacific Island countries. In this study, groundwater salinity data collected over a 42-
year duration from several abstraction wells in Tonga is linearly analysed to ascertain the
impact of over-abstraction on groundwater resources. Climate change also affects rainfall
and net recharge patterns. Hence, Tonga's long-term rainfall and net recharge patterns
were linearly analysed. Also, to ascertain the climate change effect in Tonga, the sea level
height and carbon dioxide emissions were linearly analysed using the data from 1993-
2020 and 1960-2018, respectively. Quantitative data, linear regression and graphical

linear fit techniques were used in this study for data analysis. The results from this study
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indicated that over-abstraction has caused saltwater intrusion more frequently and
affected groundwater quality. An increasing salinity trend of 58% was observed from
1965 till 2007. It is also evident that the higher the abstraction rates, the higher the
saltwater flux sipping into the coastal aquifers. Moreover, decreasing trends were also
observed in rainfall (19%) and net recharge (37%) in Tonga between 1950 to 2006. This
study also revealed that the sea level and carbon dioxide emissions have increased by
5.2% and 800%, respectively. This study provides insights into why controlling
abstraction rates and acting against climate change is essential concerning groundwater.
These insights will be helpful for groundwater resource managers, stakeholders, and
policymakers in Tonga and the broad scientific community in managing saltwater

intrusions and preserving the water resource.

3.3 Introduction

Groundwater is one of the world's widely used and oldest water resources.
Groundwater usage has increased in the last few decades due to increasing population,
industrialisation, tourism, and agricultural needs. Increasing groundwater demand also
increases over-abstraction, which could lead to saltwater intrusion (SWI) (Frolov and
Yushmanov, 1998; Bear et al., 1999; Roy and Datta, 2018; Lal and Datta, 2019c; Roy
and Datta, 2020; Francesco et al., 2021; Chakraborty and Pal, 2021). Over-abstraction of
water and other anthropogenic factors can also lead to further environmental issues and
contribute to a global energy crisis as the resources deplete (Chakraborty et al., 2012;
Kumar et al., 2020; Chakraborty et al., 2021; Kwame and Bawa, 2022). SWI in coastal
aquifers is a major environmental problem, which has increased the interest of many
global researchers in solving this issue (Werner et al., 2013; Wang et al., 2019). Over-
abstraction of groundwater and SWI in Pacific Island countries (PICs) are also a
significant concern. The deep Pacific Ocean predominantly surrounds PICs, and saline
water sip-in has become a common challenge for these countries (Sharan et al., 2021).

The PICs map and the study area are shown in Figure 3.1.
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Figure 3.1: The Island of Tongatapu marked with groundwater wells and salinity monitoring
boreholes.

Anthropogenic and climate change inputs jointly affect groundwater resources.
Over-abstraction significantly reduces the volume of water in aquifers. It also makes the
well dry and contaminates freshwater with salty water. Goode et al. (2013) reported that
over-abstraction deteriorates the groundwater quality, declines the water levels and
increases salinity concentrations. The majority of the PICs practise over-abstraction,
including Tonga. White et al. (2020) reported that groundwater quality in Tonga has
significantly deteriorated due to the over-pumping of groundwater since 1971. Hunt
(1979) studied the analysis of groundwater resources in Tongatapu using the data from
39 wells and constructed a piezometric contour map. The author reported that the
freshwater lens varies from 0-20m near central portions of the island, only 25-30% of
rainfall reaches the groundwater table, and chloride ion (CI ") concentrations are found in
the aquifers due to over-pumping. The author suggested that artificial recharge might help

control the increasing CI — ion concentrations in the aquifers.

White and Falkland (2010) studied the management of freshwater lenses on small
Pacific islands and reported that over-abstraction is a major human threat to the freshwater
lenses of groundwater. Moreover, the authors also stated that small island populations are
about to reach the limit of sustainable groundwater abstractions. Hence, this could lead
to severe SWI and other environmental risks. Groundwater problem has been identified,
and there is a need for sustainable management strategies to overcome this issue. The
governing bodies must adequately address the over-abstraction of groundwater in PICs.
This anthropogenic input can be controlled. For instance, Dasgupta et al. (2015) and

Garsallah et al. (2022) described how to treat wastewater through ultrafiltration and
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nanofiltration. However, everyone needs to have a closer look at climate change factors

affecting the groundwater in PICs.

Climate change also plays a significant role in determining the quality of
groundwater in PICs. The sea level rise, frequency and severity of tropical cyclone
occurrence, amount of rainfall and net recharge patterns, atmospheric heat, carbon
dioxide (CO.) emissions and Tsunami can be linked with climate change in PICs (Sharan
and Kumar, 2021; Sharan et al., 2021). All these environmental issues can be inked with
the SWI in PICs. The recent volcanic eruption in Tonga's vicinity has raised the risk of
widespread and severe salinity increase in the groundwater system because of the
Tsunami inundating large coastal areas. However, further information gathering and data
analysis will be required to ascertain the extent of potential adverse impacts due to the
Tsunami. A considerable amount of study was conducted on climate change effect on
groundwater (e.g., Palmer et al., 1992; Bates et al., 2009; Green et al., 2011; Menberg et
al., 2014; Green, 2016; Goldscheider et al., 2020). Epting et al. (2021) reported that
climate change has qualitative and quantitative effects on groundwater. Barbieri et al.
(2021) confirmed that groundwater is more resilient to climate change than surface water,

and climate change can also affect groundwater quality by lowering the recharge.

Hay et al. (2005) studied the implications of climate change and sea level rise for
small island nations of the South Pacific using vulnerability assessment methods. The
responses to present-day variability indicated how the system would manage imminent
climate changes. Vulnerability assessment has highlighted that small PICs are vulnerable
to sea level rise caused by natural and anthropogenic means. The authors reported that
climate change and rising sea levels affect groundwater quality and quantity. White et al.
(2007) studied climatic and human influences on groundwater in low atolls using the data
from Tarawa (1.45° N, 172.97° E), Kiribati. The authors reported that groundwater is
affected by anthropogenic and natural means of climate change. The authors also reported
that the atoll groundwater is mainly vulnerable to frequent El Nifio Southern Oscillation-
related droughts, and SWI sip-ins are frequent due to storm surges, sea level rise and
human activities. Holdings et al. (2016) studied the groundwater vulnerability on small
islands using qualitative data through a questionnaire survey involving local experts. The
authors reported that PIC aquifers are oppressed by overpumping, climate variability and
climate change. Lese et al. (2021) studied the historical and future drought impacts in

Pacific islands and atolls and reported that the groundwater and other water sources would
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be affected in the future due to prolonged droughts caused by climate change and climate

change variability.

The majority of the PICs use groundwater. Limited research has been conducted in
the PICs on groundwater and how it is affected by natural and anthropogenic means.
Some relevant studies conducted on some PICs are (e.g., White et al., 2001; White et al.,
2011; Alberti et al., 2017; Lal and Datta, 2019a; 2019b; 2019c). A thorough review of the
groundwater sustainability crisis in the PICs was done by Sharan et al. (2021), where the
authors found that PICs groundwater is overexploited and is prone to SWI by natural and
anthropogenic means. The authors also reported that to minimise SWI and improve
groundwater quality, PICs must use the latest SWI monitoring devices, 3D numerical
modelling, machine learning algorithms and thorough community awareness. All these

techniques will help to monitor, manage and prevent SWI in coastal aquifers.

Climate change caused by natural means and over-abstraction of groundwater has
led to SWI in the coastal aquifers and other groundwater-related problems in several low-
lying PICs. This case study is based on a small PIC, Tonga. This study uses quantitative
data, linear regression, and graphical linear trends fit data analysis techniques to find the
relationship between two variables. Linear trend lines were also used for a better
description of the results. Groundwater salinity data from several abstraction wells in
Tonga were analysed to ascertain the impact of over-abstraction on groundwater
resources. Moreover, Tonga's long-term rainfall and net recharge patterns were analysed
to see if groundwater is affected by climate change. Furthermore, data on sea level and
carbon dioxide emissions were used to ascertain and validate the impact of climate change

on Tonga.

This study is the first to investigate various aspects of climate change and how it
ultimately affects groundwater resources in Tonga. Limited studies have been done on
the evaluation of groundwater use sustainability in Tonga, and so far, to the best of the
current knowledge, no specific investigation has been reported on the links between
salinity trends, over-abstraction, long-term rainfall patterns, net recharge, sea level rise
and carbon dioxide emissions on groundwater in Tonga. Hence, this study provides novel
insights into Tonga's groundwater condition and opens pathways for further studies in the
domain of groundwater research. Moreover, this study should be helpful for groundwater

resource managers, stakeholders, and policymakers in Tonga and the broad scientific
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community, the PICs, and the general Tonga community in combating saltwater

intrusions and preserving the water resource.

3.4 Data
3.4.1 Study area

Tonga (21.18° S, 175.19° W) is a Polynesian country and is also known as the
Kingdom of Tonga. Tonga has 171 volcanic, limestone, sand, and mixed islands, many
uninhabited, with agriculture and tourism as primary economic earners. Tonga is divided
into three major islands: Tongatapu, Ha'apai and Vava'u. The current population of Tonga
is 105,695, whereas Nuku'alofa is the capital. Tongatapu has approximately 259 km? of
total area, 31.5 km along its Northwest-Southeast way and 18.5 km along the Northeast-
Southwest way (Babu et al., 2018). Tonga has ten active volcanoes, six on land and four
underwater (World-data, 2022). Tonga is in the Pacific Ring of Fire, which attracts natural
disasters and volcanic eruptions are one of them. On 15 Jan 2022, the Hunga Tonga-Huna
Ha'apai volcano erupted in Tonga, where some nearby islands were covered in volcanic

ashes. Tonga is also vulnerable to cyclones, tsunamis, earthquakes and droughts.

The study area for this research is Tongatapu (21.14° S, 175.25° W), as shown in
Figure 3.1. Tongatapu is ~65 m above sea level, and the aquifers mainly consist of karst-
type limestone, which is very porous (White et al., 2009). Tongatapu's geology and
hydrological characteristics include a low-lying island of coral reefs and soil layers with
cracks or karst macro pores. Karstification of layers indicates that aquifers are
heterogeneous and anisotropic, with higher hydraulic conductivity in karstified layers.
Moreover, lower conductivity can be seen in sandy layers. Hence, spatial variation is
higher (Waterloo and Ijzermans, 2017). The soil type consists of clay and volcanic ash,
known as Typic Argiudoll and Hapludoll (Manu, 2000). The natural forest is minimal in

Tongatapu due to agriculture, which amounts to the island's vegetation.

Groundwater is the primary water source in Tonga. However, Tongans also use rain
and desalinated water. Tongatapu has plenty of salinity monitoring boreholes and more
than 6000 groundwater supply wells. However, not all the boreholes and wells are marked
in Figure 3.1. The actual locations of the wells that were studied are shown in Figure Al:.
The data was used from 56 locations in Tongatapu, and all the locations are marked in
Figure Al:. The exact names of locations, the number of wells, longitude and latitude of

the study area are given in Table A2. Moreover, from the locations Niutoua till Haateiho,
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the groundwater data were collected on 14 Aug 2007 and from the locations Pae till
Sia'atoutai, the groundwater data were collected on 15 Aug 2007, as shown in Table A2.

The data was taken from the report compiled by White et al. (2009).

3.5 Methods

This study investigates the salinity concentrations of groundwater samples from
some monitoring wells in Tongatapu. The yearly mean electrical conductivity (EC) of
more than 20 wells was analysed using linear regression and graphical linear trends fit to
see the effect of salinity concentrations due to the over-abstraction of groundwater from
1965 until 2007. The trend line was also shown to see the type of effect, either positive
or negative. Moreover, the salinity profiles for the three monitoring wells in
Mataki'eua/Tongamai (21.15° S, 175.23° W) wellfield (marked in Figure 3.1) were
linearly plotted at different depths below the water table. The long-term rainfall patterns
and net recharge rates from 1945 until 2006 were also linearly analysed for Nuku'alofa
(21.14° S, 175.20° W) in Tongatapu. Linear regression was used to compare Tonga's
average monthly rain and net recharge. The salinity data, rainfall patterns and net recharge
data were taken from the report compiled by White et al. (2009) with the collaboration of
the South Pacific Applied Geosciences Commission (SOPAC) (White et al., 2009).

Moreover, to see the climate change effect in Tonga, the sea level or tide height
data from 1993 to 2020 were linearly plotted against the year. The tide height data of
Nuku'alofa was used, and it was taken from the National Tidal Centre, Bureau of
Meteorology, South Australia (NOC, 2022). Moreover, the carbon dioxide (CO2)
emissions in Tonga from 1960 to 2018 were linearly plotted to strengthen and validate

climate change in Tonga. The data was taken from The World Bank (WBG, 2022).

3.6 Results and Discussion

Tonga has minimal water management strategies, and the over-exploitation of water
resources is a significant concern (Hess, 2017). To show the over-abstraction and overuse
of groundwater in Tongatapu, the groundwater pumping rates of the
Mataki'eua/Tongamai wellfield were linearly analysed using the data from 1966 to 2007.
The results are shown in Figure 3.2. The results indicate that the pumping rate has
increased with a positive slope of 1.23 and an 7* value of 0.94, indicating a better
representation of data. The pumping rate and the number of pumps in 2007 were =< 6 times

higher than in 1966. Moreover, the pumping rate (litres/second) increased by 19% from
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1998 till 2007. Over-abstraction of groundwater poses a possible risk of saltwater
intrusions into the freshwater aquifers. Hence, the groundwater salinity trends in

Tongatapu were analysed using linear trend analysis.
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Figure 3.2: Groundwater pumping rates of Mataki'eua/Tongamai wellfield.
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Figure 3.3: Salinity concentration of various wells in Tongatapu.

Groundwater salinity trends were determined using the electrical conductivity (EC)
of several wells in Tongatapu, and the results are shown in Figure 3.3. The results indicate
that EC has increased by 58% from the year 1965 with a gradient of +0.022. The average

salinity concentrations of all wells indicated the lowest salinity of 353.1 mg/L in

45



Chapter 3: Evaluating the impacts of climate change and water...

September 1965. In contrast, the highest average salinity concentration of 1040.6 mg/L
was noted in July 1996. Due to the wider time gap, the variations are higher. Moreover,
the EC values were highest in 1996, and they gradually decreased till 2001 because,
during that time, Tonga experienced heavy rainfall, which caused severe flooding and
increased waterlogged areas. Due to this, there was a sudden decrease in the EC values,
as shown in Figure 3.3. The annual rainfall patterns in Tonga are shown in Figure 3.4,
from which it can be seen that from 1995 to 1996, the rainfall was minimal. Hence, the
EC had a peak value. During low rainfall, the temperature was also high, which also
triggered higher EC in Tongatapu. Also, from Figure 3.4, it can be seen that the rainfall
from 1996 to 2001 was relatively high, gradually reducing the EC values by the dilution
effect.
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Figure 3.4: Rainfall (marked blue) and net recharge (marked green) for Nuku'alofa, Tonga.

The sea level was high in 1996 and decreased slightly till 2000, as shown in Figure
3.5. The sea level height also affected the EC. The increase in EC over the 40-year period
depicts the presence of sodium chloride in the groundwater in several wells. Hence, the
groundwater can be considered saline. In other words, there is a possibility of saltwater
intrusions into the freshwater aquifers in Tonga, which makes the water saline. Since the
pumping rates have increased, indicating over-abstraction by = 6 times higher since 1966,

there is a good chance of saltwater intrusion in Tongan aquifers.

Ayolabi et al. (2013) did a case study in Nigeria mapping saltwater intrusion (SWI)

into coastal aquifers with geophysical and geochemical techniques and reported that SWI
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has encroached into the aquifers, contaminating the water. The authors also reported that
increased EC indicated a positive SWI in coastal aquifers. Moreover, Dausman and
Langevin (2005), Furguson and Gleeson (2012) and Costall et al. (2020) also reported
that overuse, over stress and exploitation of groundwater lead to SWI and other
environmental complications. Prusty and Farooq (2020) reviewed SWI in coastal aquifers
in India and reported that due to the increase in population and water demand, over-
abstraction of groundwater frequently leads to SWI sip-in. Lal and Datta (2019b) studied
the multi-objective groundwater management strategy under uncertainties for sustainable
control of saltwater intrusion of the Bonriki coastal aquifer (1.37° N, 173.15° E) in
Kiribati. The authors reported that to minimise the SWI, pumping rates must be

controlled, and management models must be developed for optimum groundwater

pumping.
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Figure 3.5: Sea level height in Nuku'alofa.

The increase in SWI in Tongatapu is mainly due to over-abstraction triggered by
the increasing demand for groundwater due to daily household needs and agricultural use.
The pumping rate in recent years has increased in the Mataki'eua/Tongamai wellfield,
which supplies the groundwater to most of the people in Tongatapu. The increase in
pumping rates in Tonga has increased the electrical conductivity of the groundwater.
Hence, the freshwater wells and aquifers have more saline water, and the freshwater-
saltwater interface has moved towards the landward side, possibly causing saltwater

intrusion.
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Moreover, the data from three salinity-monitoring boreholes in Tongatapu, namely,
SMBI1, SMB2 and SMB3, were also analysed, and the results are shown in Figure 3.6.
As the depth below the water table increases, the salinity level also increases for all three
monitoring boreholes. Moreover, 14m below the water table, EC drastically increases,
indicating higher salinity concentrations. A thorough review of how the water table, EC
and salinity concentrations are linked is given by Rusydi (2018). Bloomfield et al. (2020)
studied variations in the salinity of deep groundwater systems and reported that
groundwater becomes more saline with increasing depth below the water table. The
authors also reported that total dissolved solids (TDS) wvary about five orders of
magnitude, increasing mineralisation with depth. Hence, the results from this study
indicate that all the monitoring boreholes had higher salinity concentrations below the
water table. It can be seen that over-abstraction and SWI are related. However, if the
aquifers receive a good amount of recharge through rainfall, the freshwater-saltwater
interface will move towards the seaward side. Therefore, the long-term rainfall and

recharge patterns in Tongatapu were linearly analysed.
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Figure 3.6: Salinity monitoring boreholes in Mataki'eua, Tonga, SMB1 (-21.15883, -175.23464),
SMB2 (-21.15389, -175.24172) and SMB3 (-21.15061, -175.24494).

The long-term rainfall patterns for Nuku'alofa in Tongatapu were linearly analysed.
The results are shown in Figure 3.4. The results indicate that the monthly mean rainfall
has decreased by 19% from 1950 to 2006. The decrease in rainfall could be due to many
factors. However, global warming caused by climate change could be one of the
prominent factors for Nuku'alofa's decreased rainfall. C2ES (2022) reported that some
climate models show a decrease in rainfall with increased dry periods in Tonga. Due to
this decreased rainfall, the net recharge has also decreased by 37% from 1950 to 2006, as
shown in Figure 3.4. The decrease in rainfall will impact the groundwater's net recharge
(Owuor et al., 2016). Tongatapu island, in general, has decreased net recharge due to
decreased long-term rainfall and the possibility of increased evaporation and transpiration

linked with climate change and increased atmospheric heat (Dore, 2005).
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Climate change can also be validated if the sea level rises, the strength and
frequency of tropical cyclone occurrence, and increased carbon dioxide emission (CO2).
Tonga is experiencing a sea level rise of 6mm/year (Mulhern, 2020) and the severity and
frequency of tropical cyclone occurrence in the past few years (MEIDECC, 2021). The
rise in sea level can pose a vertical inundation of SWI into the coastal aquifers. The sea
level or tide gauge height data for Nuku'alofa was linearly analysed from 1993 to 2020,
and the results are shown in Figure 3.5. Sea level data was analysed to validate the
plausible climate change occurrence in Tonga. The results indicate that the sea level has
increased from 1993 to 2020 by 5.2%. Sea level rise is one of the major effects of climate
change (Mimura, 2013). Treanor and Watson (2015) reported that Tonga is facing rising
sea levels due to climate change. The rise in sea level also affects the water quality and
increases water contaminations like SWI. Werner and Simmons (2009) studied the impact
of sea level rise on SWI in coastal aquifers and reported that sea level rise affects the
groundwater quality. Jasechko et al. (2020) studied the groundwater level observations in
250,000 coastal U.S. wells and reported that rising sea levels, land subsidence, and
increased water demands would cause frequent SWI into the aquifers. Hence, the
increased sea level in Nuku'alofa must have caused vertical inundation of saltwater into

the aquifers, contaminating the freshwater.

COqalso plays a vital role in climate change (Pastor and Post, 1988; Lindsey, 2020).
The increased CO; emissions in Tonga have led to climate variability and climate change,
which has increased sea levels and eventually contaminated the coastal aquifers in
Tongatapu and nearby areas. The CO; emissions in Tonga, Fiji, Papua New Guinea
(PNG), and Samoa have increased from 1960 to 2018, as shown in Figure 3.7. CO;
emission in Tonga alone has increased by = 800% since 1960. Moreover, there was a
slight increase in CO2 by 5.9% from 2017 to 2018. Excessive COz in the atmosphere can
also be absorbed into groundwater, affecting the water quality (Carroll et al., 2009;
Oviedo-Vargas et al., 2015). However, other studies also suggest that depleting
groundwater releases CO; into the atmosphere (e.g., Macpherson, 2009; Wood and
Hyndman, 2017; Mishra et al., 2018). These studies have revealed that the over-
abstraction of groundwater changes the water's pH level and significantly reduces the
bicarbonate level, releasing the stored CO> into the atmosphere. The link between
groundwater over-abstraction and CO; released into the atmosphere must be further

developed and studied for Tonga and other PICs.
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Figure 3.7: Carbon dioxide (CO,) emissions of some selected PICs.

The water quality in Tonga has been affected by natural and anthropogenic factors.
Over-abstraction, decreased long-term rainfall rates, decreased net recharge, rising sea
level and increased CO> emissions contaminated the groundwater and caused possible
saltwater encroachment in Tongatapu. The limitations of this case study were the
availability of quality groundwater data. The majority of the PICs do not have quality and
accessible groundwater data. Hourly or daily groundwater pumping and salinity data are
needed to better understand the groundwater contaminations. Also, there is a need to
separate other TDS from the groundwater to see the actual presence of salinity. However,
to better understand the SWI in the coastal aquifers of Tongatapu, there is a need for 3-D
modelling, Al-based modelling and decision models to manage and prevent saltwater
intrusions. Using these modelling techniques will clearly indicate the presence of SWIs

and provide better groundwater management strategies for controlling SW1s.

3.7 Conclusions

The effect of climate change and freshwater over-abstraction on groundwater
resources in Tonga has been analysed using quantitative data, linear regression and linear
trend analysis. Water salinity concentrations, pumping rates, long-term rainfall and net
recharge, sea level and carbon dioxide (CO2) emission data were used to see the effect of
climate change and how over-abstraction of freshwater affects groundwater resources.

Due to increasing demands, the over-abstraction and pumping rates of groundwater in
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Tongatapu have significantly increased. Moreover, the salinity concentrations of several
wells in Tongatapu have increased for a 42-year period. The long-term rainfall and net
recharge of coastal aquifers in Tongatapu have decreased for a 61-year period. Net
recharge of the coastal aquifer has decreased predominantly due to a long-term decrease
in rainfall and increased heat in the atmosphere caused by excess CO; emissions, leading

to evaporation and transpiration.

Moreover, an increase in sea level has caused vertical inundation of saltwater into
the aquifers, contaminating the freshwater in Tongatapu. CO; emissions have
significantly increased in Tonga, threatening the groundwater quality. Moreover, to find
how the over-abstraction or depleting of groundwater releases CO» emissions into the
atmosphere are related, a further study must be conducted in Tonga and other Pacific
Island countries, as these issues have not been addressed adequately or rigorously till
now. In addition, 3D and Al-based modelling studies are needed to better understand the
saltwater intrusion in Tongan aquifers. This study provides insight into how natural and
anthropogenic factors affect the groundwater in Tonga. Also, this study will benefit the
people of Tonga and the broader scientific community by planning and focusing more on
reducing abstraction rates, reducing carbon footprints, and combating climate change

1ssues.

In the next chapter, an illustrative study (in the context of a PIC aquifer) is used to
develop a 3D numerical simulation model to better understand saltwater intrusion in
coastal aquifers. The chapter also provides various types of saltwater intrusion

management strategies.
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Chapter 4: Integrating numerical modelling and
scenario-based sensitivity analysis for saltwater intrusion
management: case study of a complex heterogeneous island
aquifer system

The main contents of this chapter have been published and copyrighted as outlined

below:

Sharan, A., Datta, B., & Lal, A. (2023). Integrating numerical modelling and scenario-
based sensitivity analysis for saltwater intrusion management: Case study of a
complex heterogeneous island aquifer system. Environmental Monitoring and
Assessment, 195(553), 1-22. https://doi.org/10.1007/s10661-023-11159-z

4.1 Overview

This chapter develops a 3D numerical model for a complex heterogeneous island
aquifer to predict saltwater intrusion based on different pumping patterns. It also provides
scenarios and tests uncertainties that trigger and prevent saltwater intrusion rates for a

coastal aquifer.

4.2 Executive Summary

Population growth, industrialisation, and increasing agricultural demands have
significantly stressed groundwater resources in Pacific Island countries (PICs). Climate
change and sea-level rise also affect the groundwater resources in PICs. These
anthropogenic and natural factors give rise to saltwater intrusion (SWI), a major growing
environmental problem in the PICs. SWI is a highly non-linear process, which makes it
more complex to manage. However, with the help of numerical modelling, SWI can be
monitored, managed and controlled. An illustrative study area was used in the present
study. The hydrogeological parameters and other boundary conditions used are similar to
the PICs aquifer systems in Vanuatu. The scenarios include changing the barrier wells,
injection wells, recharge, hydraulic head, hydraulic conductivity and grid size. The
numerical simulation model of the study area was developed, and different scenarios were
tested using SEAWAT modules. Apart from salt, leachate and engine oil were also
modelled in the current study area to see how they affect the freshwater wells over time.
The scenario-based sensitivity analysis tests indicate that injection wells, recharge, and
hydraulic conductivities are highly sensitive, and with the proper modification, SWI can

be managed or regulated. The sensitivity of grid size showed that the simulated results
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varied within the 10% range of different gird sizes. Moreover, it was also found that the
rise in sea level or coastal heads by 0.3m-1m does not significantly cause further SWI in
aquifers. The results from this study are very crucial in this modern era when freshwater
needs in coastal areas, especially PICs, are rapidly increasing, and fresh groundwater
resources are declining. The novel outcome presented in this study opens pathways for
further detailed modelling and numerical studies in the field of SWI management
strategies development and is, therefore, beneficial for policymakers, groundwater

modellers, and general scientific communities.

4.2 Introduction

Groundwater is the oldest and most widely used water resource on Earth, whereby
35% of water is used by humans supplied through sub-surface aquifers worldwide
(Frankel, 2015). Groundwater usage has increased in the last few decades merely due to
agricultural demands, population growth and industrialisation (Howard, 2015; Hamed et
al., 2018). The increase in demand for groundwater resources has imposed a lot of stress
and environmental problems in coastal aquifers across the globe. Saltwater intrusion
(SWI) is one of the major environmental problems faced by coastal aquifers due to the
over-abstraction of groundwater (Alley et al., 1999; Michael et al., 2017; Sharan et al.,
2021). SWI occurs when the density of the groundwater is less than that of seawater when
they hydraulically interact, forming depression and ascension zones. SWI is also
described as the degradation or contamination of groundwater when the salinity of
freshwater aquifers increases. Freshwater is identified by determining the total dissolved
solids (TDS) present in the water. Freshwater has TDS < 1000 mg/L, whereas salty water
has TDS > 35000 mg/L. Table 4.1 shows the general salinity classifications of different

water types.

Pacific Island countries (PICs) use groundwater daily for drinking, cooking,
washing, farming, irrigation, etc. Climate change, natural disasters, over-abstraction and
other anthropogenic factors constantly affect the groundwater resources in PICs (Sharan
et al., 2021). The groundwater resources in PICs are also prone to SWI problems. Hence,
groundwater modelling tools are needed to tackle the SWI in the coastal aquifers in PICs.
Table 4.2 summarises the twelve PICs profile, their water resources and the significant
contaminants affecting their water resources. The summary vividly indicates that SWI is

a major issue in small island nations affecting their coastal aquifers. The studies
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conducted in managing the SWI problems are very limited in all the PICs except for

Kiribati, where the research is active with some published reports and papers.

Table 4.1: General salinity classification (Hillel, 2000).

Total

Dissolved Electrical
Water Type Ss(s);)i(;'se Conductivity General Usage
S/em
Rainfall <20 <30 Drlnkm.g and all irrigation also suitable
for all livestock
Wastewater 250-800 373-1194 Drlnkm.g and all irrigation also suitable
Effluents for all livestock
Freshwater <1000 <1500 Drlnkm‘g and all irrigation also suitable
for all livestock
Not suitable for drinking, but used for
Brackish Water 1000- 1501-15000 aquacul‘ture, cooling water for power
10000 generation.

Saline water (TDS = 2000-10000 mg/L)

Not suitable for drinking or irrigation,
Seawater > 35000 > 52000 also known as brine water, can be used

for limited mining or industrial purposes.

Coastal aquifers need to be monitored frequently, and it is essential to know the
exact landward extent of saline water and freshwater discharge to maintain the saltwater-
freshwater interface at equilibrium. There are numerous techniques and tools for
preventing, managing and minimising SWIs. The detailed techniques and tools are
thoroughly described by Sharan et al. (2021). Three-dimensional (3-D) numerical
modelling techniques are one of the reliable, efficient and cost-effective tools for
preventing, managing and minimising the SWIs in coastal aquifers (Lal and Datta, 2017,
Roy and Datta, 2020; Sharan et al., 2021; Sharan et al., 2023). PICs have used a limited
number of numerical models to manage the SWI. Some of the 3-D numerical models used
in PICs groundwater management include SEAWAT (Bosserelle et al., 2015), SUTRA
(Kumar, 2016) and FEMWATER (Lal and Datta, 2018; Lal and Datta, 2019). A
SEAWAT-based numerical model has only been developed for the Bonriki aquifer
(1.385° N, 173.144° E) in Kiribati to manage SWIs. However, more work still needs to
be done, and the complexity of the conceptual model needs to be considered for the
Bonriki aquifer. The SWI is a non-linear process. Hence, developing a complex model
and using all possible boundary conditions will give optimum SWI management

strategies.
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Table 4.2: Pacific Island countries profile and water resources. Source ('World Population Review, 2022; *Falkland, 2002; *Sharan et al., 2021).

Approximate . Major Water Saltwater
1 s Land Area 2 . 3 Major Water . . .
Country  Population (in (km sq.)’ Island Geology Major Source of Income Sources’ Contaminants or intrusion
2020)' 9 Problems’ studies’
. o Septic tank leak:
Cook Atoll, yolcamc, Tourism, agriculture Desalination, . arfipngl zﬁd h?mjie’ Very
17595 236 volcanic & ’ ’ Groundwater, Rain & .
Islands . pearls. waste. limited
limestone Surface Water
SWI
. . Over-abstraction of
Fii 909466 18272 Yolcamc, Togrlsm, sugarcane, Groundwater & groundwater, Waste V.er}'l
limestone, atoll agriculture Surface Water . Limited
disposals, SWI.
. . . Desalination, SWI, animal waste,
Kiribati 123419 811 i\i/[rije (;?Otl}]/eatoll, I z:rzlrgt: a:gi,rsaeafood Groundwater, droughts, over- Active
POTLS, cop Rainwater abstraction., SWI
Foreign aid, seafood Desalination, Sewage, long Ve
Nauru 10903 21 Limestone export, tourism, Groundwater, droughts, over- ey
. . . Limited
agriculture Rainwater abstraction, SWI
Niue 1648 260 Limestone Agriculture Groundwater Animal and Human. V'e Y
waste, over-abstraction Limited
Deforestation,
Limestone, . Groundwater, Rain & sediment erosion, Very
Palau 18233 459 volcanic Agriculture and Seafood Surface Water pesticides, human and  Limited
animal waste
Papua Farm chemicals
New Atolls, coral Is., Agriculture, mining, crude  Groundwater, Rain & . ’ Very
. 9292169 462840 L . fertilizers, over- .
Guinea volcanic, limestone oil Surface Water . Limited
abstraction, SWI.
(PNG)
) sediment erosion,
Samoa 202239 2842 Volcanic Agrlculture,. seafood Groundwater & human and animal V.e Y
export, tourism, copra. Surface Water Limited
waste, SWI
Animal & human
Solomon Atolls, volcanic, Groundwater, waste, over- Very
Islands 721159 28896 limestone Log exports Rainwater abstraction, SWI, Limited
logging
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Approximate . Major Water Saltwater
1 s Land Area 2 . 3 Major Water . . .
Country  Population (in (km sq.)’ Island Geology Major Source of Income Sources’ Contaminants or intrusion
2020)" 9 Problems’ studies’
Volcanic, Farm chemicals,
limestone, . . animal waste, Very
Tonga 107749 747 limestone & sand, Agriculture, tourism Groundwater fertilizers, over- Limited
mixed abstraction, SWI.
Highly contaminated
C . groundwater, animal,
Tuvalu 12066 26 Atoll Fishing licence to foreign Grgundwater & factory, human waste, V.e Y
vessels Rainwater ; . Limited
chemicals, erosion,
SWI
. . . SWI, animal, factory,
Vanuatu 321832 12189 Maj orlty' volcanic, Agrlculture,' seafood Grpundwater & human waste, V.er}'l
sand & limestone export, tourism Rainwater Limited

chemicals
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SEAWAT-based numerical simulation models are developed using finite difference
techniques. SEAWAT code is used for complex geometrics and geological settings,
including SWI, submarine groundwater discharge, brine transport and groundwater flow
near salt domes (Cobaner et al., 2012). Guo et al. (2019) studied the effects of sea-level
fluctuations, groundwater pumping, and inland recharge on SWI in complex coastal
aquifers. The authors developed the numerical model using SEAWAT and calibrated the
hydrogeological parameters using real-time data. The authors found that their simulated
groundwater level and salt concentrations were comparable with the results from the
observation wells. Moreover, they also reported that high and low tides portray a major

role in SWI in coastal aquifers.

Hagagg (2019) used the SEAWAT code to examine the level of SWI in the Karstic
aquifer of El Negila (30.75° N, 30.698° E). The author tested the scenarios, including
increased sea-level heights and pumping activities for 2022. The author reported that the
SWI would increase if the pumping rates and sea level heights increased. Hamidi et al.
(2021) used the SEAWAT code to model the SWI for the Rmel-Oulad Ogbane coastal
aquifer in Larache, Morocco. The authors focused on two scenarios which include climate
change and sea-level rise (SLR). The authors reported that the over-pumping of
groundwater and SRL caused by climate change are the primary drivers of SWI in coastal
aquifers. Moreover, the authors also reported that climate change also reduces the natural

recharge, which eventually reduces the fresh groundwater resources.

The SLR, climate change, and over-abstraction of groundwater affect the quantity
and quality of groundwater resources in PICs. These factors also cause SWI in coastal
aquifers. Hence, managing the anthropogenic and natural factors affecting groundwater
resources is very important. A numerical modelling approach is considered for this study
to establish proper links between climate change, SLR and over-abstraction. This study
will test different scenarios, and sensitivity analysis will be conducted by changing
various parameters in the model domain. Moreover, multi-species contaminants will be
introduced and modelled within the model domain. To the best of the current knowledge,
some combinations of different scenarios tested in this study have never been investigated
in previous studies. Moreover, the combined SWI and other species flow and transport
will be the first for PICs. This study will be beneficial to hydrogeologists and groundwater
professionals in considering various scenarios while developing their models using

SEAWAT. Moreover, this study will provide better scenarios capable of managing SW1s.
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Also, this study will show how multi-species contaminants are transported in coastal
aquifers using SEAWAT, which will benefit lawmakers in drawing up policies for

controlling these contaminant species before they contaminate the freshwater wells.

4.3 Methods

Saltwater intrusion is a complex non-linear process that requires mathematical
models like numerical models to build the case simulation and provide management
strategies for controlling saltwater intrusion. The numerical simulation model was
developed using SEAWAT modules in Groundwater Modelling System (GMS).
SEAWAT numerical code was developed to simulate 3D, variable density, transient
groundwater flow in porous medium combining MODFLOW and MT3DMS programs.
MODFLOW solves the non-linear variable density flow equations, and MT3DMS solves
the non-linear temporal and spatial salt or solute transport equations (Guo and Langevin,

2002).

4.3.1 Governing Equations

The variable-density flow process solves the following form of the variable-density

groundwater flow equation (tensors and vectors are shone in bold) (Langevin et al., 2008).

o0 0C_ o

o P~ Po — 9ho _
\Y [p . Ko(Vh0+ o VZ)] = pSso ot + 6 5 ac  Psls>

(4.1)
where pg is the fluid density [kg/m’] at the reference concentration and reference
temperature, ¢ is dynamic viscosity [kg/md], Ko is the hydraulic conductivity tensor of
material saturated with the reference fluid [m/d], /¢ is the hydraulic head [m] measured
in terms of the reference fluid of a specified concentration and temperature (as the
reference fluid is commonly freshwater), S is the specific storage [1/m], defined as the
volume of water released from storage per unit volume per unit decline of 4y, ¢ is time
[d], @ is porosity [dimensionless], C is salt concentration [kg/m?], ¢’ is a source or sink

[1/d] of fluid with density p;.

The integrated MT3DMS Transport process solves the following form of the solute

transport equation.
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k k
(1 + —”b:d)—a(gf L=v-(6D- VCK) - V- (qC*) — q; CE+ XN, R (42)

where p,, is the bulk density (mass of the solids divided by the total volume) [mg/m’], KX
is the distribution coefficient of species k [m3/kg], C* is the concentration of species k
[kg/m], D is the hydrodynamic dispersion coefficient tensor [m?/d], q is specific discharge
[m/d], and CF is the source or sink concentration [kg/m?] of species k. Ry, (k=1, ...N) is

the chemical reaction term (kg/m>d) of species k.

In previous versions of SEAWAT, % was approximated as one, and thus viscosity

effects were neglected, and fluid density was treated as a simple linear function of only
one solute species. In SEAWAT version 4, fluid density and viscosity can be calculated
using concentrations from one or more solute species. These equations of state relate the
density and viscosity terms in equation 4.1 to one or more of the MT3DMS species
concentrations (C *) in equation 4.2. By allowing one or more of the MT3DMS species
to affect fluid density and viscosity, variable-density groundwater flow can be coupled
with simultaneous solute and heat transport (Langevin et al., 2008). Moreover, the
previous version of SEAWAT and variable density groundwater flow and transport

equations are given in by Guo and Langevin (2002) and Zheng and Wang (1999).

