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Abstract  Saltwater intrusion (SWI) poses a signifi-
cant 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 illus-
trative scenarios based on varying salt concentrations 
(0.45, 0.55, 0.75, 0.90, and 1.15  kg/m3; Scenarios 1 
to 5, respectively). The results indicated that scenario 
3 (salt concentration of 0.75 kg/m3) led to the highest 
pumping rates from production wells (17,317 m3/d) 
and the lowest from barrier wells (202 m3/d), while 
scenario 5 showed maximum pumping of 31,676 
m3/d from production wells and 5000 m3/d from bar-
rier wells. The S–O model results were validated with 
less than 10% relative error compared to the numeri-
cal model outputs. To the author’s best knowledge, 
the application of DT in managing SWI has not been 
applied before. This study is the first to apply a DT 
framework for managing SWI in coastal aquifers, 
showcasing its potential for predicting future sce-
narios and optimising water management strategies. 
The results from the study indicated that DT can be 
successfully employed in a coastal aquifer for manag-
ing the SWI. The methodology developed and imple-
mented in this study is of global significance and could 
be used to manage water resources wisely. The study 
demonstrated that with the help of the S–O approach, 
the DT is vital in predicting future scenarios, changes 
in pumping patterns, and other uncertainties.
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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 tech-
niques and methodologies are designed to tackle 
SWI. However, the severity of the problem keeps on 
increasing with the changing climate, natural dis-
asters, and human activities. Different strategies for 
managing SWI in coastal aquifers are needed. How-
ever, accessing the field data is becoming costly and 
time-consuming. Hence, developing the SWI man-
agement 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 per-
sonal 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 manag-
ing SWI and water resources. Based on the literature 
search and the author’s best knowledge, manage-
ment of SWI using smart techniques has not yet been 
applied. 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 
author’s knowledge, the DT model has not been 
applied globally or in PICs’ SWI management pro-
cesses. The DT model is emerging as a transforma-
tive technology in various industries, offering unpar-
alleled opportunities for optimisation and innovation 
(Liu et al., 2021). Essentially, a DT is a virtual repre-
sentation of a physical asset, system, or process that is 
continuously updated with real-time data (Tao et al., 
2022). This dynamic model enables predictive analy-
sis, 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 & 
Celik, 2023).

DTs and virtual representations of physical sys-
tems 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 sensors 
monitored the groundwater table from rainfall varia-
tions, 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 identify-
ing areas needing pumping. By integrating forecasts, 
the system can predict potential groundwater table 
depths, visualise possible scenarios, and support deci-
sion-making processes regarding pumping or retain-
ing groundwater levels through automated messages 
or physical actions.

Henriksen et  al. (2023) developed and imple-
mented the hydrological information and prediction 
(HIP) system in Denmark. The authors used a combi-
nation of real-time data integration, advanced hydro-
logical models, and machine learning techniques to 
create a DT that can dynamically update and predict 
hydrological conditions. The study area covered vari-
ous 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 plan-
ners, water supply workers, and environmental con-
sultants. The authors reported that their study high-
lighted the effectiveness of the HIP DT in improving 
climate change adaptation, water management, dis-
aster risk reduction, and 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 (AI), geo-
logical, and 3D software to formulate a DT model. 
Their study focused on surface water hydrology, spe-
cifically 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 



Environ Monit Assess (2025) 197:1148	 Page 3 of 25  1148

Vol.: (0123456789)

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 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 
the DT by integrating various data sources, includ-
ing IoT, sensors, remote sensing data, field measure-
ments, 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 the DT could pro-
vide 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 environ-
mental 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 
TMVOCBio (finite volume numerical simulator) 
multi-phase multi-component multi-microbe trans-
port phenomena at a Darcy scale to mimic the sig-
nificant 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 subsur-
face processes, providing a detailed and reliable rep-
resentation 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 rec-
ommended further developing and applying DT for 
complex subsurface systems to enhance decision-
making and management strategies for contaminated 
sites, emphasising the benefits of detailed computa-
tional approaches for environmental monitoring and 
restoration.

The application of DT in groundwater is grow-
ing, yet minimal. However, DT has been applied in 

other disciplines extensively (e.g. Ayani et al., 2018; 
Uhlemann et al., 2018; Cai et al., 2017; Bottani et al., 
2017; Lindstrom et  al., 2017; Silva et  al., 2023). 
These studies have shown the exploration and appli-
cation of the DT paradigm across various domains of 
manufacturing and production systems. These stud-
ies collectively emphasise the integration of real-time 
data acquisition, sensor data fusion, and cyber-physi-
cal systems to create virtual representations, or DTs, 
of physical entities. This integration enhanced opera-
tional efficiency, predictive maintenance, and system 
optimisation.

