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Abstract

This study presents a synthetic proof-of-concept surrogate-assisted simulation–optimisation
framework for identifying potentially mineralised locations using groundwater copper-
isotope observations. The methodology adapts established groundwater contaminant-
source characterisation principles, in which unknown source release histories are recon-
structed from down gradient concentration measurements, to the investigation of concealed
copper mineralisation. An isotope-informed MODFLOW–MT3DMS model was used to
generate synthetic groundwater concentrations of CuTot (total copper), 63Cu, and 65Cu for
hypothetical mineralisation scenarios. Model responses were evaluated at 20 observation
wells over five stress periods. These synthetic data were used to train, validate, and test
a Gaussian Process Regression (GPR) surrogate model. The GPR model replicates the
numerical simulator responses during testing. The test results show R2 values exceeding
0.9998 and corresponding RMSE and MAE values of 0.03022 and 0.00571, respectively,
indicating high predictive accuracy within the simulated parameter space. The trained
surrogate was subsequently coupled with an Adaptive Simulated Annealing (ASA) algo-
rithm to solve the inverse source-characterisation problem. The optimisation formulation
contained 20 decision variables, representing time-varying source fluxes at four predefined
candidate locations over five stress periods. Three candidates represented active synthetic
mineral sources, whereas the fourth was intentionally assigned as an inactive dummy
location to evaluate whether the framework could distinguish active from non-mineralised
candidates. The optimisation converged in approximately 1080 s under the reported
computational configuration. The reconstructed flux histories identified the three active
candidates while assigning a near-zero flux to the dummy candidate. These results demon-
strate that, under controlled synthetic conditions, isotope-informed inverse modelling can
discriminate between predefined active and inactive candidate locations and reconstruct
their temporal source strengths. However, the results do not constitute validation of a
field-ready mineral-exploration method, because both the training and evaluation data
were generated using the same underlying numerical framework. Subject to validation
with independent field observations and more realistic geological, hydrogeochemical, and
uncertainty representations, the proposed methodology could provide a computational
screening and hypothesis-testing tool for prioritising prospective mineralised zones for
further investigation.
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1. Introduction
The exploration of concealed or undercover mineral deposits remains challenging

because mineralised bodies may have limited or no direct surface expression. Conventional
geological, geophysical, and geochemical exploration methods can therefore encounter
difficulties in identifying prospective mineralised zones beneath transported cover or com-
plex geological formations. Groundwater offers a potentially useful exploration medium
because its interaction with mineralised rocks can mobilise dissolved metals and transport
their geochemical signatures beyond the immediate mineralised zone. Consequently, spa-
tial and temporal variations in groundwater chemistry may provide indirect evidence for
locating concealed mineralisation [1,2]. Copper occurs naturally as two stable isotopes,
63Cu and 65Cu. Variations in their concentrations and relative abundance can develop
through mineral dissolution, sorption, precipitation, and other water–rock interaction pro-
cesses. Copper concentrations and isotope ratios may therefore provide useful indicators
of copper sources and mineral–water interactions. In the present study, the candidate
source zones represent concealed Cu-bearing mineralised bodies capable of releasing dis-
solved copper through groundwater–mineral interactions. The simulated concentrations of
63Cu and 65Cu represent the isotope-specific copper mass entering the aquifer from these
mineralised zones. The isotope representation adopted in this proof-of-concept study is
deliberately simplified. The two copper isotopes are represented as separate transported
species and assigned different adsorption parameters under nonlinear Langmuir sorp-
tion. This representation produced differential retardation and corresponding spatial and
temporal variations in the 65Cu/63Cu concentration ratio. The resulting isotope-specific
responses at the monitoring wells were evaluated as potential indicators of the contribu-
tions from different candidate source locations. This numerical representation provided a
controlled mechanism for investigating whether isotope-dependent transport responses
contain useful information for inverse source discrimination. It is not intended to repro-
duce the full range of natural copper-isotope fractionation mechanisms operating in field
hydrogeochemical systems.