4.4 Study area

An illustrative study area representing an island aquifer system was used to simulate
the 3D saltwater intrusion process and test different SWI management scenarios. The one-
layer unconfined aquifer used in this study was 125.58 km?. The aquifer system
considered was complex, heterogeneous and isotropic in nature, with different values of
hydraulic conductivities and porosities in the horizontal direction. The hydraulic
conductivities for area portions 1, 2 and 3 are 10 m/d, 15 m/d, and 20 m/d, respectively.
Also, the porosities for area portions 1, 2 and 3 are 0.2, 0.28 and 0.32, respectively. The
study area consisted of an ocean boundary, three rivers, pumping wells, barrier wells,
monitoring wells, industrial waste and oil dumping sites, as shown in Figure 4.1. The
dumping site is assumed to be leaking at a prolonged rate, whereby the leachate and oil
are seeping into the groundwater system. The annual rainfall for the area was 115

inches/year (3937 mm/year).
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Figure 4.1: Plan view of the study area.
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The illustrative study area is an actual groundwater pumping site in Vanuatu
(15.3767° S, 166.9592° E) in Pacific Island countries (PICs). PICs do not have enough
groundwater data to calibrate and validate groundwater models. Due to the unavailability
of the hydraulic heads, groundwater pumping and water concentration data, the area was
treated as an illustrative study area utilising the field data to the extent available to
resemble the PICs aquifer system. The dumping site and the number of wells and rivers
created in the model domain are added to introduce more complexity to the model.
However, some boundary conditions and hydrogeological parameters are realistic and

taken from the actual study area in Vanuatu.

4.4.1 Model Discretisation

The MODFLOW-2000 module was used to develop the conceptual model domain
of the current study area. The length of the study area in the X-direction was 13822.15m,
the length in Y-direction was 9083.80m, and the length in Z-direction was 100m. The cell
size used to create the finite-difference grids was S0m x 50m. The number of nodes was
1010748, and the number of cells was 50414. The grid top elevation was 200m, and the

grid bottom elevation was 100m.

4.4.2 Numerical Model and Boundary Conditions

The study area was divided into three small area portions representing an island
aquifer system. Area portion 1 had fine to medium-grained sand, area portion 2 had
coarse-grained sand and area portion 3 had sand/gravelly sand. The top boundary was a
free surface, and the bottom boundary was treated as a no-flow boundary. There were
three no-flow boundaries within the model domain. One was between rivers 1 and 2, the
other was towards the northeastern side, and the third no-flow boundary was on the
western side of the model domain. The boundary on the south side of the model domain
was the coastal side boundary, and it was considered the specified head (constant head
boundary), with the heads being at 181m each for two different nodes. River 1 head value
of the eastern boundary was 182m, and 190m of the northwestern boundary. River 2 head
value of the eastern boundary was 188m, and 195m of the northwestern boundary. River
3 head value on the western side was 190m, whereas 195m was on the northeastern
boundary. The thickness of the aquifer was 95m. 22 pumping wells and 10 monitoring

location wells were uniformly placed along the model domain.
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The barrier wells and injection wells were also introduced in the model domain after
testing different SWI management strategies. Pumping wells act as the sink to the system,
whereas injection wells can be considered as sources to the system. The uniform pumping
of 10000 m*/d from 22 pumping wells was considered. The pumping rates and locations
of production wells were not changed in order to compare the most effective scenarios
for managing saltwater intrusions. Also, changing the pumping rates could have increased
the simulations time and the numerical modelling would have become computationally
expensive. However, the rates of pumping have been altered by adding barrier wells and
injection wells. Recharge was also used as a source to the model domain uniformly. The
recharge rates and other hydrogeological parameters used in the development of the

model are given in Table 4.3

The conceptual model was developed and simulated in a steady state using
MODFLOW. The simulated heads were then used as initial heads for the transient
simulation in MT3DMS and SEAWAT. The maximum stress period used was 10950
days. The hydraulic head values were simulated in a steady state until the difference in
heads was not large. Then, these heads were used as initial heads in transient simulations.
The initial salt concentrations were assumed to be zero as there was no salinity data from
Vanuatu. If some data was available, then it could have been used to simulate the initial
concentrations. The advection, dispersion, source and sink mixing packages and chemical
reaction packages were used for solute transport. The simulated species are defined as
salt in the MODFLOW and MT3DMS modules. Once the flow and solute modules were
ready, SEAWAT-version 4 modules was initiated using the variable-density flow (VDF)
package. To calculate the internodal density within the model domain, an upstream-
weighted algorithm within the SEAWAT module was used. The freshwater density was
used as the reference fluid density in the SEAWAT module. The density and
concentration slope constant factor F was also used to prevent the model to over-estimate
the freshwater lens. If F = 0, then as the concentration changes, there will be no change
in the density. Hence, the results will be similar to the results simulated by MT3DMS.
Hence, SEAWAT was used to generate the results because it uses VDF (freshwater and
seawater) to make the freshwater lens difficult to circulate freely, forming a zone of

transition.
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Table 4.3: Model parameters and their values used in the numerical simulations.

Definition Values S.I. Units

Hydraulic Conductivity, K =
10

Porosity = 0.2

Hydraulic Conductivity, K =
15

Porosity = 0.28

Hydraulic Conductivity, K =

Area Portion 1 (Fine to Medium-
Grained Sand)

K =m/d
Porosity = dimensionless

Area Portion 2 (Coarse-Grained
Sand)

Area Portion 3

20
(Sand/Gravelly Sand) Porosity = 0.32
Horizontal Anisotropy 1 dimensionless
Freshwater Density 1000 kg/m?
Seawater Density 1025 kg/m’
Saltwater Concentration 35 kg/m’
Specific Storage 0.0035 I/m
River conductance 1 m/d
Longitudinal dispersivity 20 m
Recharge 0.0004 m/d
Stress Period 30 years
Density/Con. Constant, F 0.7143 dimensionless
Leachate Recharge Concentration 30000 kg/m?
Bulk Density 60000 kg/m?
Oil Recharge Concentration 20000 kg/m?
Leachate Dissolved Rate 0.00005 1/d
Leachate sorbed Rate 0.00005 1/d
Leachate sorption const. 0.000006 m’/kg
Oil sorption const. 0.000003 m’/kg
Oil Dissolved Rate 0.00008 1/d
Oil sorbed Rate 0.00008 1/d

4.4.3 Different scenarios tested

The numerical simulation model was developed using the SEAWAT module, and
the different scenarios were tested to find the best SWI management strategies in coastal
aquifers. Seven different scenarios were tested, and the sensitivity analysis was done to
see how the model would behave if different parameters were changed. The different
scenarios include the changes in barrier wells, injection wells, hydraulic conductivities
and porosities, recharge rates, hydraulic heads, multi-species and grid size. The finite-
difference method was to discretise the grids. The finite-difference grid method allows us
to change different parameters without changing the grid size and node locations.
However, using the finite-element method, it is challenging to test different scenarios
using different parameters because every time, the mesh will change, eventually changing
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the mesh size and node locations. Hence, conducting the sensitivity analysis becomes

more challenging.

4.5 Results
4.5.1 Scenario 1: Increasing the number of barrier wells

The current study area had 5 barrier wells (BWs) placed uniformly near the ocean
boundary. In this scenario, the number of BWs was increased by 50%. The 5 additional
BWs were also placed uniformly in the model domain along the ocean boundary and
marked as BW’, as shown in Figure 4.1. The study area was initially modelled without
using any BWs. It was also modelled using 5 BWs and then increasing the number of
BWs by 50%. The results did not show significant variations in the salt concentrations in
either of the situations. Hence, the model was simulated using 5 BWs, and the salt
concentration at various MLs was tested to see how the BWs would change if the BWs
were increased at uniform locations. The model domain was mapped with 10 BWs, and
all the other boundary conditions and hydrogeological parameters remained the same.
The BWs acted as the sink to the system, and the pumping rate of the 5 BWs was
considered as 12000 m*/d.

SEAWAT simulation was carried out, and the result was recorded at various time
steps. The plan view of the 3-time steps (10, 20, 30 years) with the 50% increased BWs
are shown in Figure 4.2(b-10 to b-30). Figure 4.2(a-10 to a-30) shows the base case results
or the controlled simulated results. The movement of saline water towards the PWs is
clearly shown in the different time steps. The side view at ML1 was also recorded, and
the results are shown in Figure 4.4(a-10 to a-30). The graph clearly shows how the SWI
occurs at ML1 in 30 years. The variations in the salt concentration in the model domain
are shown in the plan view and the side view, Figure 4.2(b-10 to b-30) and Figure 4.4(b-
10 to b-30), respectively. The figures with the numbers after the letter indicates the year
to which the simulated result corresponds. The side view of this scenario was taken at
ML 1. Hence, Figure 4.5a and Figure 4.4(b-10 to b-30) shows how the concentration was
decreased at ML 1. However, seaward of ML 1, the concentration was ~ 39.5 kg/m>,

shown in red.
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Figure 4.2: (a-10 to a-30), (b-10 to b-30) and (c-10 to c-30) shows the plan view of the simulated results of saltwater intrusion for the controlled area, the
addition of barrier wells (scenario 1) and increasing the hydraulic conductivities and porosities (scenario 2), respectively.
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Figure 4.3: (a-10 to a-30), (b-10 to b-30) and (c-10 to c-30) shows the plan view of the simulated results of saltwater intrusion for changing recharge
(scenario 3), the addition of injection wells (scenario 4) and increasing the hydraulic heads (scenario 5), respectively.
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Moreover, 10 monitoring location wells (ML) were uniformly placed in the model
domain to record the salt concentration values. The salt concentration after 10 years, 20
years and 30 years were plotted against the salt concentrations of these MLs without BW’
and any changes in the boundary conditions or hydrogeological parameters. To compare
the changes in the salt concentrations at various MLs, a bar graph was plotted using the
concentrations at 10 MLs with the new simulated values and the initial simulated values
referred to as controlled values for this research. The comparison of different salt
concentrations at different MLs is shown in Figure 4.5a. MLs 1-5 and 10 showed the
changes in the concentrations, whereas MLs 6-9 did not show significant changes bearing

the concentrations values close to 0 kg/m’.

The salt concentrations for ML 1 at 10- 20- 30-year time step were decreased by
31.57%, 2.85% and 1.76%, respectively. For ML 2, the salt concentration at the 10-year
time step was 0.054 kg/m>, whereas the salt concentration for the initial set-up was
0.00053 kg/m>. The 20-year time step and 30-year time step show 78.05% and 4.03%
increase in salinity, respectively. For ML 3, no significant changes were noted for the 10-
year time step, whereas 20-year and 30-year time steps show a 7.11% and 0.77% increase
in salinity. For ML 4, 72.58%, 1.53% and 0.90% increments of salt concentration were
noted for 10- 20- 30-year time steps, respectively. Similarly, for ML 5 and 10, the 10-
year time step showed a significant increment of salt concentration, whereas the increase

was relatively small for 20 and 30-year time steps.

4.5.2 Scenario 2: Increasing the hydraulic conductivity, porosity and BWs

The hydraulic conductivities and porosities in different area portions were increased
by 50% from the initial values. The new hydraulic conductivities for area portions 1 to 3
were 20 m/d, 30 m/d and 40 m/d, respectively. The new porosity values for area portions
1 to 3 were 0.4, 0.54 and 0.64, respectively. Also, the extra BWs which was introduced
in scenario 1 were also maintained in scenario 2. The plan view of the salt concentrations
at different time steps for scenario 2 is shown in Figure 4.2(c-10 to ¢-30). From the graph,
it can be seen that the saltwater flow into the aquifer from 10 to 30 years is reduced.
However, the salt concentrations near the coastline have increased to a value of 39 kg/m°.
In addition, the saltwater did not reach PWs 1, 2, 8 and 10. Whereas, in the scenarios
without changing the hydraulic conductivity and porosity, it shows the saltwater

encroachments of the PWs close to the coastline.
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Figure 4.4: (a-10 to a-30); (b-10 to b-30); (c-10 to ¢-30); (d-10 to d-30); (e-10 to e-30) and (f-10
to f-30) shows the side view of the simulated results of saltwater intrusion at monitoring
location 1 for the controlled area, the addition of barrier wells (scenario 1) and increasing
the hydraulic conductivities and porosities (scenario 2), changing recharge (scenario 3), the
addition of injection wells (scenario 4) and increasing the hydraulic heads (scenario 5),
respectively. The -10, -20 and -30 represent the time steps 10, 20 and 30 years, respectively.
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Figure 4.5: (a to e) shows the comparison of simulated salt concentrations at various monitoring
locations for the controlled area against the addition of barrier wells (scenario 1), increasing
the hydraulic conductivities and porosities (scenario 2), changing recharge (scenario 3), the
addition of injection wells (scenario 4) and increasing the hydraulic heads (scenario 5),

respectively.
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The side view of scenario 2 was viewed from ML 1, and the results are shown in
Figure 4.4(c-10 to c-30). From the graph, it can be seen that as the hydraulic conductivity
and porosity increase, the saltwater concentration decreases. Also, the salt concentration
towards the southwest of ML 1 has increased, as shown in dark red colours. These salt

concentrations and SWI can be compared with the side view of scenario 1.

Moreover, the salt concentrations at 10 MLs were recorded after the SEAWAT
simulation with increased hydraulic conductivities, porosities and BWs'. Only three-time
step data was recorded to minimise the computational burden. A bar graph was plotted to
compare the changes in the salt concentrations at various MLs with the controlled
simulated results. The comparison of different salt concentrations at different MLs is
shown in Figure 4.5b. MLs 1-5 and ML 10 showed the changes in the concentrations,
whereas MLs 6-9 did not show any significant changes bearing the concentrations values
close to 0 kg/m?>. The salt concentration decreased vastly at all MLs when the hydraulic

conductivity and porosity increased.

The salt concentration at ML1 for the controlled simulated result was 32.248 kg/m?,
whereas the simulated concentration at ML 1 for this scenario was 0.0388 kg/m? for a 10-
year time step. The difference in these two concentrations resulted in a 99.88% decrease
in the salt concentration. Moreover, there was a 63.34% decrease at the 20-year time step
and an 18.83% decrease at the 30-year time step for ML 1. Similarly, for ML 2, a 99.99%,
99.46% and 70.43% decrease in salt concentrations for 10- 20- and 30-year time steps
were observed, respectively. For ML 3 and 4 at the 10- and 20-year time step, the
concentrations decreased by more than 90%. However, the salt concentration for ML 3 at
30-year time steps decreased by 60.9%, and for ML 5, it decreased by 30.04%. A similar
range of % decrease was noted for ML 5. For ML 10, at 10- 20- 30-year time steps, the
salt concentration was decreased by 85.19%, 13.52% and 0.30%, respectively. Moreover,
with increasing time, the difference in the salt concentrations at various MLs will be very
less. To achieve this, the model was run for a longer time. However, in real life, there are

a lot of uncertainties, and prediction becomes challenging.

4.5.3 Scenario 3: Increasing the recharge rate

The initial recharge value for the entire model domain was 0.0004 m/d. However,
in this scenario, the recharge rate was increased into the model domain by 50%. The new

recharge value for this scenario was 0.0008 m/d. All the other parameters and boundary
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conditions remained the same. The BWs were also reduced to 5 as this was the initial set-
up for the controlled or illustrative study area. The plan view of the salt concentrations at
3 different time steps for this scenario is shown in Figure 4.3(a-10 to a-30). The controlled
results indicate that the salt concentrations for the coastal MLs (MLs 1-5, 10) are = 35
kg/m>, as shown in Figure 4.2(a-10 to a-30). The significant changes in the SWI show
after 20 years as the saltwater concentrations are lower than 30 kg/m? for the coastal side

MLs.

The side view of the saltwater movement into the coastal aquifer for this scenario
was viewed from ML 1, and the results are shown in Figure 4.4(d-10 to d-30). The side
view can be easily compared with other scenarios. However, the controlled side view was
used to interpret the results. From Figure 4.4(d-10 to d-30), it can be seen that the salt
concentrations at various grids around the ML 1 have decreased. The brackish water zone
was also increased, as shown on the left side of Figure 4.4(d-10). The salt concentrations
at 10 MLs were recorded for 3-time steps and compared with the initial simulated
concentrations. A bar graph was also plotted for this scenario, and the results are shown

in Figure 4.5c.

The bar graph was only significant for MLs 1-5 and 10, whereas MLs 6-9 had salt
concentration values very close to 0 kg/m?>. From the bar graph, it can be seen that for all
time steps, the concentration decreases if the recharge increases by 50%. The 10-year
time step showed a considerable decrease in salt concentrations, with MLs 4 and 5
showing 81.98% and 78.79%, respectively. The 20-year and 30-year time steps for MLs
4-5 portrayed a 16.4% and 9.3% decrease, respectively. Similarly, other MLs showed a
considerable percentage decrease in salt concentration for a 10-year time step, whereas,

for 20-year and 30-year, the percentage decrease was not higher than 20%.

4.5.4 Scenario 4: Installation of injection wells

The number of BWs was 5 in the initial model set-up, and the same number of
injection wells (IWs) was placed uniformly along the coastal boundary. IWs act as the
groundwater system's source, adding water to the aquifers and increasing the total water
volume. IWs were placed in the exact location where the extra BWs were placed and
marked as BW’, as shown in Figure 4.1. The volume of water injected into the aquifer
was 12000 m*/d and was constant for the 30-year stress period. The plan view of the

simulated results of this scenario is shown in Figure 4.3(b-10 to b-30). The results were
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compared with the controlled simulated results. Adding IWs shows significant changes
in saltwater flow into the aquifer system. The continuous pumping using PWs and
injecting using IWs did not allow the saltwater to reach PWs 13, 14 and 15, even after 30

years.

The side view of ML 1 was also captured to see the saltwater movement after adding
IWs, and the results are shown in Figure 4.4(e-10 to e-30). The results indicate that the
salt water did not reach ML 1 for 10- 20- 30-year steps. Moreover, the brackish water
zones were also formed, as shown on the far left side of all bars in the side view for this
scenario. The IWs significantly reduced the salt concentrations around the surrounding
area. It forms a barrier, and approximately within 1km of range, the saltwater does not

come close to the PWs.

The salt concentrations were also recorded at various MLs after simulating the
model using SEAWAT modules. The simulated results from this scenario were compared
with the initial results. The salt concentrations for 10 MLs from this scenario and the
controlled salt concentrations are shown in Figure 4.5d. MLs 1-5 and 10 showed the
changes, whereas MLs 6-9 had salt concentrations of = 0 kg/m?>. The salt concentration
for all 3-time steps at ML 1 was 0.00067 kg/m>. A significant 99.99% decrease in the salt
concentration was noted compared with the initial simulated salt concentrations. Similar
results were noted at ML 2 and ML 4. ML 3 had an 86.31% decrease for a 10-year time
step, whereas the 20-year time step showed a 13.59% decrease, and the 30-year time step
showed a 0.98% decrease. ML 10 showed an 8.6% decrease in salt concentrations at 10-
year time steps, whereas it did not show significant variations in the salt concentrations

for 20 and 30-year time steps.

4.5.5 Scenario 5: Increasing the hydraulic head

The hydraulic head was raised on the coastal boundary by 5m. The final coastal
head values for the eastern and western nodes were 186m, respectively. The other head
values of other boundaries remained the same. Also, other hydrogeological parameters
remained the same. Initially, the head was raised by 1m. However, no significant change
was noted in the simulated results. Hence, it was raised by a significant amount in this
scenario. The plan view of the simulated results is shown in Figure 4.3(c-10 to c-30). The
current result from this scenario was compared with the initial simulated results. The

results indicate that raising the head on the coastal boundary allows the saltwater to flow
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more easily into the model domain or the aquifer. All 3-time steps,10- 20- 30-year,
showed that saltwater had moved further into the model domain when compared with the

model where the heads were not raised.

The side view of the saltwater movement was also viewed at ML 1, and the results
are shown in Figure 4.4(f-10 to £-30). The bars from Figure 4.4(a-10 to a-30) differentiates
the salt concentrations at all 3-time steps. More saltwater has moved into the model
domain, as shown from the side view as well. On the seaward of ML 1 grids, the salt
concentrations at all 3-time steps show a considerable salt concentration of 39.5 kg/m?,
marked in red. Increasing the hydraulic head shows significant changes in the salt

concentration compared with other scenarios, as shown in Figure 4.4.

Similar to other scenarios, after changing the head values at the coastal boundary,
the simulation was performed using the SEAWAT module. The new simulated salt
concentrations were compared with the initial simulated salt concentrations at various
locations in the study area. Salt concentrations at 10 MLs were compared using bar
graphs, as shown in Figure 4.5e. The salt concentrations at MLs 1-5 and 10 were
significant, whereas the salt concentrations at ML 6 were slightly significant only for the
30-year time step. MLs 7-9 had salt concentration values of = 0 kg/m>. The salt
concentration at ML 1 at 10- 20- 30-year steps increased by 4.93%, 0.79% and 0.81%,
respectively. At ML 2, the salt concentration for a 10-year tie step was =~ 0 kg/m>, whereas,
with time, the salt concentration at a 20-year time step increased by 63.9% compared with
the initially simulated salt concentrations at these locations. However, a slight increase in

the concentration was noted for the 30-year time step for ML 2.

The concentration at ML 3 for a 10-year time step was 4.01 kg/m>, whereas the
controlled simulated concentration was 0.00053 kg/m>. For 20-year and 30-year time
steps, the concentration increased by 11.78% and 2.19%, respectively. For ML 4 at 10-
20- 30-year time steps, the salt concentration increased by 607%, 4.66% and 2.18%,
respectively. For ML 5 at 10- 20- 30-year time steps, the salt concentration increased by
701%, 5.94% and 2.47%, respectively. For ML 6, the concentration at the 30-year time
step was 0.89 kg/m>, whereas, at other time steps, it was = 0 kg/m>. The ML 10 showed
fewer variations in the concentrations for this scenario. However, the concentrations were

increased by 12.86%, 1.62% and 1.70% for the 10- 20- 30-year time steps, respectively.
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4.5.6 Scenario 6: Changing the model grid size

The initial grid size for developing the numerical simulation model was 50m x 50m.
In this scenario, two different grid sizes were used to discretise the model domain. Firstly,
the grid size was reduced to 25m x 25m, and the salt concentrations at 10 MLs were
recorded. Secondly, the grid size was increased to 100m x 100m, and the salt
concentrations were again recorded for all MLs. The different salt concentrations at two
different grid sizes were compared with the 50m x 50m grid salt concentrations. The box-
and-whisker plot was produced to compare all three grid-size sensitivities, and the results

are shown in Figure 4.6a.

The box-and-whisker plot for all three grid sizes at 10- 20- 30-year time steps for
10 MLs are plotted side by side. For the 10-year time step, the mean values for 25m x
25m, 50m x 50m and 100m x 100m are 16.03 kg/m?, 11.38 kg/m® and 12.07 kg/m?,
respectively. For the 20-year time step, the mean values for 25m x 25m, 50m x 50m and
100m x 100m are 33.68 kg/m?, 29.40 kg/m?® and 29.45 kg/m?, respectively. For the 30-
year time step, the mean values for 25m x 25m, 50m x 50m and 100m x 100m are 34.99
kg/m?, 32.58 kg/m® and 32.59 kg/m?, respectively. Moreover, one outlier was noted for
the 25m x 25m grid at a 20-year time step. This outlier was from ML 2, with a value of

27.79 kg/m>. All other values were within the 34 to 35 kg/m? range.

The regression correlation between the 25m x 25m, 50m x 50m and 100m x 100m
grid size and the changes in the concentrations at each MLs were also analysed, and the
results are shown in Figure 4.6(b-c). The correlation between the S0m x 50m and 100m
x 100m grid shows that for 10- 20- 30-year time steps, the coefficient of determination
(R?) value was 0.986, 0.999 and 0.987, respectively. Moreover, the correlation between
the 50m x 50m and 25m x 25m grid shows that for 10- 20- 30-year time steps, R’ value
was 0.913, 0.961 and 0.434, respectively. The low value of R? was observed for the
correlation between the 30-year salt concentrations of 50m x 50m and 25m x 25m.
However, the average percentage change between the two sets of concentrations at ML
1-5 and 10 was 7.49%. Moreover, the time taken by the model to converge for 25m x
25m, 50m x 50m and 100m x 100m were 57 minutes, 5 minutes and 1 minute,

respectively.
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Figure 4.6: (a to ¢) shows the box plot of simulated salt concentrations obtained by using different
grid sizes, the linear correlation of 100m x 100m and 50m x 50m grid results, and the linear
correlation of 50m x 50m and 25m x 25m grid results, respectively.
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4.5.7 Scenario 7: Multi-species contaminant transport

The numerical simulation model was made more complex by adding two
contaminants towards the northern and eastern sides of the model domain, as shown in
Figure 4.1. An industrial dumping site was at the northern side of the model domain, and
some fluids were leaking into the ground due to the cracks in the industrial concrete dump.
Similarly, there was a big automotive workshop towards the eastern side of the study area,
near river 1. The automotive workshop does car servicing, and due to improper disposal
of automotive engine oil, some leak into the ground. For this scenario, SEAWAT was
used to simulate the leachate from the industrial dump site and oil leakage from the
automotive workshop into the illustrative study area. The parameters used to solve the

coupled flow and transport equations for two different species are given in Table 4.3.

The stress period for leachate and oil contaminants was 30 years. Simultaneously
solving the flow and transport equations at every node, the SEAWAT simulated the multi-
species contaminants, and the results are shown in Figure 4.7. Figure 4.7(a-15 and a-30)
are the simulated results for leachate at 15-year and 30-year time steps, respectively. As
the stress period increases, the leachate spreads and moves with the groundwater flow in
the unconfined aquifer. The leachate reached PW3 after 30 years and contaminated the
well with a leachate concentration of = 600 kg/m>. Similarly, Figure 4.7(b-15 and b-30)
are the simulated results for engine oils at 15-year and 30-year time steps, respectively.
Parts of river 1 and PW11 were slightly contaminated at a 15-year time step with engine
oils. However, at a 30-year time step, the parts of river 1, PW11 and PW6 were highly
contaminated with engine oils. The concentration of oil at PW6 and PW11 was 450 kg/m?

and 283 kg/m?, respectively.

Leachate and engine oil were initially simulated with advection, dispersion,
sources, and sink packages from MT3DMS modules. However, in reality, some solutes
get sorbed and dissolved into the groundwater system. Hence, chemical reaction packages
were also included in MT3DMS, and the results are shown in Figure 4.7(a-15-s to b-30-
s), where -15-30 indicates the time steps and -s indicates the inclusion of sorption in the
simulated results. Sorption is when the liquid contaminants get attached to the charged
soil particles. The bond between the ions can be weak or covalent bonds. The sorption
process makes the contaminants travel and disperses at much slower rates. Figure 4.7(a-

15-s and a-30-s) demonstrate sorption. Including the sorption process, the water from
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PW3 is safe even after 30-year time steps. Similarly, Figure 4.7(b-15-s and b-30-s)
demonstrates the sorbed oil in the aquifer. After 30 years, the PW6 was not affected.
However, the engine oil has reached near PW11, and after a few more years, it will

contaminate the well.
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Figure 4.7: (a-15 to a-30) shows the leachate concentrations for 15 and 30-year time steps; (a-15s
to a-30s) shows the leachate concentrations for 15 and 30-year time steps after sorption and
chemical reactions. (b-15 to b-30) shows the engine o0il concentrations for 15 and 30-year
time steps; (b-15s to b-30s) shows the engine oil concentrations for 15 and 30-year time
steps after sorption and chemical reactions.
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4.6 Discussion

The SWI in the coastal aquifer is a significant concern for PICs. An illustrative
study area in the context of PICs was considered for this study to manage and control the
SWI. Different scenarios that affect the SWI in coastal aquifers were tested. The scenarios
presented in this study were the first for PICs. Moreover, the multi-species contaminants
were modelled to see how they affect the freshwater wells. Based on these scenarios, the
governing bodies can draft and implement the SWI and other contaminant management

policies.

The scenarios that effectively showed the decline in SWI in coastal aquifers were
increasing the injection wells (IWs) and the aquifer's recharge. The salt concentration and
SWI are highly sensitive to hydraulic conductivity as well. The increase in barrier wells
(BWs) was also helpful in controlling the SWI. Armanuos et al. (2020) studied how the
BWs control SWI in sloping unconfined aquifers and found that BWs are very effective
in facilitating the retreat of SWI in coastal aquifers. Similarly, the results also indicate
that SWIs are controlled by adding BWs. However, the placement of barrier wells has to
be carefully considered. In the current study, the BWs were uniformally placed in the
model domain, which reduced the SWI in some areas, whereas some areas had increased

SWIs.

The BWs simulated results in plan view showed that the hydraulic gradient is
towards the sea. Hence, the saltwater moves away from the BWs and flows in a different
direction, eventually causing the concentrations at MLs to increase. However, in other
locations, the salt concentrations have decreased. Therefore, introducing BWs and
placing them in the model domain is essential. Hence, the best possible locations can be
simulated for placing and digging BWs to prevent the SWI and contaminating the
freshwater wells using trial-and-error methods. Optimisation methods can also be used to
find the optimal locations of BWs that can manage the SWIs. However, this component
was not included in the current study. Therefore, placing the BWs is essential if they were
to be used to control SWI in coastal aquifers. However, BWs sometimes remove more
freshwater than salty water, decreasing freshwater resources (Pool and Carrera, 2010).

Also, the disposal of abstracted saline water can also become an issue (Kumar, 2006).

Adding the injection wells (IWs) can effectively control the SWI if placed in the

correct locations. IWs can reduce the SWI and change the saline water flow directions.
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However, the injection wells could be placed near the toe of the saltwater wedge in
models if the toe location is known. Luyun and Momii (2011) reported that IWs would
be more effective if placed at the saltwater wedge's toe. The authors also reported that
deeper barrier penetration and closer to the coast would effectively control SWI.
Similarly, in the current study, the modelled results showed that the BWs and IWs placed
closer to the coast and near the toe of the saltwater wedge effectively reduced salt
concentrations in various monitoring location wells (MLs). However, the addition of

BWs and IWs can be costly and time-consuming.

The recharge is also a vital boundary condition that needs to be considered when
modelling and pumping groundwater. Sometimes the recharge can be the only source to
the system that can keep the freshwater volume within limits and prevent the wells from
drying up. In one of the scenarios, the recharge of the entire model domain was increased
by 50%, and the results were quite fascinating. The salt concentration at various MLs was
reduced. Hence, increasing the recharge reduces the SWI. Similar results were also

reported by Motallebian et al. (2019) and Hussain et al. (2019).

The model sensitivity of hydraulic conductivity and porosities was also tested,
where it was found that the higher the hydraulic conductivity, the lesser the saltwater
moves into the model domain. The hydraulic conductivities were also reduced and the
results were simulated. It showed that the SWI into the model domain was increased. The
increase was shown because the hydraulic gradient was from the northern side of the
model to the southern side (coastal boundary). The head was lower in the coastal
boundary. Hence, the saltwater would travel less if hydraulic conductivities were
increased. Also, the higher amounts of pumping enabled a lot of drawdowns, which must
have reduced the SWI rates. However, the results were the opposite after changing the

head of the coastal side to be higher than the northern boundary.

In the current study, it was found that if the hydraulic gradient is from land-ocean
and has significant pumping wells, increasing the hydraulic conductivity will decrease
the SWI. If the hydraulic gradient is from ocean-land and has significant pumping wells,
increasing the hydraulic conductivity will increase the SWI. The increased hydraulic
conductivities resulted in higher SWI, and decreased hydraulic conductivities reduced
SWI. The reduction in SWI by reducing the hydraulic conductivities was also reported
by Dror et al. (2004) and Strack et al. (2016). Both these studies used laboratory
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experiment setups. Hence, in the current study, the developed numerical models

demonstrated similar results.

Moreover, the hydraulic gradient plays a vital role in SWI, as shown in the results.
During the initial model design, modellers must carefully incorporate the hydraulic head
values based on the field observations. This will help to provide better arguments on
whether to increase or decrease the hydraulic conductivities to control the SWI. Hydraulic
conductivities can be artificially increased or decreased by injecting the compressed air
into the soil consisting of the coastal aquifers (Dror et al., 2004). Christiansen (1944)
earlier reported that the trapped air can significantly reduce the hydraulic conductivities,
whereas the loss of trapped air can significantly increase the hydraulic conductivities of
soil. Changing the hydraulic conductivities will have significant effects on SWI in coastal

aquifers.

Climate change and sea-level rise (SLR) were also considered in this study, where
the hydraulic heads of the coastal side were increased due to increasing sea levels. The
global projected SLR is = 0.3m by the year 2050 (Rebecca, 2022). Initially, the heads
were increased by adding 0.3m to the coastal heads, then increasing it by 1m. The results
did not show significant variations in the salt concentrations at various MLs if the heads
were increased to Im. Loaiciga et al. (2011) also tested the SLR scenarios within 0.5-1m
and reported that SLR would have minor contributions to SWIs. However, to see the
actual SWIs due to SLR, the heads were increased by 5m, and then the SWI was
significant. Increasing the heads on the coastal boundaries allows more SWI into the
model domain. Therefore, an increase in sea level by a significant amount only
contributes to SWI. However, at the current global SLR projections, the SWIs are not
significant. Hence, climate change and SLR may increase the SWIs for coastal aquifers

in future.

The sensitivity of grid size to the final model simulated results was also tested.
Changes in grid size (discretisation) does influence the numerical simulation results.
Therefore, it is essential to ensure that discretisation does not vary the simulation results
by more than an acceptable (e.g., 5-10%) range. The current results revealed that the
increase or decrease in the grid size of the simulated results did not vary more than 10%.
However, the computational burden was increased when the grid size was decreased. It

took approximately 57 minutes for the model to converge. The grids have to be selected
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based on the accuracy of model convergence, computational time and outputs should not
vary much. Moreover, according to Barnett et al. (2012), if the grids are refined locally,
the increase in node spacing or grid size between adjacent elements must be maintained
in limits to avoid computational burdens with significant contrasts in cell size. The
authors also stated that as a rule of thumb, a factor of 1.5 should be kept as the maximum
ratio of the volumes of neighbouring cells. Hence, for the current study, 50m x 50m cells

were ideal in computations.

Studies on multi-species contaminants using SEAWAT in PICs have not been done
so far. Also, to the best of the current knowledge, very few studies have been conducted
showing SWI and other contaminants. However, this is the first study where SWI and the
other two species are modelled using SEAWAT. In the current study, salt, leachate and
engine oil were used as contaminants. They were modelled using dispersion, advection
and chemical reaction packages inbuilt the latest version of SEAWAT. The current model
tested how the three species affect the freshwater lens with time. The saltwater intrusion,
leachate and engine oil plumes were clearly shown in the results section. However, as
shown in the results, sorption and adsorption rates were also added to the leachate and
engine oils, which reduced the plume size. Al-Hashimi et al. (2021) reported that sorption,
adsorption, and other chemical reactions reduce the contaminations and can help in

remediations.

4.7 Conclusions

The groundwater modelling for an illustrative study area in the context of Pacific
Island countries (PICs) is presented in this work. An actual aquifer and pumping locations
were treated as the illustrative study area because the hydraulic head and enough pumping
data were unavailable to calibrate and validate the model. However, some of the
hydrogeologic parameters and boundary conditions were realistic. The multi-species
solute and heat transport module SEAWAT was used to model the study area. Seven
different scenarios were tested using SEAWAT. The scenarios presented here and the
different sensitivity analysis conducted in this study have never been conducted for PICs.
The model and the simulated results were sensitive to various parameters presented in
this study. The main aim of the scenario testing was to manage or control the saltwater

intrusion into the current coastal aquifer.
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The scenarios that provided the best saltwater intrusion management strategies were
using injection wells to pump freshwater near the toe of the saltwater wedge, increasing
the recharge of the system, using barrier wells and decreasing or increasing the hydraulic
conductivities. The hydraulic gradient will determine whether to increase or decrease the
hydraulic conductivities to manager SWI. The location of placing the barrier wells is
essential, and it can be achieved by placing the wells within the model domain using the
trial-and-error method and simulating the lowest salt concentrations at various monitoring
locations and pumping wells. Furthermore, the rise in sea level by 0.3 to 1m did not
substantially impact SWI rates. Moreover, it is essential to ensure that changes in the grid

size do not vary the simulation results by more than an acceptable (5-10%) range.

Multi-species contaminants can be modelled using SEAWAT, and different
packages can be used to see the flow, direction and size of the contaminant plumes. The
current study established that the application of advection, sorption, adsorption and other
chemical reactions slows the flow velocity and direction of the contaminant plumes. The
limitation of this study was that there were not enough field hydraulic head, pumping,
and water concentrations at various locations. The model could have been calibrated and
validated if there were field data. However, PICs do not have all the required data to
develop a numerical model using SEAWAT. Moreover, PICs do not have data for other
contaminants like engine oil and leachate. PICs need funding and expertise for ground-
level work in setting up the groundwater monitoring equipment. Hence, with the field

data, better SWI management strategies and models could be developed for PICs.

The current chapter developed a 3D model to simulate saltwater intrusion.
However, the next chapter further develops a 3D model using complex boundary
conditions. The 3D model is developed using randomised hydraulic conductivities. Most
aquifers are heterogeneous and anisotropic. Hence, to simulate the actual geology type of
an aquifer, the hydraulic conductivities were randomised, and different scenarios were

modelled in the next chapter.
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Chapter 5: Stochastic application in numerical simulation
model for groundwater salinity management and decision-
making

The main contents of this chapter have been published and copyrighted as outlined

below:

Sharan, A., Datta, B., & Lal, A. (2024). Stochastic Application in the Numerical
Simulation Model for Groundwater Salinity Management and Decision-Making.
In: Ghute, B.B., Diwate, P. (eds) Geospatial Technologies for Integrated Water
Resources Management. GIScience and Geo-environmental Modelling. Springer,
Cham. https://doi.org/10.1007/978-3-031-57777-2_12

5.1 Overview

This chapter develops a 3D model using randomly generated hydraulic
conductivities. It also tests the sensitivity analysis using randomised hydraulic
conductivities and provides different saltwater intrusion management strategies for a

coastal aquifer.