SWI in coastal aquifers is a highly dynamic and 
spatially complex process influenced by sea level 
rise, groundwater extraction, recharge variability, and 
aquifer heterogeneity. Traditional numerical models, 
though powerful, often struggle to provide real-time 
insights or require frequent recalibration as system con-
ditions change. DT technology, which creates a real-
time, continuously updated virtual representation of a 
physical system, offers a promising new paradigm for 
managing SWI. By integrating sensor data, simulation 
models, and predictive analytics, DTs allow for adap-
tive decision-making, scenario testing, and early warn-
ing of potential intrusion events. Despite its growing 
use in water supply and infrastructure management, the 
application of DT to SWI remains largely unexplored. 
This study addresses this gap by demonstrating how a 
DT framework can enhance monitoring, forecasting, 
and decision support for managing salinisation risks in 
vulnerable coastal aquifers.

The application of DT in SWI management in 
coastal aquifers has not been applied yet. Hence, this 
paper 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, vari-
ous machine learning algorithms, surrogate ensemble 
models, and optimisation algorithms to design a DT. 
The detailed steps in the DT model development are 
given in the section. The DT developed in this study 
will be used to predict various scenarios for manag-
ing 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.
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Methodology

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, contribut-
ing 35.5% to its GDP in 2019, alongside agriculture, 
fishing, and forestry (WTTC, 2021). Despite these 
economic drivers, Vanuatu faces significant chal-
lenges from natural disasters and climate change, 
leading the government to focus on resilience-build-
ing measures (CRCP, 2021; Sharan, 2023; VMGD, 
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 nota-
ble for its volcanic features, such as the Yasur vol-
cano, limestone formations created by marine organ-
isms, 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 sus-
ceptibility to natural disasters, highlights the need for 
integrating climate adaptation and disaster risk reduc-
tion into a development plan.

The methodology developed in this study was 
applied to the Tagabe coastal aquifer in Vanuatu. The 
location of the study area is shown in Fig.  1. Eight 
freshwater wells (B1–B8) pump the freshwater from 
the Tagabe coastal aquifer, which supplies water in 
Port Vila. The model boundary or catchment was 
selected based on the geology and water feeding into 
the Tagabe coastal aquifer. To minimise the SWI, 
six barrier wells (BW1-W6) were added near the sea 
boundary.

Fig. 1   Location of the study area
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3D numerical simulation model

Modelling the groundwater processes of a coastal 
aquifer is a complex and lengthy process because of 
its heterogeneity. Actuated field data from Tagabe 
coastal aquifer, including the hydrogeological param-
eters and boundary conditions, were used to develop a 
3D groundwater model. The Tagabe coastal aquifer is 
a complex, shallow, and unconfined groundwater sys-
tem influenced by fractured volcanic geology, rainfall, 
and land use. It supplies water to residents, industries, 
and agriculture through eight production boreholes. 
The aquifer consists of two main layers—sand and 
gravel down to 80 m, underlain by limestone—and is 
recharged by the Sono and Tagabe rivers. Increasing 
urbanisation, tourism, and climate change are putting 
growing pressure on this vital water source, which 
spans an area of approximately 57 km2 (Sharan et al., 
2024a).

The groundwater data provided by the Department 
of Water Resources, Vanuatu, was Limited, consisting 
of bore pumping data from 2017 to 2022 and electri-
cal 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 man-
age SWI scenarios in the Tagabe coastal aquifer. The 
model was calibrated and validated using the salt con-
centration data (Sharan et al., 2024a). Table 1 details 

the boundary conditions and hydrogeological param-
eters used to develop the 3D model.

The 3D groundwater model was developed using 
flow and transport codes in Groundwater Model-
ling Systems software, explicitly using the SEAWAT 
code. SEAWAT simulates three-dimensional ground-
water flow in porous materials, accommodating vari-
able density and transient conditions by integrating 
MODFLOW (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 aqui-
fer was created with MODFLOW, covering a model 
domain of 7.50 km × 7.61 km × 0.1 km. A 3D finite-
difference grid with 100 × 100  m cells was used, 
consisting of two layers with different hydraulic con-
ductivities 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. Bound-
ary 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 northwest-
ern boundary connected to the ocean boundary.

Due to the lack of observed hydraulic head val-
ues 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 

Table 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; porosity = 0.35

Hydraulic conduc-
tivity, K = 25.5; 
porosity = 0.45

K = m/d; poros-
ity = dimen-
sionless

Layer 2 (limestone) Hydraulic conductivity, 
K = 35; porosity = 0.45

Hydraulic conductiv-
ity, K = 40; poros-
ity = 0.55

Recharge 0.0004 0.000271 m/d
Horizontal anisotropy 1 Dimensionless
Freshwater density 1000 kg/m3

Seawater density 1025 kg/m3

Saltwater concentration 35 kg/m3

Specific storage 0.000035 1/m
River conductance 1 m2/dm
Longitudinal dispersivity 30 m
Density/con. constant F 0.7143 Dimensionless
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for the Sono River and Tagabe River nodes were 
assigned accordingly, considering the presence of 
salinity in the aquifer. Boreholes B1–B8 (Fig.  1) 
were included in the model domain, with transient 
pumping values from 2017 to 2021. All hydrogeo-
logical parameters, boundary conditions, wells, 
pumping values, and head values were integrated 
into MODFLOW, and a 20-year steady-state simu-
lation was conducted to establish initial conditions.