The isotope fractionation was assumed to have already occurred at the potential
deposit locations and the transport in space and time was modelled from the deposit
location. The isotope signatures were specified as absent initially, outside the potential
deposit locations. At the deposit locations, the isotopes were assumed to be already
fractionated, and the transport occurred from the source location. The original mass of the
total copper in the deposit locations was specified and it served as the boundary condition
for the further transport process.

The proposed inverse problem was conceptually adapted from groundwater contaminant-
source characterisation. In conventional source-identification studies, unknown source
locations, release magnitudes, and release histories were estimated from concentration
measurements collected at groundwater monitoring wells [3–6]. Such problems are inher-
ently ill-posed because monitoring observations are limited, hydrogeological properties
are uncertain, and different source configurations may produce similar concentration re-
sponses [4,6,7]. In the present application, this inverse-modelling principle was transferred
to mineral exploration; groundwater copper-isotope responses were used to evaluate the
problem, which predefined candidate locations with the simulated observations to recon-
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struct their time-varying source contributions. The intention was not to classify mineralised
zones as contaminant sources but to adapt the mathematical source-characterisation frame-
work to a different hydrogeological identification problem. Source-flux reconstruction
and deposit-location identification were related, but distinct components of the proposed
framework were evaluated. Source-flux reconstruction estimates the magnitude and tem-
poral variation of copper released from each predefined candidate location, which can be
expressed as a vector.

Deposit-location identification is subsequently inferred from the reconstructed fluxes.
A candidate location that consistently requires a non-zero flux to reproduce the monitoring-
well observations was interpreted as potentially active, whereas a candidate assigned
a negligible or near-zero flux was classified as inactive under the assumptions of
the model. Therefore, the present framework discriminates among predefined candi-
date locations; it does not directly estimate previously unknown spatial coordinates.
Simulation–optimisation approaches have been extensively applied to groundwater source-
characterisation problems by coupling numerical groundwater flow and transport models
with optimisation algorithms [3,5,8]. Although numerical simulators provide physically
based representations of groundwater systems, an optimisation procedure may require
thousands of forward-model evaluations. Repeated execution of a detailed groundwater
simulator can consequently impose substantial computational demands, particularly for
transient, multilayer, and multi-species problems with numerous decision variables [9,10].

Surrogate models address this computational limitation by approximating the rela-
tionship between numerical-model inputs and simulated responses. They are trained using
datasets produced by the original numerical simulator and subsequently provide rapid
predictions during the optimisation process [11]. Gaussian Process Regression (GPR) is a
flexible surrogate-modelling metamodel capable of representing nonlinear input–output
relationships while providing high predictive accuracy within the sampled parameter
space [12,13]. Trained surrogate models can therefore replace repeated numerical-model
evaluations during optimisation and enable more computationally efficient reconstruction
of unknown source histories [14].

Previous groundwater studies have coupled surrogate models with optimisation
techniques such as Generalised Simulated Annealing (SA), Particle Swarm Optimisation
(PSO), Genetic Algorithms (GAs), and other evolutionary algorithms to identify unknown
contaminant sources in complex aquifer systems [15–17]. These studies have demonstrated
that trained surrogate models can facilitate the identification of source locations and release
histories while substantially reducing the computational burden associated with repeated
numerical simulations.

However, the existing applications have primarily focused on groundwater contami-
nation. Their adaptation to concealed mineral exploration using the separate groundwater
transport responses of stable copper isotopes remains insufficiently investigated. In par-
allel with advances in inverse and surrogate modelling, isotopic and geochemical tracers
have increasingly been used to interpret mineral–water interactions, transport processes,
and possible source contributions within groundwater systems [1,16]. Isotope-specific
observations may provide information beyond that obtained from total concentration mea-
surements alone, particularly when the isotopes undergo different transport or retention
behaviour. Nevertheless, limited research has examined whether such isotope-dependent
responses can be incorporated into a simulation–optimisation framework to discriminate
among candidate concealed mineralised locations.