5.2 Executive Summary

Groundwater modelling is the process of creating mathematical representations of
groundwater systems to simulate the flow and transport of water and solutes in subsurface
environments. It is a crucial tool for understanding and managing groundwater resources,
particularly in areas where water scarcity is a concern. Groundwater numerical simulation
models can predict future water availability, assess the impacts of land use changes on
groundwater resources, and evaluate the effectiveness of water management strategies. In
the present study, a 3D numerical simulation model was developed using SEAWAT
numerical code. An illustrative study area was used to test different scenarios that can
help manage saltwater intrusion in a coastal aquifer. Randomised hydraulic conductivities
were also used in 3D model simulations. The scenarios tested in this study used different
hydraulic barriers in mitigating saltwater intrusion. The results from this study indicated
that using injection wells and barrier wells reduces saltwater intrusion rates. Moreover, it
was also demonstrated that using randomised hydraulic conductivities at different nodes
is possible using the SEAWAT code. The results from this study are essential in changing
the modern world where water is scarce. The noble outcome presented in this study

provides insights for groundwater modellers in managing saltwater intrusion in coastal
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aquifers. However, the complexity of groundwater systems and the limitations of
available data mean that modelling is still an ongoing challenge, and uncertainty is always
a factor to consider. Nevertheless, with continued improvements in modelling techniques
and increased data availability, groundwater modelling is poised to remain a vital tool for

groundwater salinity management and overall decision-making.

5.3 Introduction

Groundwater i1s an essential natural resource that plays a significant role in
supporting human activities and sustaining ecosystems. It is defined as the water that is
stored beneath the Earth's surface in permeable rock layers called aquifers. Groundwater
is an essential source of drinking water, accounting for approximately 20% of the global
freshwater supply (UNESCO, 2021). Additionally, it is widely used for irrigation,
industrial processes, and other domestic purposes. Groundwater resources are unevenly
distributed across the globe, and some regions, such as arid and semi-arid areas, rely

heavily on this resource for their livelihoods (Scanlon et al., 2012; Sharan et al., 2021).

Groundwater systems are complex and dynamic, influenced by various physical
and environmental factors. The recharge of groundwater occurs through natural processes
such as precipitation and infiltration, while discharge occurs through springs, streams,
and wells. The interaction between groundwater and surface water is vital for maintaining
the health of aquatic ecosystems and meeting water demands for different sectors (Alley
et al.,, 1999). However, excessive groundwater pumping can lead to depletion and

subsidence of the land surface and saltwater intrusion in coastal areas (Sharan et al.,

2023a; b).

Groundwater quality is also an essential aspect of groundwater management.
Groundwater can become contaminated by natural and human-made sources, such as
agricultural chemicals, industrial waste, and septic systems. Contaminated groundwater
can pose significant risks to public health and the environment and be difficult and costly
to remediate (Li et al., 2021). Therefore, monitoring and managing groundwater quality
are crucial for ensuring the sustainability of groundwater resources. Climate change is

also a growing concern for groundwater management.

Changes in precipitation patterns and temperatures can affect groundwater recharge
rates and alter the distribution of groundwater resources. Additionally, extreme weather

events such as floods and droughts can significantly impact groundwater systems
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(UNESCO, 2021). Effective management strategies such as water conservation, land use
planning, and pollution control are necessary to mitigate the effects of climate change on

groundwater resources and ensure their long-term availability and quality.

Groundwater use in coastal regions and small island nations like Pacific Island
countries (PICs) is widespread. Excessive usage of groundwater leads to saltwater
intrusions (SWI). SWI is a growing concern in coastal regions where freshwater aquifers
are close to the coastline. It occurs when saltwater infiltrates and replaces freshwater in
coastal aquifers due to excessive pumping of groundwater, sea-level rise, and other
human activities (Sharan et al., 2021). The process of saltwater intrusion is driven by the
differences in density between saltwater and freshwater, as well as the hydraulic gradients
in the aquifer system (Werner et al., 2013). Once SWI occurs, it can significantly impact
the quality and quantity of groundwater resources and the ecosystems and human

communities that depend on them. The simple process of SWI is shown in Figure 5.1.

Figure 5.1: Simple process of saltwater intrusion in coastal aquifers. Source (after Sharan et al.,
2021).

The impacts of SWI on coastal aquifers can be severe. The intrusion of saltwater
can reduce the availability of freshwater resources, making it difficult for communities
and industries to access water for drinking, agriculture, and other purposes. Additionally,

the increased salinity of the groundwater can adversely affect the environment and
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wildlife, particularly in wetlands and estuaries where freshwater and saltwater ecosystems
intersect. SWI can also lead to increased corrosion of infrastructure, such as pipes and

wells, which can have economic implications for communities and industries.

Effective management strategies are necessary to mitigate the impacts of SWI on
coastal aquifers. These strategies can include reducing groundwater pumping rates,
promoting water conservation measures, and implementing artificial recharge methods,
such as injecting treated wastewater or surface water into the aquifer system (Sharan et
al., 2023a; b). Additionally, monitoring the quality and quantity of groundwater resources
is essential for identifying early warning signs of saltwater intrusion and acting before it
becomes a significant problem. Collaborative approaches involving government
agencies, water users, and other stakeholders are crucial for ensuring the long-term

sustainability of coastal aquifers.

Numerical modelling is one of the primary techniques used to draw up robust SWI
management strategies around the globe (Lal and Datta, 2019). However, using the
correct code to develop the numerical models is also challenging due to the availability
of quality groundwater data. Sharan et al. (2023a;b) used a complex heterogenous
illustrative study area to test different scenarios that can manage SWI in the context of
small island nations. The authors used simulated-synthetic data and SEAWAT code to
develop their models. However, they used realistic hydrogeological data and boundary
conditions from a particular Pacific Island country. The authors found that injection wells

and increased recharge reduce SWI.

Hagagg (2019) utilised the SEAWAT programme to investigate the extent of
saltwater intrusion (SWI) in the El Negila karstic aquifer at coordinates 30.75° N and
30.698° E. The researcher evaluated various scenarios, such as increased sea levels and
pumping rates, for 2022. The study found that if the pumping rates and sea level heights
increase, the SWI would also increase. Similarly, Hamidi et al. (2021) employed the
SEAWAT model to simulate the SWI in the Rmel-Oulad Ogbane coastal aquifer in
Larache, Morocco. The focus of the study was on two scenarios, which were climate
change and sea-level rise (SLR). The research found that the over-pumping of

groundwater and SLR due to climate change were the main factors responsible for SWI
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in coastal aquifers. Additionally, climate change was found to reduce natural recharge,

decreasing fresh groundwater resources.

Moreover, several studies have used the SEAWAT code to model the SWI and
provide some strategies to mitigate the SWI. However, very few or, to the best of the
current findings, no one has used randomised hydraulic conductivity (RHC) in SEAWAT
modelling. Hydraulic conductivity is a crucial hydrogeological parameter that is
important when developing a numerical model. RHC is a technique used in groundwater
modelling to simulate spatial heterogeneity in aquifer properties. This approach involves
assigning different hydraulic conductivity values to different cells in the model domain

based on a probability distribution function.

This study will use the RHC values in the SEAWAT code to develop a numerical
model for an illustrative study area. The results will be compared with the normal or
uniform hydraulic conductivities with the RHC. The study will also show how vital the
RHC are in heterogeneous aquifers and its application in improving the model
predictions. Some hydraulic barriers, like injection wells and barrier wells, were also
tested to mitigate the SWI in this study. This study is critical, and the novel insight from
this study is that, to the best of the current knowledge, no studies have used randomised
hydraulic conductivities in the SEAWAT code to develop a numerical model for a coastal
aquifer. The methods used to randomise the hydraulic conductivities are also the first to
be used in this study. This study will explain why RHC is better than using uniform
hydraulic conductivities. The results from this study will assist hydrogeologists and
groundwater modellers in easily randomising hydraulic conductivities. Also, the water
managers and governing bodies may use the strategies discussed in this study to draw

robust water policies for any coastal region.

5.4 Materials and Method
5.4.1 Study area

The study area for this research was Suva (18.14° S, 178.42° E), the capital of Fiji.
Fiji is a beautiful tropical paradise in the South Pacific Ocean, known for its breathtaking
beauty and warm hospitality. This archipelago of more than 300 islands offers stunning
white sandy beaches, crystal-clear turquoise waters, and lush greenery, making it a dream
destination for beach lovers and nature enthusiasts. The country's rich cultural heritage is
deeply rooted in the traditions of its indigenous Fijian people, as well as the influences of
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Indian, Chinese, and European settlers. Visitors to Fiji can immerse themselves in the
vibrant local culture, enjoy a range of water activities such as snorkelling and diving, and
explore the stunning landscapes that include pristine rainforests, waterfalls, and volcanic

peaks.

W1-W14: Production Boreholes
ML1- ML3: Monitoring Location
Wells

3 km

Figure 5.2: Study area.
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The hydrogeology of Suva, Fiji, plays a crucial role in the city's water supply and
management. Suva, the capital and largest city of Fiji, is located on the southeastern coast
of the main island, Viti Levu. The region's hydrogeology is characterised by a
combination of volcanic and sedimentary formations, which influence the availability and
quality of groundwater resources (Shorten, 1990). The freshwater source in Suva is both
surface water and groundwater, where the latter is obtained from aquifers present in the
volcanic and sedimentary rocks underlying the area (Sharan et al., 2021). Volcanic rocks,
such as basalt, offer favourable conditions for groundwater storage and flow due to their
porosity and permeability. These aquifers are often tapped through wells or boreholes to

extract water for various purposes, including domestic, agricultural, and industrial use.

However, the hydrogeological system in Suva is not without challenges. As the city
experiences significant population growth and urbanisation, there is an increasing
demand for water, putting pressure on the limited groundwater resources. Additionally,
the proximity of Suva to the coast poses the risk of saltwater intrusion, where saltwater
from the ocean can infiltrate and contaminate freshwater aquifers, particularly during
periods of low rainfall or excessive pumping. Suva and other South Pacific countries are
also influenced by other natural disasters, including sea level rise and frequent cyclones

(Sharan, 2022; Sharan, 2023).

The location of the study area in Suva is shown in Figure 5.2. The elevations, some
hydrogeological parameters and boundary conditions are used from the study area.
However, due to the unavailability of the data from Suva, the site was treated as an
illustrative study area. Treating the study area as illustrative gave us opportunities to test
various scenarios that can be implemented in future. The wellfield and the number of
boreholes for this study area were all assumed. Also, the pumping rates were synthetically
simulated. The boundary conditions and hydrogeological parameters used for this study

are shown in Table 5.1.

Table 5.1: Hydrogeological parameters.

Definition Assigned field values S.I. Units
Layer 1 (Sand and gravel) Enzlf;)(r)m Hydraulic Conductivity, K = m/d
Recharge 0.00027 m/d

Porosity 0.3 dimensionless
Horizontal Anisotropy 1 dimensionless
Freshwater Density 1000 kg/m’
Seawater Density 1025 kg/m’
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Definition Assigned field values S.I. Units
Saltwater Concentration 35 kg/m’
Specific Storage 0.00035 I/m

Specific yield 0.001 -

River conductance 10 m?/dm
Longitudinal dispersivity 20 m
Density/Con. constant, F 0.7143 dimensionless

5.4.2 Numerical model design

SEAWAT code was used to develop the numerical simulation model in this study.
The numerical code SEAWAT is employed to simulate the movement of groundwater in
porous mediums, incorporating three-dimensional (3D) representation, variable density,
and transient flow. This is achieved by integrating the MODFLOW and MT3DMS
programs. Within this framework, MODFLOW is responsible for solving the nonlinear
equations related to variable-density flow, while MT3DMS focuses on addressing the
nonlinear equations governing the temporal and spatial transport of salt or solutes (Guo

and Langevin, 2002).

5.4.2.1 Governing equations

The variable-density flow process solves the following form of the variable-density
groundwater flow equation (tensors and vectors are shown in bold) (Langevin et al.,

2008).

Oho
0 ot

dp acC

V- [p%KO(VhO ot Vz)| = pSo B2+ 0 L X pg; (5.1)

where pg is the fluid density [kg/m?®], x is dynamic viscosity [kg/md], Ko is the
hydraulic conductivity tensor [m/d], Ao is the hydraulic head [m] measured in terms of the
reference fluid of a specified concentration and temperature (as the reference fluid is
commonly freshwater), S is the specific storage [1/m], defined as the volume of water
released from storage per unit volume per unit decline of 4y, ¢ is time [d], € is porosity
[dimensionless], C is salt concentration [kg/m?], ¢'s is a source or sink [1/d] of fluid with

density p;.

The integrated MT3DMS Transport process solves the following form of the solute

transport equation.

kX '\ acock ,
(1+ —p”ed>—(at =v-(6D- VC*) - V- (qC*) — q; CE+ IV R (5.2)
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where p;, is the bulk density (mass of the solids divided by the total volume)
[mg/m®], K¥ is the distribution coefficient of species k [m’/kg], C¥ is the concentration
of species k [kg/m], D is the hydrodynamic dispersion coefficient tensor [m?/d], q is
specific discharge [m/d], and C¥ is the source or sink concentration [kg/m?] of species £.

Ry (k=1, ...N) is the chemical reaction term (kg/m’d) of species «.

5.4.2.2 Flow and transport model

The conceptual model was developed using MODFLOW-2000 code for the study
area. The total area of the regional study location was approximately 450 km?. The X, Y,
and Z lengths were 25.6 km, 17.6 km and 0.1 km, respectively. A 200 m x 200 m cell size
finite-difference grid was created for a single layer. The random hydraulic conductivities
were used for different ranges to make the model complex and heterogeneous. Since most
Pacific Island countries have hydraulic head values close to the surface, the head values
were assumed within the range of 9-10 m. 14 production wells were randomly created,
and the transient pumping rates were assigned. The pumping rates ranging from 10 m?/d
to 30000 m*/d were randomly generated in MATLAB. Three monitoring location (ML)

wells were also created to monitor the water quantity and quality for the study area.

Once the boundary conditions and hydrogeological parameters were assigned, the
flow model was simulated for 20 years. The simulation of 20 years was done to find the
initial conditions that can be used for the transport model. After 5 years, the head values
did not vary much. Hence, the head values corresponding to the 5™ year were used for the
transport model. The species salt was introduced in MT3DMS, and the 20-year stress
period was set. Packages like advection, dispersion, sources, and sink were also used in
transport model simulations. The initial concentrations of the aquifer and wells were
assumed to be 0.3 kg/m>. The values were assumed because Suva did not have data on
groundwater. SEAWAT was then introduced to simulate the saltwater intrusion and solve
flow and transport equations simultaneously. The SEAWAT was initiated, and results
were noted. In the initial simulations, the uniform hydraulic conductivity of 20 m/d was
used for the whole layer. The other simulations were carried out using random hydraulic

conductivities (RHC).
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5.4.3 Randomising hydraulic conductivities

5.4.3.1 Random integers

Using random hydraulic conductivities (RHC) in a numerical simulation model is
challenging. Also, the best random number generation methods play an important role.
Initially, random positive integers were generated for three different ranges in this study.
The first range of hydraulic conductivities (HC) was from 15 m/d to 25 m/d, the second
range of integers was from 5 m/d to 40 m/d, and the third range of integers was from 2
m/d to 100 m/d. Approximately 11000 random integers were generated in MATLAB for

all three ranges mentioned earlier. The code used to generate the integers is given below;
random_numbers = randi([X, Y], 1, Z);
disp(random_numbers);

where X is the lower limit of the range, Y is the upper limit of the range, and Z is

the total number of random numbers required to generate.

These integers were then carefully matched with the active region of the HCs in
MODFLOW. All three ranges were imported into the model domain, and scenarios were

simulated.

5.4.3.2 Random Halton sequence

Halton sequence was used to generate random HC for all three ranges, similar to
the ranges used to generate random integers above. Roy and Datta (2020) used the Halton
sequence to generate the transient groundwater pumping rates and found that the values
are evenly distributed all over the field. Loyola et al. (2016) also reported that the Halton
sequence produces better results than other sampling methods. To test the simulation
model, the Halton sequence of HC was generated using MATLAB. The MATLAB code

used to generate HC using the Halton sequence is given below.

lower _bound = X;
upper_bound = Y;
num_dimensions = 1;
num_points =Z;
halton_sequence = haltonset(num_dimensions);

halton_points = net(halton_sequence, num_points),;
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random_numbers = lower_bound + (upper_bound - lower bound) *
halton_points;

disp(random_numbers);
where X is the lower limit of the range, Y is the upper limit of the range, and Z is

the total number of random numbers required to generate.

The random Halton sequence HCs were imported in MODFLOW and simulated for
all three ranges for 20-year stress periods. Moreover, the salt concentrations at various

monitoring locations were compared randomly for all the sets of HCs generated.

5.4.4 Saltwater intrusion management strategies

To manage the saltwater intrusion (SWI) in the current coastal aquifer, 2 different
scenarios were also tested. The first scenario was using barrier well pumping and injection
well pumping near the coast. Ten injection wells (IWs) and ten barrier wells (BWs) were
placed uniformly as a barrier to manage SWI in the freshwater wells. The uniform
pumping rates of 30000 m?/d were assigned to IWs and BWs in MODFLOW. Moreover,
the scenario using only the injection wells with a uniform injection rate of 30000 m?®/d
was also tested. The use of only BW pumping was also tested. However, the BWs did not
show promising results in managing SWI in the model domain. Therefore, the results

merely using BWs as a SWI mitigating technique were not presented for the current study.

5.5 Results
5.5.1 Random integers of hydraulic conductivities

The random integers of K-1, K-2 and K-3 (hydraulic conductivity) were randomly
generated. The values ranging K-1 =15 m/d to 25 m/d, K-2 = 5 m/d to 40 m/d and K-3 =
2 m/d to 100 m/d. The random distribution of K-1, K-2 and K-3 are shown in Figure 5.3a,
c and e, respectively. Different distribution ranges were used in numerical model
simulations. The plan view of the K-1 simulation is shown in Figure 5.4(b-1 to b-20). The
numbers 1-, 5-, 10-, 15-, and 20- represent the time steps of 1 year, 5 years, 10 years, 15
years, and 20 years, respectively. The 5 different time-steps plan views were shown and
compared with the plan view using the uniform HC of 20 m/d. The plan view of the K-1
simulation is shown in Figure 5.4(b-1 to b-20). The 5 different time-steps plan views were

compared with the plan view of uniform HC shown in Figure 5.4(a-1 to a-20). Moreover,
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the plan view of the K-2 simulation is shown in Figure 5.5(b-1 to b-20), and the plan view
of the K-3 simulations is shown in Figure 5.6(b-1 to b-20).

The plan view does not significantly show the variations in SWI magnitudes.
However, to clearly see the different HC values on the salt concentrations, the three
monitoring locations (MLs) were assigned, and the results were noted. The difference in
salt concentration using different HC ranges for ML1 for the 5 time-steps of 1-, 5-, 10-,
15-, and 20 years are shown in Figure 5.7a-e. The salt concentration was compared with
the random HC for all corresponding time-steps. Similarly, the difference in salt
concentration using different HC ranges for ML2 and ML3 for the 5 time-steps are shown
in Figure 5.8a-e and Figure 5.9a-e, respectively. The difference in salt concentration for
1 year stress period for all MLs is not significant. However, for other time-steps, the

variations are significant.
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Figure 5.3: a, ¢, e represent hydraulic conductivities randomly generated integers ranging from
15 m/d to 25 m/d, 5 m/d to 40 m/d, and 2 m/d to 100 m/d, respectively. b, d, f are hydraulic
conductivities randomly generated using Halton sequence for the ranges 15 m/d to 25 m/d,
5 m/d to 40 m/d, and 2 m/d to100 m/d, respectively.

The use of uniform HC of 20 m/d compared with the K-1 for ML1 for 5-, 10-, 15-,
and 20-year time-steps vary by -0.04%, 1.52%, 2.58% and -0.04%, respectively. The
minus sign indicates the percentage decrease in the salt concentration for the variable K-
1 compared with uniform HCs. All these variations for MLI are less significant.
Moreover, the variations in salt concentrations of uniform HC of 20m/d compared with
K-1 for ML2 for 5-, 10-, 15- and 20-year time-steps vary by -0.23%, 1.64%, 0.11% and
0.01%, respectively. Again, the variations are not significant. Furthermore, the variations

of uniform HC compared with K-1 at ML3 for 5-, 10-, 15- and 20-year time-steps vary
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by 0.16%, 43.77%, 5.71% and 0.90%, respectively. A significant variation was noted for
the 10-year time-step.
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Figure 5.4: Plan view of saltwater intrusion. (a-1 to a-20) for uniform hydraulic conductivities
(HCs). (b-1 to b-20) for randomized hydraulic conductivities (K-1) using randomly
generated integers for the range 15 m/d to 25 m/d. (c-1 to c-20) showing randomised
hydraulic conductivities (K-1.1) generated using the Halton sequence for the range 15 m/d
to 25 m/d. The numbers 1, 5, 10, 15, and 20 represent the time steps of 1 year, 5 years, 10
years, 15 years, and 20 years, respectively.
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3D Grid salt;

Figure 5.5: Plan view of saltwater intrusion. (a-1 to a-20) for uniform hydraulic conductivities
(HCs). (b-1 to b-20) for randomised hydraulic conductivities (K-2) using randomly
generated integers for the range 5 m/d to 40 m/d. (c-1 to c-20) showing randomized
hydraulic conductivities (K-2.1) generated using the Halton sequence for the range 5 m/d
to 40 m/d. The numbers 1, 5, 10, 15, and 20 represent the time steps of 1 year, 5 years, 10
years, 15 years, and 20 years, respectively.

Similarly, the variations of salt concentration using uniform HC of 20 m/d with K-
2 for ML1 for 5-, 10-, 15- and 20-year time-steps vary by 1.31%, 169.8%, -0.52% and -
3.38%, respectively. The minus sign indicates the percentage decrease in the salt
concentration for the variable K-2 compared with uniform HCs. The variations are not
significant, except for time-step of 10-year. Moreover, the comparison of uniform HC
and K-2 for ML2 at similar time-steps as above vary by 69.08%, -0.57% and -0.64% and

-0.05%, respectively. The variations are not significant, except for the 5-year time-step.
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Furthermore, comparing uniform HC and K-2 for ML3 at similar time-steps as above
vary by 0.34%, 2.48%, -30.36%, and -13.41%, respectively. The variations are not
significant, except for the 5-year time-step. For the K-2 range, the salt concentration

significantly decreased at ML3 for 15- and 20-year time-steps.

3D Grid salt

3D Grid salt

Figure 5.6: Plan view of saltwater intrusion. (a-1 to a-20) for uniform hydraulic conductivities
(HCs). (b-1 to b-20) for randomised hydraulic conductivities (K-3) using randomly
generated integers for the range 2 m/d to 100 m/d. (c-1 to c-20) showing randomized
hydraulic conductivities (K-3.1) generated using the Halton sequence for the range 2 m/d
to 100 m/d. The numbers 1, 5, 10, 15, and 20 represent the time steps of 1 year, 5 years, 10
years, 15 years, and 20 years, respectively.

The K-1 and K-2 simulated salt concentrations were also compared for 1-, 5-, 10-,

15- and 20-year time-steps at ML1, indicating the variations by -0.03%, 1.35%, 165.8%,
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-3.02% and -3.34%, respectively. The minus sign indicates the percentage decrease in the
salt concentration for variable K-2 compared with variable K-1. A significant increase in
salt concentration was noted at a 10-year time-step. Similarly, for ML2, the variations of
1.81%, 69.47%, -2.17%, -0.75%, and -0.06%, respectively, were noted. The variations
are insignificant, except for an increase in salt concertation by 69.47% at a 5-year time-
step. Moreover, at ML3, the variations of -0.003%, 0.18%, -28.27%, -34.13%, and -
4.18% for 1-, 5-, 10-, 15- and 20-year time-steps were noted, respectively.

5.5.2 Random hydraulic conductivities using Halton Sequence

The random values of HCs were also generated using the Halton sequence code.
The three ranges K-1.1, K-2.1 and K-3.1 were generated. Where the range of K-1.1 =15
m/d to 25 m/d, K-2.1 = 5 m/d to 40 m/d and K-3.1 = 2 m/d to 100 m/d. The random
distribution of K-1.1, K-2.2 and K-3.1 are shown in Figure 5.3b, d and f, respectively.
Halton sequence generated very close values, nearly making the hydraulic conductivities
uniform in the y-direction. At the same time, the x-direction was more random and
heterogeneous. All three HC ranges were imported in MODFLOW, the values were
mapped, and the numerical model was simulated. The plan view of SWI using K-1.1 is
shown in Figure 5.4(c-1 to ¢-20). Also, the plan view using K-2.1 and K-3.1 are shown
in Figure 5.5(c-1 to ¢-20) and Figure 5.6(c-1 to c-20), respectively. The plan view from
Figure 5.4, Figure 5.5 and Figure 5.6 shows SWI using different HCs, as discussed above.

The more significant variations in salt concentrations using different HCs are shown
in Figure 5.7 to Figure 5.9. The results using uniform HC of 20 m/d for all 5 time-steps
were compared with the results simulated using K-1.1, K-2.1 and K-3.1. The variations
in salt concentration for ML1 using uniform HC and K-1.1 are -0.04%, -3.79%, -0.96%
and 0.07% for 5-, 10-, 15-, and 20-year time-steps, respectively. For the 1-year time-step,
the variations are not significant. The minus sign indicates the percentage decrease in salt
concentration using K-1.1 compared with uniform HC. Similarly, the variations in salt
concentration for ML2 for the 4 time-steps are -1.13%, -0.15%, -0.03% and 0.007%,
respectively. The variations at ML2 are not significant using K-1.1. Moreover, the
variations for ML3 for 4 time-steps are -0.05%, -8.98%, -1.56% and -0.2%, respectively.

The results also indicate minor variations at ML3 for K-1.1.
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Figure 5.7: a-e are salt concentrations at monitoring location 1 for time steps 1, 5, 10, 15 and 20,
respectively. Uni indicates the uniform hydraulic conductivity of 20 m/d. K-1, K-2 and K-
3 are hydraulic conductivities randomly generated integers for the range 15 m/d to 25 m/d,
5 m/d to 40 m/d, and 2 m/d to 100 m/d, respectively. Whereas K-1.1, K-2.3 and K-3.1 are
hydraulic conductivities randomly generated using Halton sequence for the range 15 m/d
to 25 m/d, 5 m/d to 40 m/d, and 2 m/d to 100 m/d, respectively.
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Figure 5.8: a-e are salt concentrations at monitoring location 2 for time steps 1, 5, 10, 15 and 20,
respectively. Uni indicates the uniform hydraulic conductivity of 20 m/d. K-1, K-2 and K-
3 are hydraulic conductivities randomly generated integers for the range 15 m/d to 25 m/d,
5 m/d to 40 m/d, and 2 m/d to 100 m/d, respectively. Whereas K-1.1, K-2.3 and K-3.1 are
hydraulic conductivities randomly generated using Halton sequence for the range 15 m/d
to 25 m/d, 5 m/d to 40 m/d, and 2 m/d to 100 m/d, respectively.
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Figure 5.9: a-e are alt concentrations at monitoring location 3 for time steps 1, 5, 10, 15 and 20,
respectively. Uni indicate the uniform hydraulic conductivity of 20 m/d. K-1, K-2 and K-3
are hydraulic conductivities randomly generated integers for the range 15 m/d to 25 m/d, 5
m/d to 40 m/d, and 2 m/d to 100 m/d, respectively. Whereas K-1.1, K-2.3 and K-3.1 are
hydraulic conductivities randomly generated using Halton sequence for the range 15 m/d
to 25 m/d, 5 m/d to 40 m/d, and 2 m/d to 100 m/d, respectively.

Moreover, the results obtained using the K-2.1 range of HC values were compared

with uniform HC values for ML1, ML2 and ML3 in Figure 5.7, Figure 5.8 and Figure
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5.9, respectively. For ML1, the variations in K-2.1 and uniform HC are -0.15%, -39.86%,
-12.52% and 0.35% for 5-, 10-, 15-, and 20-year time-steps, respectively. For similar
time-steps, the variations at ML2 were -5.87%, -0.63%, -0.09% and 0.03%, respectively.
The variations at ML2 are not significant. Moreover, the variations at ML3 were -0.24%,
-42.53%, -8.52% and -1.36%, respectively. The decrease in salt concentration was noted
for all 4 time-steps at ML3. The minus sign indicates the percentage decrease in salt

concentration using K-2.1 compared with uniform HC.

Furthermore, the salt concentrations using the K-3.1 HC range compared with
uniform HC for ML1, MI2 and ML3 are also shown in Figure 5.7, Figure 5.8 and Figure
5.9, respectively. The variations in salt concentration at ML1 compared with K-3.1 and
uniform HC are -0.37%, -42.04%, -15.02% and -0.24%, corresponding to 5-, 10-, 15-,
and 20-year time-steps, respectively. The minus sign indicates the percentage decrease in
salt concentration using K-3.1 compared with uniform HC. The variations at ML2 are
23.35%, 1.74%, 0.22% and -0.21% for similar time-steps as ML1 above. The salt
concentrations have increased at ML2 using K-3.1. Moreover, the variations in salt
concentration at ML3 are -0.22%, -39.38%, -11.07% and 0.55%, respectively. The salt

concentrations have mainly decreased using K-3.1 at ML3.

5.5.3 SWI management scenarios

Two scenarios were mainly tested in this study for managing the SWI. The first
strategy was using hydraulic barriers inclusive of injection wells (IWs) and barrier wells
(BWs). Uniform pumping and injection rates were assigned to the BWs and IWs along
the coastline to prevent SWI from entering freshwater wells. The plan view of the SWI
rates using BWs and IWs is shown in Figure 5.10(a-1 to a-20). Where 1-, 5-, 10-, 15-, and
20 years represent different time-steps, respectively. The results indicate the SWI has
decreased and did not reach the production wells. However, during the 10-, 15-, and 20-
year time steps, some SWI is shown near Well 11 and Well 12. A second strategy was

introduced to overcome the contamination of freshwater wells.

The second strategy for managing SWI in freshwater wells was using only the IWs,
which has demonstrated how SWI can be easily managed. Similarly, uniform water
injection rates were assigned to the IWs along the coastline in front of production wells,

as shown in Figure 5.10(b-1 to b-20). From the plan view, it can be seen that the SWI has

104



Chapter S: Stochastic application in numerical simulation model...

significantly decreased. However, some drawbacks are associated with IWs and BWs,

which are discussed in the next section.
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Figure 5.10: Plan view of saltwater intrusion encroachment management strategies. (a-1 to a-20)
showing the hydraulic barriers using the barrier wells and injection wells to manage
saltwater intrusion. (b-1 to b-20) showing the hydraulic barriers using only the injection
wells to manage saltwater intrusion. The numbers 1, 5, 10, 15, and 20 represent the time
steps of 1 year, 5 years, 10 years, 15 years, and 20 years, respectively.
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5.6 Discussion

The use of random hydraulic conductivities (RHCs) in SEAWAT numerical
simulation was one of the primary aims of this study. The hydraulic conductivities (HCs)
were randomly generated in MATLAB. Two methods were used to generate the RHC.
Random integers and Halton sequence codes were used to generate RHCs. To the best of
the current knowledge, the method used to generate RHC is the first to be used in the
SEAWAT code to simulate SWI for coastal aquifers. Moreover, RHCs are also the first
to be used in MODFLOW for such an extensive range of HCs, as discussed in the result
section. Zhang and Pinder (2000) generated RHC fields using Latin hypercube sampling
(LHS) for groundwater modelling and found that it required fewer realisations to achieve
a given level of accuracy. The authors also reported that LHS reduces the computational

cost of solving groundwater flow and transport problems.

Malekpour et al. (2018) used the log-normal distribution method to generate the
random HC values for a sample size <= 1000. The authors found that the uncertainty
increases with time using log-normal distributions. Zhang (2002) reported that the Monte
Carlo simulation method is better at generating the realisations RHCs by averaging the
realisations. Different studies have used some techniques of randomising the HCs.
However, the method proposed in this study is used for the first time. Also, the
computational time or the model convergence time was reduced using the random
integers and Halton sequence of the K values compared with the uniform K convergence

time.

Moreover, using the random integers and random Halton sequence, K values had
some convergence time for all the K ranges. However, deciding which one was the better
random generator was complex, which became the limitation of this study. To better
realise RHCs, real hydrogeological and HC data are needed from the field. The real data
will calibrate, validate the model, and compare the outputs using random HC generators.
The availability of groundwater data is not available in the Pacific Islands countries
(Sharan et al., 2021), which makes it challenging to determine which random generator
is better. However, it can be clearly stated that using RHC over uniform HCs reduces
computational time. Also, using RHCs makes the study area heterogeneous and more

realistic.
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In addition, the use of hydraulic barriers was also introduced in managing the SWI
for the Suva coastal aquifer. The scenario that proved to manage the SWI effectively was
using the IWs. Similar results were also obtained by Sharan et al. (2023). The authors
used an illustrative study area and simulated various scenarios that can manage SWI in
coastal aquifers. The authors reported that IWs significantly reduce the SWI in the model
domain. In this study, BW and IW were used for groundwater pumping. The results were
not appealing as some wells were contaminated with saltwater. Therefore, only using [Ws

significantly managed the saltwater-contaminated wells.

However, using the IWs and BWs is also costly and associated with other risks
(Sharan et al., 2023). If only the IWs are used, a source of freshwater that will be injected
using the IWs would be needed. This can reduce the amount of freshwater from nearby
rivers. Also, if the BWs are used, the disposal of withdrawn salty water becomes
problematic. Therefore, other techniques like physical barriers can solve these issues
(Abdoulhalik et al., 2022; Kaleris and Ziogas, 2023). SWI management is a complex

process that needs to be carefully studied and modelled.

5.7 Conclusions

The use of RHCs in the SEAWAT-based numerical simulation model was
developed for three different hydraulic conductivity (K) ranges. Random integers and
Halton sequence techniques were used to generate more than 10000 random values of K
for the range K-1=15 m/d to 25 m/d, K-2 =5 m/d to 40 m/d and K-3 =2 m/d to 100 m/d.
All three ranges of K were generated using both techniques in MATLAB. The K values
were imported in MODFLOW, and the SEAWAT was simulated. Moreover, the SWI
management strategies were also simulated for the study area. The study area was from
Suva, Fiji. However, the study area was treated as an illustrative study area due to the
unavailability of the groundwater data. However, some hydrogeological parameters,

boundary conditions, elevations and raster data were taken from Suva.

The results indicated that using the RHCs reduces the computational burden on
numerical simulation models. Also, the realisation of the hydraulic conductivities was
included in the model simulations, which made the study area heterogeneous and realistic.
The results did not vary much while using random integers and Halton sequences.

However, the Halton sequence generated very close values, nearly making the hydraulic
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conductivities uniform in the y-direction. In contrast, the x-direction was more random

and heterogeneous.

Moreover, the SWI management strategy simulated for the current study indicates
that using hydraulic barriers like barrier wells (BWs) and injection wells (IWs) mitigates
the SWI in coastal aquifers. IWs significantly reduced SWI compared to using BWs alone
or IWs plus BWs simultaneously. This study also reported that hydraulic barriers can be

costly, and disposal of salty water can be an issue.

The limitations of this study were the availability of the groundwater data, field
hydraulic conductivities of the study area, pumping data, and salinity data, which could
have been used to calibrate and validate the model. Also, if the actual hydraulic
conductivity, hydraulic head or salinity data had been available, it would have been easier
to decide the best random number generator used in this study. Moreover, to measure the
best RHC generator and the best range to use, a real site with quality groundwater and
bore log data must be used. In the future, researchers can use the methodology proposed
in this study and apply it to the real study area that has sufficient data. Since this is the
first time the random integers and Halton sequence of K values were simulated in
SEAWAT-based numerical modelling, the methodology developed here could have many

other applications in groundwater studies.

In Chapters 4 and 5, different methodologies were developed and tested for
managing saltwater intrusion. Using a similar methodology, a real study area in a Pacific
Island country was used to develop, calibrate, validate, and provide saltwater intrusion

management strategies in the next chapter.
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Chapter 6: Management of saltwater intrusion using
numerical modelling techniques in the small Pacific Island
country of Vanuatu

The main contents of this chapter have been published and copyrighted as outlined

below:

Sharan. A., Datta, B., Lal, A., & Kotra, K. (2024). Management of saltwater intrusion
using numerical modelling techniques in the small Pacific Island country of
Vanuatu. Environmental Monitoring and Assessment, 196(120), 1-20.
https://doi.org/10.1007/s10661-023-12245-y

6.1 Overview

This chapter develops a 3D groundwater model for a real coastal aquifer in a Pacific
Island country. It provides saltwater intrusion management strategies using numerical

modelling techniques.

6.2 Executive Summary

Small island countries like Vanuatu are facing the brunt of climate change, sea level
rise (SLR), tropical cyclones and limited or declining access to freshwater. The Tagabe
coastal aquifer in Port Vila (the capital of Vanuatu) shows the presence of salinity,
indicating saltwater intrusion (SWI). This study aims to develop and evaluate effective
SWI management strategies for Tagabe coastal aquifer. To manage SWI, the numerical
simulation model for the study area was developed using the SEAWAT code. The flow
model was developed using MODFLOW and the transport model was developed using
MT3DMS. Whereby SEAWAT solved flow and transport equations simultaneously. The
model was calibrated, and different scenarios were evaluated for the management of SWI.
The SLR was also considered in the model simulations. The results indicated that
increased population, pumping rates and SLR affect the SWI rates. To manage the SWI,
hydraulic barriers like barrier wells and injection wells, which effectively managed SWI
in Tagabe coastal aquifer were introduced. The results from this study are significantly
important whereby, the water managers, site owners, and governing bodies can use the
management strategies presented in this study to create policies and regulations for
managing SWI rates in Port Vila. Additionally, the water industry, private businesses,
and investors who wish to extract groundwater from the Tagabe can use this study as a

reference for daily or yearly freshwater production rates without the risk of SWI.
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6.3 Introduction

Water resources are fundamental for the sustainability and survival of all living
beings on Earth and beyond. This precious commodity is declining; only 3% of all water
is freshwater, and out of this 3%, 31.4% is usable, whereas 68.6% are ice caps and
glaciers. Moreover, groundwater reserves are approximately 30.1%, whereas surface
water sources are 1.3% (Shiklomanov, 1993). The percentage of water resources
remaining on our planet is shown in Figure 6.1. From the graph, it can be shown that the
majority of the freshwater available is groundwater. However, these groundwater
resources are also constantly threatened by natural and anthropogenic means (Khatri and

Tyagi, 2015; Vengadesan and Lakshmanan, 2019; Li et al., 2021; Sharan et al., 2023).