SEAWAT was initiated for a 5-year period, uti-
lising 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 meth-
ods, adjusting initial salt concentrations, recharge 
values, hydraulic conductivities, and porosities 
(Sharan et al., 2024a). After calibration and valida-
tion, the model was simulated for the next 20 years 
(2022–2043), with the calibrated results serving as 
the base case for the study. The sensitivity analy-
sis was also carried out by changing the hydraulic 
conductivities and simulating the model (Sharan et 
al., 2024a). The calibrated model was also used to 
obtain output (salt concentrations) values at four 
monitoring locations (MLs) using randomly gener-
ated input (pumping) values. The four MLs were 
selected from the current production wells. Hence, 
ML1 = B1, ML2 = B3, ML3 = B7, and ML4 = B8 
(Fig. 1).

The 3D numerical model was run 130 times 
using different spatiotemporal pumping patterns 
to determine the salt concentration at four moni-
toring sites. These pumping 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 num-
ber of input–output patterns aimed to reduce com-
putational demands in the coupled S–O approach 
and to evaluate whether a small dataset, despite 
having 70 variables, could effectively and accu-
rately train the surrogate ensemble models.

Surrogate ensemble model

Machine learning-based surrogate and ensemble 
models were developed to replicate the 3D numerical 

simulation model of the Tagabe coastal aquifer. Vari-
ous machine learning and deep learning algorithms 
can be employed to build these surrogate and ensem-
ble models (Asher et  al., 2015; Song et  al., 2011). 
This study developed an ensemble of several surro-
gate models as approximations of the numerical sim-
ulation model. Notably, this study pioneers 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 ensem-
ble model.

The machine learning and deep learning algo-
rithms used to develop surrogate ensemble mod-
els were Artificial Neural Network (ANN), 
Support Vector Regression (SVR), Genetic Pro-
gramming (GP), MARS_C = Multivariate Adap-
tive Regression Spline with Piecewise Cubic 
Spline, MARS_L = Multivariate Adaptive Regres-
sion Spline with Piecewise Linear Spline, Proba-
bilistic Linear Regression (PLR), Random Forest 
Regression (RFR), Group Method of Data Han-
dling (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 men-
tioned above.

Model performance

Several performance evaluation criteria were 
employed to assess the surrogate models. These 
included the correlation coefficient or Pearson’s cor-
relation coefficient (R2) (PCC), 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). 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 rank-
ing the best surrogate models, the first five ranked 
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surrogates were used to form an ensemble model for 
each monitoring location.

Management model

Using the ensemble models developed in the “Surro-
gate ensemble model” section, a management model 
or simulation-optimisation (S–O) model was devel-
oped. The ensemble models were externally linked 
with the Controlled Elitist Multiple Objective Genetic 
Algorithm (CEMOGA) (Deb & Goel, 2001) to find 
the optimal groundwater management pumping val-
ues. The flow diagram of developing a management 
model using 3D numerical simulation and surrogate 
ensemble models is given in Fig. 2.

The management model developed in this study 
addresses a multi-objective problem with two con-
flicting 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. Accord-
ing 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 Eqs. (1) to (6) (Bhattacharjya & 
Datta, 2005).

(1)Maximise ∶ f1
(

QPW

)

=

∑N

n=1

∑T

t=1
Qt

PWn

Fig. 2   Flow diagram of 
linked simulation-optimisa-
tion management model
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Subject to

where PW = production well, BW = barrier well; 
where Qt

PWn

 = water extraction from the nth produc-
tion well during tth time steps; Qt

BWm

 = water extrac-
tion from the nth barrier well during tth time steps; 
Ci = saltwater concentrations at the ith MLs at the 
end of the management period; �() denotes the 

(2)Minimise f2
(

QBW

)

=

M
∑

m=1

T
∑

t=1

Qt
BWm

(3)Ci = �

(

QPW ,QBW

)

(4)Ci ≤ Cmax∀i

(5)QPWmin
≤ Qt

PWn
≤ QPWmax

(6)QBWmin
≤ Qt

BWn
≤ QBWmax

density-dependent coupled flow and salt transport 
surrogate model. The constraint given in Eq.  3 
shows the linking of the surrogate ensemble model 
with the optimisation model; the constraint given in 
Eq. 4 indicates the maximum allowable salt concen-
tration at various MLs; the constraints given in 
Eqs.  5 and 6 outline the upper and lower limits of 
the water abstraction from pumping and barrier 
wells, respectively.

Digital twin

In this study, the virtual representation of a coastal 
aquifer was used using the digital twin (DT) frame-
work. The DT framework and model design are 
shown in Fig.  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 the “3D 
numerical simulation model” section. Secondly, using 
the learning datasets, 12 surrogate and four ensemble 

Fig. 3   Digital twin framework of a coastal aquifer
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models were developed (the “Surrogate ensemble 
model” section). Thirdly, a management model (S–O 
model) was developed using the ensemble model, 
MOGA optimisation algorithm, and sets of con-
straints (Eqs. 1 to 6) (the “Management model” sec-
tion). These three models represent the virtual space 
component of the DT framework. The physical space 
of the DT framework represents the actual coastal 
aquifer (Tagabe coastal aquifer).

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 (Eqs.  1 to 6) are set, and the optimal 
management strategy is developed for managing the 
saltwater intrusion. Due to time, budget, and govern-
ment approval constraints, the smart sensors were not 
placed in Tagabe coastal aquifer. Instead, five illus-
trative sensor scenarios were developed using salt 
concentration thresholds of 0.45, 0.55, 0.75, 0.90, 
and 1.15  kg/m3. These values were chosen to simu-
late increasing severity of saltwater intrusion, rang-
ing from initial detection to high salinity levels. The 
thresholds were informed by (i) observed salinity 
ranges in the region based on historical groundwater 
data, (ii) conversion of chloride concentration bench-
marks from WHO and local guidelines, and (iii) pub-
lished values in similar coastal aquifer studies. This 
approach allowed the DT to be tested under realis-
tic conditions despite the absence of field-deployed 
smart sensors. 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 Fig.  3. 
These sensors fed the data daily to the computer hard-
ware, and based on this 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 sen-
sors, constantly monitoring the water levels, salinity, 
and rainfall rates in Tagabe coastal aquifer. These 
field data are transmitted using IoT to the surrogate 
ensemble model, which then re-runs and gives dif-
ferent sets of Pareto optimal fronts (optimal pump-
ing 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 Eqs. 1 
and 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 Eqs. 1 to 6, five scenarios 
were simulated using the DT for Tagabe coastal aqui-
fer. 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 sys-
tem 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 the following:

Scenario 1: The maximum allowable salt concen-
tration has decreased from 0.5 to 0.45 kg/m3. The 
concentration, 0.5  kg/m3, was estimated from the 
numerical model. Based on this new constraint, 
the total allowable salt concentration is 0.45  kg/
m3. However, the maximum (1200 m3/d) and mini-
mum pumping (0 m3/d) remain the same. The 12 
surrogates and four ensemble models developed in 
the “Surrogate ensemble model” section were used 
to optimise the pumping rate for this scenario. 
However, the Pareto optimal fronts were generated 
using the 0.45 kg/m3 allowable salt concentration 
at all MLs.
Scenario 2: The maximum allowable salt con-
centration has increased from 0.45 to 0.55 kg/m3. 
Based on this new constraint, the total allowable 
salt concentration is 0.55  kg/m3. However, the 
maximum (1200 m3/d) and minimum pumping (0 
m3/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/m3 allow-
able salt concentration at all MLs.
Scenario 3: The maximum allowable salt con-
centration has increased from 0.55 to 0.75 kg/m3. 
Based on this new constraint, the total allowable 
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salt concentration is 0.75  kg/m3. However, the 
maximum (1200 m3/d) and minimum pumping (0 
m3/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/m3 allow-
able salt concentration at all MLs.
Scenario 4: The maximum allowable salt con-
centration has increased from 0.75 to 0.9  kg/
m3. Based on this new constraint, the total allow-
able salt concentration is 0.9 kg/m3. However, the 
maximum (1200 m3/d) and minimum pumping (0 
m3/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/m3 allow-
able salt concentration at all MLs. 
Scenario 5: The maximum allowable salt con-
centration has increased from 0.9 to 1.1  kg/m3. 
Based on this new constraint, the total allow-
able salt concentration is 1.1 kg/m3. However, the 
maximum (1200 m3/d) and minimum pumping (0 
m3/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/m3 allow-
able salt concentration at all MLs.

These scenarios were simulated using four differ-
ent surrogate ensembles and the S–O model for differ-
ent constraints. The Pareto optimal front values were 

generated, and with the help of the local government, 
water managers, and local municipal office, these 
optimal pumping rates could be sent to the ground-
water 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 IoTs. These smart information boards 
would show the optimal pumping rates based on dif-
ferent scenarios. The use of machine learning, smart 
sensors, DT, and smart information boards will sig-
nificantly reduce remote travel, costs, and time and 
improve the sustainability of groundwater resources 
in Tagabe coastal aquifers and other aquifers as well.

Results and discussion

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 pump-
ing 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 Fig. 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 con-
centrations reaching up to 20  kg/m3 (20,000  mg/L). 
Moreover, Fig. 5 shows the cross-sections of the SWI 

Fig. 4   Numerical model simulated saltwater intrusion rates 
in Tagabe coastal aquifer with production bores (B1-B8): a 
length of saltwater intrusion after 5  years of current pump-
ing regimes in Tagabe; b length of saltwater intrusion after 

10  years of current pumping regimes in Tagabe; c length of 
saltwater intrusion after 20 years of current pumping regimes 
in Tagabe
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extents/lengths. These cross-sections clearly show 
when the saline water would reach the production 
wells (B1–B8). Hence, the water would not be suit-
able 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 was 
effective for managing SWI in Tagabe coastal aqui-
fer (Sharan et  al., 2024a). However, knowing the 
optimum pumping rates from barrier wells (BWs) 
and production wells (PWs) is challenging and can-
not be fully achieved by the numerical simulation 
model. Also, optimising the numerical simulation 
model would take an immense amount of computa-
tional time (Bhattacharjya & 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 mod-
els need to be developed initially to develop the DT.