Groundwater is the primary water source for the Pacific Island countries (PICs)
(Sharan et al., 2021). Almost all PICs use groundwater for their daily needs, which puts
groundwater under threat. The major environmental threat of coastal aquifers in PICs is
saltwater intrusion (SWI) (Kotra et al., 2022). SWI occurs when the seawater moves
towards the landward side, changing the freshwater-saltwater pressure gradients. The
SWI is an environmental threat in PICs and all around the globe in coastal regions
(ACASA, 2011). The management of SWI is crucial, especially in small island countries
that are predominantly surrounded by oceans. The SWI management in PICs is minimal
due to the unavailability of expertise, proper groundwater data management, and
unavailability of specialised monitoring devices (Sharan et al., 2021). Very few PICs
thoroughly monitor and collect accurate groundwater data, for instance, Kiribati (1.84° N,
157.38° W) (Lal and Datta, 2019c¢). The coastal aquifers in Kiribati have been extensively
studied with some numerical and Al-based modelling techniques that provide optimal
SWI management strategies (e.g., Lal and Datta, 2019a; 2019b). Other limited studies
conducted in PICs include Nauru (0.52° S, 166.93° E) (Alberti et al., 2017) and Tonga
(21.18° S, 175.19° W) (White et al., 2011; Sharan et al., 2023).

The use of numerical-based modelling techniques is complex and computationally
expensive. However, they are mainly the first source of SWI management tools in
groundwater. Later comes the Al-based modelling techniques, utilising the results from
numerical models. Moreover, without the input-output patterns from a numerical model,
one cannot develop accurate Al-based models. Therefore, numerical models are crucial

for developing curative solutions to reduce SWI (Hamidi et al., 2021). Numerical
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modelling has been extensively applied to manage SWI around the globe (e.g., Andersen
et al., 1988; Bobba, 2002; Giambastiani et al., 2007; Dhar and Datta, 2009; Lee et al.,
2023; Stein et al., 2023). All these studies used numerical modelling techniques to provide
optimal SWI management strategies for coastal aquifers. Numerical models are mainly
developed using the finite element method (FEM) or finite difference method (FDM).
However, the models developed using the latter methods use grids, which makes it easier
to test the optimum SWI management scenario (Werner et al., 2013; Sharan et al., 2023).
Different codes can be used in FDM to model groundwater flow and transport, such as

MODFLOW, MT3DMS, PHT3D, and SEAWAT.

Saltwater/Ocean 97 %

Freshwater 1.3 %

/
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Soil Moisture 3.5 % "o
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Figure 6.1: Earth's water resources. Source (Shiklomanov, 1993).
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SEAWAT numerical codes have been relatively applied in managing the SWI in
coastal aquifers around the globe. Lin et al. (2008) used the SEAWAT code to develop a
numerical simulation model to investigate the amount of SWI in the Gulf Coast aquifers
of Alabama (32.31°N, 86.90° W), USA. The authors calibrated and validated their model
using the hydraulic head values. The calibrated model was used to predict the future SWI
in Alabama. The authors reported that the extent of SWI has increased during a 40-year
simulation period. The authors also stated that due to population growth and more water
demands, the SWI would be more severe in future. Romanazzi et al. (2015) developed a
numerical simulation model for managing a Mediterranean karstic coastal aquifer
affected by SWI and climate change. The authors used the SEAWAT code to develop
their model and used the hydraulic head and the salinity data to calibrate and validate the
model. The calibrated model was simulated to predict three future scenarios: climate
change, different types of discharge and SLR. The authors reported that all the scenarios
tested showed non-negligible effects on coastal groundwater. The authors also suggested
that to manage SWI, the current water technologies must be modified, water to be

recycled, and aquifers must be artificially recharged.

Casillas-Trasvina et al. (2019) applied the SEAWAT code to develop a numerical
simulation model to assess multi-source SWI under natural and pumping conditions in
the Great Maputo aquifer (25. 97°S, 32.57°E), Mozambique. The authors used hydraulic
heads, discharges and salt concentrations to calibrate and validate the model. The
calibrated model was used to test different scenarios, including the impacts of SLR and
projected abstraction rates. The results indicated that SWI is higher for the scenarios
tested. The authors also reported that management strategies must be drawn, and using a
more significant number of scattered production wells that can be operated with lower
pumping rates will prevent the saltwater upconing. Abd-Elhamid et al. (2020) provided
the SWI management strategies for Biscayne aquifer in Florida, USA using numerical
modelling. The authors suggested that extending the coastline towards the sea using
coastal earth-fill would increase the land surface area and reduce SWI rates. However,
this technique of managing SWI could damage the existing coastal ecosystems and
marine organisms. Also, this land reclamation technique could be very costly and could

have low hydraulic conductivity for reclaimed soil.

Dibaj et al. (2020) developed a numerical model using SEAWAT to simulate the
SWI in the Pingtung coastal aquifer (22.70° N, 120.44° E) in Taiwan under the influence
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of SLR and changing abstraction regimes. The model was calibrated and validated using
the observed head values. The authors used the calibrated model to predict the future SWI
in the aquifer. Three management scenarios were examined, including the SLR, pumping
rates and relocation of production wells. The authors reported that all three scenarios
affect the extent of SWI in their study area. Moreover, all the layers of the aquifer were
affected by SWI. However, the middle layer was least affected by SWI when compared
with the top and bottom layers.

Said and Yurtal (2022) used the SEAWAT code to develop a numerical simulation
model to predict the SWI in the coastal aquifer of Bosaso Plain (11. 28° N, 49.19° E),
Somalia. The authors calibrated and validated the model using the hydraulic head and
total dissolved solid concentrations. The calibrated model was used to predict SWI by
changing pumping patterns. The authors reported that SWI mainly affects the coastline,
and increasing the pumping will cause SWIs to reach 6.2 km inland by 2040. Moreover,
the authors also reported that reducing the pumping rates by 50% will reduce SWI
significantly. Abd-Elaty and Polemio (2023) used the SEAWAT numerical code to
provide SWI management strategies for the Gaza Strip (32.35° N, 34.31° E) aquifer in
Palestine. The authors used the SLR and the reduction in fresh groundwater storage to
show SWI impacts. The authors found that SWI was more severe if the SLRs and
pumping increased. They suggested that using cutoff wells and check dams effectively

managed SWI.

The majority of the studies mentioned earlier have used different scenarios in
testing and mitigating the SWI. However, a different approach would be approached here.
The use of a numerical simulation model to manage SWI in PICs is minimal, which forms
the central focus area of this research. The present study tends to develop first-ever SWI
management techniques using 3D numerical simulation models for Vanuatu (15.38° S,
166.96° E) in the South Pacific region. To the best of the current knowledge, no study has
been conducted in Vanuatu that safeguards groundwater or provides SWI management
strategies. In this study, the increase in population and pumping rates will be raised in
transient mode gradually. The standing water levels or the hydraulic head values are also
raised gradually to factor in the SLR with time. The combination of barrier well and

injection well will also be modelled in this study.
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The knowledge gained from this study is novel and of foremost importance for
Vanuatu and all other surrounding island nations in the Pacific region, as it will provide
optimal SWI management strategies by considering uncertainties, including climate
change. Moreover, as mentioned above, the scenarios evaluated are the first for an island
nation in the Pacific region, making this study necessary for the smaller island nations.
The results are beneficial for drawing up robust SWI management strategies in Vanuatu.
These strategies will help protect groundwater resources for future use and reduce saline
water contaminations. In addition, this study also validates strategies that could be used
to increase the abstraction rates and simultaneously restrict SWI into the coastal aquifers
of Vanuatu. Finally, this study provides new knowledge to stakeholders and/or bore
drilling companies who want to harvest groundwater in Vanuatu, as it gives them the

benchmark of fresh groundwater's daily or yearly production rates.

6.4 Materials and Methods

6.4.1 Study area

6.4.1.1 Country profile and geology

Vanuatu is located on the eastern side of Australia and comprises eighty-three
islands, some volcanic and mountainous, while others are coral atolls. The country has
little over 300,000 people, and its capital is Port Vila. Vanuatu is known for its stunning
natural beauty, with lush rainforests, pristine beaches, and clear waters. The country is a
popular destination for tourists who enjoy snorkelling, scuba diving, and hiking in the
mountains. According to a report by the World Travel and Tourism Council (WTTC),
tourism significantly contributes to Vanuatu's economy, amounting to 35.5% of its GDP
in 2019 (WTTC, 2021). In addition to tourism, Vanuatu's economy is also supported by
agriculture, fishing, and forestry. The country is known for producing tropical fruits, such

as coconuts, bananas, and pineapples, as well as coffee and cocoa beans.

Vanuatu is a culturally diverse nation, with over one hundred indigenous languages
spoken across its islands. The country has a rich cultural heritage, with traditional
practices such as custom dancing and sand drawing still practised today. Vanuatu's culture
and traditions have been recognised by UNESCO, which has designated several sites in
the country as World Heritage Sites, including the Chief Roi Mata's Domain and the
Cultural Centre in Port Vila (UNESCO, 2021). However, like many small island nations,

Vanuatu is vulnerable to natural disasters and the impacts of climate change. The country
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has experienced severe tropical cyclones, volcanic eruptions, and earthquakes in recent
years, which have caused considerable damage to infrastructure and livelihoods (VMGD,
2023; Sharan, 2022; Sharan, 2023). The government of Vanuatu has recognised the
importance of building resilience to these threats and has taken steps to incorporate
climate change adaptation and disaster risk reduction measures into its development

planning (SPC, 2015; CRCP, 2021).

The country is divided into six provinces: Malampa, Penama, Sanma, Shefa, Tafea
and Torba. The province Shefa is in the country's centre, consisting of two major islands,
Epi and Efate. Port Vila is the capital of Vanuatu, located on Efate Island, with an area of
approximately 980 km?. The primary focus of this research is based on Efate Island. Efate
has diverse geology, including volcanic rocks, limestones, and alluvial deposits, which
several geological processes have shaped. In addition to volcanic rocks, the island has
several limestone and alluvial deposits. The limestone deposits are in the central and
eastern parts of the island and were formed from the accumulation of marine organisms

such as corals and shells.

Furthermore, the alluvial deposits are in the coastal plains and were formed by the
erosion and deposition of sediment from nearby rivers and streams (Bath et al., 1986).
Several geological processes, including volcanic activity, tectonic movements, and
erosion, have also shaped the island. The volcanic activity on the island has created
several volcanic features, including the Yasur volcano, one of the most active and
accessible volcanoes in the world (Pfeiffer, 2023). Tectonic movements have also shaped
the island's topography, with several faults and folds. Erosion has also played a significant
role in shaping the island's landscape, with the coastal areas being highly susceptible to

erosion due to their low elevation and proximity to the sea (Stewart et al., 2010).

6.4.1.2 Groundwater site hydrogeology

The water supply in Port Vila comes from the Tagabe catchment (17.70°S, 168.32°
E). The study area for this research is Tagabe coastal aquifer, shown in Figure 6.2. The
hydrogeology of this area is complex and influenced by the island's geology, rainfall
patterns, and land use. According to a report by the Vanuatu Geohazards Observatory
(VGO), the Tagabe catchment area has a fractured volcanic rock aquifer system
composed of basalts and andesites (VGO, 2015). A study by the United Nations

Development Programme (UNDP) identified several factors affecting groundwater

115



Chapter 6: Management of saltwater intrusion using numerical model...

recharge in the Tagabe Catchment area, including rainfall patterns, land use, and soil
characteristics (UNDP, 2016). Tagabe catchment supplies water to the residents,
businesses, agriculture, and manufacturing industries in Port Vila. However, with the
rapid urbanisation and population growth of Port Vila and the push to increase tourism
and infrastructure, there will be a higher demand for freshwater per person, putting more
pressure on the Tagabe freshwater aquifer. Climate change will also make Port Vila and
Vanuatu more vulnerable, further jeopardising the ability to support current and future

users of the Tagabe water (TRCMP, 2018).

Tagabe catchment has eight active production boreholes which supply water in Port
Vila. The log of borehole EF378 data from 1994 suggested that the Tagabe aquifer can
be considered two layers. The first layer has sand and gravel, whereas the second is
mainly limestone. The depth of layer one goes to 80 m, and then limestone is below that.
Therefore, to cater for any uncertainties, only 20 m of limestone as layer 2 was
considered. Moreover, the Tagabe coastal aquifer is heterogeneous, shallow, and
unconfined. Tagabe coastal aquifer has two active rivers, Sono and Tagabe river, which
also acts as a source to the Tagabe aquifer. The area modelled is approximately 57 km?,

with eight boreholes operating in close proximity.

The Department of Water Resources, Government of Vanuatu, supplied the
groundwater data. However, the data was limited. The dataset included bore pumping
data from 2017 to 2022 and the electrical conductivity of some bores from 2019-2021.
The hydraulic head values were not available, nor were the initial concentrations. Limited
data was used to develop our numerical model, calibrate and validate, and test different
scenarios that can manage SWI in Tagabe coastal aquifer. The hydrogeological
parameters and other boundary conditions were taken from the bore log data and the
report by Depledge (1994). The report can be shared with the mutual consent from the
Government of Vanuatu. The report mentioned that hydraulic conductivity was between
20 m/d to 45m/d based on the soil types. Moreover, the specific storage value of
approximately 0.000035 1/m was assumed based on the limited data from the report.
Vanuatu receives a lot of rain and 90% can be runoff. Therefore, 7.5% of the rainfall as
recharge and 3% as evapotranspiration were used for this study. Other hydrogeological

parameters and boundary conditions used from the field are given in Table 6.1.
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BX1-BX3: Proposed New Boreholes -56.0
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-89.0
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Figure 6.2: Study area inclusive of the plan and 3D views.
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Table 6.1: Model parameters and the values used for the model design.

Definition Assigned field values Calibrated values S.I. Units
Layer 1 (Sand and 2Hg/drauhc Conductivity, K = Izrls}lgiraullc Conductivity, K =
gravel) Porosity = 0.35 Porosity = 0.45 K=m/d

Layer 2 (Limestone)

Hydraulic Conductivity, K =
35
Porosity = 0.45

Hydraulic Conductivity, K =
40
Porosity = 0.55

Porosity = dimensionless

Recharge 0.0004 0.000271 m/d
Horizontal Anisotropy 1 \\\\ dimensionless
Freshwater Density 1000 AN 7 kg/m?
Seawater Density 1025 . e kg/m?
Saltwater Concentration 35 N e kg/m’
Specific Storage 0.000035 1/m

River conductance 1 S \\\ m?%/dm
Lpngltgd}nal 30 // \\\ m

dispersivity e L

Density/Con. constant, 0.7143 // ) dimensionless

F
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6.4.2 Flow and solute transport model

Developing management strategies for SWI is a complicated and nonlinear process
that can be addressed using mathematical models such as numerical simulation models.
In order to simulate and manage SWI, a numerical simulation model was developed using
SEAWAT code within the Groundwater Modeling System (GMS). SEAWAT uses a
numerical code to replicate 3D, variable density, and transient groundwater flow in
porous mediums by combining the MODFLOW and MT3DMS programs. MODFLOW
solves the nonlinear variable density flow equations, while MT3DMS addresses the

nonlinear temporal and spatial salt or solute transport equations, as described by Guo and

Langevin (2002).
6.4.2.1 Governing Equations

The variable-density flow process solves the following form of the variable-density

groundwater flow equation (tensors and vectors are shone in bold) (Langevin et al., 2008).

dn dp oc ,
0 52+ 052 =~ psqs, (6.1)

V- [p%KO(VhO o vz)| = ps;,

0

where py is the fluid density [kg/m’] at the reference concentration and reference
temperature, ¢ is dynamic viscosity [kg/md], Ko is the hydraulic conductivity tensor of
material saturated with the reference fluid [m/d], % is the hydraulic head [m] measured
in terms of the reference fluid of a specified concentration and temperature (as the
reference fluid is commonly freshwater), S is the specific storage [1/m], defined as the
volume of water released from storage per unit volume per unit decline of 4y, ¢ is time
[d], @ is porosity [dimensionless], C is salt concentration [kg/m?], ¢'s is a source or sink

[1/d] of fluid with density p;.

The integrated MT3DMS Transport process solves the following form of the solute

transport equation.

KX\ acock ,
(1+254) 20 ~v- (9D~ VC*) - V- (aC") — i CH+ TiuRe  (62)

where p;, is the bulk density (mass of the solids divided by the total volume)
[mg/m®], K¥ is the distribution coefficient of species k [m/kg], C¥ is the concentration

of species k [kg/m], D is the hydrodynamic dispersion coefficient tensor [m?%d], q is
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specific discharge [m/d], and C¥ is the source or sink concentration [kg/m?] of species £.

Ry (k=1, ...N) is the chemical reaction term (kg/m’d) of species «.

SEAWAT's earlier versions assumed that % was equal to one, resulting in viscosity

effects being ignored and fluid density being considered as a simple linear function of
only one solute species. In SEAWAT version 4, fluid density and viscosity can be
computed using concentrations from one or more solute species. These equations of state
link the density and viscosity terms in equation 6.1 to one or more of the MT3DMS
species concentrations (C ) in equation 6.2. By permitting one or more MT3DMS species
to affect fluid density and viscosity, variable-density groundwater flow can be paired with
simultaneous solute and heat transport (Langevin et al., 2008). The previous edition of
SEAWAT and the variable density groundwater flow and transport equations can be

found in the studies by Guo and Langevin (2002) and Zheng and Wang (1999).

6.4.2.2 Conceptual and flow model design

The MODFLOW-2000 code was used to develop the conceptual model of the
Tagabe coastal aquifer. The length in the model domain's X, Y and Z directions were 7.50
km, 7.61 km, and 0.1 km, respectively. A 100 x 100 m cell size was used to create 3D
finite-difference grids for the entire model domain. Two layers were created with different
values of hydraulic conductivities in both layers. The uniform hydraulic conductivities of
layer 1 and 2 was assigned as 20 m/d and 35 m/d, respectively. The porosities of layer 1
and layer 2 were also assigned as 0.35 and 0.45, respectively. Layer 1 was from 0 to -80
m, while layer 2 was from -80 to -100 m. The southern part of the model domain was the
specified head boundary (CHB), while the eastern side was no flow boundary. The
northwestern side was the Sono River, connected to the ocean boundary and no-flow
boundary. The no-flow boundary was assigned merely because the groundwater flows
parallel to the no-flow boundary. Tagabe River is connected to the ocean boundary from
the southwestern side and goes up to the middle of the model domain. Tagabe River is

near the production bore and the Vanuatu International Airport.

The observed hydraulic head values from the boreholes in Tagabe were not
available. However, only one value of each borehole was provided, which was recorded
in 2019. Approximate head values were assigned to the boundaries using the given head
values. The CHB values for the western and southeastern nodes were assigned as 9 m and
8.8 m, respectively. The head values were assigned in such a way that the hydraulic

120



Chapter 6: Management of saltwater intrusion using numerical model...

gradient was slightly towards the landward side. This was done because the initial
conditions and head values were unknown, but the salinity was present in the Tagabe

coastal aquifer, indicating a landward-side hydraulic gradient.

Moreover, the head values of the Sono River for the western and northern nodes
were assigned as 9.2 m and 9 m, respectively. At the same time, the head values for
Tagabe River at the western and in the centre of the model domain nodes were assigned
as 9.2 m and 7 m, respectively. All eight boreholes (B1-B8) were added to the model
domain using their specific geographic locations from Table 6.2. The actual transient
pumping values from 2017 to 2021 were also assigned to each bore. Furthermore, all the
hydrogeological parameters and boundary conditions, wells, pumping values and head
values were mapped to MODFLOW and the steady-state simulation was carried out for

20 years to establish the initial conditions.

Table 6.2: Location of production boreholes in Tagabe, Port Vila.

Borehole Location

Number Latitude (S) Longitude (E)
B1 17.710828 168.323633
B2 17.710253 168.323403
B3 17.709753 168.323186
B4 17.708767 168.322242
B5 17.711758 168.323814
B6 17.708433 168.321072
B7 17.712467 168.323269
B8 17.713261 168.325547

6.4.2.3 Solute transport model design

Upon successful convergence of the flow model, the solute transport solver,
MT3DMS, was introduced, and the simulation was changed from a steady state to a
transient state by adding the 5-year simulation periods. The head values from the steady-
state simulations were used as initial heads in the transient flow simulations. The solute
salt was added to MT3DMS, and a uniform initial salt concentration of 0.1 kg/m> was
assigned in the model domain. The advection, dispersion, source and sink mixing
packages were used for solute transport in MT3DMS. SEAWAT-version 4 code was then
introduced to solve the solute transport equations with the help of MT3DMS. A variable-
density flow package was utilised to solve solute transport for freshwater and saltwater
fluids.

121



Chapter 6: Management of saltwater intrusion using numerical model...

Moreover, in the SEAWAT module, freshwater density was selected as the standard
fluid density. A constant factor, F, was also applied to the density and concentration slope
to prevent the model from overestimating the freshwater lens. If F were set to zero, then
the density would not change with a change in concentration, providing similar results to
those obtained from MT3DMS simulations. However, SEAWAT was preferred for
generating results as it incorporates a variable-density flow (VDF) that restricts the free

movement of freshwater and seawater, forming a transitional zone for the freshwater lens.

6.4.3 Model Calibration and Validation

SEAWAT was initiated for the 5-year period considering the pumping data from
2017-2021. However, only the electrical conductivity (EC) data of boreholes B1, B2, B3,
B7 and B8 were available to calibrate the model. The EC data was only available from
2019-2021. However, some data was missing from the year 2021. Hence, the EC data
from 2019 and 2020 was used to calibrate the model. EC was converted to parts per
million (ppm) or milligrams/litre (mg/L) by multiplying the EC, measured in
microseimens/centimetre (LS/cm), values by 0.55 (Landscape-SA., 2015; Rusydi, 2018).
Then, mg/L was divided by 1000 to convert the salt concentration to kg/m?. The limitation
of this calibration process was that the flow model was not calibrated because the
observed head values were unavailable. Hence, only the secondary data was used in the
calibration process. Calibrating the model with secondary data was difficult and time-
consuming, especially when the initial concentrations were unknown. However, the
initial salt concentrations, recharge value, hydraulic conductivities and porosities were
adjusted using the trial-and-error method and multiple simulations to get the desired

results.

After calibrating the model, it was simulated for the next 20 years, from 2022 to
2043. The results from the calibrated model became the base case for this study. Using
the calibrated model and stress period, various scenarios were tested and simulated that

can manage the SWI for Tagabe coastal aquifer.

6.4.4 Simulated scenarios

Once the numerical simulation model was developed, calibrated and validated, the
base case simulation was run for 20 years to see the extent of SWI in the Tagabe coastal

aquifer. The simulated results indicated extensive SWI. Therefore, scenarios that could
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manage SWI were evaluated considering uncertainties like climate change. The scenarios
included (1) an increase in population and pumping rates, (2) the use of barrier wells, (3)
the use of barrier wells plus injection wells and (4) a sea level rise. These scenarios were
compared with the base case, and the optimal SWI management strategies were suggested

for Tagabe coastal aquifer.

6.5 Results
6.5.1 Calibration and Validation

The model was calibrated using the techniques mentioned in Section 6.4.3. The
observed salt concentrations of March, May, July, September, November 2019 and
February 2020 were used in the calibration process. The months of April, June, August,
October and December 2020 were used to validate the model. These months were chosen
based on the quality and availability of the data points. The calibration and validation
results of different boreholes are shown in Figure 6.3. The initial salt concentration that
gave the desired results was 0.3 kg/m>. The model was simulated for 5 years (2017-2021).
However, the calibration started from 3™ year (2019), which gave us a good correlation
(R? > 0.9) between observed and simulated values because the initial concentration was
automatically readjusted based on transient pumping rates. If complete data were
available, calibration would have started using the data from 2017. Therefore, the initial
concentrations had to be assigned as < 0.3 kg/m>. The calibrated model was then used to

test different scenarios.

6.5.2 Base case

Tagabe coastal aquifer has eight operational boreholes that supply the water to the
capital city of Vanuatu. Based on the current field pumping data, MODFLOW
interpolated the transient pumping data for a 20-year period which was used to predict
the SWI in Tagabe coastal aquifer. The calibrated model was simulated for 20 years, and
the SWI was recorded. The plan view of the model domain for the base case is shown in
Figure 6.4(a-1 to a-20). Five different time-steps results were recorded after the
simulation. The front view of the base case simulation results was also recorded, as shown
in Figure 6.5(a-1 to a-20). The numbers 1-, 5-, 10-, 15-, and 20- indicate 1-year, 5-year,
10-year, 15-year and 20-year time steps. The contours indicate the SWI into Tagabe
coastal aquifers. Red indicates > 30 kg/m* salt concentration, whereas light blue indicates

~ 0 kg/m? salt concentration.
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Figure 6.3: Observed versus simulated salt concentrations obtained during calibration (a to e) and
validation stage (f to j). (a to e) represents the data from bore 1, 2, 3, 7 and 8, respectively.
Similarly, (f to j) represents the data from bore 1, 2, 3, 7 and 8, respectively.
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Figure 6.4: (a-1 to a-20) shows the plan view of the simulated results of saltwater intrusion for
the base case; (b-1 to b-20) increasing the pumping and number of pumping wells (scenario
1); (c-1 to c-20) addition of barrier wells (scenario 2); (d-1 to d-20) addition of injection
well plus barrier wells (scenario 3); (e-1 to e-20) sea level rise (scenario 4). The numbers
1,5, 10, 15 and 20 represent the time steps 1 year, 5 years, 10 years, 15 years and 20 years,
respectively.

6.5.3 Scenario 1: Increased population and pumping rates

Population growth is inevitable in future. A higher population will lead to higher
water demand in all sectors. Since Tagabe coastal aquifer is the only water supplier in
Port Vila, the uncertainties must be carefully considered while predicting the SWI rates.
The projected population growth rates of Port Vila for 20 years are given in Figure 6.6.
The projections were made based on the live population forecasts given by the World
Population Review (WPR) (WPR, 2023). As per WPR, the population of Vanuatu will
grow by 2.39%, 2.31%, 2.2%, 2.11% and 1.98% for the years 2022, 2027, 2032, 2037
and 2043, respectively. Based on these projections and using the actual population of Port

Vila from City Population (CP) for the year 2020 (CP, 2023), it was found that by 2043,
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the population of Port Vila will be approximately 54668. The projected population till
2043 is an increase of ~10% compared to 2020.
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Figure 6.5: (a-1 to a-20) shows the front view of the simulated results of saltwater intrusion for
the base case; (b-1 to b-20) increasing the pumping and number of pumping wells (scenario
1); (c-1 to c-20) addition of barrier wells (scenario 2); (d-1 to d-20) addition of injection
well plus barrier wells (scenario 3); (e-1 to e-20) sea level rise (scenario 4). The numbers
1,5, 10, 15 and 20 represent the time steps 1 year, 5 years, 10 years, 15 years and 20 years,
respectively.

Moreover, the transient pumping rates were increased for all boreholes by 10%
based on population growth. Also, three more boreholes were added to cater for the higher
demand and marked as BX1, BX2 and BX3, as shown in Figure 6.2. The transient
pumping rates similar to bores 7 and 8 were assigned to the three new boreholes. The
changes made in the conceptual model were mapped to MODFLOW and MT3DMS then
SEAWAT was initiated. The plan view and front view of the simulated SWIs of this
scenario for 5 time-steps are shown in Figure 6.4(b-1 to b-20) and Figure 6.5(b-1 to b-
20), respectively. The results indicated that the extent of SWI has further contaminated

the Tagabe freshwater aquifer compared with the base case. The contours in these figures
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also indicated that increasing the pumping rates and the number of boreholes further

increases the SWI.

Moreover, the salt concentration of the bores 1, 3, 7 and 8 for 1-year, 5-year, 10-
year, 15-year and 20-year time-steps were recorded to further look at the exact amount of
changes in the salt concentration. Figure 6.7a compares the salt concentration of different
time-steps and bores for the base case and scenario 1. Not many changes were shown for
the first two time-steps. However, the last three time-steps did show some significant
changes. The percentage increase in salt concentration from base case to scenario 1 for
bore 1 during the time-steps of 10, 15 and 20 years are 86.34%, 759.32% and 273.75%,
respectively. Moreover, the percentage increase for bore 7 at 3 time-steps as bore 1 was
209.79%, 277.78% and 117.05%, respectively. Bores 3 and 8 did not show significant
changes compared to the base case, which could have been the effect of transient and

automatic pumping data interpolation in MODFLOW.

6.5.4 Scenario 2: Addition of barrier wells

Using the same parameters and boundary conditions from scenario 1, six barrier
wells (BWs) were added to prevent the SWI from encroaching into the model domain.
Based on the initial simulations, the BWs were systematically placed near the coast to
prevent the upconing of the saline water. The BWs acted as a barrier in preventing the
saltwater from moving towards the landward side and contaminating the freshwater,
hence the name. The plan view of the simulated results for this scenario is shown in Figure
6.4(c-1 to c-20). From the results, the extent of encroachment has significantly decreased
when compared with the base case and scenario 1. However, the SWI from the southeast
side of the model shows an increment for all 5 time-steps. The increment is shown
because the BWs were not added near the southeast coast. However, adding BWs has

prevented the saline water from reaching the freshwater wells, as shown in the plan view.

127



Chapter 6: Management of saltwater intrusion using numerical model...

56000 -
R*=0.9997

B s s s s s et 2
Lo
= 1T
a 52004 e
- e
s e
500004
z | e
?

48000 A .

46000

2020 2022 2027 2032 2037 2043
Year

Figure 6.6: Projected population of Port Vila, Vanuatu.

The front view of the study area is also used to show our results for SWI better after
adding BWs, shown in Figure 6.5(c-1 to c-20). The front view shows that the SWI has
significantly reduced after adding the BWs. However, the salt concentration near the coast
has increased vastly due to excessive pumping from BWs. This increase is shown as the
toe length of SWI has increased. The increase in the salt concentration did not affect the
freshwater bore or wells in the Tagabe area. The front view also shows that the SWI
contour's length and strength have halved for 10-, 15- and 20-year time-steps compared

to the base case scenario.

Moreover, the salt concentrations at bores 1, 3, 7 and 8 were recorded for the 5
time-steps as scenario 1. Figure 6.7b compares the salt concentrations for the four bores
after adding the BWs and the base case. The bars in the graph indicate that the salt has
significantly decreased for bores 1, 3 and 7. However, not many changes were shown for
bore 8. The salt concentration for bore 1 was reduced by 9.55%, 22.96%, 36.58%, 56.11%
and 92.29% for 1-, 5-, 10-, 15- and 20-year periods, respectively. Similarly, the salt
concentrations for bore 3 of the five time-steps were also reduced by 16.47%, 28.86%,
32.57%, 34.92% and 64. 19%, respectively. The salt concentration of bore 7 at the 20-
year time-step was 5.92 kg/m> for the base case, whereas after adding BWs, the salt
concentration was reduced to 0.46 kg/m>, a decrease of 92.19%. The salt concentrations
at bore 8 for 1-, 5-, 10-, 15- and 20-year time-steps for this scenario were increased by

0.25%, 0.97%, 0.35%, 2.26% and 391.65%, respectively.
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Figure 6.7: a) shows the comparison of simulated salt concentrations for different boreholes for
the base case and the increased pumping and the number of pumping wells (scenario 1); b)
shows the comparison of simulated salt concentrations for different boreholes for the base
case the addition of barrier wells (scenario 2); c) shows the comparison of simulated salt
concentrations for different boreholes for the base case the addition of injection well plus
barrier wells (scenario 3); d) shows the comparison of simulated salt concentrations for
different boreholes for the base case and the sea level rise (scenario 4).
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6.5.5 Scenario 3: Addition of barrier wells and injection wells

The injection wells (IWs) and BWs were added to the model domain as an SWI
management technique for the Tagabe coastal aquifer. In scenario 2, six BWs were added,
whereas three BWs were replaced with IWs in this scenario. Therefore, for this scenario,
there are three BWs and three IWs. Transient pumping rates, lower than BW pumping,
were assigned to the IWs. The model simulation was initiated, and the plan view of the
simulated results is given in Figure 6.4(d-1-d-20). The results show significant changes
as the SWI is reduced further compared to the base case and scenarios 1 and 2. The length
of encroachments from all sides of the model domain, from the coast to the pumping

locations, was reduced significantly.

Furthermore, Figure 6.5(d-1-d-20) shows the front view of the simulated salt
concentrations after adding BWs and IWs. The length of salt contours has significantly
decreased compared to the base case and scenarios 1 and 2. Injecting freshwater also
reduces the intensity of salt concentration at the coast. The front view shows the
encroachment length is half that of scenario 2, whereas it is a quarter of the base case and

scenario 1. Adding IWs has significantly reduced SWI in the Tagabe coastal aquifer.

The salt concentrations for bore 1, 3, 7 and 8 were significantly reduced when
compared with the base case, as indicated by the bars of Figure 6.7c. The percentage
decrease in salt concentration for bore 1 during 1-, 5-, 10-, 15- and 20-year time-steps are
6.36%, 8.62%, 6.16%, 22.93% and 83.73%, respectively. The percentage decrease for
bore 3 for the same respective time-steps as bore 1 are 10.93%, 14.67%, 17.33%, 18.01%,
and 54.29%, respectively. Similar decreasing trends were also noted for bore 7. However,
the highest decrease in salt concentration was noted at bore 7 for the 20-year time-step,
with a decrease of 92.37% compared with the base case. Moreover, bore 8 has shown
slight increments of salt concentrations during 1-, 5-, 10- and 15-year time-steps. The
percentage increments for these four time-steps were 0.78%, 0.43%, 0.08% and 0.11%,
respectively. However, the salt concentration decreased during the 20-year time step by

9.63% when compared with the base case.

6.5.6 Scenario 4: Sea level rise

The sea level rise (SLR) is one of the significant natural disasters in Vanuatu. The
SLR could also be affecting the Tagabe freshwater aquifer. The SLR was modelled for

Tagabe coastal aquifer to validate the previous statement, and the extent of SWI was
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noted. The projected SLR for Vanuatu, in general, is shown in Figure 6.8. Based on the
projections, the SLR for Vanuatu by 2043 will be approximately raised by 25 cm. Hence,
the coastal head boundaries were gradually increased by 1.2 cm each year for 20 years
until it reached 25 cm. Using this projected SLR, the model was simulated. The increase
in head values for the coastal boundary indicated SLR. The plan view of the simulated
results are shown in Figure 6.4(e-1 to e-20). The boundary conditions and other initial

conditions used for the simulation of SLR were used from the base case model design.
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Figure 6.8: Projected sea level rise for Vanuatu, relative to 1990. Source (CRCP, 2021).
Moreover, to see the SLR effects further, the front view for 1-, 5-, 10-, 15- and 20-
year time-steps were compiled as shown in Figure 6.5(e-1 to e-20). The front-view results
are also similar to the base case results. However, the contour and the salt concentrations
for year-20 are higher, as indicated by colour changes. The more orange and yellow
colours are noted in the contours, indicating higher salt concentrations. From the front-
view, the changes are less significant when compared with the base case. However, to see
the effect of SLR on the intensity of SWI, the salt concentration values were plotted using
the bar graph to compare the salt concentrations with the base case. The results are shown

in Figure 6.7d.

Using the bar graph, it was visible that SLR does have some impact on the water
quality in Tagabe coastal aquifer. The percentage increase in salt concentration for bore
1 during 1-, 5-, 10-, 15- and 20-year time-steps are 0.07%, 0.19%, 0.36%, 14.99%, and
24.45%, respectively. Similarly, the percentage increase for the same time-steps for bore

315 0.33%, 1.11%, 1.67%, 4.61%, and 16.07%, respectively. Moreover, the percentage
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increase in salt concentration for bore 7 is also noted for all time-steps. The highest
salinity increases for bore 7 was noted at a 20-year time-step of 23.37% compared to the
base case. The salt concentration changes for bore 8 were insignificant, except at the 20-

year time-step, which was around 13.28% compared to the base case scenario.

6.6 Discussion

The SWI in Tagabe coastal aquifer was modelled using real field data. The
simulation results indicated that SWI is currently affecting and will also affect freshwater
resources in the future for Tagabe. Using the field data, the model was calibrated and
validated. The calibrated model was used to test different scenarios that could help
manage SWI in Tagabe coastal aquifer. The scenarios-based sensitivity analysis for this
research was the first for Vanuatu and any PICs. Based on the scenarios and sensitivity

analysis, robust SWI management regulations can be drawn for Tagabe coastal aquifer.

Using hydraulic barriers like barrier wells (BWs) to abstract the saline water near
the coast prevents the extent of SWI from contaminating the freshwater wells. Armanuos
et al. (2020) effectively showed that using BWs near the saltwater side reduced the SWI
rates or SWI length ratio. Abdoulhalik et al. (2017) also stated that using BWs reduced
the SW1 rates in coastal aquifers. Similarly, our results also indicated that using BWs near
the coast positively affected the SWI in Tagabe coastal aquifer. The scenario that showed
exciting results in minimising the extent of SWI in our model domain was using mixed
BWs and IWs. Abd-Elaty et al. (2021) investigated the strategies for controlling the SWI
due to sea level rise (SLR) and climate change for humid and hyper-arid regions. The
authors reported that using recharge wells or IWs, brackish water abstraction, and
desalination reduced the SW1I rates. The authors suggested using mixed hydraulic barriers

to manage SWI. Similar results were noted in our study.

Moreover, Yang et al. (2021) showed how to mitigate the SWI using pumping and
injection strategies. The authors reported that IWs and PWs are more effective in
managing SWI than using IWs or BWs alone. Our study also revealed that using the
combination of hydraulic barriers like BWs and IWs helps to further reduce the extent of
SWI in the Tagabe coastal aquifer. The hydraulic barriers implemented in this study
showed that SWI could be managed. BWs and IWs alter the hydraulic gradient and
prevent the upconing of the saline water. Werner et al. (2013) reported that the hydraulic

barriers block the saline water encroachments by increasing the difference between the
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groundwater head and seawater head. Similarly, our results indicated that hydraulic

barriers effectively block saline water from reaching freshwater wells.