Machine learning surrogate ensemble model

Twelve surrogate models were trained using the 
machine learning algorithms mentioned in the “Sur-
rogate ensemble model” section. Figures 6, 7, 8, and 
9 illustrate the actual versus predicted results dur-
ing 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 Figs. 6, 7, 8, and 
9. The majority of the surrogate models performed 
exceptionally well during the model training stage, 
with few giving poor prediction results. The follow-
ing 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 

Fig. 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; c length of saltwater intrusion after 20 years of current 
pumping rates in Tagabe
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Fig. 6   Actual versus predicted salt concentrations of monitor-
ing location 1 (ML1) using different machine learning algo-
rithms during the training period; a—Adaptive Neuro Fuzzy 
Inference System (ANFIS), b—Artificial Neural Network 
(ANN), c—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 Algo-
rithm 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 Regres-
sion (PLR), k—Random Forest (RF) and l—Support Vector 
Regression (SVR)

Fig. 7   Actual versus predicted salt concentrations of monitor-
ing location 2 (ML2) using different machine learning algo-
rithms during the training period; a—Adaptive Neuro Fuzzy 
Inference System (ANFIS), b—Artificial Neural Network 
(ANN), c—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 Algo-
rithm 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 Regres-
sion (PLR), k—Random Forest (RF) and l—Support Vector 
Regression (SVR)
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Fig. 8   Actual versus predicted salt concentrations of monitor-
ing location 3 (ML3) using different machine learning algo-
rithms during the training period; a—Adaptive Neuro Fuzzy 
Inference System (ANFIS), b—Artificial Neural Network 
(ANN), c—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 Algo-
rithm 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 Regres-
sion (PLR), k—Random Forest (RF) and l—Support Vector 
Regression (SVR)

Fig. 9   Actual versus predicted salt concentrations of monitor-
ing location 4 (ML4) using different machine learning algo-
rithms during the training period; a—Adaptive Neuro Fuzzy 
Inference System (ANFIS), b—Artificial Neural Network 
(ANN), c—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 Algo-
rithm 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 Regres-
sion (PLR), k—Random Forest (RF) and l—Support Vector 
Regression (SVR)
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ML4. These surrogates did not do well in predicting 
the salt concentrations at various MLs. However, to 
further investigate and find the accuracy in model 
prediction, different performance measures were 
employed, as outlined in the “Model performance” 
section.

Model performance

The criteria used to assess the performance of the 
surrogate models for various monitoring locations 
during the training stage are detailed in Table  2 
and Fig.  10d–f. These performance metrics focus 
on the training phase, where the predicted salt con-
centration values from the different ML models 
described in the “3D numerical simulation model” 
section were compared with the actual measure-
ments. 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 train-
ing phase. When examining the mean absolute per-
centage 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 concen-
trations 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 outper-
formed 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  3 and Fig.  10a–c highlight the perfor-
mance of 12 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 coeffi-
cient, Index of Agreement, Kling-Gupta efficiency, 
and Nash–Sutcliffe efficiency. At ML1, the mod-
els ANN, AMS_Bayesian, and PLR demonstrated 
superior predictive accuracy. For ML2, the mod-
els ANFIS, MARS_C, MARS_L, AMS_Bayesian, 
AMS_ASHA, GHD, and SVR consistently pro-
duced more accurate predictions. At ML3, AMS_
Bayesian and ANN were the most reliable, with a 

strong performance from ANFIS, AMS_ASHA, and 
SVR.

The boxplots of absolute error between the 
observed and computed values for all MLs during 
the surrogate model training are given in Fig. 11. The 
absolute error close to zero indicates a better-per-
forming model.

Different MLs had different surrogate models that 
outperformed amongst each other. Hence, to fur-
ther narrow it down and choose the best performing 
models, Shannon’s entropy weights (EW) were used 
to rank the model (Sharan et  al., 2024b). The 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 perfor-
mance metric signifies a stronger influence on deter-
mining the weight of individual models. In other 
words, larger EW values indicate that the correspond-
ing performance metric plays a more significant role 
in the decision-making process. The EWs for each 
prediction model were calculated to rank their effec-
tiveness in predicting salt concentrations across four 
MLs. The ranking of the models was determined 
entirely by their EWs, as presented in Table 4.

The top 5 ranked surrogate models (Table 4) were 
used to form ensemble surrogate models for each 
ML. The prediction results of surrogate ensemble 
models are shown in Fig.  12. The performance of 
each ensemble is also shown in Table 3. The ensem-
ble outperforms standalone surrogates. The sur-
rogate ensemble for ML4 (Fig.  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 stan-
dalone surrogate models.