However, physical barriers like subsurface dams and cutoff walls in controlling
SWI are also widely used (e.g., Luyun et al., 2011; Abdoulhalik et al., 2022; Kaleris and
Ziogas, 2023). These studies have investigated the effect of cutoff walls on SWI in coastal
aquifers, and they reported that the use of cutoff walls is effective in managing SWI.
However, this study is the first for Tagabe coastal aquifer, therefore only hydraulic
barriers were used and modelled for the study area. The use of physical barriers in
managing SWI for the Tagabe coastal aquifer will be added to our future scope of work.
Moreover, cutoff walls physically prevent the SWI and it does not need any maintenance.
However, the initial costs are high (Abdoulhalik et al., 2017). Cutoff walls could be used

for Tagabe in the future.

Moreover, the use of BWs can also have some adverse effects on the management
of SWI. Pool and Carrera (2010) studied the dynamics of negative hydraulic barriers to
prevent SWI and reported that BWs sometimes abstract more freshwater, reducing the
freshwater volume in aquifers. Moreover, Kumar (2006) reported that the disposal of
abstracted saline water is an issue because it cannot be used anywhere unless the saline
water is desalinated. Therefore, this study proposed using the IWs along with BWs. The
abstracted saline water can be desalinated and injected using IWs in Tagabe. If this
process seems expensive and time-consuming, the abstracted saline water can be disposed
of back into the ocean. Disposing saline water back into the ocean will not be costly
because most of the population lives near the coast, and the freshwater wells are not far
from the coast. Hence, a shorter length of pipes may be required to dispose of the saline
water. If the abstracted saline water is disposed of in the ocean, the input for injection
wells can be taken from freshwater sources like the Tagabe River or Sono River in Port
Vila. Also, due to high rainfalls in Vanuatu, the rainwater could be harvested and injected

backing to the aquifer to increase the aquifer volumes.

The hydraulic barriers proposed and modelled for Tagabe coastal aquifer would
manage SWI and protect the freshwater wells from over-abstraction of groundwater.
However, climate change and sea level rise (SLR) also affects the groundwater in Tagabe.
Therefore, the SLR factor was considered and modelled for Tagabe coastal aquifer. The

results indicated that the extent of SWI and the strength of salt concentrations in the
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freshwater aquifer have increased. Similar results were reported by Casillas-Trasvina et
al. (2019) and Romanazzi et al. (2015) for a different study area. Moreover, the SLR by
25 cm was less significant, and fewer variations were noted in our study. The SLR and
SWI simulation results were less significant because raising the hydraulic head by 25 cm
has significantly less impact on the SWI rates. Loaiciga et al. (2011) and Sharan et al.
(2023) also reported that SLR by < 1 m has less effect on the SWI rates in coastal aquifers.
However, the length and strength of SWI would be extensive if SLRs by > 1 m in future.
The SLR by > 1 m would be considered for the future scope of work for Tagabe coastal

aquifer.

Based on the scenario testing and sensitivity analysis, the SWI management
strategies for Tagabe coastal aquifer were proposed, as discussed above. Using the results
from numerical modelling, the water resource managers, site owners or governing bodies
can draw up policies and regulations for using Tagabe groundwater. However, due to
uncertainties and the variability of climate conditions in Vanuatu, it is suggested that the
policies and regulations be revised every year. Factoring the different boundary
conditions, pumping patterns and uncertainties, hydrogeologists can remodel and
simulate new sets of SWI management strategies. However, this can be challenging and
computationally extensive because numerical modelling is a complex and time-
consuming exercise. Hence, using Al-based surrogate and ensemble models would be
much easier, more efficient and less computationally extensive to simulate SWI

management strategies for coastal aquifers in Vanuatu and in PICs.

6.7 Conclusions

The Pacific Island countries (PICs) groundwater resources are threatened by
anthropogenic and natural factors. A small PIC, Vanuatu's groundwater system, was
studied using real field data from Tagabe coastal aquifer, which supplies freshwater in
Port Vila. However, Tagabe is experiencing some salinity concentrations in the
freshwater wells. Therefore, the primary aim of this study was to provide saltwater

intrusion (SWI) management strategies for Tagabe coastal aquifer.

The SWI management strategies were developed based on numerical modelling
results. This is the first study in Vanuatu whereby a numerical model was developed using
the SEAWAT code. The developed model was calibrated and validated using the salinity

data. The calibrated model was then used to test different scenarios that could effectively
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manage SWI. The sensitivity analysis revealed that using hydraulic barriers like barrier
wells (BWs) and injection wells (IWs) significantly reduced the extent of SWI in Tagabe
coastal aquifers. This study also found that using BWs and IWs in combination was the

best technique for managing SWI.

Moreover, the sea level rise (SLR) was modelled to see how it affects the SWI in
Tagabe coastal aquifer. It was found that SLR had some effects on SWI rates. The
numerical simulation period for the study area was till 2043. Hence the sea level was only
raised by the projected level of 2043, which was < 30 cm. Therefore, the effect of SLR
was not large. However, simulating the model with higher sea face boundary conditions
and for larger stress periods would have a significant effect due to SLR. Moreover,

uncertainties need to be catered for while forecasting future scenarios.

The management strategies proposed in this study can be used by the water
managers, site owners and governing bodies to draw up policies and regulations to
manage the SWI rates in Tagabe coastal aquifer. These strategies will protect the
groundwater resources from getting contaminated by SWI in future. Moreover, this study
can also benefit some stakeholders or bore drilling companies who want to harvest
groundwater from the Tagabe coastal aquifer, as it will give them the benchmark of daily

or yearly freshwater production rates without SWI.

The limitation of this study was the availability of quality groundwater data. Also,
the hydraulic head values that could have been used to calibrate the flow model were not
available. Very limited pumping and salinity data were available. Therefore, the transport
model was robustly calibrated. Furthermore, only one bore log was available, which was

used to gather hydrogeological parameters and other ground stratigraphy.

The recommendations and future work that are proposed for Tagabe coastal aquifer
are (1) setting up proper groundwater heads and water quality data monitoring sites in
collaboration with the Government of Vanuatu, (2) developing Al-based modelling
techniques, (3) using physical barriers in model to simulate SWI, (4) rising the boundary

conditions to factor higher (heads > 1 m) SLR.

The next chapter develops multiple surrogate ensemble models (Al-based) and a
simulation-optimisation model for Pareto optimal front solutions in managing saltwater

intrusion for a coastal aquifer.

135



Chapter 7: A multi-objective simulation-optimisation model...

Chapter 7: A multi-objective simulation-optimisation model
for managing saltwater intrusion in a coastal aquifer for a
Pacific Island country

A manuscript based on the main contents of this chapter has been submitted for
publication and are currently under review, as outlined below:
Sharan, A., Roy, D.K, Datta, B., & Lal, A. (Under Review). A multi-objective

simulation-optimisation model for managing saltwater intrusion in a coastal
aquifer for a Pacific Island country. Journal of Hydrology.

7.1 Overview

This chapter develops multiple surrogate ensemble models as approximate
simulators of the numerical flow and transport simulation model. It also optimises
surrogate ensemble models using optimisation algorithms to develop optimal saltwater

intrusion management strategies.

7.2 Executive Summary

Groundwater resources in Pacific Island countries face threats from climate change,
natural disasters, and human activities, with saltwater intrusion (SWI) being a significant
issue in coastal aquifers like Vanuatu's Tagabe coastal aquifer. This study developed
numerical and machine learning models to manage SWI in the Tagabe aquifer. The
SEAWAT was used to create a numerical groundwater model, calibrated and validated
with salt concentration data from various monitoring locations (MLs). The model
generated input (pumping values) and output (salt concentrations) datasets, which were
used to train and test twelve machine learning models or surrogate models. These models
were ranked using performance criteria and decision theory, and the top five were used
to form ensemble models to predict salt concentrations at four MLs. The Pearson
coefficient, Index of Agreement, Kling-Gupta Efficiency and Nash Sutcliffe Efficiency
coefficient of four ensemble models at ML1 = 0.745, 0.738, 0.497 and 0.384; ML2 =
0.946, 0.950, 0.753 and 0.848; ML3 = -0.028, 0.166, -0.369 and -0.070; ML4 = 0.415,
0.369, -0.135 and -4.032, respectively. The ensemble models performed better than
individual surrogate models, with higher predictive accuracy across different MLs. These
models were integrated with the Controlled Elitist Multiple Objective Genetic Algorithm
(CEMOGA) to create a simulation-optimisation (S-O) management model, providing

Pareto optimal solutions for managing SWI. Verification using the SEAWAT-based
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numerical model showed that the ensemble models' predictive accuracy was within 7%
of the complex numerical model. This study is novel in its use of limited datasets to train
twelve machine learning models and the application of surrogate ensemble and S-O
management models in Vanuatu, demonstrating their global applicability for managing
SWI in coastal aquifers and aiding policymakers in formulating effective groundwater

use policies.

7.3 Introduction

Saltwater intrusion (SWI) is a challenging environmental problem in Pacific Island
countries (PIC). The majority of the coastal aquifers in PICs are hydraulically linked with
the sea merely because the islands are surrounded by the Pacific Ocean. This hydraulic
linkage fuels up SWI rates when the sea level rises, variations in tide heights, and over-
abstraction of groundwater resources (Sharan et al., 2021). The management of SWI in
PICs is critical predominantly because people mostly use groundwater for their daily

needs. The SWI problem needs to be addressed not only in PICs but around the globe.

Different techniques are utilised around the globe in managing SWI rates. Sherif et
al. (2014) and Song et al. (2018) proposed rules for water resource usage and minimising
SWI by reducing pumping and relocation of production bores. However, this approach is
costly and temporary and could affect the water supply and demand ratios. The use of
physical sub-surface barriers like cut-off walls and dams is proposed by Abdoulhalik et
al. (2017). These physical barriers stop SWI and do not need maintenance. However, the
cost of installing physical barriers is immense and time-constrained. On the other hand,
the use of hydraulic barriers to control SWI has gained particular attention because it has
proved that hydraulic barriers control SWI in coastal aquifers (e.g., Dhar and Datta, 2009;
Sreekanth and Datta, 2011; Roy and Datta, 2017a; Lal and Datta, 2018).

Dhar and Datta (2009) and Sharan et al. (2023) used hydraulic barriers to manage
SWI in coastal aquifers. The authors reported that the use of barrier wells (BWs), injection
wells (IWs) and coupled BWs-IWs manages SWI effectively. The authors developed a
numerical simulation model and simulated various scenarios, including BW and IW,
which managed SWI. However, these hydraulic barriers have some disadvantages, which
include the higher BW pumping, availability of freshwater for vertical recharge, and
disposal of abstracted brackish or salty water. The method proposed by the authors could

be beneficial if the BW pumping could be reduced or minimised and production well
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(PW) pumping is maximised. Also, reducing salt concentrations without reducing
pumping rates from PWs. These are conflicting and multi-objective problems that can
only be tackled by linked simulation-optimisation (S-O) modelling techniques (Dhar and
Datta, 2009).

The S-O methodology utilises a simulation model to replicate aquifer processes and
an optimisation model to identify the optimal solution. For instance, to increase the
groundwater abstraction rates and reduce salt concentration in coastal aquifers, an optimal
groundwater abstraction rate has to be employed using a S-O method. The S-O model
would give a set of pumping regimes that would maximise pumping from the production
bores and minimise pumping from the barrier wells while controlling saltwater intrusion.
This approach is essential for determining the most effective abstraction rates from a set
of viable solutions found in the Pareto optimal front. The linkage between simulation and
optimisation ensures a comprehensive evaluation, allowing the identification of optimal
rates amid various feasible alternatives. S-O has been applied by various researchers in
managing SWI (e.g., Bhattacharjya et al., 2007; Dhar and Datta, 2009; Roy and Datta,
2017). These studies reported that the S-O model successfully provides Pareto optimal
front solutions in managing SWI. Other studies on the application of S-O models in

groundwater studies are summarised by Sharan et al. (2021).

The first step in developing a linked S-O model is to develop a 3D numerical
simulation model. The numerical simulation model plays a crucial role in comprehending
and addressing intricate challenges related to the monitoring and management of
saltwater intrusion in coastal aquifers. These models accurately depict the groundwater
characteristics of the studied region, providing a comprehensive grasp of the inherent
physical processes (Lal and Datta, 2020). To develop a coupled S-O based saltwater
intrusion management model, the simulation model needs to be linked to an optimisation
algorithm. However, direct linking of a numerical simulation model with an optimisation
algorithm is computationally prohibitive. For instance, to couple the 3D numerical model
with an optimisation algorithm (linked S-O), the convergence computational time could

take upto months for a single solution (Dhar and Datta, 2009).

A method to enhance computational efficiency within a connected S-O approach
involves employing reasonably accurate surrogate models. These approximate surrogate

models serve as valuable tools for simulating the linked processes of flow and salt
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transport in coastal aquifers with a high degree of accuracy (Bhattacharjya et al., 2007).
These surrogates can substitute the computationally demanding 3D numerical simulation
model, leading to enhanced computational efficiency within a connected S-O framework.
The repetitive utilisation of these surrogate models by the optimisation algorithm does
not impose a substantial computational burden, as these surrogates are simplified

renditions of the intricate simulation models (Roy and Datta, 2017a).

Some of the machine learning-based surrogate approximators which substituted
complex 3D numerical simulation models include genetic programming (Shreekant and
Datta, 2011), radial basis function (Papadopoulou et al., 2010), evolutionary polynomial
regression (Hussain et al., 2015), support vector machine regression (Lal and Datta,
2018), multivariate adaptive regression splines (Roy and Datta, 2017b), Gaussian process
regression (Kopsiaftis et al., 2019), Deep Neural Networks (Mo et al., 2020). All the
aforementioned prediction artificial intelligence (AI) models are machine learning
models. Very few studies have used deep learning models as SWI simulation models.
Machine learning models require human interaction, whereas deep learning models learn
from the dataset and make their own decisions (Brownlee, 2019). Hence, deep learning
models may provide accurate results compared to traditional machine learning models
(Ahmed et al., 2023). However, deep learning models require immense input-output data

sets to give accurate results.

The majority of the studies have used single machine learning models as surrogate
approximators in SWI predictions. This study is the first to utilise a large number of
machine learning models as surrogate approximators in predicting the SWI of an island
aquifer in Vanuatu. The details of all the machine learning models used in this study are
given in Section 7.4.2 of this chapter. This study will also look into the advantages of
using ensemble models for SWI predictions. The use of surrogate and ensemble models
in predicting SWI in Vanuatu will be applied for the first time. Moreover, this work will
also utilise decision theories to select robust surrogate and ensemble models in predicting
SWI. To the best of the current knowledge, decision theories have not been used to select
the best surrogate and ensemble models for SWI prediction in Pacific Island countries
(PICs). Furthermore, the other aspects of the significance of this study include the use of
Controlled Elitist Multiple Objective Genetic Algorithm (CEMOGA) in optimising the
Pareto optimal front solutions. A detailed discussion of multi-objective optimisation

algorithms is given in Section 7.4.3.
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The results from this study are of global significance as it builds on the current
knowledge of utilising machine learning models in SWI predictions. This study will
contribute to the knowledge of which surrogate or ensemble is robust, computer-efficient
and accurate in predicting the SWI of a complex and heterogeneous island aquifer. A
large number of surrogates and ensembles would also provide a benchmark for the
accuracy of SWI predictions in an island coastal aquifer. Another important aspect of this
study is that it used a limited number of input-output training patterns to train the
surrogate models. This approach saved computational time and provided efficiency in
developing the surrogate models. Roy and Datta (2020a) and Roy et al. (2024) used 1,500
input-output patterns to train the surrogate models. However, the author's computational
time was high. Hence, using fewer input-output datasets is one of the novelties of this
study. The results will also provide justifications of which decision theories are important
in selecting surrogate and ensemble models. Moreover, the results will also highlight the
importance of using CEMOGA algorithm in drawing up robust multi-objective SWI
management strategies in Vanuatu. The results from this study could be used by
policymakers and water engineers in modelling, planning, and decision-making to

conserve and utilise the water resources of island aquifers.

7.4 Methodology
7.4.1 Study area

The SWI multi-objective management model was developed in this study. A 3D
numerical model of Tagabe coastal aquifer, an island aquifer in Vanuatu, was used to

develop a multi-objective management model. The study area is shown in Figure 7.1.

7.4.1.1 Country background

Vanuatu, situated east of Australia, consists of 83 islands with diverse landscapes
ranging from volcanic mountains to coral atolls. With a population of over 300,000, its
capital, Port Vila, is renowned for its natural beauty, attracting tourists for activities like
snorkelling, diving, and hiking. Tourism contributes significantly to Vanuatu's economy,
comprising 35.5% of its GDP in 2019, alongside agriculture, fishing, and forestry
(WTTC, 2021). However, Vanuatu faces challenges from natural disasters and climate
change impacts, prompting the government to prioritise resilience-building measures

(CRCP, 2021; VMGD, 2023; Sharan, 2023).
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Figure 7.1: Study area. Source (Sharan et al., 2024).
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Vanuatu's six provinces, including Shefa, home to the capital, Efate Island, are
characterised by diverse geology shaped by volcanic activity, tectonic movements, and
erosion. Efate Island boasts volcanic features like the Yasur volcano and limestone
formations formed by marine organisms, along with alluvial deposits from nearby rivers
(Bath et al., 1986). Geological processes have shaped the island's topography, with
tectonic movements creating faults and folds, and erosion impacting coastal areas due to
their low elevation. Despite its geological diversity, Vanuatu's vulnerability to natural
disasters underscores the importance of integrating climate adaptation and disaster risk
reduction strategies into its development planning to ensure resilience for its people and

infrastructure (Sharan et al., 2024).

7.4.1.2 Site hydrogeology

The water supply for Port Vila, sourced from the Tagabe catchment, faces complex
hydrogeological challenges influenced by the island's geology, rainfall patterns, and land
use. The catchment comprises a fractured volcanic rock aquifer system primarily
composed of basalts and andesites, as reported by the Vanuatu Geohazards Observatory
(VGO, 2015). Factors affecting groundwater recharge, such as rainfall patterns, land use,
and soil characteristics, have been identified by the United Nations Development
Programme (UNDP, 2016). With Port Vila experiencing rapid urbanisation, population
growth, and increased demands from various sectors, including tourism and
infrastructure, the freshwater aquifer in Tagabe is under mounting pressure. Climate
change exacerbates these challenges, heightening vulnerability and threatening the ability

to sustain current and future water needs for Port Vila and Vanuatu as a whole.

The Tagabe catchment features eight active production boreholes supplying water
to Port Vila, revealing a hydrogeological profile with two layers, primarily sand and
gravel in the upper layer and limestone below. Considering the uncertainties, the
limestone layer is conservatively approximated to extend to 20 meters below ground
level. The Tagabe coastal aquifer, characterised by its heterogeneity, shallowness, and
unconfined nature, also receives contributions from two active rivers, Sono and Tagabe,
further complicating its dynamics. Covering an area of approximately 57 square
kilometres, the aquifer supports multiple boreholes nearby, emphasising the importance
of sustainable SWI management strategies to ensure the resilience and longevity of Port

Vila's water supply (TRCMP, 2018).
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7.4.1.3 Numerical simulation model

The groundwater data provided by the Department of Water Resources,
Government of Vanuatu, was limited, comprising bore pumping data from 2017 to 2022
and partial electrical conductivity records from 2019-2021. Critical parameters like
hydraulic head values and initial concentrations were absent. Despite these limitations,
the 3D numerical simulation model was developed utilising the available data to address
saltwater intrusion (SWI) management scenarios in the Tagabe coastal aquifer. The
boundary conditions and hydrogeological parameters used to develop a 3D groundwater

numerical model are given in Table 7.1.

The numerical 3D groundwater model was developed using flow and transport
codes in Groundwater Modelling Systems (GMS) software. SEAWAT was code used in
GMS to develop the numerical model. SEAWAT employs a computational framework to
simulate three-dimensional groundwater flow in porous materials, accommodating
variable density and transient conditions. This is achieved by integrating the
functionalities of MODFLOW (develops flow model), which tackles the complexities of
variable density flow equations, and MT3DMS (develops transport model), which
handles the temporal and spatial aspects of solute transport equations, as outlined by Guo

and Langevin (2002).

The conceptual model of the Tagabe coastal aquifer was developed using the
MODFLOW-2000 code, encompassing a model domain with dimensions of 7.50 km in
the X-direction, 7.61 km in the Y-direction, and 0.1 km in the Z-direction. A 3D finite-
difference grid with cell sizes of 100 x 100 m was constructed for the entire domain,
consisting of two layers with distinct hydraulic conductivities and porosities. Layer 1,
extending from 0 to -80 m, had a hydraulic conductivity of 20 m/d and a porosity of 0.35,
while layer 2, from -80 to -100 m, exhibited hydraulic conductivity of 35 m/d and porosity
of 0.45. Boundary conditions were applied, with the southern boundary designated as a
specified head boundary (CHB), the eastern side as a no-flow boundary, and the
northwestern boundary representing the Sono River connected to the ocean boundary and

no-flow boundary.

Observed hydraulic head values from boreholes in Tagabe were not available,
necessitating the assignment of approximate values based on the provided data. CHB

values for western and southeastern nodes were set at 9 m and 8.8 m, respectively,
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maintaining a slight hydraulic gradient towards the landward side. Head values for the
Sono River and Tagabe River nodes were also assigned accordingly, with consideration
for the presence of salinity in the aquifer, indicating a landward-side hydraulic gradient.
Boreholes B1-B8 were incorporated into the model domain along with their specific
geographic locations, and transient pumping values from 2017 to 2021 were assigned.
Finally, all hydrogeological parameters, boundary conditions, wells, pumping values, and
head values were integrated into MODFLOW, and a steady-state simulation spanning 20

years was conducted to establish initial conditions.

SEAWAT was initiated for a 5-year period, utilising pumping data from 2017 to
2021, with calibration based on electrical conductivity (EC) data from boreholes B1, B2,
B3, B7, and B8 spanning 2019 to 2020 due to missing data in 2021. EC values were
converted to parts per million (ppm) or milligrams/litre (mg/L) and then to kg/m?. Despite
the absence of observed head values, calibration using secondary data was conducted
through trial-and-error methods, adjusting initial salt concentrations, recharge values,
hydraulic conductivities, and porosities. Following calibration, the model was simulated
for the subsequent 20 years (2022-2043), with the calibrated results serving as the base
case for the study. The calibrated model was further employed to get the input (pumping)

and output (salt concentrations) at four monitoring locations.
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Table 7.1: Model parameters and the values used for the model design. Source (Sharan et al., 2024).

Definition Assigned field values Calibrated values S.I. Units
Layer 1 (Sand and Hydraulic Conductivity, K= Hydraulic Conductivity, K =

ravel) 20 . 25.3 .
& Porosity = 0.35 Porosity = 0.45 K=m/d

Layer 2 (Limestone)

Hydraulic Conductivity, K =
35
Porosity = 0.45

Hydraulic Conductivity, K =
40
Porosity = 0.55

Porosity = dimensionless

Recharge 0.0004 0.000271 m/d
Horizontal Anisotropy 1 \\\\ dimensionless
Freshwater Density 1000 AN 7 kg/m?
Seawater Density 1025 . e kg/m?
Saltwater Concentration 35 N e kg/m’
Specific Storage 0.000035 1/m

River conductance 1 S \\\ m?%/dm
Lpngltgd}nal 30 // \\\ m

dispersivity e L

Density/Con. constant, 0.7143 ~ ) dimensionless

F
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7.4.1.4 Input-output patterns

The calibrated model was used to generate input-output patterns. The decision
space was used to generate random pumping values. Decision space consisted of the
simulation period (five years), eight production bores and six barrier wells. These
decision space values gave seventy variables, where fourteen (total wells) were multiplied
by the simulation period. Once the number of variables was fixed, then the number of
simulations was set as 200. Hence, the quasi-random sequences for all wells were
generated 200 times using the data range between lower bound (0 m*/d) and upper bound
(1200 m?/d). Once the decision space was defined and set, the pumping values (input
patterns) were randomly generated using the Halton sequence in MATLAB (Halton
1960).

These randomly generated input patterns (spatiotemporal groundwater abstraction
from the production bores and barrier wells) were fed to the numerical simulation model
to get the salt concentration (output patterns) at four MLs (B1 = ML1, B3 = ML2, B7 =
ML3 and B8 = ML4) by running the calibrated 3D numerical simulation model developed
for Tagabe coastal aquifer (Sharan et al. 2024). The salt concentrations after running the
numerical model were recorded at the end of 5" year. The model was simulated 130 times
with a different set of spatiotemporal pumping patterns to get the salt concentration at
four monitoring locations. These pumping patterns and salt concentrations became the
input and output patterns, respectively. Using the input-output patterns from the
numerical model, several machine learning-based surrogate models were developed in

this study.

A limited number of input-output patterns were generated because the intention was
to reduce the computational burden in the coupled S-O approach and to determine
whether a smaller number of input-output datasets for a large number of variables (70)

could be utilised to effectively and accurately train the surrogate models.

7.4.2 Surrogate and ensemble models

The machine learning-based surrogate and ensemble models were developed to
mimic the 3D numerical simulation model of the Tagabe coastal aquifer. The various
machine learning and deep learning algorithms could be used to develop surrogate and
ensemble models. In this study, numerous machine learning-based models were

developed as approximate emulators of the numerical simulation model. This study would
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be the first to use limited datasets to train numerous machine learning models as surrogate
ensembles and decision theories in selecting the best approximators. Past studies have
large training datasets and less than five machine learning models as approximate
simulators (e.g., Roy and Datta, 2017a; 2017b; Lal and Datta, 2018; 2020). Some of the

machine learning and deep learning models used in this study are discussed below.

7.4.2.1 Artificial Neural Network

The Artificial Neural Network (ANN) has been widely used in various fields of
engineering and science (e.g., Rogers et al., 1995; Shreekanth and Datta, 2011; Roy et al.,
2024). ANN works similarly to human brains by imitating the process and transferring
the information. ANN demonstrates effective performance when tasked with handling
complex systems characterised by noisy and ambiguous input data. It can be trained as
an approximate simulator of the physical processes (Dhar and Datta, 2009). The ANN
model is fully connected through neurons in all its layers. ANN has an input layer, one or
more hidden layers and an output layer. These layers interact with each other through
weighted connections (Yin et al. 2003). The general ANN structure used in this research

is shown in Figure 7.2.

Hidden
Layer

Input Output
Layer Layer

Figure 7.2: Single-layered ANN structure.

The mathematical representation of ANN is given in equation 7.1 (Kumar, 2013).

h m
Y = fsigm {Bo z Wi X fsigm (Bhk + Z Wik xi)” (7.1)
k=1 i=1
where By = bias at the output layer; wi = connection weight between the .t/ of the
hidden layer and single output neuron; B, = bias at the kth neuron of hidden layer; & =

number of neurons in the hidden layer; wi = connection weight between the ith input
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element and the hidden layer; x; = input variable i; y = output variable; fisem = transfer

function.

7.4.2.2 Support Vector Regression

Support Vector Regression (SVR) is an influential machine-learning technique
which is not sensitive to local optimum and has minimum over-fitting (Tenne and Goh,
2010). Different kernel functions such as polynomial, Gaussian and linear are used in
SVR method. SVR consists of a training dataset: 7= [(a1, b1), (a2, b2),...,(an, bn)] so that
ai 1s a vector of real independent variables and b; is the matching scaler real dependent

variable. The SV regression equation is given in equation 7.2 (Praveen et al., 2016).

z(a,w) = (w-6[a] + k) (7.2)

Where w = weight vector; k is a constant; §[a] = feature function; w - §[a] = dot

product; SVR functions by reducing the equations 7.3 and 7.4.

1 1
_n1 1 73
Q(f) = C 5 Lu(b,zla,w) + [lw?| (7.3)

0, if |Ib—1z(aw)|<x

7.4
b —z(a,w)|—«, otherwise 74

Lo[b, z(a,w)] = {

Equation 7.3 (first term) describes the empirical error (ee) where C = cost function
which is a measure of optimisation among the ee and the complexity of the model (second
term in equation 7.3. The cost function controls the SVR problems. Equation 7.4
illustrates the loss function. The Langrangian multipliers y; andy; transform an
optimisation problem into two problems. Using the input support vector a;, the SVR

equation takes the form given in equation 7.5.

NSV

2avi-v) = ) 0n—¥)(O@)- E(a) +k (7.5)

Further, using the support from the kernel function K (x; x;), the SVR can be

expressed as equation 7.6.
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N,

z2(a, vi—v) = Z(m —¥) K(a,a) +k (7.6)
i=1

The simple SVR structure is given in Figure 7.3.

Hidden
Layer (Kernel (K) inner product)

Output
Layer

Figure 7.3: Simple S.V.R. model structure.

7.4.2.3 Genetic Programming

The Genetic Programming (GP) model was initially designed by Koza (1992) as an
evolutionary algorithm to synthesise programs using the theory of natural selection (Dou
et al., 2020). GP is an extension of the genetic algorithm (GA), which employs a
generative approach to produce offspring with enhanced fitness by employing
fundamental genetic mechanisms such as crossover and mutation. Hierarchical tree
formats, comprising predetermined functional and terminal nodes, are used to get the
model outcomes. The simple GP model structure (tree) is given in Figure 7.4. Using the

figure, the functional expression can be expressed using equation 7.7.

y(k) = (=yr—1) + (0.2 X (=) (7.7)

Figure 7.4: Simple Genetic Programming model tree.
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7.4.2.4 Multivariate Adaptive Regression Spline

The Multivariate Adaptive Regression Spline (MARS) model was developed by
Friedman (1991) and uses a nonparametric adaptive regression adaptive search strategy
in which forward and backward stages modify the search space. MARS is capable of
predicting continuous and binary output variables, which makes it an accurate and
flexible machine learning model (Salford Predictive Modeler, 2019). MARS categorises
and divides the complete input variables into different intervals and creates the regression
model by matching single splines to each interval. The process of building a MARS model
involves iteratively adding piecewise linear functions called basis functions to improve
the fit of the model. These basis functions, including hinge functions and constant
functions, are chosen based on their ability to decrease the residual sum of squares,

ensuring a better fit to the data.

MARS starts with a simple model, typically a constant term representing the mean
response, and then progressively adds basis functions in a forward pass to increase the
model's complexity. Subsequently, a backward pass is performed to remove redundant
basis functions and simplify the model, thus preventing overfitting. The resulting MARS
model provides a balance between flexibility and interpretability, making it valuable for
capturing complex relationships in data while remaining comprehensible to users

(Friedman, 1991; Salford Predictive Modeler, 2019).

MARS can be further divided into two models: Multivariate Adaptive Regression
Spline with Piecewise Cubic Spline (MARS-C) and Multivariate Adaptive Regression
Spline with Piecewise Linear (MARS-L). MARS-C uses piecewise cubic splines to model
relationships, offering greater flexibility at the cost of increased complexity and potential
overfitting. MARS-L, on the other hand, employs piecewise linear functions, which are
simpler and may be more interpretable, with potentially lower risk of overfitting,

particularly in cases with limited data.

The MARS model can be mathematically represented using equation 7.8.

M
Jy=c¢c+ z Cm B () (7.8)
m=1
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Where ¥ = dependent variable; ¢, = constant; B,,(x) = mth basin function; c,, =

coefficient of the mth basin function.

7.4.2.5 Probabilistic Linear Regression

Probabilistic linear regression (PLR) enhances traditional linear regression by
incorporating uncertainty into both model parameters and predictions (Bishop, 2006).
Instead of offering singular point estimates for the response variable based on predictor
variables, probabilistic linear regression estimates a probability distribution over potential
response variable values, which accounts for inherent noise in the data and uncertainty in
model parameters (Gelman et al., 2013). Typically, it assumes a Gaussian distribution for
the response variable, with the mean predicted by the linear combination of predictor

variables and the variance representing prediction uncertainty (Bishop, 2006).

Bayesian methods, such as Bayesian linear regression, are often employed to infer
the posterior distribution of model parameters, leveraging prior knowledge or beliefs
about parameters and updating them based on observed data (Gelman et al., 2013). This
results in a posterior distribution that comprehensively represents uncertainty in both
model parameters and predictions (Bishop, 2006), providing numerous advantages,
including robustness to outliers, incorporation of prior knowledge, and the ability to
quantify uncertainty, making it a powerful tool in various applications such as decision-

making, forecasting, and risk assessment (Gelman et al., 2013).

The mathematical representation of PLR, incorporating uncertainty into both model
parameters and predictions is given in equation 7.9 and the simple graphical

representation of PLR is shown in Figure 7.5.

Y=0,+pF1x+¢ (7.9)

Where ¢ = random error; x = independent variable; y = dependent variable; B, =

population Y intercept; f; = population slope coefficient.
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Figure 7.5: Schematic of simple probabilistic linear regression.

7.4.2.6 Random Forest Regression

Random Forest Regression (RFR) is an ensemble learning technique that combines
the predictions of multiple decision trees to improve predictive accuracy and robustness.
In Random Forest regression, a collection of decision trees is trained on randomly
selected subsets of the data and predictor variables. During training, each tree learns to
predict the response variable based on a subset of the features and a random subset of the
training data. When making predictions, each tree in the forest produces an individual
prediction, and the final prediction is obtained by averaging or taking a weighted average
of the predictions from all the trees. This ensemble approach helps to mitigate overfitting
and provides more stable and accurate predictions compared to individual decision trees.
Additionally, Random Forest regression can handle both numerical and categorical data,
as well as missing values, making it a versatile and powerful regression technique
(Breiman, 2001). The random forest does not have a single regression equation like

traditional linear regression. Figure 7.6 shows the RFR using decision trees.

Input

Treel | ceeeeeees Tree n
Prediction 1 | +ovuunnen Prediction »

L Mean Predictions J

|

Random Forest
Predictions

Figure 7.6: Random forest regression structure.
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7.4.2.7 Group Method of Data Handling

The Group Method of Data Handling (GMDH) is a computational algorithm used
for modelling complex relationships in data by iteratively selecting and combining
simpler mathematical models. GMDH works by progressively refining the model
structure through a process of self-organisation and optimisation. Initially, the algorithm
generates a pool of potential models, often simple polynomial or linear models. These
models are evaluated based on some criterion, such as their predictive accuracy or
goodness of fit. Subsequently, GMDH selects the best-performing models and combines
them to create more complex models. This process continues iteratively, with the
algorithm refining the model structure at each step by selecting and combining models
that lead to improved performance. GMDH is known for its ability to automatically
generate and optimise models without prior assumptions about the underlying data
distribution, making it useful for a wide range of applications in data analysis and

modelling (Ivakhnenko, 1968).

7.4.2.8 Long Short-Term Memory

Long Short-Term Memory (LSTM) is a type of recurrent neural network (RNN)
architecture designed to address the vanishing gradient problem in traditional RNNs,
enabling them to effectively model and learn long-term dependencies in sequential data.
LSTM networks consist of memory cells that maintain a state over time and three gates:
input gate, forget gate, and output gate. These gates regulate the flow of information into
and out of the memory cells, allowing LSTMs to selectively remember or forget
information at each time step. This mechanism enables LSTMs to capture temporal
dependencies and patterns in sequential data, making them particularly well-suited for
tasks such as time series prediction, natural language processing, and speech recognition.
By retaining important information over long sequences and mitigating the effects of the
vanishing gradient problem, LSTM networks can learn and represent complex temporal

dynamics in data with greater effectiveness (Hochreiter and Schmidhuber, 1997).

Bidirectional Long Short-Term Memory (Bi-LSTM) is an extension of the
traditional LSTM (Long Short-Term Memory) recurrent neural network architecture. Bi-
LSTM networks enhance the capabilities of LSTM networks by processing input

sequences in both forward and backward directions simultaneously.
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7.4.2.9 Adaptive Neuro-Fuzzy Inference Systems

Adaptive Neuro-Fuzzy Inference Systems (ANFIS) combine the adaptability of
neural networks with the interpretability of fuzzy logic systems to create hybrid models
capable of handling complex nonlinear relationships in data (Jang, 1993). ANFIS models
consist of a series of fuzzy if-then rules that are optimised using a hybrid learning
algorithm, typically a combination of gradient descent and least squares methods. These
rules are organised in a hierarchical structure, with each rule representing a local model
capturing a specific region of the input space. The parameters of the fuzzy membership
functions and the linear coefficients associated with each rule are adjusted during training

to minimise the error between the model's output and the actual data.

The ANFIS learning algorithm proceeds in two phases: a forward pass and a
backward pass. During the forward pass, the input data is propagated through the fuzzy
inference system to compute the output of each rule. These outputs are then combined to
produce the overall model output. In the backward pass, the gradient of the error with
respect to the model parameters is computed, and the parameters are updated using
gradient descent to minimise the error. ANFIS models offer several advantages, including
their ability to capture complex nonlinear relationships, their interpretability due to the
fuzzy rule base, and their flexibility in handling both numerical and categorical data.
However, they also have limitations, such as the need for careful selection of fuzzy rules

and membership functions and the potential for overfitting if not adequately regularised.

7.4.2.10 Asynchronous Successive Halving Algorithm tuned Automatic Model

Selection

The Asynchronous Successive Halving Algorithm tuned Automatic Model
Selection (AMS-AHSA) methodology integrates the Asynchronous Successive Halving
Algorithm with Automatic Model Selection to automate the process of identifying the
optimal machine learning model and its associated hyperparameters for a given dataset.
This approach begins by defining a set of candidate models, each with its
hyperparameters. Subsequently, the Asynchronous Successive Halving Algorithm is
employed, which systematically prunes underperforming models and allocates more
resources to promising ones in an asynchronous manner. This process continues through
successive rounds until a subset of the best-performing models remains. Finally, based

on the performance estimates obtained during the algorithm's execution, the best-
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performing model and its hyperparameters are selected. AMS-AHSA efficiently
navigates the model space to facilitate automated model selection, which is particularly
beneficial in resource-constrained or large-scale hyperparameter optimisation scenarios

(Yang et al., 2019).

7.4.2.11 Bayesian Optimisation tuned Automatic Model Selection

Bayesian Optimisation tuned Automatic Model Selection (AMS-B) is a
sophisticated approach that integrates the power of Bayesian Optimisation (BO) with
Automatic Model Selection (AMS) to automate the selection of the most suitable machine
learning model and its associated hyperparameters for a given dataset. AMS-B harnesses
Bayesian Optimization's efficiency in exploring the model space to automate the model
selection process and identify high-performing models with minimal manual
intervention. This methodology is particularly valuable in scenarios where manual model
selection and hyperparameter tuning are time-consuming and resource-intensive (Snoek

et al., 2012).