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 pump-
ing. The optimisation process was constrained by the 
requirement to maintain salt concentrations below 
a specified maximum (0.5  kg/m3) at various MLs. 
Multiple simulations were conducted using different 



Environ Monit Assess (2025) 197:1148	 Page 15 of 25  1148

Vol.: (0123456789)

Ta
bl

e 
2  

Pe
rfo

rm
an

ce
 c

rit
er

ia
 o

f 1
2 

su
rr

og
at

e 
m

od
el

s a
t f

ou
r d

iff
er

en
t m

on
ito

rin
g 

lo
ca

tio
ns

 (M
Ls

) d
ur

in
g 

th
e 

m
od

el
 tr

ai
ni

ng
 p

er
io

d

So
ur

ce
 (S

ha
ra

n 
et

 a
l.,

 2
02

4b
)

Pe
rf

or
m

an
ce

 
m

ea
su

re
A

N
FI

S
A

N
N

M
A

R
S_

C
M

A
R

S_
L

A
M

S_
Ba

ye
sia

n
A

M
S_

A
SH

A
Bi

LS
TM

G
M

D
H

G
PR

PL
R

R
F

SV
R

M
L1

M
ea

n 
A

bs
ol

ut
e 

D
ev

ia
tio

n 
(M

A
D

)

0.
00

09
29

3
0.

00
17

72
3

0.
00

17
36

9
0.

00
00

92
7

0.
00

48
19

3
0.

00
20

22
6

0.
00

52
97

4
0.

00
38

62
5

0.
00

05
38

6
0.

00
21

99
0

0.
00

25
49

1
0.

00
28

54
2

M
ea

n 
Sq

ua
re

 
Er

ro
r (

M
SE

)
0.

00
00

01
7

0.
00

00
04

5
0.

00
00

05
2

0.
00

00
00

0
0.

00
00

37
3

0.
00

00
06

7
0.

00
00

49
5

0.
00

00
22

3
0.

00
00

00
5

0.
00

00
07

8
0.

00
00

11
7

0.
00

00
11

8

R
M

SE
0.

00
12

96
8

0.
00

21
18

7
0.

00
22

82
5

0.
00

01
13

8
0.

00
61

11
1

0.
00

25
95

3
0.

00
70

32
4

0.
00

47
20

0
0.

00
06

84
8

0.
00

27
99

9
0.

00
34

22
3

0.
00

34
33

5
M

A
PE

 (%
)

0.
30

3
0.

58
0

0.
56

8
0.

03
0

1.
57

0
0.

66
3

1.
75

4
1.

26
3

0.
17

6
0.

72
0

0.
83

7
0.

93
2

M
L2

M
ea

n 
A

bs
ol

ut
e 

D
ev

ia
tio

n 
(M

A
D

)

0.
00

12
35

0.
01

01
36

0.
00

32
31

0.
00

01
71

0.
00

91
89

0.
00

00
74

0.
01

06
48

0.
00

54
14

0.
00

01
00

0.
00

29
83

0.
00

83
19

0.
00

11
47

M
ea

n 
Sq

ua
re

 
Er

ro
r (

M
SE

)
0.

00
00

03
0.

00
01

68
0.

00
00

17
0.

00
00

00
0.

00
01

41
0.

00
00

00
0.

00
02

14
0.

00
00

50
0.

00
00

00
0.

00
00

15
0.

00
01

17
0.

00
00

11

R
M

SE
0.

00
16

00
0.

01
29

66
0.

00
41

55
0.

00
02

12
0.

01
18

85
0.

00
01

01
0.

01
46

39
0.

00
70

71
0.

00
01

28
0.

00
39

13
0.

01
08

14
0.

00
33

76
M

A
PE

 (%
)

0.
45

9
3.

84
0

1.
19

7
0.

06
3

3.
37

1
0.

02
7

4.
10

2
2.

02
0

0.
03

7
1.

11
4

3.
14

2
0.

43
3

M
L3

M
ea

n 
A

bs
ol

ut
e 

D
ev

ia
tio

n 
(M

A
D

)

0.
00

09
33

9
0.

00
20

96
2

0.
00

12
95

1
0.

00
00

49
5

0.
00

05
55

7
0.

00
08

92
1

0.
00

23
39

4
0.

00
13

29
6

0.
00

01
11

2
0.

00
20

01
8

0.
00

01
53

5
0.

00
20

97
7

M
ea

n 
Sq

ua
re

 
Er

ro
r (

M
SE

)
0.

00
00

01
7

0.
00

00
19

8
0.

00
00

02
8

0.
00

00
00

0
0.

00
00

00
5

0.
00

00
12

1
0.

00
00

23
0

0.
00

00
15

0
0.

00
00

00
1

0.
00

00
17

3
0.

00
00

00
3

0.
00

00
19

8

R
M

SE
0.

00
12

98
4

0.
00

44
53

4
0.

00
16

75
8

0.
00

00
62

5
0.

00
07

04
3

0.
00

34
71

6
0.

00
47

91
0

0.
00

38
72

5
0.