7.4.3 Management Model

The ensemble models developed were externally linked to the CEMOGA (Deb and
Goel, 2001) optimisation algorithm to obtain optimal groundwater extraction values for
developing a management model. The multi-objective saltwater water intrusion
management model was developed to find robust SWI management strategies for the
Tagabe coastal aquifer. The steps involved in developing the management model are

summarised in the flow diagram shown in Figure 7.7.

The management model developed in the current study has a multi-objective type
problem of two conflicting objectives. The objectives of the management model include
maximising the freshwater abstraction from pumping/production wells (PWs) for
beneficial purposes and minimising the pumping from barrier wells (BWs). BW pumping
is reduced because it would be an issue to dispose of the saline water if it is abstracted in
high volumes. According to Datta and Peralta (1986), the management model solutions
would provide Pareto optimal front. The Pareto optimal front would provide the water
managers and policymakers with the trade-off between two conflicting solutions. The
management model can be mathematically represented in equations 7.10 to 7.15

(Bhattacharjya and Datta, 2005)
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(7.12)
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where PW = pumping/production well, BW = barrier well; where QE,WHZ water

extraction from the n production well during t time steps; Q ng:

water extraction from

the n'™ barrier well during t™ time steps; C; = saltwater concentrations at the i MLs at the

end of the management period; £() denotes the density-dependent coupled flow and salt

transport surrogate model. The constraint given in equation 7.12 shows the linking of the

surrogate ensemble model with the optimisation model; the constraint given in equation

7.13 indicates the maximum allowable salt concentration at various MLs; the constraints

given in equations 7.14 and 7.15 outline the upper and lower limits of the water

abstraction from pumping and barrier wells, respectively.
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Figure 7.7: Flow diagram of linked simulation-optimisation management model.
7.4.4 Model Performance Evaluation Criterion

Various performance evaluation criteria were used to assess the performances of
the surrogate models. Correlation coefficient or Pearson's correlation coefficient (R?)
(PCCO), Index of Agreement (IoA), Kling-Gupta efficiency (KGE), Nash-Sutcliffe
efficiency coefficient (NSE), mean absolute error (MAE), root mean square error
(RMSE) and mean absolute percentage error (MAPE) were used to evaluate the

performance of surrogate and ensemble models.
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7.4.5 Shannon's entropy-based decision theory

Twelve surrogate models were developed for each ML, along with ensembles of
the selected surrogate models for each of the four MLs. Shannon's entropy weight-based
decision theory (Shannon, 1948) was applied to select the best-performing model.
Entropy weight-based decision theory in model selection employs the concept of entropy
to assign weights to different models based on their performance and uncertainty.
Shannon's entropy weights (EW) consist of five steps in ranking the models (L1 et al.,

2011). The steps are as follows:

a). Calculating the entropy value for each index using Shannon's Entropy principles.

The entropy value for the j index was determined using the equations 7.16 — 7.18.

i (7.16)
Entropy; = —kal-]- lnfl-]-
i=1
S 7.17
i=1

b). Determining the entropy weight for each index. The entropy weight for the j®
index was calculated using equation 7.19. EW (equation 7.19) signifies the index's
importance in decision-making. A higher value of EW suggests that the index contains

more information and is more critical in the decision-making process.

1 — entropy; (7.19)
P — Y'_, entropy;

w(entropy); =

c). Determining the rank weight for each model involves adding up the result of
multiplying each index's EW by the standardised value of that index. This process is

expressed mathematically in equation 7.20.

P
w(entropy); = Z Sij X w(entropy); (7.20)
j=1

d). Equation 7.21 gives the step in determining the model ranking.
max [w(entropy);], ..., min [w(entropy);];fori=1, 2, ..,m (7.21)
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e). Finally, the EWs for individual surrogate prediction models are calculated using
equation 7.22.

m
w(entropy); = w(entropy); + Z w(entropy); (7.22)

i=1

This approach considers the accuracy of each model and the diversity and reliability
of their predictions. By incorporating EW, decision-makers can account for the
complexity and uncertainty inherent in real-world datasets, thus making more informed
choices when selecting the most suitable model (Wang et al., 2007). This methodology
offers a principled way to balance the trade-offs between model accuracy and robustness,
ensuring that the selected model effectively captures the underlying patterns in the data

while accounting for uncertainty and variability.

7.5 Results and Discussion
7.5.1 Numerical Simulation Model

The SEAWAT-based numerical simulation model was developed for Tagabe
coastal aquifer in Vanuatu. The model indicated that with the current pumping regimes,
the SWI rates would increase in Tagabe coastal aquifer. Four scenarios were simulated
using the calibrated and validated numerical model to investigate and find the best SWI
management strategies. These scenarios included increased population and freshwater
pumping rates, the addition of barrier wells and injection wells to prevent saltwater
encroachment into freshwater wells, and the effect of rising sea levels on the SWI rates

in Tagabe coastal aquifer. The results from the four scenarios are shown in Figure 7.8.

The Tagabe coastal aquifer, which supplies water to the capital city of Vanuatu, has
eight operational boreholes. Using current field pumping data, the MODFLOW model
interpolated transient pumping data over a 20-year period to predict SWI in the aquifer.
The calibrated model ran for 20 years, recording the SWI. Figure 7.8(a-1 to a-20) shows
the plan view of the model domain for the base case, with results recorded at five different
time steps. The numbers 1, 5, 10, 15, and 20 correspond to 1-year, 5-year, 10-year, 15-
year, and 20-year time steps, respectively. The contours represent the SWI in the Tagabe
coastal aquifer, with red indicating salt concentrations greater than 30 kg/m* and light

blue indicating approximately 0 kg/m?.
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Figure 7.8: (a-1 to a-20) shows the plan view of the simulated results of saltwater intrusion for
the base case; (b-1 to b-20) increasing the pumping and number of pumping wells (scenario
1); (c-1 to c-20) addition of barrier wells (scenario 2); (d-1 to d-20) addition of injection
well plus barrier wells (scenario 3); (e-1 to e-20) sea level rise (scenario 4). The numbers
1,5, 10, 15 and 20 represent the time steps 1 year, 5 years, 10 years, 15 years and 20 years,
respectively. Source (Sharan et al., 2024).

The addition of barrier wells and injection wells has significantly reduced the SWI
rates, as shown in Figure 8(d-1 to d-20). Sea level rise (SLR) (Figure 7.8e-1 to e-20) has
some positive effect on the rates of SWI in Tagabe coastal aquifer. In the current
simulation, the SLR was only increased by 25 cm upto 20 years (2043). If the sea level
rises by over 1m, then the effects would be immense. Sharan et al. (2023; 2024) reported

a similar SLR effect in coastal aquifers.

In addition, the results also indicated that the increased freshwater pumping from
the production bores in Tagabe coastal aquifer would cause higher rates of SWI. To
manage SWI, barrier well and injection well pumping would be required to reverse the
hydraulic gradient and prevent the saline water from entering the production bores.
Moreover, sea level rise affects SWI rates in Tagabe coastal aquifer. Similar results were
reported by Sharan et al. (2024).
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The numerical model predicted that increasing the pumping rates with the increased
population in future would contaminate the freshwater bores in Tagabe coastal aquifer
with increased salinity. Moreover, the model also predicted that using hydraulic barriers
would decrease the SWI. However, the use of barrier wells and injection wells is costly.
Also, the disposal of abstracted saline water from the barrier wells or the freshwater
supply needed to inject into the aquifer to reverse the hydraulic gradients could be an
issue. Therefore, optimal SWI management strategies must be provided where the
minimum barrier well pumping is required, and maximum allowable salt concentration is
allowed in the production bores with the maximum pumping rates. Due to conflicting

criteria, this problem can only be tackled with linked simulation-optimisation techniques.

7.5.2 Surrogate and Ensemble Model

The input and output patterns gathered from the 3D numerical simulation model
were used to develop twelve surrogate and four ensemble models at different (four) MLs.
In addition, the twelve surrogate models were ranked using Shannon's entropy and the
top five surrogate models (at each of the MLs) were used to develop the weighted average
ensembles. The number of input-output patterns was limited based on the computational
time taken (20 minutes) by the numerical model. Additionally, the output (salt
concentrations) showed minimal variation across all machine learning-based models.
Hence, a total of 130 input-output patterns were used to train and test the surrogate
models. 80% of the dataset was used to train the surrogates and 20% to test the surrogate
models against the actual salt concentrations. MATLAB was used to train the twelve
surrogate models and the linear regression graphs were used to compare the actual and
predicted values of salt concentrations generated by different algorithms. The actual
versus predicted during the training stage is given in Figure 7.9 to Figure 7.12. A limited
number of datasets were chosen to achieve computational efficiency from running the
numerical model. One of the novelties of the current study was the use of a limited number
of input-output patterns. The results indicated that despite using limited training datasets,

the surrogates were trained and predicted salt concentrations reasonably well.

Figure 7.9(a-1) shows the actual versus predicted regression analysis of twelve
different machine learning models for ML1 during the training period. The majority of
the machine learning models predicted better salt concentrations for ML1. The models

ANFIS, ANN, MARS_L and GPR outperformed with the R? greater than 0.96. Bi-LSTM
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gave poor prediction results at ML1. Figure 7.10(a-1) shows the actual versus predicted
regression analysis of twelve different machine learning models for ML2 during the
training period. The models ANFIS, MARS L, AMS ASHA and GPR outperformed at
ML2 with the R? greater than 0.98. PLR and SVR also performed well with R? greater
than 0.92. For ML2, ANN, Bi-LSTM and RF did not perform well. Similarly, Figure 7.11
(a-1) shows the actual versus predicted regression analysis of twelve different machine
learning models for ML3 during the training period. For ML3, ANFIS, MARS L,
AMS Bayesian, GPR and RF performed exceptionally well during the training period
compared with other machine learning models. Prediction of salt concentration at ML4
[Figure 7.12(a-1)] was exceptionally predicted by MARS C, MARS L, AMS ASHA,
and RF. ANN, Bi-LSTM, and SVR did not perform well in predicting accurate results.

After training the twelve models using the 80% dataset, the 20% dataset was used
to test the performance of the models. The results of actual versus predicted salt
concentrations during the testing periods are given in Figure 7.13 to Figure 7.16. Figure
7.13(a-1) shows the actual versus predicted salt concentrations of twelve surrogate models
at ML1. ANFIS, ANN, AMS Bayesian, AMS ASHA, GPR, PLR and SVR showed
similar patterns of salt concentrations to the actual ones. Similarly, at ML2, MARS C,
MARS L, AMS ASHA, GPR, PLR and SVR displayed very close patterns of salt
concentrations when compared with the actual values, as shown in Figure 7.14a, c, d, f,

1, j and 1, respectively.

The ML3 predicted values of salt concentrations by the surrogates are not up to the
levels as compared to ML1 and ML2 because the salt concentrations (output patterns) at
ML3 were quite similar, which resulted in poor-performing surrogates. However,
MARS C, MARS L, GPR and RF displayed patterns similar to the actual values, as
shown in Figure 7.15¢, d, 1 and k, respectively. The predicted salt concentrations at ML4
during the testing stage are given in Figure 7.16(a-1). The output displayed the variations
and patterns following the actual values of salt concentrations. However, only a few
surrogates were able to estimate the outputs close to the inputs. These surrogates were
MARS C, MARS L and RF. Other surrogates did not show many variations in their

outputs and followed the patterns of the actual values.
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Figure 7.9: Actual versus predicted salt concentrations of monitoring location 1 (ML1) using different machine learning algorithms during training period;
a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression Spline with
Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) — Bayesian
Optimization tuned Automatic Model Selection (AMS_Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic Model
Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH)), i) —

Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR), k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).
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Figure 7.10: Actual versus predicted salt concentrations of monitoring location 2 (ML2) using different machine learning algorithms during training
period; a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression
Spline with Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) —
Bayesian Optimization tuned Automatic Model Selection (AMS_Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic
Model Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH),

i) — Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR), k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).
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Figure 7.11: Actual Actual versus predicted salt concentrations of monitoring location 3 (ML3) using different machine learning algorithms during training
period; a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression
Spline with Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) —
Bayesian Optimization tuned Automatic Model Selection (AMS_Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic
Model Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH),

i) — Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR), k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).

165



Chapter 7: A multi-objective simulation-optimisation model...

T Y 0.304 0302 0304
£ E b) RZ=#N/A iE_ ) R?=05143 @, g E a R?=0.9997 -
£ 0.305 1 & B 0.302 B 0:302 1 e ‘® 0.302 A
c R2=0.7778 . = et ) =
Q c = ¥ [«
8 ° ] 5 0.300 S 0.300 A e S 0.300 -
% 0.200 A ﬁ Lj g ® '_.Q'Q“ g _..
. & 0208 4 NP -0 SIS & A 0.208 - ®.§ & 0208 -
=
£ 0295 | 45 Degree Line i z ° i
5 S 2 0.296 4 < 0.296 4
g -------- Linear (Trendline) ] 0.296 3 B
2 £ ¢
0.290 T ' . Pt ] | | ! 0.204 . T T . * 0204 . ! : :
0.290 0-19-? s E%DD ) 0.305 0310 0294 0296 0298 0300 0302 0.304 0.294 0296 0298 0300 0302 0.304 0.294 0296 0298 0300 0302 0304
ctual Salt Con. (kg/m?) Actual Salt Con. (kg/m?) Actual Salt Con. (kg/m?) Actual Salt Con. (kg/m3)
0.204 0304 0305 0.304
E €) E D R?=0.9511 E 19 b E h) 2. g
T 0.302 1 ‘& 0.302 ° 3 0300 R?— 0.0033 Sl 3 0.302 ; o082 o o
= = = 0295 4 = mf
§ 0.300 1 § 0300 4 e g & 0.300 seoy .
b £ < £ 0200 b e g ®
= R?=0.0301 = e . e 7 00 5 o
“ (.298 A v 0.298 o o ¥ 0,298
3 amiee -cdmmmmee e | I w § 0285 1 3 u'o
] 4 £ 0.296 4 > 2 0,206 B
g 029 3 g 0.280 1 s 3
% 0204 T T T T * 0294 T T T T * 0275 T T r T T % 0.204 ! ' } !
0294 0296 0298 0200 0207 0.304 0,294 0296 0298 0300 0302 0304 0.275 0.280 0.285 0.290 0.295 0.300 0.305 0,294 0296 0.298 0300 0302 0304
Actual Salt Con. (kg/m?) Actual Salt Con. (kg/m?) Actual Salt Con. (kg/m?) Actual Salt Con. (kg/m?)
0.304 0.304 0304 0.304
E i) ® E )] £ k) R*=1 - 0.302 - "
T 0.302 R2=0.8535 g T 0.302 1 § 0.302 / -
¢ . = < ]
S 0300 1 P S 0.300 4 RZ=0.187 S 0.300 4 p 0.200 RZ=-1.889
= e = = &
& 008 | > %025 IS ofumgmet® | 3 05 0208 . .
E 3 3
=1 = ° i
£ 0.296 - 2 0.296 - 2 0.296 - 0.296
¢ 8 v
* 0204 . ] : : * 0.204 . : . | “ 0.204 . ! | : 0.294 r : ] :
0.294 0296 0298 0300 0302 0.304 0.204 0296 0.298 0300 0302 0.304 0.294 0296 0.298 0300 0302 0.304 0.294 0296 0298 0300 0302 0304
Actual Salt Con. (kg/m?3) Actual Salt Con. (kg/m?) Actual Salt Con. (kg/m?) Actual Salt Con. (kg/m?)

Figure 7.12: Actual versus predicted salt concentrations of monitoring location 4 (ML4) using different machine learning algorithms during training
period; a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression
Spline with Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) —
Bayesian Optimization tuned Automatic Model Selection (AMS_Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic
Model Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH),

i) — Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR), k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).
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Figure 7.13: Actual versus predicted salt concentrations of monitoring location 1 (ML1) using different machine learning algorithms during testing period;
a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression Spline with
Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) — Bayesian
Optimization tuned Automatic Model Selection (AMS_Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic Model
Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH)), i) —

Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR) , k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).
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Figure 7.14: Actual versus predicted salt concentrations of monitoring location 2 (ML2) using different machine learning algorithms during testing period;
a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression Spline with
Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) — Bayesian
Optimization tuned Automatic Model Selection (AMS_Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic Model
Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH)), i) —
Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR), k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).

168



Chapter 7: A multi-objective simulation-optimisation model...

0.320 0.312 0.315 0.315 a1
£ a) t b) Toswd O Tomw{ P
% 0.310 1 = 0.304 4 o
= = 20305 A ¥ 0.305 A
§ 0300 4  0.296 § 0.300 ; 5 0300 1
5 £ £ 0205 4 £ 0.295 ;
§ 0.290 - § 0.288 4 § 0290 | & 0.290
c c £ c
o [} i S Q. 4
© 0.280 A Y 0280 4 § 0.285 8 0.285
K I = £ w 0.280 A
A Actual = Predicted A Actual ——— Predicted & 0280 Actual Predicted A Actual Predicted
0.270 T T T T T 0.272 T T T T T 0.275 ' ' ' ' ' 0.275 T T T T T
0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 3 10 15 20 25 30
Number of Data Set Number of Data Set Number of Data Set Number of Data Set
0.310 ) 0.310 0.310 0.310 b
En € e -~ En
E 0.205 4 £ '2/\""'-'_’\’_“"_\/_" £ 0.305 g) £ 0.205 4 )
P ® 0300 4N T e NN E: E;
= 0.200 < = 2 0.300 4 = 0.200 9
S 0295 4 $ 5 S 0,205
[ £ 0290 7 0201 £
£ 0.290 4 = 2 - € 0.290 1
é é § 0.290 é
é 0.285 4 é 0.2%0 £ 0.285 - é 0.285 4
Qo
= 0.280 A = (0,280 A < 0.280 4
A Actual =—— Predicted & Actual & i A ——Predi
— fctual = Predicted Actual Predicted
0.275 T T T T T 0.270 T T r r y 0.275 T = u.a T = .'C 2 T 0.275 T T T T T
0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30
Number of Data Set Number of Data Set Number of Data Set Number of Data Set
0.305 0.305 0.320 0.305
E 0300 1 £ 0.300 | £ k) £ 02300 4
ED l) Eu j) ‘E—n 0.310 1 Ep l)
T 0.295 1 T 0.295 A T T 0.295 4
= g 5 0.300 - s
8 0.290 5 0.290 1 5 £ 0290 A
[« = c i [«
g 0285 g 0285 4 g 020 g 0.285 +
3 0.280 S S 0.280 4 3
=0 1 L 0.280 1 = g s 0.280 4
0 Actual ——Predicted i m— Actual = Predicted n Actual = Predicted 0 m—Actual = Predicted
0.275 T T T T T 0.275 T T T T T 0.270 T T T T T 0.275 T T T T T
0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 330 0 5 10 15 20 25 30
Number of Data Set Number of Data Set Number of Data Set Number of Data Set

Figure 7.15: Actual versus predicted salt concentrations of monitoring location 3 (ML3) using different machine learning algorithms during testing period;
a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression Spline with
Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) — Bayesian
Optimization tuned Automatic Model Selection (AMS_Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic Model
Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH)), i) —

Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR), k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).
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Figure 7.16: Actual versus predicted salt concentrations of monitoring location 4 (ML4) using different machine learning algorithms during testing period;
a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression Spline with
Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) — Bayesian
Optimization tuned Automatic Model Selection (AMS_Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic Model
Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH)), i) —

Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR), k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).
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7.5.3 Model Performance and Selection

The different criteria for measuring the performance of the surrogate models for
different ML during the model training given in Table 7.2 and Figure 7.17. These
performances are for the training stage, where the actual values of the salt concentration
were compared with the predicted values by various machine learning models mentioned
in Section 7.4.2. The majority of the models performed better in predicting the salt
concentration during the testing period. Comparing the MAPE (%), Pearson's coefficient,
Index of Agreement, Kling-Gupta efficiency and Nash Sutcliffe efficiency coefficients,
it can be seen that ANFIS, ANN, MARS C, MARS L, AMS ASHA, GPR and SVR
predicted better salt concentrations. Similarly, ANFIS, MARS C, MARS L,
AMS ASHA, GPR, PLR and SVR performed better in predicting the salt concentrations
at ML2 during the training stage. ANFIS, MARS C, MARS L, AMS Bayesian, GPR
and RF performed better in predicting the salt concentrations at ML3 during the training
stage. Finally, MARS C, MARS L, AMS ASHA, GMDH and RF performed better in

predicting the salt concentrations at ML4 during the training stage.

Table 7.3 and Figure 7.18 demonstrate the reliable performance of twelve surrogate
models at different MLs during the testing period. The actual and predicted salt
concentrations were compared using the MAPE (%), Pearson's coefficient, Index of
Agreement, Kling-Gupta efficiency, and Nash-Sutcliffe efficiency coefficients. ANN,
AMS Bayesian and PLR consistently predicted better salt concentrations at MLI.
ANFIS, MARS C, MARS L, AMS Bayesian, AMS ASHA, GHD and SVR
consistently predicted better salt concentrations at ML2. In addition, the reliable surrogate
models in predicting the salt concentrations at ML3 were AMS Bayesian and ANN.
Meanwhile, ANFIS, AMS ASHA, and SVR performed well. All ensemble models

consistently performed better, as shown in Table 7.3.

171



Chapter 7: A multi-objective simulation-optimisation model...

L0 a) B R (Pearson Coefficient) Index of Agreement ~ —@—Kling-Gupta Efficiency Coefficient ~—#—Nash Sutcliffe Efficiency Coefficient 120
T 100 . &
5 |
EL 080 £%
2 o080 2
gy £8
=2 06 2 2
43 060 a2
g8 040 g2
2< 5]
U040 eg
g 020 &i
5
8 020 0.00
0.00 020
ANFIS ANN MARS C  MARS L AMS Bayesian AMS ASHA  BiLSTM GMDH GPR PLR RF SVR
1.20 : ‘ X . ) X i 1.20
b) R (Pearson Coefficient) Index of Agreement —@—XKling-Gupta Efficiency Coefficient —8—Nash Sutcliffe Efficiency Coefficient
= 1.00 1.00
o D
i 080
ER L £3
= 0.60 ng
€% o0 £5
g 0 040 5 2
Z3 3Y
T e
E % 040 020 o &
g< 28
2 o 5
g 0 LE
£ 020 8
E 0.00 »
: 040
020 -0.60
ANFIS ANN MARS € MARS L AMS Bayesan AMS ASHA  BILSIM GMDH GPR PLR RF SVR
1.20 8 ; 2 - : : : 1.20
<) mmmm R (Pearson Coefficient) Index of Agreement —@—XKling-Gupta Efficiency Coefficient —#—Nash Sutcliffe Efficiency Coefficient
1.00
o 100
2 080 &
%f 0.80 % s
& 0.60 ":.;g
E )
5 060 040 5§
=3 75
i g 040 0 59
g & =5
T < 000 25
g o =8
z 220 38
£ 000 - =
E 040 Z
020 060
040 -0.80
ANFIS ANN MARS € MARS L AMS Bayesian AMS ASHA  BiLSTM GMDH GPR BLR RF SVR
120 . § ) . i . . 150
d) R (Pearson Coefficient) Index of Agresment —8—Kling-Gupta Efficiency Coefficient —8—Nash Sutcliffe Efficiency Coefficient
w100 o
5 g
2 o080 0s0 2%
3 Za
g&= 38
L8 060 000 £ 2
LR gl
g 8 -
g2 040 050 = 2
3 5.8
g -
g 0 -100 &3
a O a
5
& 000 — -1.50
020 -2.00
ANFIS ANN MARS € MARS L AMS Bayesian AMS ASHA  BiLSTM GMDH GPR PLR RF SVR
Figure 7.17: Performance of all surrogate models during the training stage using Pearson

correlation coefficient, Index of Agreement, Kling-Gupta Efficiency coefficient and Nash-
Sutcliffe Efficiency coefficient at a) ML2, b) ML2, ¢) ML3 and d) MLA4.
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Figure 7.18: Performance of all surrogate models during the training stage using Pearson
correlation coefficient, Index of Agreement, Kling-Gupta Efficiency coefficient and Nash-
Sutcliffe Efficiency coefficient at a) ML2, b) ML2, ¢) ML3 and d) MLA4.
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Table 7.2: Performance criteria of twelve surrogate models at four different monitoring locations (MLs) during the model training period.

Performance Measure ANFIS ANN MARS C MARS L AMS_Bayesian AMS ASHA  BiLSTM GMDH GPR PLR RF SVR
Mean Absolute Deviation (MAD)  0.0009293  0.0017723  0.0017369  0.0000927 0.0048193 0.0020226 0.0052974  0.0038625  0.0005386  0.0021990  0.0025491  0.0028542
ML1 Mean Square Error (MSE) 0.0000017  0.0000045  0.0000052  0.0000000 0.0000373 0.0000067 0.0000495  0.0000223  0.0000005  0.0000078  0.0000117  0.0000118
RMSE 0.0012968  0.0021187  0.0022825  0.0001138 0.0061111 0.0025953 0.0070324  0.0047200  0.0006848  0.0027999  0.0034223  0.0034335

MAPE (%) 0.303 0.580 0.568 0.030 1.570 0.663 1.754 1.263 0.176 0.720 0.837 0.932
Mean Absolute Deviation (MAD) ~ 0.001235  0.010136  0.003231  0.000171 0.009189 0.000074 0.010648 0.005414  0.000100  0.002983  0.008319  0.001147
ML2 Mean Square Error (MSE) 0.000003  0.000168  0.000017  0.000000 0.000141 0.000000 0.000214  0.000050  0.000000  0.000015  0.000117  0.000011
RMSE 0.001600  0.012966  0.004155  0.000212 0.011885 0.000101 0.014639  0.007071  0.000128  0.003913  0.010814  0.003376

MAPE (%) 0.459 3.840 1.197 0.063 3.371 0.027 4.102 2.020 0.037 1.114 3.142 0.433
Mean Absolute Deviation (MAD) ~ 0.0009339  0.0020962  0.0012951  0.0000495 0.0005557 0.0008921 0.0023394  0.0013296  0.0001112  0.0020018  0.0001535  0.0020977
ML3 Mean Square Error (MSE) 0.0000017  0.0000198  0.0000028  0.0000000 0.0000005 0.0000121 0.0000230  0.0000150  0.0000001  0.0000173  0.0000003  0.0000198
RMSE 0.0012984  0.0044534  0.0016758  0.0000625 0.0007043 0.0034716 0.0047910  0.0038725  0.0002292  0.0041651  0.0005843  0.0044534

MAPE (%) 0.309 0.714 0.433 0.016 0.185 0.313 0.791 0.459 0.038 0.681 0.054 0.714
Mean Absolute Deviation (MAD)  0.0008730  0.0018996  0.0004841  0.0000299 0.0016707 0.0003444 0.0026600  0.0006084  0.0006741  0.0018773  0.0001878  0.0019016
ML4 Mean Square Error (MSE) 0.0000013  0.0000045  0.0000004  0.0000000 0.0000053 0.0000002 0.0000117  0.0000007  0.0000007  0.0000043  0.0000000  0.0000045
RMSE 0.0011613  0.0021146  0.0006191  0.0000366 0.0023100 0.0004946 0.0034221  0.0008436  0.0008286  0.0020803  0.0001883  0.0021146

MAPE (%) 0.292 0.636 0.162 0.010 0.557 0.115 0.893 0.204 0.226 0.628 0.063 0.636

Table 7.3: Performance criteria of twelve surrogate models and four ensemble models at four different monitoring locations (MLs) during the model testing

period.
Performance Measure ANFIS ANN MARS C  MARS L.  AMS Bayesian AMS ASHA BiLSTM GMDH GPR PLR RF SVR Ensemble
Mean Absolute Deviation (MAD)  0.008200 0.006349 0.007465 0.008784 0.006097 0.005403 0.006612 0.006838 0.005481 0.005194 0.006468 0.005891 0.005640
ML1 Mean Square Error (MSE) 0.000106 0.000072 0.000111 0.000149 0.000060 0.000068 0.000121 0.000112 0.000066 0.000062 0.000106 0.000074 0.000064
RMSE 0.010318 0.008478 0.010540 0.012212 0.007752 0.008220 0.011006 0.010560 0.008094 0.007874 0.010290 0.008610 0.007997
MAPE (%) 2.718 2.072 2.528 2.965 2.045 1.839 2.270 2.333 1.861 1.767 2210 1.998 1.909
Mean Absolute Deviation (MAD) 0.01127 0.01195 0.00480 0.00693 0.01124 0.00513 0.01089 0.00620 0.00629 0.00611 0.01070 0.00590 0.00383
ML2 Mean Square Error (MSE) 0.00016 0.00020 0.00003 0.00007 0.00019 0.00005 0.00026 0.00006 0.00007 0.00006 0.00016 0.00006 0.00003
RMSE 0.01282 0.01408 0.00570 0.00819 0.01364 0.00682 0.01603 0.00770 0.00815 0.00783 0.01251 0.00767 0.00548
MAPE (%) 4.169 4.465 1.808 2.569 4.232 1.945 4.245 2.345 2.396 2.330 4.036 2.237 1.469
Mean Absolute Deviation (MAD)  0.006016 0.001744 0.004818 0.005643 0.003692 0.003950 0.002270 0.005475 0.002075 0.001717 0.003989 0.001750 0.001563
ML3 Mean Square Error (MSE) 0.000052 0.000021 0.000053 0.000055 0.000034 0.000035 0.000025 0.000071 0.000024 0.000022 0.000038 0.000021 0.000021
RMSE 0.007226 0.004616 0.007253 0.007393 0.005832 0.005922 0.005031 0.008440 0.004896 0.004698 0.006124 0.004620 0.004545
MAPE (%) 2.019 0.585 1.632 1.904 1.254 1.341 0.777 1.849 0.716 0.596 1.354 0.606 0.544
Mean Absolute Deviation (MAD)  0.0032556  0.0013282  0.0040002  0.0040240 0.0005095 0.0039669 0.0038250  0.0027744  0.0031787  0.0013349  0.0040280 0.0013341  0.0010268
ML4 Mean Square Error (MSE) 0.0000180  0.0000020  0.0000171  0.0000180 0.0000004 0.0000160 0.0000231  0.0000096  0.0000147  0.0000020 0.0000166  0.0000020  0.0000012
RMSE 0.0042461 0.0014021 0.0041331  0.0042417 0.0006236 0.0039962 0.0048019  0.0030969  0.0038287  0.0014056 0.0040709  0.0014080  0.0011007
MAPE (%) 1.096 0.445 1.348 1.356 0.172 1.336 1.289 0.935 1.071 0.450 1.357 0.450 0.346
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Figure 7.19: Boxplots of absolute errors between actual and predicted salt concentration values at
a) ML1, b) ML2, ¢) ML3, and d) ML4 using all twelve surrogate models.
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An absolute error boxplot was also used to compare standalone surrogate models,
as shown in Figure 7.19. The boxplots revealed that different surrogates perform
differently for all four MLs. Also, most surrogate models performed better according to
the multiple criteria mentioned in Section 7.4.4. However, different prediction models
may excel in various performance metrics. For example, one model might show superior
performance in correlation coefficient, while another might perform better in relative
error. To reconcile these differences, a comprehensive set of performance metrics should
be employed in the decision-making process to address such contradictions objectively.
This method categorises performance metrics into benefit indices (where higher values
are preferred) and cost indices (where lower values are preferred) (Roy et al. 2021). This
study utilised four benefit and four cost indices to evaluate prediction model accuracy.
Decision-making involved calculating the weights of each hybridised model using these

indices, aided by Shannon's Entropy concepts.

The Shannon's entropy weight (EW) was used to select the best-performing
surrogate model based on their weights. The EWs of the performance indices are given
in Table 7.4. The higher the entropy weight value of the performance indices, the greater
its impact on determining the weight of the individual models. That is to say, higher
values of the EW of the performance indices indicate the greater impact of this index in
the decision-making process. The EWs of individual prediction models were calculated
to rank the best-performing surrogate model in predicting the salt concentrations at four
MLs. The ranking of the surrogate model was solely based on their EWs. The surrogate

model ranking based on EWs is shown in Table 7.5.

Table 7.4: Entropy weight of performance indices.

Performance Entropy Weight

Indices ML1 ML2 ML3 ML4
R2 0.137 0.144 0.100 0.178

I0A 0.169 0.179 0.132 0.238
KGE 0.151 0.156 0.161 -0.084
MAD 0.181 0.173 0.192 0.218
RMSE 0.181 0.174 0.221 0.231
MAPE (%) 0.181 0.173 0.193 0.218

Sum 1.0 1.0 1.0 1.0
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Table 7.5: Entropy weight of the individual prediction models.

Standalone ML1 ML2 ML3 ML4
models EW Rank EW Rank EW Rank EW Rank
ANFIS 0.745 7 0.605 9 0.425 9 0.191 7

ANN 0.918 1 0.436 11 0.915 1 0.598 2
MARS C 0.697 8 0.994 1 0.423 10 0.151 10
MARS L 0.572 9 0.820 5 0.300 12 0.125 11

AMS_Bayesian 0.912 2 0.639 8 0.444 7 0.806 1
AMS ASHA 0.877 5 0.926 2 0.505 6 0.201 6
Bi-LSTM 0.533 11 0.315 12 0.542 5 0.093 12
GMDH 0.508 12 0.815 7 0.351 11 0.172 8
GPR 0.891 4 0.817 6 0.673 4 0.238 5
PLR 0.904 3 0.833 4 0.822 3 0.525 3

RF 0.549 10 0.446 10 0.442 8 0.152 9

SVR 0.816 6 0.865 3 0.840 2 0.341 4

EW = Entropy Weight, ANFIS = Adaptive Neuro Fuzzy Inference System, ANN = Artificial Neural
Network, MARS C = Multivariate Adaptive Regression Spline with Piecewise Cubic Spline, MARS L =
Multivariate Adaptive Regression Spline with Piecewise Linear Spline, AMS Bayesian = Bayesian
Optimization tuned Automatic Model Selection, AMS ASHA = Asynchronous Successive Halving
Algorithm tuned Automatic Model Selection, Bi-LSTM = Bi-directional Long Short term Memory
Network, GMDH = Group Method of Data Handling, GPR = Gaussian Process Regression, PLR =
Probabilistic Linear Regression, SVR = Support Vector Regression.

EWs easily allowed the ranking of best-predicting models. The ranking of surrogate
models was used to develop an ensemble model that would predict better results than the
standalone surrogate models. The top-ranked five surrogate models were used to form the
ensembles at each of the MLs. Although combining a larger number of surrogates to form
an ensemble provides better assurance in predicting salt concentrations, it may also incur
a computational burden, particularly in the development of a coupled S-O-based saltwater
intrusion management model. As such, the number of surrogate models in the ensemble
formation was limited to the top five, as determined by Shannon's entropy. Hence, five
surrogates were chosen to form an ensemble model for predicting the salt concentrations
at ML1. Based on the EW ranking given in Table 7.5, the ensemble model for ML1 was
formulated using ANN, AMS Bayesian, PLR, GPR and AMS ASHA.

Similarly, the ensemble at ML2 included MARS C, AMS ASHA, SVR, PLR and
MARS L. The ensemble model consisted of ANN, SVR, PLR, GPR and BiLSTM
surrogate approximators for ML3. Lastly, the surrogates used to develop an ensemble
model at ML4 were AMS_Bayesian, ANN, PLR and SVR. For ML4, only four surrogates
were used in forming the ensemble model because using the fifth surrogate (GPR) based

on ranking gave poor results. The performance of four ensemble models is given in Table
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7.3. The results indicated that all the ensemble models performed better than the
standalone surrogate models. The residual of the surrogate ensemble model is also shown
in Figure 7.20. The residuals indicate fewer variations between the actual and predicted

salt concentrations at different MLs.
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Figure 7.20: Residual of actual versus predicted salt concentrations of ensemble models. a)
residual of an ensemble model at ML1, b) residual of an ensemble model at ML2, c)
residual of an ensemble model at ML3 and d) residual of an ensemble model at ML4.

7.5.4 Management Model

The four ensemble models developed at the MLs were separately linked with the
CEMOGA, and a multi-objective saltwater intrusion management model was formulated
for the Tagabe coastal aquifer. The two conflicting objectives of the management model
were maximising the production well pumping and minimising the barrier well pumping.
The constraint of the optimisation formulation was to maintain a specific maximum
permissible salt concentration at different MLs. Several combinations of different
parameters were simulated using different optimum parameter values in optimisation

formulation.

The population size is an important factor that determines how many individuals
are present in each generation of a genetic algorithm. Having a large population size
enables the algorithm to explore the solution space more extensively, improving the
likelihood of finding a global solution. Conversely, a smaller population size limits the
search space and impacts the distribution of solutions along the Pareto optimal front. This
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study selected a population size of 2,000 to balance population diversity and

computational efficiency based on various trials and the interplay with other parameters.

The optimisation algorithm was executed for 16,000 generations to achieve the
global optimal solution. This required a total of 32,000,000 evaluations, calculated as
2,000 individuals per generation multiplied by 16,000 generations. The algorithm
employed a tournament selection method with a tournament size of two. The crossover
and mutation rates were set at 0.92 and 0.1, respectively. The migration parameter used a
forward direction with a fraction of 0.2 and an interval of 20. A Pareto front population
fraction of 0.7 was used, resulting in 1,400 (2,000 x 0.7) non-dominated optimal solutions
from the 2,000 individuals. The function and constraint tolerances were set at 1 x 107*.

The optimisation routine took 11354 seconds to converge to optimal solutions.

The Pareto-optimal front obtained by CEMOGA-ensemble models are shown in
Figure 7.21.

Figure 7.21: Pareto optimal front of the linked simulation-optimisation management model.

The 1,400 Pareto optimal front solutions related to groundwater abstractions from
the combined eight production bores and six barrier wells are shown in Figure 7.21. This
Pareto optimal front provides numerous solutions for maximising pumping from the
production wells and minimising the pumping from the barrier wells while maintaining
the allowable salt concentrations at different monitoring locations within the specified

limits in equations 10 to 15. The Pareto optimal front demonstrates the balance between
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two competing objectives. Its extensive nature indicates that the trade-offs between these
objectives are thoroughly represented. Figure 7.21 illustrates that 15,000 m*/d could be
extracted from the production bores from Tagabe coastal aquifer with a relatively small
amount of barrier well abstraction (253 m?®/d). However, if higher production bore
pumping is performed, then higher barrier well pumping would be required to keep the

hydraulic gradient towards the seaward side.