00
02

29
2

0.
00

41
65

1
0.

00
05

84
3

0.
00

44
53

4
M

A
PE

 (%
)

0.
30

9
0.

71
4

0.
43

3
0.

01
6

0.
18

5
0.

31
3

0.
79

1
0.

45
9

0.
03

8
0.

68
1

0.
05

4
0.

71
4

M
L4

M
ea

n 
A

bs
ol

ut
e 

D
ev

ia
tio

n 
(M

A
D

)

0.
00

08
73

0
0.

00
18

99
6

0.
00

04
84

1
0.

00
00

29
9

0.
00

16
70

7
0.

00
03

44
4

0.
00

26
60

0
0.

00
06

08
4

0.
00

06
74

1
0.

00
18

77
3

0.
00

01
87

8
0.

00
19

01
6

M
ea

n 
Sq

ua
re

 
Er

ro
r (

M
SE

)
0.

00
00

01
3

0.
00

00
04

5
0.

00
00

00
4

0.
00

00
00

0
0.

00
00

05
3

0.
00

00
00

2
0.

00
00

11
7

0.
00

00
00

7
0.

00
00

00
7

0.
00

00
04

3
0.

00
00

00
0

0.
00

00
04

5

R
M

SE
0.

00
11

61
3

0.
00

21
14

6
0.

00
06

19
1

0.
00

00
36

6
0.

00
23

10
0

0.
00

04
94

6
0.

00
34

22
1

0.
00

08
43

6
0.

00
08

28
6

0.
00

20
80

3
0.

00
01

88
3

0.
00

21
14

6
M

A
PE

 (%
)

0.
29

2
0.

63
6

0.
16

2
0.

01
0

0.
55

7
0.

11
5

0.
89

3
0.

20
4

0.
22

6
0.

62
8

0.
06

3
0.

63
6



	 Environ Monit Assess (2025) 197:11481148  Page 16 of 25

Vol:. (1234567890)

combinations of parameters, with the optimal values 
applied to the optimisation framework. The results 
from the S–O model are used to make informed deci-
sions 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 aqui-
fer. The DT working framework is given in Fig. 3. 
The scenarios tested under DT are given in the 

Fig. 10   Spider plots of three major performance measures of 
12 surrogate models for different monitoring locations: a Index 
of Agreement values for 12 surrogate models during the testing 
period; b Kling-Gupta Efficiency Coefficient values for 12 sur-
rogate models during the testing period; c Nash Sutcliffe Effi-
ciency Coefficient values for 12 surrogate models during the 

testing period; d Index of Agreement values for 12 surrogate 
models during the training period; e Kling-Gupta Efficiency 
Coefficient values for 12 surrogate models during the training 
period; f Nash Sutcliffe Efficiency Coefficient values for 12 
surrogate models during the training period
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Fig. 11   Boxplots of absolute errors between actual and predicted salt concentration during the training stage at a ML1, b ML2, c 
ML3, and d ML4 using all 12 surrogate models. Pink dots indicate outliers
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“Digital Twin” section. 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/m3 
(Sharan et  al. (2024b). For this study and scenario 

Table 4   Entropy weight of the individual prediction models

Source (Sharan et  al., 2024b)  EW = Entropy Weight, ANFIS = Adaptive Neuro Fuzzy Inference System, ANN = Artificial Neu-
ral Network, MARS_C = Multivariate Adaptive Regression Spline with Piecewise Cubic Spline, MARS_L = Multivariate Adap-
tive 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

Standalone models ML1 ML2 ML3 ML4

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

Fig. 12   Observed versus predicted salt concentrations using surrogate ensemble models at a ML1, b ML2, c ML3, and d ML4
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1, the sensors triggered and sent the data indicating 
that the maximum salt concentration was decreased 
from 0.5 to 0.45  kg/m3. Hence, optimal pumping 
rates need to be simulated based on the new concen-
tration data received by the DT. The population size 
of 2000 executed 16,000 generations to achieve the 
Pareto optimal solutions. The crossover and muta-
tion 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 × 0.7). Both the func-
tion and constraint tolerances were established at 
1 × 10–4. The optimisation process required 7286 s to 
reach convergence and simulate the optimal solutions. 
The Pareto optimal generated for scenario 1 is given 
in Fig.  13a. The maximum pumping from all bores 
in Tagabe aquifer with a maximum salt concentration 
of 0.45  kg/m3 is predicted as 11,500 m3/d with 219 
m3/d extraction from the barrier well. Increasing the 
pumping from production wells will also increase the 
pumping from barrier wells, as shown in Fig. 13a.