A similar method was used by Roy and Datta (2017a; 2017b), Lal and Datta (2018).
The authors compared a few surrogate models (less than five) and formed ensembles out
of them. In this study, a total of 12 surrogate models were developed and compared. Then,
the top-performing 5 surrogate models, determined by Shannon's Entropy based decision
theory, were used to form the weighted-average ensemble model. Moreover, other studies
(e.g., Bhattacharjya and Datta 2005; Hussain et al. 2015) used a linked S-O technique.
However, these authors used single surrogate models that were linked with the
optimisation algorithms. Linking multiple surrogates and developing an ensemble
reduces the uncertainty in the prediction of salt concentrations (outputs). The ensembles
developed in this study performed exceptionally well compared with standalone

surrogates.

7.5.5 Validation of Pareto Optimal Solutions

The effectiveness of the surrogate-based saltwater intrusion management model
was assessed by checking how well it met the specified constraints. The results showed
that the saltwater concentrations from the optimisation model, which used surrogate
models, consistently stayed below the set maximum allowable levels at all monitoring
sites. This indicates that the constraints were fully satisfied without any breaches during
the optimisation process. Additionally, the saltwater concentrations closely matched the
specified limits, suggesting that the optimisation model effectively converged near the

upper limits of the constraints.

The Pareto optimal solutions obtained using the ensemble-CEMOGA optimisation
models at respective MLs were verified and validated. Five randomly selected optimal
solutions (pumping values) were fed into the SEAWAT-based numerical groundwater
model, and the outputs (salt concentrations) of the numerical model were compared with
the salt concentrations prespecified by the linked S-O model. The validation results are

given in Table 7.6. The results (Table 7.6) indicated that the relative error (RE) between
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the simulated and predicted salt concentrations at four MLs ranged between 0.47% and
6.66%. The salinity concentrations of both models had a minimal difference (RE < 7%),
which indicated that the optimal solutions converged to the upper limit of the constraints.
Also, it can be reported that all the constraints are satisfied with no constraint violations.
The findings in this study are similar to the results reported by Roy and Datta (2017b).
The authors suggested that relative errors of less than 10% are considered appropriate and
effective for developing an optimal management strategy using an integrated S—O
approach. Hence, it could be stated that the machine learning-based ensemble model
developed could be replaced with the complex nonlinear coupled density-dependent
SEAWAT-based model for developing optimal groundwater management solutions for

Tagabe coastal aquifer. Moreover, this methodology could be utilised for other aquifers.

The limitation of this study was the number of data sets used to train and test the
surrogate models. The current study used 130 sets of input-output data from the numerical
model to train and test the surrogate models. Hence, some of the deep learning models
did not perform that well when compared with the machine learning models. Also, larger

datasets will be used to train and test the deep learning models in future.
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Table 7.6: Validation of Pareto optimal front solutions with the numerical simulation model.

. MLI ML2 ML3 ML4
Solution ~Ngny SEM RE NSM  SEM RE NSM  SEM RE NSM  SEM RE
Number  qo/ml)  (kgm') (%) (kgm) kgm) (%) (kgmd) (kgmd) (%) (kgmd)  (kg/md) (%)

0.320 0.301 6.547 0.282 0.300 5.930 0.299 0.300 0.481 0.314 0.300 4.814
0.312 0.300 3.783 0.283 0.300 5.721 0.299 0.300 0.473 0.285 0.300 5.157
0.313 0.304 2.916 0.290 0.300 3.237 0.299 0.301 0.658 0.311 0.300 3.525
0.321 0.301 6.658 0.282 0.300 5.886 0.299 0.300 0.485 0.314 0.300 4.734
0.320 0.301 6.407 0.283 0.300 5.509 0.299 0.300 0.443 0.294 0.300 2.065

DN AW N =

NSM — Numerical simulation model; SEM = surrogate ensemble model; RE = absolute relative error between the simulated and the predicted salt
concentrations; ML = Monitoring location; C = Concentration
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7.6 Conclusions

Saltwater intrusion is a concern in Vanuatu for Tagabe coastal aquifer based on
current groundwater pumping regimes. To manage the saltwater intrusion, optimal
management strategies need to be developed. The current study developed a methodology
using a linked simulation-optimisation (S-O) technique that provided optimal
management strategies of managing saltwater intrusion in Tagabe coastal aquifer. S-O
methodology was developed using a surrogate ensemble modelling approach where
twelve surrogate models were trained with the input-output patterns from the SEAWAT-
based numerical simulation model. Using Shannon's entropy weight (decision theory),
the top five surrogates were ranked and selected to form an ensemble model for each
monitoring location. All the ensemble models performed exceptionally well compared
with standalone surrogates. Later, the ensemble models were externally linked in
MATLAB with the Controlled Elitist Multiple Objective Genetic Algorithm (CEMOGA)

to optimise the saltwater intrusion management solutions.

The constraints fixed for the S-O model were maximising the pumping from the
production wells, minimising the pumping from the barrier well, and maintaining the
maximum allowable salt concentrations at each monitoring location. Conflicting
constraints were easily solved with the S-O methodology developed in this study. The S-
O model gave Pareto optimal front solutions, maximising the pumping from production
wells and minimising the pumping from barrier wells. To verify the Pareto optimal
solutions, five random pumping values (Pareto solutions) were fed into the numerical
simulation model, and the same was fed into the surrogate ensemble model. The results
indicated that the salt concentrations (outputs) from both models had a minimal relative

error of less than 7%, satisfying the constraints.

In addition, the results from this study indicated that the use of machine learning in
groundwater modelling is a robust tool for predicting the saltwater intrusion in Tagabe
coastal aquifer. The use of surrogate ensemble models reduced the computational burden
and exertions faced during the optimisation stage. The results also indicated that training
different machine learning surrogates with limited datasets was also successful. The S-O
management model also proved to be robust in generating optimal solutions for managing
the saltwater intrusion in Tagabe coastal aquifer. The methodology proposed in this study

is of global significance and can be used by policymakers and water monitoring
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authorities to draw up policies and regulations for groundwater use in Vanuatu. The
methodology presented in this study could also be used in other coastal aquifers to

manage saltwater intrusion and conserve groundwater.

The future scope of work has also been planned for Tagabe coastal aquifer, where
other constraints would be considered in the S-O methodology to manage SWI. For
instance, minimising the recharge, maximising the evapotranspiration and salt
concentrations at monitoring locations, using other optimising algorithms and using

larger input-output data sets in training and testing surrogate and ensemble models.

The next chapter uses the multi-objective simulation-optimisation framework to

develop a digital twin model for Tagabe coastal aquifer.
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Chapter 8: Conceptual development and implementation of a
digital twin model for managing saltwater intrusion of an
island coastal aquifer

A manuscript based on the main contents of this chapter has been submitted for

publication and is currently under review, as outlined below:

Sharan, A., Roy, D.K, Datta, B., & Lal, A. (Under Review). Conceptual development
and implementation of a digital twin model for managing saltwater intrusion of
an island coastal aquifer. Water Resources Research.

8.1 Overview

This chapter develops a digital twin model that can feed the real-time data into the

virtual model from the field.

8.2 Executive Summary

Saltwater intrusion (SWI) poses a significant environmental challenge for coastal
aquifers in Pacific Island nations, including Port Vila, Vanuatu. This study utilised a 3D
numerical simulation model to evaluate SWI in the Tagabe coastal aquifer under current
pumping regimes. To address SWI, optimal pumping patterns were identified through
machine learning-based surrogate ensemble models and a simulation-optimisation (S-O)
management model. A digital twin (DT) framework of the Tagabe coastal aquifer was
developed, incorporating a 3D numerical model, surrogate ensemble models, and the S-
O approach. The DT framework, linked with illustrative field data, was used to generate
and analyse five illustrative scenarios based on varying salt concentrations (0.45, 0.55,
0.75, 0.90 and 1.15 kg/m?; Scenarios 1 to 5, respectively). Results indicated that scenario
3, with a salt concentration of 0.75 kg/m?, yielded the highest pumping rates from
production wells (17,317 m?/d) and the lowest from barrier wells (202 m?/d). Conversely,
using the Pareto frontier (knee of Pareto solutions), scenario 5 solutions showed
maximum pumping values of 31,676 m?/d from production wells and 5,000 m?/d from
barrier wells. The S-O model results were validated with less than 10% relative error
compared to the numerical model outputs. To the best of the current knowledge, the
application of DT in managing SWI has not been applied before. The results from the
study indicated that DT can be successfully employed in a coastal aquifer for managing
the SWI. The methodology developed and implemented in this study is of global
significance and could be used to manage water resources wisely. The study demonstrated
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that with the help of S-O approach, the DT is vital in predicting future scenarios, changes

in pumping patterns and other uncertainties.

8.3 Introduction

Saltwater intrusion (SWI) is a major challenge in Pacific Island countries (PICs),
and managing SWI is a far more complex and costly process (Sharan et al., 2021).
Globally, including PICs, various techniques and methodologies are designed to tackle
SWI. However, the severity of the problem keeps on increasing with the changing
climate, natural disasters and human activities. Different strategies for managing SWI in
coastal aquifers are needed. However, accessing the field data is becoming costly and
time-consuming. Hence, developing the SWI management strategies can get delayed,
which would cause the freshwater aquifers to be contaminated with saline water.
Therefore, getting the field data about the changes in the hydrogeological parameters and
boundary conditions on time is needed. Currently, smart sensors and data loggers feed

the data to personal computers (PCs), but they are not yet used in groundwater modelling.

The use of smart sensors in remote monitoring and the feedback information is
crucial in managing SWI and water resources. Based on the literature search and the best
of the current knowledge, management of SWI using smart techniques has not yet been
applied yet. The current study employs a novel approach to develop and implement a
digital twin (DT) model for a coastal aquifer. Based on the literature and the current
knowledge, the DT model has not been applied globally or in PICs' SWI management
processes. The DT model is emerging as a transformative technology in various
industries, offering unparalleled opportunities for optimisation and innovation (Liu et al.,
2021). Essentially, a DT is a virtual representation of a physical asset, system, or process
that is continuously updated with real-time data (Tao et al., 2022). This dynamic model
enables predictive analysis, performance monitoring, and decision support, enhancing
operational efficiency and reducing risks. The concept has evolved from its early
applications in aerospace to diverse fields such as manufacturing, healthcare, urban

planning, and beyond (Attaran and Celik, 2023).

DTs and virtual representations of physical systems have seen growing applications
in groundwater management. Ortega (2023) developed a DT model for monitoring the
groundwater table in Enschede, Netherlands. The author used smart sensors, which fed

the information to the 3D geospatial model through the Internet of Things (IoT). These
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sensors monitored the groundwater table from rainfall variations and based on the head
heights, the water pumps were activated or deactivated in physical space. The results
demonstrated that the DT effectively visualises historical data, current conditions, and
anticipated changes in the groundwater table, aiding in identifying areas needing
pumping. By integrating forecasts, the system can predict potential groundwater table
depths, visualise possible scenarios, and support decision-making processes regarding
pumping or retaining groundwater levels through automated messages or physical

actions.

Henrik et al. (2023) developed and implemented the hydrological information and
prediction (HIP) system in Denmark. The authors used a combination of real-time data
integration, advanced hydrological models, and machine learning techniques to create a
DT that can dynamically update and predict hydrological conditions. The study area
covered various aspects of Denmark's water systems, including groundwater levels, soil
moisture, and streamflow. The HIP portal, developed by the Danish Agency for Data
Supply and Infrastructure, provided a platform for these models and data to be accessed
and utilised by various stakeholders, including municipal planners, water supply workers,
and environmental consultants. The authors reported that their study highlighted the
effectiveness of the HIP DT in improving climate change adaptation, water management,
disaster risk reduction, real-time monitoring and forecasting, helping to identify potential
risks and manage water resources more efficiently. The authors recommend further
development of the DT approach, emphasising the importance of real-time data updates
and collaborative efforts across different sectors to maximise the benefits of this

technology for climate resilience and sustainable water management.

Huang et al. (2022) developed a DT of the Earth systems in predicting and analysing
floods. The authors used various artificial intelligence (Al), geological and 3D software
to formulate a DT model. Their study focused on surface water hydrology, specifically
targeting flood detection and prediction in Earth's rivers and lakes. The DT framework
allows users to explore current Earth system states, predict future conditions, and run
hypothetical scenarios to understand potential system evolutions. The authors reported
that DT can accurately predict flood events, analyse their impacts, and provide actionable
insights for flood management. The authors recommended expanding the DT framework

to incorporate more environmental variables and geographic areas and enhancing
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collaboration between agencies for broader data integration and improved predictive

capabilities.

Tsakiridis et al. (2023) developed a DT to assess and monitor soil ecosystems. The
authors developed DT by integrating various data sources, including IoT, sensors, remote
sensing data, field measurements, digital cartography, surveys, and other Earth
observation data. The integration created a cohesive digital representation of the physical,
chemical, and biological characteristics of soil. The authors used multiple environments
to test and validate the DT model. The authors reported that DT could provide detailed
insights into soil health, including nutrient cycles, microbial communities, and physical
soil structure. The DT framework developed has the potential to do scenario analysis,
visualising environmental impacts such as climate change and land use alterations and

aiding in decision-making processes for various stakeholders.

Lari et al. (2022) designed a DT to monitor natural source zone depletion (NSZD)
of light non-aqueous phase liquids (LNAPLs) at petroleum-impacted sites in Bemidji
Minnesota (USA). The authors used a TMVOCBAio (finite volume numerical simulator)
multi-phase multi-component multi-microbe transport phenomena at a Darcy scale to
mimic the significant NSZD process, hence a DT. The approach integrated partitioning,
biodegradation, and fluid dynamics to predict long-term trends and validate the model
against field data. The authors reported that the DT accurately simulated complex
subsurface processes, providing a detailed and reliable representation of NSZD. The
authors also reported that the DT's ability to predict future depletion trends and support
site management decisions underscored its potential utility in their study. The authors
recommended further developing and applying DT for complex subsurface systems to
enhance decision-making and management strategies for contaminated sites, emphasising
the benefits of detailed computational approaches for environmental monitoring and

restoration.

The application of DT in groundwater is growing, yet minimal. However, DT has
been applied in other disciplines extensively (e.g., Ayani et al., 2018; Uhlemann et al.,
2017; Cia et al., 2017; Bottani et al., 2017; Lindstrom et al., 2017; Silva et al., 2023).
These studies have shown the exploration and application of the DT paradigm across
various domains of manufacturing and production systems. These studies collectively

emphasise the integration of real-time data acquisition, sensor data fusion, and cyber-
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physical systems to create virtual representations, or DTs, of physical entities. This
integration enhanced operational efficiency, predictive maintenance, and system

optimisation.

The application of DT in SWI management in coastal aquifers has not been applied
yet. Hence, this work aims to develop a DT that would be applied to a coastal aquifer of
a small Pacific Island country. This study will use a 3D numerical simulation model,
various machine learning algorithms, surrogate ensemble models and optimisation
algorithms to design a DT. The detailed steps in the DT model development are given in
Section 8.4.5. The DT developed in this study will be used to predict various scenarios
for managing the SWI. The advantage of using DT in coastal aquifers is that it can provide
real-time feedback from the field, and based on the information, optimal SWI
management strategies can be developed. The methodology and findings from this study
could aid researchers, policymakers and water engineers in modelling, planning, and

making informed decisions to conserve and utilise the groundwater.

8.4 Methodology
8.4.1 Study area

The study area for this research is a small Pacific Island country, Vanuatu. Vanuatu,
an island nation east of Australia, is comprised of 83 islands with a mix of volcanic
mountains and coral atolls. With a population exceeding 300,000, Port Vila's capital is
famous for its natural beauty and attracts tourists. Tourism is crucial to Vanuatu's
economy, contributing 35.5% to its GDP in 2019, alongside agriculture, fishing, and
forestry (WTTC, 2021). Despite these economic drivers, Vanuatu faces significant
challenges from natural disasters and climate change, leading the government to focus on
resilience-building measures (CRCP, 2021; VMGD, 2023; Sharan, 2023). The six
provinces of Vanuatu, including Shefa, where the capital, Efate Island, is located, feature
diverse geology influenced by volcanic activity, tectonic movements, and erosion. Efate
Island is notable for its volcanic features, such as the Yasur volcano, limestone formations
created by marine organisms, and alluvial deposits from nearby rivers (Bath et al., 1986).
The island's topography has been shaped by tectonic movements causing faults and folds
and by erosion affecting the low-elevation coastal areas. This geological diversity,
coupled with Vanuatu's susceptibility to natural disasters, highlights the need for

integrating climate adaptation and disaster risk reduction into a development plan.
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Figure 8.1: Location of the study area.
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The methodology developed in this study was applied to the Tagabe coastal aquifer
in Vanuatu. The location of the study area is shown in Figure 8.1. Eight freshwater wells
(B1-B8) pump the freshwater from Tagabe coastal aquifer, which supplies water in Port
Vila. The model boundary or the catchment was selected based on the geology and water
feeding into Tagabe coastal aquifer. To minimise the SWI, six barrier wells (BW1-W6)

were added near the sea boundary.

8.4.2 3D Numerical Simulation Model

Modelling the groundwater processes of a coastal aquifer is a complex and lengthy
process because of its heterogeneity. Actuate field data from Tagabe coastal aquifer,
including the hydrogeological parameters and boundary conditions, were used to develop
a 3D groundwater model. The groundwater data provided by the Department of Water
Resources, Vanuatu, was limited, consisting of bore pumping data from 2017 to 2022 and
electrical conductivity values from 2019 to 2021. Limited data on critical parameters,
such as hydraulic head values and initial concentrations, were provided. Despite these
limitations, a 3D numerical simulation model was developed using the available data to
manage SWI scenarios in the Tagabe coastal aquifer. The model was calibrated and
validated using the salt concentration data (Sharan et al., 2024a). Table 8.1 details the

boundary conditions and hydrogeological parameters used to develop the 3D model.

Table 8.1: Model parameters and the values used for the model design. Source (Sharan et al.,

2024a).
Definition Assigned field values Calibrated values SI Units
Layer 1 (Sand and gravel) = Hydraulic Conductivity, K =20 Hydraulic Conductivity, K =
Porosity = 0.35 255 K=m/d
Porosity = 0.45 Porosity =

Layer 2 (Limestone) Hydraulic Conductivity, K=35  Hydraulic Conductivity, K=40  dimensionless

Porosity =045

Porosity = 0.55

Recharge 0.0004 0.000271 m/d
Horizontal Anisotropy 1 " dimensionless
Freshwater Density 1000 e kg/m?
Seawater Density 1025 T s kg/m’®
Saltwater Concentration 35 Ny e kg/m?
Specific Storage 0.000035 TN 1/m
River conductance 1 e Ny m?/dm
Longitudinal dispersivity 30 Y m
Density/Con. constant, F 0.7143 ~~_ dimensionless

The 3D groundwater model was developed using flow and transport codes in
Groundwater Modelling Systems software, explicitly using the SEAWAT code.
SEAWAT simulates three-dimensional groundwater flow in porous materials,

accommodating variable density and transient conditions by integrating MODFLOW
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(solves flow model) and MT3DMS (solves solute transport model) using the equations

provided by Guo and Langevin (2002).

The conceptual model of the Tagabe coastal aquifer was created with the
MODFLOW, covering a model domain of 7.50 km by 7.61 km by 0.1 km. A 3D finite-
difference grid with 100 x 100 m cells was used, consisting of two layers with different
hydraulic conductivities and porosities. Layer 1 (0 to -80 m) had a hydraulic conductivity
of 20 m/d and a porosity of 0.35, while layer 2 (-80 to -100 m) had a hydraulic
conductivity of 35 m/d and a porosity of 0.45. Boundary conditions included a specified
head boundary (CHB) on the southern side, a no-flow boundary on the eastern side, and

the Sono River on the northwestern boundary connected to the ocean boundary.

Due to the lack of observed hydraulic head values from boreholes in Tagabe,
approximate values were assigned based on available data. CHB values for the western
and southeastern nodes were set at 9 m and 8.8 m, respectively, maintaining a slight
hydraulic gradient towards the sea. Head values for the Sono River and Tagabe River
nodes were assigned accordingly, considering the presence of salinity in the aquifer.
Boreholes B1-B8 (Figure 8.1) were included in the model domain, with transient pumping
values from 2017 to 2021. All hydrogeological parameters, boundary conditions, wells,
pumping values, and head values were integrated into MODFLOW, and a 20-year steady-

state simulation was conducted to establish initial conditions.

SEAWAT was initiated for a 5-year period, utilising pumping data from 2017 to
2021. The model was calibrated using electrical conductivity (EC) data from boreholes
B1, B2, B3, B7, and B8 from 2019 to 2020 (2021 data missing). Despite the lack of
observed head values, calibration was performed using secondary data through trial-and-
error methods, adjusting initial salt concentrations, recharge values, hydraulic
conductivities, and porosities (Sharan et al., 2024a). After calibration, the model was
simulated for the next 20 years (2022-2043), with the calibrated results serving as the
base case for the study. The calibrated model was also used to obtain output (salt
concentrations) values at four monitoring locations (MLs) using randomly generated
input (pumping) values. The four MLs were selected from the current production wells.

Hence ML1 =B1, ML2 = B3, ML3 = B7 and ML4 = B8 (Figure 8.1).

The 3D numerical model was run 130 times using different spatiotemporal pumping

patterns to determine the salt concentration at four monitoring sites. These pumping
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patterns served as the inputs, while the resulting salt concentrations were the outputs.
Using these input-output patterns, this study developed an ensemble of several machine
learning-based surrogate models. The limited number of input-output patterns aimed to
reduce computational demands in the coupled S-O approach and to evaluate whether a
small dataset, despite having 70 variables, could effectively and accurately train the

surrogate ensemble models.

8.4.3 Surrogate Ensemble Model

Machine learning-based surrogate and ensemble models were developed to
replicate the 3D numerical simulation model of the Tagabe coastal aquifer. Various
machine learning and deep learning algorithms can be employed to build these surrogate
and ensemble models. This study developed an ensemble of several surrogate models as
approximations of the numerical simulation model. Notably, this study establishes the use
of limited datasets to train multiple machine learning models as surrogate ensembles and

the application of decision theories to choose the best surrogate ensemble model.

The machine learning and deep learning algorithims used to develp surrogate
ensemble models were Artificial Neural Network (ANN), Support Vector Regression
(SVR), Genetic Programming (GP), MARS C = Multivariate Adaptive Regression
Spline with Piecewise Cubic Spline, MARS L = Multivariate Adaptive Regression
Spline with Piecewise Linear Spline, Probabilistic linear regression (PLR), Random
Forest Regression (RFR), Group Method of Data Handling (GMDH), Long Short-Term
Memory (LSTM), Adaptive Neuro-Fuzzy Inference Systems (ANFIS), Asynchronous
Successive Halving Algorithm tuned Automatic Model Selection (AMS-AHSA) and
Bayesian Optimisation tuned Automatic Model Selection (AMS-Bayesian).

The input-output patterns generated from the 3D numerical simulation model were

used to train the machine learning and deep learning models mentioned above.
8.4.3.1 Model Performance

Several performance evaluation criteria were employed to assess the surrogate
models. These included the correlation coefficient or Pearson's correlation coefficient
(R?) (PCC), Index of Agreement (IoA), Kling-Gupta efficiency (KGE), Nash-Sutcliffe

efficiency coefficient (NSE), mean absolute error (MAE), root mean square error
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(RMSE), and mean absolute percentage error (MAPE). These metrics were used to

evaluate both surrogate and ensemble models.

Moreover, Shannon's entropy-based decision theory was used to select the best-
performing model (Shannon, 1948). Using the steps outlined in Li et al. (2011), the model
ranking was done. After ranking the best surrogate models, the first five ranked surrogates

were used to form an ensemble model for each monitoring location.

8.4.4 Management Model

Using the ensemble models developed in Section 8.4.3, a management model or
simulation-optimisation (S-O) model was developed. The ensemble models were
externally linked with the Controlled Elitist Multiple Objective Genetic Algorithm
(CEMOGA) (Deb and Goel, 2001) to find the optimal groundwater management pumping
values. The flow diagram of developing a management model using 3D numerical

simulation and surrogate ensemble models is given in Figure 8.2.
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Figure 8.2: Flow diagram of linked simulation-optimisation management model.

The management model developed in this study addresses a multi-objective
problem with two conflicting objectives. The objectives are to maximise freshwater
extraction from PWs for beneficial use and to minimise pumping from BWs. Reducing
BW pumping is important because disposing of large volumes of saline water can be
problematic. According to Datta and Peralta (1986), the solutions from the management
model will yield a Pareto optimal front, offering water managers and policymakers a clear
trade-off between the two conflicting objectives. The mathematical representation of this
management model is provided in equations (8.1) to (8.6) (Bhattacharjya and Datta,
2005).
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N T
Maximise: /1(Qpw) z z prn (8.1)
n=1t=1
. . . M T
Minimise: £ (Qpy) = Z Qb (8.2)
m=1t=1
Subject to
(8.3)
C; = €(Qpw, Upw)
8.4
Ci < Cmaxvi ( )
Qrw, iy < ngwn < Qrwpgy (8.5)
Qewrmin < Qbw, < QbWinas (8.6)

where PW = production well, BW = barrier well; where Q ,EWnZ water extraction from the
n" production well during ™ time steps; Qy, = water extraction from the n™ barrier well

during t" time steps; C; = saltwater concentrations at the i™ MLs at the end of the
management period; €() denotes the density-dependent coupled flow and salt transport
surrogate model. The constraint given in equation 8.3 shows the linking of the surrogate
ensemble model with the optimisation model; the constraint given in equation 8.4
indicates the maximum allowable salt concentration at various MLs; the constraints given
in equations 8.5 and 8.6 outline the upper and lower limits of the water abstraction from

pumping and barrier wells, respectively.

8.4.5 Digital Twin

In this study, the virtual representation of a coastal aquifer was used using the digital
twin (DT) framework. The DT framework and model design is shown in Figure 8.3. The
development of the DT for a coastal aquifer is a complex and challenging task. Initially,
the 3D numerical simulation model was developed using the field data as described in
Section 8.4.2. Secondly, using the learning datasets, 12 surrogate and 4 ensemble models
were developed (Section 8.4.3). Thirdly, a management model (S-O model) was
developed using the ensemble model, MOGA optimisation algorithm and sets of

constraints (Equations 8.1 to 8.6) (Section 8.4.4). These three models represent the virtual
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space component of the DT framework. The physical space of the DT framework

represents the actual coastal aquifer (Tagabe coastal aquifer).
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Figure 8.3: Digital twin framework of a coastal aquifer.
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The DT is where the physical and virtual spaces are connected. Hence, the smart
sensors supply the field data through the Internet of Things (IoTs) to the computers where
the virtual model is located. Using the field data supplied by the IoTs, new sets of
constraints (Equations 8.1 to 8.6) are set, and the optimal management strategy is
developed for managing the saltwater intrusion. Due to time, budget and government
approval constraints, the smart sensors were not placed in Tagabe coastal aquifer. Instead,
it was assumed that the smart sensors were placed in the field to measure the standing
water levels in bores, rainfall (recharge) rates, and the salt concentration of the water, as
illustrated in Figure 8.3. These sensors fed the data daily to the computer hardware, and
based on these data, a new set of optimal groundwater pumping rates was decided at the
end of every month. The governing body implemented the optimal pumping rates to the

groundwater users in Port Vila.

The physical space (actual aquifer) has smart sensors, constantly monitoring the
water levels, salinity and rainfall rates in Tagabe coastal aquifer. These field data are
transmitted using [oT to the surrogate ensemble model, which then re-runs and gives
different sets of Pareto optimal fronts (optimal pumping values). The optimal
management strategy is then fed back to the physical space. For instance, the smart
sensors recorded the drop in groundwater level. Hence, the constraints have to be changed
and the maximum pumping limit has to be reduced in equations 8.1 and 8.2 due to the
drop in the groundwater level. Using modified constraints, the optimisation algorithm
will provide the optimal pumping values, which will then be passed to the users of
groundwater. These optimal pumping values would be safe and would prevent saltwater

intrusion in coastal aquifers. For this study, the DT works in the steps discussed above.

Using the physical space data provided by IoTs and the constraints outlined in
equations 8.1 to 8.6, five scenarios were simulated using the DT for Tagabe coastal
aquifer. The sensors have triggered and sent five sets of data/scenarios. The sensors that
were illustratively placed in the field measured the salt concentrations of the groundwater
in four different MLs and sent the data to the computer, which has the virtual system in
place. Based on the new maximum allowable concentrations, Pareto optimal pumping

values were simulated. The five scenarios/trigger limits given by the field sensors include;

Scenario 1: The maximum allowable salt concentration has decreased from 0.5 to

0.45 kg/m®. The concentration, 0.5 kg/m3, was estimated from the numerical model.
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Based on this new constraint, the total allowable salt concentration is 0.45 kg/m?.
However, the maximum (1200 m*/d) and minimum pumping (0 m?®/d) remain the same.
The twelve surrogates and four ensemble models developed in Section 8.4.2 were used
to optimise the pumping rate for this scenario. However, the Pareto optimal fronts were

generated using the 0.45 kg/m? allowable salt concentration at all MLs.

Scenario 2: The maximum allowable salt concentration has increased from 0.45 to
0.55 kg/m>. Based on this new constraint, the total allowable salt concentration is 0.55
kg/m*. However, the maximum (1200 m?/d) and minimum pumping (0 m>/d) remain the
same. The surrogate models used in scenario 1 were used to optimise the pumping rate
for this scenario. However, the Pareto optimal fronts were generated using the 0.55 kg/m?

allowable salt concentration at all MLs.

Scenario 3: The maximum allowable salt concentration has increased from 0.55 to
0.75 kg/m>. Based on this new constraint, the total allowable salt concentration is 0.75
kg/m>. However, the maximum (1200 m?/d) and minimum pumping (0 m>*/d) remain the
same. The surrogate models used in scenario 1 were used to optimise the pumping rate
for this scenario. However, the Pareto optimal fronts were generated using the 0.75 kg/m?

allowable salt concentration at all MLs.

Scenario 4: The maximum allowable salt concentration has increased from 0.75 to
0.9 kg/m*. Based on this new constraint, the total allowable salt concentration is 0.9
kg/m>. However, the maximum (1200 m?/d) and minimum pumping (0 m?/d) remain the
same. The surrogate models used in scenario 1 were used to optimise the pumping rate
for this scenario. However, the Pareto optimal fronts were generated using the 0.9 kg/m?

allowable salt concentration at all MLs.

Scenario 5: The maximum allowable salt concentration has increased from 0.9 to
1.1 kg/m®. Based on this new constraint, the total allowable salt concentration is 1.1
kg/m?. However, the maximum (1200 m?/d) and minimum pumping (0 m>/d) remain the
same. The surrogate models used in scenario 1 were used to optimise the pumping rate
for this scenario. However, the Pareto optimal fronts were generated using the 1.1 kg/m?

allowable salt concentration at all MLs.

These scenarios were simulated using four surrogate ensembles and the S-O model
for different constraints. The Pareto optimal front values were generated, and with the

help of the local government, water managers, and local municipal office, these optimal
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pumping rates could be sent to the groundwater users of Tagabe coastal aquifer. The
optimal pumping rates would be sent to the users using the smart information boards
placed near the nested bore networks by loTs. These smart information boards would
show the optimal pumping rates based on different scenarios. The use of machine
learning, smart sensors, DT and smart information boards will significantly reduce remote
travel, cost, time and improve the sustainability of groundwater resources in Tagabe

coastal aquifers and other aquifers as well.

8.5 Results and Discussion
8.5.1 3D Numerical Simulation Model

The numerical simulation model was developed, calibrated, and validated using the
salt concentration data. Using the calibrated data and the current pumping regimes, the
numerical model was simulated for 20 years, starting from 2022 to 2043. The extent of
SWI for three time steps (5, 10 and 20 years) is shown in Figure 8.4. The length of SWI
is clearly shown in the figure. With the current pumping regime, the wells would be
contaminated, and the freshwater Tagabe aquifer would have saline water with
concentrations reaching up to 20 kg/m® (20,000 mg/L). Moreover, Figure 8.5 shows the
cross-sections of the SWI extents/lengths. These cross-sections clearly show when the
saline water would reach the production wells (B1-B8). Hence, the water would not be

suitable for drinking and irrigation.

Therefore, managing SWI is essential as Tagabe coastal aquifer supplies fresh water
to the capital city (Port Vila). The use of barrier wells, injection/recharge wells, and
managing pumping rates were effective for managing SWI in Tagabe coastal aquifer
(Sharan et al., 2024a). However, knowing the optimum pumping rates from barrier wells
(BWs) and production wells (PWs) is challenging and cannot be fully achieved by the
numerical simulation model. Also, optimising the numerical simulation model would take
an immense amount of computational time (Bhattacharjya and Datta, 2005). Hence, this
study developed a methodology to maximise the pumping from the PW and minimise the
pumping from the BW, maintaining the maximum allowable salt concentration. The
machine learning surrogate ensembles and S-O models were developed to tackle the
multi-objective simulation-optimisation problem. However, the main aim of this study is
to develop a digital twin (DT) of Tagabe coastal aquifer. Hence, machine learning

surrogate ensembles and S-O models need to be developed initially to develop the DT.
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Figure 8.4: Numerical model simulated saltwater intrusion rates in Tagabe coastal aquifer with production bores (B1-BS8): a) length of saltwater intrusion
after 5 years of current pumping regimes in Tagabe; b) length of saltwater intrusion after 10 years of current pumping regimes in Tagabe; ¢) length
of saltwater intrusion after 20 years of current pumping regimes in Tagabe.
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Figure 8.5: Side view cross-sections of salt concentration of layer 1 with production bores (B1-B8): a) length of saltwater intrusion after 5 years of current

pumping rates in Tagabe; b) length of saltwater intrusion after 10 years of current pumping rates in Tagabe; ¢) length of saltwater intrusion after
20 years of current pumping rates in Tagabe.
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8.5.2 Machine learning surrogate ensemble model

Twelve surrogate models were trained using the machine learning algorithms
mentioned in Section 8.4.3. Figure 8.6 to Figure 8.9 illustrate the actual versus predicted
results during the training phase. A limited dataset was chosen to enhance computational
efficiency when running the numerical model. One of the innovative aspects of this study
is the use of a limited number of input-output patterns. The results demonstrated that even
with limited training data, the surrogates were able to predict salt concentrations with
reasonable accuracy for all MLs, as shown in Figure 8.6 to Figure 8.9. The majority of
the surrogate models performed exceptionally well during the model training stage, with
few giving poor prediction results. The following surrogates did not perform well in the
training stage: BILSTM for ML1; ANN, BiLSTM and RF for ML2; ANN, BiLSTM,
PLR and SVR for ML3; ANN, AMS Bayesian, BILSTM, PLR and SVR for ML4. These
surrogates did not do well in predicting the salt concentrations at various MLs. However,
to further investigate and find the accuracy of model prediction, different performance

measures were employed, as outlined in Section 8.4.3.1.
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Figure 8.6: Actual versus predicted salt concentrations of monitoring location 1 (ML1) using different machine learning algorithms during training period;
a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression Spline with
Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) — Bayesian
Optimization tuned Automatic Model Selection (AMS_Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic Model
Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH), i) —

Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR), k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).
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Figure 8.7: Actual versus predicted salt concentrations of monitoring location 2 (ML2) using different machine learning algorithms during training period;
a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression Spline with
Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) — Bayesian
Optimization tuned Automatic Model Selection (AMS_Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic Model
Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH), i) —
Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR), k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).
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Figure 8.8: Actual versus predicted salt concentrations of monitoring location 3 (ML3) using different machine learning algorithms during training period;

a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression Spline with
Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) — Bayesian
Optimization tuned Automatic Model Selection (AMS_Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic Model
Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH), i) —

Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR), k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).
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Figure 8.9: Actual versus predicted salt concentrations of monitoring location 4 (ML4) using different machine learning algorithms during training period;
a) — Adaptive Neuro Fuzzy Inference System (ANFIS), b) — Artificial Neural Network (ANN), ¢) — Multivariate Adaptive Regression Spline with
Piecewise Cubic Spline (MARS C), d) — Multivariate Adaptive Regression Spline with Piecewise Linear Spline (MARS L), e) — Bayesian
Optimization tuned Automatic Model Selection (AMS Bayesian), f) — Asynchronous Successive Halving Algorithm tuned Automatic Model
Selection (AMS_ASHA), g) — Bi-directional Long Short term Memory Network (Bi-LSTM), h) — Group Method of Data Handling (GMDH), i) —

Gaussian Process Regression (GPR), j) — Probabilistic Linear Regression (PLR), k) — Random Forest (RF) and 1) — Support Vector Regression
(SVR).

208



Chapter 8: Conceptual development and implementation of a digital twin model...

8.5.2.1 Model Performance

The criteria used to assess the performance of the surrogate models for various
monitoring locations during the training stage are detailed Table 8.2 and Figure 8.10d-f.
These performance metrics focus on the training phase, where the predicted salt
concentration values from the different ML models described in Section 8.4.2 were
compared with the actual measurements. Similar techniques were used and results were
reported by Roy et al. (2020) and Roy et al. (2024). Most models showed improved
accuracy in predicting salt concentrations during the training phase. When examining the
Mean Absolute Percentage Error (MAPE), Pearson's coefficient, Index of Agreement,
Kling-Gupta efficiency, and Nash Sutcliffe efficiency, it is evident that ANFIS, ANN,
MARS _C, MARS L, AMS ASHA, GMDH, RF, GPR, and SVR excelled in predicting
salt concentrations at ML1 during the training stage. Similarly, ANFIS, MARS C,
MARS L, AMS ASHA, GPR, PLR, and SVR were more effective at predicting salt
concentrations at ML2. At ML3, ANFIS, MARS C, MARS L, AMS Bayesian, GPR,
and RF outperformed others in the training stage predictions. Lastly, at ML4, MARS C,
MARS L, AMS ASHA, GMDH, and RF demonstrated superior performance during

training in predicting salt concentrations.