Similarly, the Pareto optimal fronts for sce-
narios 2–5 were generated using the same method 

Fig. 13   Pareto optimal fronts of the linked simulation-opti-
misation management model based on different scenarios for 
digital twin. a Scenario 1 with a maximum allowable salt con-
centration of 0.45 kg/m3. b Scenario 2 with a maximum allow-
able salt concentration of 0.55 kg/m3. c Scenario 3 with a max-

imum 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

and optimisation algorithm as used for scenario 1. 
However, the maximum allowable salt concentra-
tions varied as triggered by the illustrative sensors 
from the field. The Pareto optimal fronts for scenar-
ios 2–4 are shown in Fig. 13b–e, respectively. The 
optimisation time taken to generate the Pareto opti-
mal fronts for scenarios 2–5 was 11,353 s, 16,532 s, 
16,577 s, and 18,655 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 
15,107 m3/d, 17,317 m3/d, 10,044 m3/d, and 15,155 
m3/d, respectively. Similarly, based on these maxi-
mum production well pumping, the barrier well 
pumping for scenarios 2–5 are 280 m3/d, 202 m3/d, 
293 m3/d, and 269 m3/d, respectively.

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 surro-
gate models. The five top-performing models iden-
tified through Shannon’s entropy-based decision 
theory were then used to create a weighted-average 
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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 optimi-
sation algorithms. By incorporating multiple sur-
rogates into an ensemble, this study reduced the 
uncertainty in predicting salt concentrations. The 
ensembles developed here outperformed standalone 
surrogate models significantly.

Validation of Pareto optimal fronts

The performance of the surrogate-based saltwater 
intrusion management model was evaluated by exam-
ining its ability to meet the predefined constraints. 
The results demonstrated that the saltwater concentra-
tions predicted by the optimisation model, which uti-
lised 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.

The Pareto fronts generated by the surrogate 
ensemble–CEMOGA optimisation models at each 
ML were verified and validated. To achieve this vali-
dation, five randomly selected production and barrier 
well pumping solutions were added as inputs into the 
3D numerical model. The resulting salt concentra-
tions 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 5. The relative error (RE) between 
the observed and computed ranges between 0.5 and 
9.99%. The RE is less than 10%, indicating that opti-
mal 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 rela-
tive 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-depend-
ent SEAWAT model in optimising groundwater 

management for the Tagabe coastal aquifer. Further-
more, this methodology could potentially be applied 
to other aquifers as well.

The current study 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 test-
ing stages. Moreover, the illustrative sensors were 
used during the development of the digital twin for 
Tagabe coastal aquifer instead of real sensors. Get-
ting government approvals from Vanuatu, the cost of 
buying the sensors, smart water quality metres, 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.

Summary and conclusions

Saltwater intrusion (SWI) is a major environmental 
concern for coastal aquifers in Pacific Island coun-
tries, including Port Vila and Vanuatu. Based on cur-
rent pumping regimes, sea level rise, and anthropo-
genic activities, Tagabe coastal aquifer would have 
SWI, as demonstrated by the 3D numerical model 
simulation in this study. To manage SWI in Tagabe 
coastal aquifer, optimal pumping patterns were gener-
ated using machine learning-based surrogate ensem-
ble models and a simulation-optimisation manage-
ment 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 illustra-
tive field data. Due to funding constraints and govern-
ment 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 
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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 concentra-
tions and maximum and minimum pumping values, 
the simulation model (surrogate ensemble) was opti-
mised 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 concentra-
tions). 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 bar-
rier wells, compared with other scenarios. However, 
the selected compromise solutions or the Pareto fron-
tier (knee of the curve) of generated optimal solu-
tions kept on increasing as the maximum allowable 
salt concentrations increased. Hence, scenario 5 had 
the higher Pareto frontier or solutions of 31,676 and 
5000 m3/d pumping from production wells and bar-
rier wells, respectively. The results from the S–O 
model were validated using randomly selected solu-
tions 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 author’s best 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 meth-
odology 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 informa-
tion from continuous monitoring with sensors with a 
smaller time interval (a month in this study). Overall, 
the study demonstrated that DT helps modify man-
agement 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 sus-
tainability. By creating a virtual replica of the aquifer, 
this technology allows for real-time monitoring, sim-
ulation, and analysis of the aquifer’s behaviour under 
various conditions. This helps in understanding com-
plex hydrological processes, predicting the impacts of 

human activities and climate change, and optimising 
water extraction and conservation strategies as dem-
onstrated by the results in this study. The DT can inte-
grate data from sensors, historical records, and pre-
dictive 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 qual-
ity metres, smart information boards, and other com-
ponents of DT would be considered for future scope 
of work in Tagabe coastal aquifer, including other 
Pacific Island countries. Moving forward, the imple-
mentation of a fully operational DT system for the 
Tagabe coastal aquifer will require installation of 
smart sensors capable of continuously monitoring 
salinity, groundwater levels, and other key hydroge-
ological parameters. Integration of these sensor net-
works with the DT platform will enable real-time data 
assimilation and adaptive model updating, improving 
prediction accuracy and management responsiveness. 
Key challenges anticipated include ensuring sensor 
reliability and maintenance in a coastal environment, 
establishing robust data communication infrastruc-
ture, addressing data gaps or noise, and managing the 
computational resources necessary for real-time sim-
ulation. Overcoming these challenges will be critical 
to realising the full potential of DT technology for 
effective coastal groundwater management.
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