Table 8.3 and Figure 8.10a-c highlights the performance of twelve surrogate models
across various MLs during the testing phase. The actual and predicted salt concentrations
were compared using metrics such as MAPE (%), Pearson's correlation coefficient, Index
of Agreement, Kling-Gupthighlightsa efficiency, and Nash-Sutcliffe efficiency. At ML1,
the models ANN, AMS Bayesian, and PLR demonstrated superior predictive accuracy.
For ML2, the models ANFIS, MARS C, MARS L, AMS Bayesian, AMS ASHA,
GHD, and SVR consistently produced more accurate predictions. At ML3,
AMS Bayesian and ANN were the most reliable, with a strong performance from ANFIS,
AMS ASHA, and SVR.
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Figure 8.10: Spider plots of three major performance measures of twelve surrogate models for

different monitoring locations: a) Index of Agreement values for twelve surrogate models
during the testing period; b) Kling-Gupta Efficiency Coefficient values for twelve
surrogate models during the testing period; ¢) Nash Sutcliffe Efficiency Coefficient values
for twelve surrogate models during the testing period; d) Index of Agreement values for
twelve surrogate models during the training period; e) Kling-Gupta Efficiency Coefficient
values for twelve surrogate models during the training period; f) Nash Sutcliffe Efficiency
Coefficient values for twelve surrogate models during the training period.
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Table 8.2: Performance criteria of twelve surrogate models at four different monitoring locations (MLs) during the model training period. Source (Sharan

et al., 2024b).

Performance Measure ANFIS ANN MARS C MARS L AMS Bayesian AMS ASHA  BiLSTM GMDH GPR PLR RF SVR
Mean Absolute Deviation (MAD)  0.0009293  0.0017723  0.0017369  0.0000927 0.0048193 0.0020226 0.0052974  0.0038625  0.0005386  0.0021990  0.0025491  0.0028542
ML1 Mean Square Error (MSE) 0.0000017  0.0000045  0.0000052  0.0000000 0.0000373 0.0000067 0.0000495  0.0000223  0.0000005  0.0000078  0.0000117  0.0000118
RMSE 0.0012968  0.0021187  0.0022825  0.0001138 0.0061111 0.0025953 0.0070324  0.0047200  0.0006848  0.0027999  0.0034223  0.0034335

MAPE (%) 0.303 0.580 0.568 0.030 1.570 0.663 1.754 1.263 0.176 0.720 0.837 0.932
Mean Absolute Deviation (MAD)  0.001235  0.010136  0.003231  0.000171 0.009189 0.000074 0.010648 0.005414  0.000100  0.002983  0.008319  0.001147
ML2 Mean Square Error (MSE) 0.000003  0.000168  0.000017  0.000000 0.000141 0.000000 0.000214  0.000050  0.000000  0.000015  0.000117  0.000011
RMSE 0.001600  0.012966  0.004155  0.000212 0.011885 0.000101 0.014639  0.007071  0.000128  0.003913  0.010814  0.003376

MAPE (%) 0.459 3.840 1.197 0.063 3.371 0.027 4.102 2.020 0.037 1.114 3.142 0.433
Mean Absolute Deviation (MAD)  0.0009339  0.0020962  0.0012951  0.0000495 0.0005557 0.0008921 0.0023394  0.0013296  0.0001112  0.0020018  0.0001535  0.0020977
ML3 Mean Square Error (MSE) 0.0000017  0.0000198  0.0000028  0.0000000 0.0000005 0.0000121 0.0000230  0.0000150  0.0000001  0.0000173  0.0000003  0.0000198
RMSE 0.0012984  0.0044534  0.0016758  0.0000625 0.0007043 0.0034716 0.0047910  0.0038725  0.0002292  0.0041651  0.0005843  0.0044534

MAPE (%) 0.309 0.714 0.433 0.016 0.185 0.313 0.791 0.459 0.038 0.681 0.054 0.714
Mean Absolute Deviation (MAD)  0.0008730  0.0018996  0.0004841  0.0000299 0.0016707 0.0003444 0.0026600  0.0006084  0.0006741  0.0018773  0.0001878  0.0019016
ML4 Mean Square Error (MSE) 0.0000013  0.0000045  0.0000004  0.0000000 0.0000053 0.0000002 0.0000117  0.0000007  0.0000007  0.0000043  0.0000000  0.0000045
RMSE 0.0011613  0.0021146  0.0006191  0.0000366 0.0023100 0.0004946 0.0034221  0.0008436  0.0008286  0.0020803  0.0001883  0.0021146

MAPE (%) 0.292 0.636 0.162 0.010 0.557 0.115 0.893 0.204 0.226 0.628 0.063 0.636

Table 8.3: Performance criteria of twelve surrogate models and four ensemble models at four different monitoring locations (MLs) during the model

testing period. Source (Sharan et al., 2024b).

ML1

ML2

ML3

ML4

Performance Measure ANFIS ANN MARS C  MARS L AMS Bayesian AMS ASHA BIiLSTM GMDH GPR PLR RF SVR Ensemble
Mean Absolute Deviation (MAD)  0.008200 0.006349 0.007465 0.008784 0.006097 0.005403 0.006612 0.006838 0.005481 0.005194  0.006468 0.005891 0.005640
Mean Square Error (MSE) 0.000106 0.000072 0.000111 0.000149 0.000060 0.000068 0.000121 0.000112 0.000066 0.000062 0.000106 0.000074 0.000064
RMSE 0.010318 0.008478 0.010540  0.012212 0.007752 0.008220 0.011006 0.010560 0.008094 0.007874  0.010290 0.008610 0.007997
MAPE (%) 2.718 2.072 2.528 2.965 2.045 1.839 2.270 2.333 1.861 1.767 2.210 1.998 1.909
Mean Absolute Deviation (MAD) 0.01127 0.01195 0.00480 0.00693 0.01124 0.00513 0.01089 0.00620 0.00629 0.00611 0.01070 0.00590 0.00383
Mean Square Error (MSE) 0.00016 0.00020 0.00003 0.00007 0.00019 0.00005 0.00026 0.00006 0.00007 0.00006 0.00016 0.00006 0.00003
RMSE 0.01282 0.01408 0.00570 0.00819 0.01364 0.00682 0.01603 0.00770 0.00815 0.00783 0.01251 0.00767 0.00548
MAPE (%) 4.169 4.465 1.808 2.569 4.232 1.945 4.245 2.345 2.396 2.330 4.036 2.237 1.469
Mean Absolute Deviation (MAD)  0.006016 0.001744 0.004818 0.005643 0.003692 0.003950 0.002270 0.005475 0.002075 0.001717  0.003989 0.001750 0.001563
Mean Square Error (MSE) 0.000052 0.000021 0.000053 0.000055 0.000034 0.000035 0.000025 0.000071 0.000024 0.000022 0.000038 0.000021 0.000021
RMSE 0.007226 0.004616 0.007253 0.007393 0.005832 0.005922 0.005031 0.008440 0.004896 0.004698 0.006124 0.004620 0.004545
MAPE (%) 2.019 0.585 1.632 1.904 1.254 1.341 0.777 1.849 0.716 0.596 1.354 0.606 0.544
Mean Absolute Deviation (MAD)  0.0032556  0.0013282  0.0040002  0.0040240 0.0005095 0.0039669 0.0038250  0.0027744  0.0031787  0.0013349  0.0040280 0.0013341  0.0010268
Mean Square Error (MSE) 0.0000180  0.0000020  0.0000171  0.0000180 0.0000004 0.0000160 0.0000231  0.0000096  0.0000147  0.0000020  0.0000166  0.0000020  0.0000012
RMSE 0.0042461  0.0014021 0.0041331  0.0042417 0.0006236 0.0039962 0.0048019  0.0030969  0.0038287  0.0014056  0.0040709 0.0014080  0.0011007
MAPE (%) 1.096 0.445 1.348 1.356 0.172 1.336 1.289 0.935 1.071 0.450 1.357 0.450 0.346
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Figure 8.11: Boxplots of absolute errors between actual and predicted salt concentration during the
training stage at a) ML1, b) ML2, ¢) ML3, and d) ML4 using all twelve surrogate models. Pink dots

indicate outliers.
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The boxplots of absolute error between the observed and computed values for all
MLs during the surrogate model training are given in Figure 8.11. The absolute error

close to zero indicates a better-performing model.

Different MLs had different surrogate models that outperformed amongst each
other. Hence, to further narrow it down and choose the best performing models, Shannon's
Entropy weights (EW) were used to rank the model (Sharan et al., 2024b). EW method
was applied to identify the best-performing surrogate model based on their assigned
weights (Sharan et al., 2024b). A higher EW for a performance metric signifies a stronger
influence on determining the weight of individual models. In other words, larger EW
values indicate that the corresponding performance metric plays a more significant role
in the decision-making process. The EWs for each prediction model were calculated to
rank their effectiveness in predicting salt concentrations across four MLs. The ranking of

the models was determined entirely by their EWs, as presented in Table 8.4.

Table 8.4: Entropy weight of the individual prediction models. Source (Sharan et al., 2024b).

Standalone ML1 ML2 ML3 ML4
models EW Rank EW Rank EW Rank EW Rank
ANFIS 0.745 7 0.605 9 0.425 9 0.191 7

ANN 0.918 1 0.436 11 0915 1 0.598 2
MARS C 0.697 8 0.994 1 0.423 10 0.151 10
MARS L 0.572 9 0.820 5 0.300 12 0.125 11

AMS Bayesian ~ 0.912 2 0.639 8 0.444 7 0.806 1

AMS ASHA 0.877 5 0.926 2 0.505 6 0.201 6
Bi-LSTM 0.533 11 0.315 12 0.542 5 0.093 12
GMDH 0.508 12 0.815 7 0.351 11 0.172 8
GPR 0.891 4 0.817 6 0.673 4 0.238 5
PLR 0.904 3 0.833 4 0.822 3 0.525 3

RF 0.549 10 0.446 10 0.442 8 0.152 9
SVR 0.816 6 0.865 3 0.840 2 0.341 4

EW = Entropy Weight, ANFIS = Adaptive Neuro Fuzzy Inference System, ANN = Artificial Neural
Network, MARS C = Multivariate Adaptive Regression Spline with Piecewise Cubic Spline, MARS L =
Multivariate Adaptive Regression Spline with Piecewise Linear Spline, AMS Bayesian = Bayesian
Optimization tuned Automatic Model Selection, AMS ASHA = Asynchronous Successive Halving
Algorithm tuned Automatic Model Selection, Bi-LSTM = Bi-directional Long Short term Memory
Network, GMDH = Group Method of Data Handling, GPR = Gaussian Process Regression, PLR =
Probabilistic Linear Regression, SVR = Support Vector Regression.

The top 5 ranked surrogate models (Table 8.4) were used to form surrogate

ensemble models for each ML. The prediction results of surrogate ensemble models are
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shown in Figure 8.12. The performance of each ensemble is also shown in Table 8.3. The
ensemble outperforms standalone surrogates. The surrogate ensemble for ML4 (Figure
8.12d) did not predict the variations as shown by other surrogate ensembles for MLs 1-3.
However, the results of all surrogate ensemble models performed better than the

standalone surrogate models.
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Figure 8.12: Observed versus predicted salt concentrations using surrogate ensemble models at
a) ML1, b) ML2, ¢) ML3 and d) MLA4.

8.5.3 Digital Twin

The four surrogate ensembles for each ML were linked with MOGA to develop a
multi-objective saltwater intrusion management model (simulation-optimisation model;
S-O) for the Tagabe coastal aquifer. The management model aimed to balance two
conflicting objectives: maximising production well pumping while minimising barrier
well pumping. The optimisation process was constrained by the requirement to maintain
salt concentrations below a specified maximum (0.5 kg/m?) at various MLs. Multiple
simulations were conducted using different combinations of parameters, with the optimal
values applied to the optimisation framework. The results from the S-O model were used
to make informed decisions in managing the freshwater pumping rates at Tagabe coastal
aquifer. The 3D numerical simulation model results, surrogate ensemble model results,

and S-O model results were used as a DT for Tagabe coastal aquifer. The DT working
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framework is given in Figure 8.3. The scenarios tested under DT are given in Section
8.4.5. The different illustrative field sensors triggered and fed the data to the S-O model

were simulated.

Initially, a S-O model was developed based on a maximum allowable salt
concentration of 0.5 kg/m® (Sharan et al., 2024b). In this chapter for scenario 1, the
sensors triggered and sent the data indicating that the maximum salt concentration was
decreased from 0.5 kg/m® to 0.45 kg/m’. Hence, optimal pumping rates need to be
simulated based on the new concentration data received by the DT. The population size
of 2000 executed 16000 generations to achieve the Pareto optimal solutions. The
crossover and mutation rates were set at 0.92 and 0.1, respectively. The migration
parameter was set to move in a forward direction with a fraction of 0.2 and an interval of
20. A population fraction of 0.7 was applied to the Pareto front, yielding 1400 non-
dominated optimal solutions out of 2000 individuals (2000 x 0.7). Both the function and
constraint tolerances were established at 1 x 10 The optimisation process required 7286
seconds to reach convergence and simulate the optimal solutions. The Pareto optimal
generated for scenario 1 is given in Figure 8.13a. The maximum pumping from all bores
in Tagabe aquifer with a maximum salt concentration of 0.45 kg/m? is predicted as 11500
m?/d with 219 m?/d extraction from the barrier well. Increasing the pumping from
production wells will also increase the pumping from barrier wells, as shown in Figure

8.13a.

Similarly, the Pareto optimal fronts for scenarios 2-5 were generated using the same
method and optimisation algorithm as used for scenario 1. However, the maximum
allowable salt concentrations varied as triggered by the illustrative sensors from the field.
The Pareto optimal fronts for scenarios 2-4 are shown in Figure 8.13b-e, respectively.
The optimisation time taken to generate the Pareto optimal fronts for scenarios 2-5 was
11353 s, 16532 s, 16577 s and 18655 s, respectively. Increasing the allowable salt
concentration took more time than the lower concentration constraint. The maximum
production well pumping for scenarios 2-5 are 15107 m?/d, 17317 m%/d, 10044 m*/d and
15155 m>/d, respectively. Similarly, based on these maximum production well pumping,
the barrier well pumping for scenarios 2-5 are 280 m*/d, 202 m*/d, 293 m’/d and 269

m*/d, respectively.
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Figure 8.13: Pareto optimal fronts of the linked simulation-optimisation management models based on different scenarios for digital twin models. a)
Scenario 1 with a maximum allowable salt concentration of 0.45 kg/m3, b) Scenario 2 with a maximum allowable salt concentration of 0.55 kg/m3,
¢) Scenario 3 with a maximum allowable salt concentration of 0.75 kg/m3, d) Scenario 4 with a maximum allowable salt concentration of 0.90
kg/m3, e) Scenario 5 with a maximum allowable salt concentration of 1.15 kg/m3.
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Roy and Datta (2017a; 2017b) and Lal and Datta (2018) used a similar approach to
simulate the Pareto optimal fronts. However, they compared a small number of surrogate
models (fewer than five) and created ensembles from them. In contrast, this study
developed and compared a total of 12 surrogate models. The five top-performing models
identified through Shannon’s Entropy-based decision theory were then used to create a
weighted-average ensemble model. Previous studies, such as those by Bhattacharjya and
Datta (2005) and Hussain et al. (2015), applied a linked S-O technique but relied on single
surrogate models combined with optimisation algorithms. By incorporating multiple
surrogates into an ensemble, this study reduced the uncertainty in predicting salt
concentrations. The ensembles developed here outperformed standalone surrogate
models significantly. Moreover, this is the first time the multiple surrogate ensemble and

S-O model have been used to develop a DT model for a coastal aquifer.

Pareto-optimal pumping values can be shared with groundwater users of Tagabe
coastal aquifer through collaboration with the local government, water managers, and
municipal offices. These optimal rates would be communicated via smart information
boards powered by IoT installed near the nested bore networks. The boards would display
recommended pumping rates for various scenarios. By integrating machine learning,
smart sensors, DT, and smart information boards, this approach minimises the need for
remote travel, reduces costs and time, and enhances the sustainable management of

groundwater resources in the Tagabe aquifer and beyond.

8.5.4 Validation of Pareto optimal fronts

The performance of the surrogate-based saltwater intrusion management model was
evaluated by examining its ability to meet the predefined constraints. The results
demonstrated that the saltwater concentrations predicted by the optimisation model,
which utilised surrogate models, consistently remained below the maximum permissible
levels at all monitoring locations. This indicates that the model successfully adhered to
the constraints without any violations throughout the optimisation process. Furthermore,
the saltwater concentrations were found to be close to the specified limits, suggesting that

the optimisation model effectively converged near the upper bounds of the constraints.
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Table 8.5: Validation of Pareto optimal front solutions with the numerical simulation model for all five scenarios of the digital twin approach.

] ML1 ML2 ML3 ML4
Scenario Solution “Ngny SEM RE NSM SEM RE NSM SEM RE NSM SEM RE
Number —o/m’)  (kgim®) (%) | kgmd) (kgm)) (%) | kgm’) (kgmd) (%) | kgmd)  (kgmd) (%)

1 0.297 0.320 7.858 | 0.296 0.283 4340 | 0.296 0.295 0479 | 0.296 0.325  9.710

2 0.300 0.320  6.549 | 0.297 0.287  3.424 | 0.297 0.299  0.808 | 0.296 0325  9.677

1 3 0.301 0.320 6364 | 0.297 0.288  3.110 | 0.297 0.300  0.970 | 0.296 0.325  9.642
4 0.301 0.320 6289 | 0.297 0.288 2968 | 0.297 0.300  0.921 | 0.297 0.325  9.637

5 0.301 0.320 6250 | 0.297 0.288 2.876 | 0.297 0.300  0.944 | 0.297 0.325  9.627

1 0.297 0.326  9.630 | 0.296 0.283  4.244 | 0.296 0.300 1.078 | 0.296 0315  6.322

2 0.297 0.326  9.630 | 0.296 0.290  2.181 0.296 0.300 1.185 | 0.296 0310  4.635

2 3 0.299 0.326  9.042 | 0.297 0.287  3.231 0.297 0.300 1.020 | 0.296 0.320  7.999
4 0.300 0.326  8.661 0.297 0.289  2.652 | 0.297 0.300  0.986 | 0.296 0.320  7.981

5 0.299 0.326  8.893 | 0.297 0.288  3.015 | 0.297 0.300 1.023 | 0.296 0.320  8.010

1 0.301 0.330  9.737 | 0.297 0.287  3.415 | 0.297 0.300 1.051 | 0.296 0.326  9.958

2 0.301 0.330  9.715 | 0.297 0.282  5.026 | 0.297 0.300  1.038 | 0.296 0.326  9.842

3 3 0.300 0.330  9.820 | 0.297 0.289  2.839 | 0.297 0.300  1.076 | 0.296 0.325  9.736
4 0.297 0.325 9393 | 0.296 0.289 2222 | 0.296 0.300 1313 | 0.296 0.325  9.702

5 0.300 0.325 8467 | 0.297 0.289  2.497 | 0.297 0.300  1.147 | 0.296 0.325  9.691

1 0.301 0.326  8.463 | 0.297 0.284  4.442 | 0.297 0.300  1.010 | 0.296 0.325  9.750

2 0.299 0.325 8756 | 0.297 0.281 5207 | 0.297 0.300  0.996 | 0.296 0.325  9.779

4 3 0.300 0.326  8.748 | 0.297 0.288  3.002 | 0.297 0.300  1.037 | 0.296 0.325  9.768
4 0.297 0.324 9223 | 0.296 0.287 3215 | 0.296 0.300  1.208 | 0.296 0.325  9.797

5 0.297 0.327  9.954 | 0.296 0.290 2.177 | 0.296 0.300  1.183 | 0.296 0.325  9.791

1 0.300 0.321 7.114 | 0.297 0.285  3.820 | 0.297 0.300  1.086 | 0.296 0.325  9.697

2 0.297 0.322 8331 | 0.296 0.282  4.754 | 0.296 0.300  1.177 | 0.296 0.325  9.700

5 3 0.300 0.324  8.081 | 0.297 0.288 2942 | 0.296 0.300  1.169 | 0.296 0.325  9.697
4 0.297 0.326  9.897 | 0.297 0.284  4.470 | 0.296 0.300  1.150 | 0.296 0.325  9.678

5 0.297 0.325 9282 | 0.296 0.286 3314 | 0.297 0.300  1.012 | 0.296 0.325  9.708

NSM — Numerical simulation model; SEM = surrogate ensemble model; RE = absolute relative error between the simulated and the predicted
salt concentrations; ML = Monitoring location; C = Concentration
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The Pareto fronts generated by the surrogate ensemble-CEMOGA optimisation
models at each ML were verified and validated. To achieve this validation, five randomly
selected production and barrier well pumping solutions were added as inputs into the 3D
numerical model. The resulting salt concentrations from the numerical model were then
compared with the salt concentrations predicted by the S-O model. The outcomes of this
validation process are presented in Table 8.5. The relative error (RE) between the
observed and computed ranges between 0.5 to 9.99%. The RE is less than 10%, indicating

that optimal solutions converged for the upper limit of the constraints.

The results of this study align with those reported by Roy and Datta (2017b), who
indicated that relative errors below 10% are suitable for devising an optimal management
strategy using an integrated S-O approach. Therefore, it can be concluded that the
machine learning-based surrogate ensemble model developed in this study could serve as
an effective substitute for the complex nonlinear, density-dependent SEAWAT model in
optimising groundwater management for the Tagabe coastal aquifer. Furthermore, this

methodology could potentially be applied to other aquifers as well.

The current chapter used the methodology developed by Sharan et al. (2024b).
Hence, some of the results overlap. The limitation of this study was the small dataset used
to train the surrogate models with 130 input-output patterns. Hence, deep learning models
did not perform well during the training and testing stages. Moreover, the illustrative
sensors were used during the development of the digital twin for Tagabe coastal aquifer
instead of real sensors. Getting government approvals from Vanuatu, the cost of buying
the sensors, smart water quality meters, solar panels and other types of equipment needed
to feed data from the field to the virtual space (virtual Tagabe aquifer) was not available.
Hence, the digital twin was developed using illustrative data. In the future, with funding,

the illustrative sensors and scenarios will be replaced with actual sensors and field data.

8.6 Summary and Conclusions

Saltwater intrusion (SWI) is a major environmental concern for coastal aquifers in
Pacific Island countries, including Port Vila and Vanuatu. Based on current pumping
regimes, sea level rise and anthropogenic activities, Tagabe coastal aquifer would have
SWI as demonstrated by the 3D numerical model simulation model in this study. To
manage SWI in Tagabe coastal aquifer, optimal pumping patterns were generated using

machine learning-based surrogate ensemble models and simulation-optimisation
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management model (S-O). The S-O model was later used to create the digital twin (DT)

of Tagabe coastal aquifer.

The current study developed a digital twin (DT) framework for Tagabe coastal
aquifer. The DT was developed using a 3D numerical simulation model, surrogate and
ensemble models and S-O. The DT framework was designed and linked using the
illustrative field data. Due to funding constraints and government approvals, the real field
sensors were not placed in Tagabe coastal aquifer. Hence, illustrative sensors were used
to generate five different scenarios. These illustrative sensors triggered and sent the data
from the physical space (Tagabe aquifer) to the virtual space with changes in the salt
concentration values at different MLs. Based on these illustrative data, the maximum
allowable salt concentrations for scenarios 1 to 5 were 0.45, 0.55, 0.75, 0.90, and 1.15
kg/m3, respectively. Using these allowable salt concentrations and maximum and
minimum pumping values, the simulation model (surrogate ensemble) was optimised

using Controlled Elitist Multiple Objective Genetic Algorithm.

The S-O gave Pareto optimal fronts or solutions that could be used to maximise the
pumping from the production wells and minimise the pumping from the barrier wells.
Five sets of Pareto optimal fronts were generated for each constraint (different salt
concentrations). Scenario 3 (concentration of 0.75 kg/m3) gave higher pumping (17,317
m3/d) from the production wells and lowest pumping (202 m3/d) from the barrier wells,
compared with other scenarios. However, the selected compromise solutions or the Pareto
frontier (knee of the curve) of generated optimal solutions kept on increasing as the
maximum allowable salt concentrations increased. Hence, scenario 5 had the higher
Pareto frontier or solutions of 31,676 and 5,000 m3/d pumping from production wells and
barrier wells, respectively. The results from the S-O model were validated using randomly
selected solutions from each scenario. The relative error was less than 10% when outputs

from the numerical model were compared with the outputs from the S-O model.

To the best of the current knowledge, the application of DT in managing SWI has
not been applied before. The results from the study indicated that DT works for a coastal
aquifer in managing the SWI. The methodology developed and implemented in this study
is of global significance and could be used to manage water resources wisely. The study
demonstrated that the DT is vital in predicting future scenarios, changes in pumping

patterns and other uncertainties. DT helped attain outcomes based on feedback
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information from continuous monitoring with sensors with a smaller time interval (a
month in this study). Overall, the study demonstrated that DT helps modify management

strategies more efficiently and effectively based on field data transmitted back.

Using the DT of an aquifer offers a powerful tool for enhancing water resource
management and sustainability. By creating a virtual replica of the aquifer, this
technology allows for real-time monitoring, simulation, and analysis of the aquifer's
behaviour under various conditions. This helps in understanding complex hydrological
processes, predicting the impacts of human activities and climate change, and optimising
water extraction and conservation strategies, as demonstrated by the results in this study.
The DT can integrate data from sensors, historical records, and predictive models to
provide actionable insights, leading to more informed decision-making and improved

management of vital water resources.

The use of field smart sensors, smart water quality meters, smart information boards
and other components of DT would be considered for future scope of work in Tagabe

coastal aquifer, including other Pacific Island countries.

The next chapter summarises the overall thesis findings and provides

recommendations, limitations and future scope of work.
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Chapter 9: Conclusions and Recommendations

9.1 Conclusions

Saltwater intrusion (SWI) is a significant threat to coastal aquifers for small Pacific
Island countries (PICs). The major causes of SWI in PICs coatal aquifers are
anthropogenic and natural factors. Hence, the main goal of this thesis was to develop
more efficient, reliable, and robust mathematical, machine learning, simulation-
optimisation, and digital twin models for managing SWI of Pacific Island coastal aquifers
for the long-term sustainability of groundwater resources. This thesis also examined the

anthropogenic factors and natural disasters affecting groundwater resources PICs.

To wunderstand and validate how anthropogenic and natural factors affect
groundwater resources in PICs, the climate change effects and freshwater over-
abstraction on groundwater resources in Tonga have been analysed using climate and
groundwater data. The findings reveal that increased groundwater pumping in Tongatapu
has led to higher salinity levels over 42 years. In comparison, long-term rainfall and net
recharge have declined over 61 years due to reduced rainfall and rising atmospheric heat
from CO» emissions. Rising sea levels have also increased the SWI rates, contaminating
coastal aquifers. CO, emissions have surged, threatening groundwater quality. To manage
groundwater and make informed decisions, there is a need for 3D and Al-based (machine
learning) models to understand SWI and provide critical insights for reducing abstraction
rates, lowering carbon footprints, and addressing climate change, benefiting both Tonga

and the global scientific community.

The SWI and climate change problem has been identified through a thorough
literature review and quantitative data analysis for PICs. To develop a methodology that
can effectively manage the SWI, a 3D numerical simulation model was developed for an
illustrative study area in the context of the PICs aquifer system. Initially, an actual aquifer
and pumping locations were treated as illustrative study areas because the hydraulic head
and some pumping data were unavailable to calibrate and validate the model. However,
some hydrogeological parameters and boundary conditions were from the field data. The
multi-species solute and heat transport module, SEAWAT, was used to model the study
area. Seven different scenarios and sensitivity analyses were modelled and tested using
SEAWAT. The scenarios that provided the best SWI management strategies were using
injection wells (IWs) to pump freshwater near the toe of the saltwater wedge, increasing
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the recharge of the system, using barrier wells (BWs) and decreasing or increasing the
hydraulic conductivities. The location of placing the BWs is essential, and it can be
achieved by placing the wells within the model domain using the trial-and-error method
and simulating the lowest salt concentrations at various monitoring locations and
pumping wells. Furthermore, the sea level rise (SLR) by 0.3 to 1 m was also simulated to
see the effect of the SWI rates, and the results indicated that the SLR by 0.3 to 1 m did
not substantially impact SWI rates. However, SLR above 1 m would be an issue for

coastal aquifers.

In addition, further modelling and heterogeneity of the aquifer need to be tested and
used so that the actual geology of the aquifer is modelled. Hence, the hydraulic
conductivities were randomised to test the heterogeneity and use field-like soil
characteristics. The use of randomised hydraulic conductivities (RHCs) in the SEAWAT-
based numerical simulation model was developed for three different hydraulic
conductivity (K) ranges. Random integers and Halton sequence techniques were used to
generate more than 10000 random values of K for the range K-1=15 m/d to 25 m/d, K-2
=5 m/d to 40 m/d and K-3 =2 m/d to 100 m/d. All three ranges of K were generated in
MATLAB. The K values were imported in MODFLOW, and the SEAWAT was
simulated. The study area, Suva, Fiji, was chosen to run the 3D model using RHCs.
However, the study area was treated as an illustrative study area due to the unavailability
of the groundwater data. However, some hydrogeological parameters, boundary
conditions, elevations and raster data were taken from Suva. The results indicated that
using the RHCs reduces the computational burden on numerical simulation models. Also,
the realisation of the hydraulic conductivities was included in the model simulations,
which made the study area heterogeneous and realistic. Also, the SEAWAT code was
successfully applied, showing that the numerical model converges using heterogeneous

and anisotropic randomised hydraulic conductivities.

After successfully developing and simulating the 3D numerical model using the
SEAWAT code for the illustrative study area, a similar methodology was applied, and a
3D model was developed for a real study area. The study focused on managing SWI in
the Tagabe coastal aquifer, which mainly supplies groundwater in Port Vila, Vanuatu. A
SEAWAT-based numerical model was developed, calibrated, and validated using field
data, making it the first of its kind in Vanuatu. The model tested various scenarios and

revealed that combining BWs and IWs is the most effective strategy to mitigate SWI.
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Additionally, SLR impacts were modelled for a projection up to 2043, showing minimal
effects under the current estimates but highlighting the need for long-term modelling to
account for higher SLR and uncertainties. However, excessive pumping from BWs poses
an issue when disposing of abstracted saline water. Similarly, excessive pumping from
production wells (PWs) could increase SWI rates. Hence, the BW and PW pumping needs

to be optimised.

To manage the SWI effectively, the optimal SWI management strategies were
developed using a linked simulation-optimisation (S-O) technique that provided optimal
management strategies for managing SWI in the Tagabe coastal aquifer. S-O
methodology was developed using a surrogate ensemble modelling approach where
twelve surrogate models were trained with the input-output patterns from the SEAWAT-
based numerical simulation model. Using Shannon's entropy weight (decision theory),
the top five surrogates were ranked and selected to form an ensemble model for each
monitoring location. All the ensemble models performed exceptionally well compared
with standalone surrogates. Later, the ensemble models were externally linked in
MATLAB with the Controlled Elitist Multiple Objective Genetic Algorithm (CEMOGA)

to optimise the saltwater intrusion management solutions.

The constraints fixed for the S-O model were maximising the pumping from the
PWs, minimising the pumping from the BWs, and maintaining the maximum allowable
salt concentrations at each monitoring location. Conflicting constraints were easily solved
with the S-O methodology developed in this study. The S-O model gave Pareto optimal
front solutions, maximising the pumping from PWs and minimising the pumping from
BWs. Five random pumping values (Pareto solutions) were fed into the numerical
simulation model, and the same was fed into the surrogate ensemble model to verify the
Pareto optimal solutions. The results indicated that both models' salt concentrations

(outputs) had a minimal relative error of less than 7%, satisfying the constraints.

In addition, the multi-objective S-O model results indicated that using machine
learning in groundwater modelling is a robust tool for predicting the SWI in Tagabe
coastal aquifer. Using surrogate ensemble models reduced the computational burden and
exertions during optimisation. The results also indicated that training different machine
learning surrogates with limited datasets was also successful. The S-O management

model also proved to be robust in generating optimal solutions for managing the saltwater
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intrusion in Tagabe coastal aquifer. However, using feedback from the field, testing
different uncertainties and passing optimal SWI management strategies in the field was
lacking in the S-O model alone. Hence, a replica of Tagabe coastal aquifer was developed

that could easily solve these issues.

A digital twin (DT) model (virtual replica) of the Tagabe coastal aquifer was
developed, incorporating a 3D numerical model, surrogate ensemble models, and the S-
O approach. Due to funding constraints, illustrative field sensors were used to generate
scenarios that simulated salt concentration changes and triggered data transmission from
the physical to the virtual space. The DT optimised pumping strategies using a CEMOGA,
generating Pareto optimal solutions for different maximum allowable salt concentrations
(0.45, 0.55, 0.75, 0.90 and 1.15 kg/m?; Scenarios 1 to 5, respectively). Scenario 3 (0.75
kg/m?) provided an optimal balance with 17,317 m?*/day from production wells and 202
m?/day from barrier wells. Higher salt concentration scenarios increased pumping rates
but required more from barrier wells. The DT framework was validated with a relative

error of less than 10%, demonstrating its reliability and accuracy for managing SWI.

This innovative application of DT for SWI management showcases its global
potential for sustainable water resource management. By creating a virtual replica of the
aquifer, the DT enables real-time monitoring, simulation, and optimisation of water
extraction strategies. It proved vital for predicting future scenarios, adjusting management
plans, and efficiently addressing uncertainties. The DT can improve decision-making and
resource conservation by integrating smart sensors and feedback loops. This thesis's
various studies (chapters) proved that numerical models, surrogate ensemble models, S-
O models, and digital twin models successfully manage the SWI in coastal aquifers. The
SWI management strategies can guide policymakers, water managers, and stakeholders
in protecting groundwater resources and optimising sustainable freshwater extraction in
PICs. A similar methodology could be applied in other parts of the world where

groundwater is used.

9.2 Limitations and future scope of work

The present study used illustrative study area, simulated-synthetic data, real study
area and field data to develop numerical and machine learning-based models. One of the
major limitations was the availability of the groundwater data. Due to the unavailability

of quality and complete data, the study areas were treated as an illustrative study area.
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Moreover, the limited data on groundwater standing water levels, pumping, and
hydrogeological parameters further stressed the calibration and validation of 3D
numerical simulation models. Secondary data, such as salt concentration in calibration
and validation, was used to improve model calibrations further. Furthermore, a limited
borelog was available that was used to gather hydrogeological parameters and other
ground stratigraphy. A larger dataset with quality data is needed for developing,

calibrating and validating complex and heterogeneous groundwater models.

Another limitation of this study was the small dataset (130 input-output patterns)
used to train the surrogate models. Hence, deep learning models did not perform well
during the training and testing stages. It is recommended that larger input-output patterns
be used to train surrogate ensemble models and compare their results. Moreover,
automating the numerical model in fetching the input data from a folder, simulating the
model, and adding the corresponding outputs in the same folder is also recommended to

save an immense amount of time when generating input-output patterns.

Moreover, the illustrative sensors were used during the development of the digital
twin for Tagabe coastal aquifer instead of real sensors. Getting government approvals
from Vanuatu, the cost of buying the sensors, smart water quality meters, solar panels and
other types of equipment needed to feed data from the field to the virtual space (virtual
Tagabe aquifer) was not available. Hence, the digital twin was developed using

illustrative data.

In future, with funding, the illustrative sensors and scenarios will be replaced with
actual sensors and field data. Future work aims to implement smart water quality meters,
information boards, and sensors in the Tagabe aquifer and other Pacific Island nations,
enhancing the scope and effectiveness of DT in managing coastal aquifers. In future, other
constraints could be considered in the S-O methodology to manage SWI. For instance,
minimising the recharge, maximising the evapotranspiration and salt concentrations at
monitoring locations, using other optimising algorithms and using larger input-output

data sets in training and testing surrogate and ensemble models.
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Appendix A

Figure A1: The 56 locations of freshwater wells in Tongatapu.

Table A2: Groundwater well locations in Tongatapu. Source (White et al., 2009)

Location No. of Wells | Longitude Latitude
Niutoua 45 -175.048 -21.150
Afa 57 -175.058 -21.138
Kolonga 49 -175.074 -21.141
Manuka 62 -175.093 -21.133
Navutoka 56 -175.104 -21.137
Talafo'ou 61 -175.113 -21.139
Makaunga 59 -175.117 -21.148
Nukuleka 254 -175.115 -21.143
Hoi 47 -175.110 -21.163
Lapaha 37 -175.110 -21.184
Tatakamatonga 18 -175.118 -21.188
Alakifonua 53 -175.135 -21.204
Holonga 190 -175.142 -21.197
Malapo 55 -175.154 -21.204
Pelehake -175.135 -21.221
Airport township 9 -175.134 -21.238
Fua'amotu 268 -175.137 -21.251
Fua'amotu 182 -175.140 -21.256
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Location No. of Wells | Longitude Latitude

Nakolo 40 -175.125 -21.265
Hamula 256 -175.114 -21.252
Haasini 42 -175.110 -21.249
Lavengatonga 236 -175.111 -21.232
Fatumu 14 -175.110 -21.213
Haveluliku 50 -175.106 -21.200
Vaini 5 -175.166 -21.201
Vaini 29 -175.181 -21.190
Longoteme 76 -175.171 -21.176
Nukuhetulu 81 -175.194 -21.166
Folaha 78 -175.185 -21.174
LDS Nualei 252 -175.195 -21.188
Veitongo 201 -175.210 -21.190
Haateiho 83 -175.231 -21.182
Pea 88 -175.242 -21.170
Utulau 250 -175.271 -21.188
Ha'alalo 162 -175.280 -21.183
Ha'akame 163 -175.285 -21.180
Houma 166 -175.300 -21.166
Vaotu'u 66 -175.313 -21.157
Ha'utu 157 -175.330 -21.140
Kala'au 156 -175.338 -21.138
Ha'avakatolo 155 -175.342 -21.107
Fo'ui 152 -175.333 -21.126
Masilamea 68 -175.326 -21.127
Matahau 147 -175.318 -21.144
Te'ekiu 65 -175.320 -21.131
Nukunuku 144 -175.302 -21.136
Fatai 133 -175.278 -21.139
Lakepa 134 -175.278 -21.143
Matangiake 139 -175.273 -21.164
Kahoua 170 -175.269 -21.161
Lomaiviti 192 -175.258 -21.169
Tokomololo 86 -175.250 -21.174
Hofoa 89 -175.230 -21.134
Vaini 3 -175.174 -21.200
Puke 217 -175.242 -21.133

Sia'atoutai 93 -175.258 -21.138
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