The principal research gap addressed in this study is therefore the absence of an inte-
grated inverse framework that evaluates whether isotope-specific groundwater transport
responses can help distinguish between candidate concealed mineralised locations.
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The novelty does not arise from the independent use of GPR or Adaptive Simu-
lated Annealing (ASA). Rather, it arises from their integration within a framework that
(i) adapts groundwater source-characterisation principles to concealed mineral exploration,
(ii) represents 63Cu and 65Cu as separate transported species, (iii) incorporates simplified
isotope-dependent sorption and retardation, (iv) integrates isotope-informed MODFLOW–
MT3DMS simulation, GPR surrogate modelling and ASA-based inverse optimisation, and
(v) evaluates whether reconstructed source fluxes can discriminate active mineralised
sources from an intentionally inactive candidate location. Accordingly, the objective of this
study is to develop and evaluate a synthetic proof-of-concept with a linked surrogate and
the optimiser (GPR–ASA) framework for reconstructing time-varying copper source fluxes
at predefined candidate mineralised locations.

First, a numerical groundwater flow and isotope-transport model is used to generate
synthetic forward-simulation data. Second, a Gaussian Process Regression (GPR) surrogate
model is trained, validated, and tested using the simulated responses. Third, the trained
surrogate is coupled with the ASA algorithm to estimate the source fluxes over multiple
stress periods. Finally, the reconstructed flux histories are used to discriminate between
three active synthetic mineralised locations and one inactive dummy candidate.

No field measurements were used in this proof-of-concept study. In a future field ap-
plication, real data would include site-specific geological and hydrogeological parameters
used to construct and calibrate the numerical model, together with copper-isotope concen-
trations measured at observation wells. Any such validation of the proof of concept for any
new methodology needs synthetic data to replicate different scenarios, especially when
groundwater is the medium of transport. Different scenarios will need years and decades
after implementation to obtain any useful field data. Therefore, the new methodology is
evaluated as a proof of concept using synthetic data replicating real-life situations. These
synthetic data are produced by solving mathematical simulation models for specified input
data and scenarios. For the purpose of methodology evaluation, the term “scenario” in the
context of the simulation model refers to the plausible deposit locations that may represent
active, inactive or a combination of both. These scenarios produce the simulated isotope
signatures. In the context of the optimisation-based decision model, the scenarios are the
very large number of candidate solutions in the iterative search for the optimal solution.
These scenarios are utilised in the simulation model to iteratively compute resulting isotope
signatures through the linked simulation model in order to identify the optimal solution
for the defined objective function.

Simulated data represents the solution results obtained from the simulation models
for specified scenarios, which include parameter values, boundary conditions, source
and sink terms, if any, etc. The simulation generates the isotope signatures at different
locations and times based on assumed plausible deposit locations. The iterations of the
optimisation model generate the plausible candidate source locations to be evaluated based
on the objective function for minimising the difference between the simulated and the
measured isotope signatures. Therefore, the best match is accepted as the optimal solution
representing the source deposits. Also, fractal anomalies for efficient delineation of contam-
inant plumes in groundwater systems were proposed by [18,19]. A few other researchers
have also attempted to utilise data mining algorithms, including machine learning (ML)
and deep learning (DL), to better estimate the boundaries for mineral prospecting [20,21].
Fractal anomaly techniques were also utilised for the delineation of the plausible cop-
per deposits periphery by type of research, particularly in the areas which are mineral
exploration; however, the limitation of this research was the non-use of the isotope signa-
ture concentrations [22]. The study evaluates the framework under controlled synthetic
conditions and provides a methodological foundation for future investigation using in-
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dependent field observations, more comprehensive isotope-fractionation processes and
realistic representations of geological, hydrogeological, and measurement uncertainty.

2. Problem Formulation
The groundwater-based concealed mineral identification problem was formulated

as a simulation–optimisation (SO) inverse modelling framework in which the objective
was to reconstruct source histories responsible for the observed groundwater concentra-
tion responses. Several studies with the same conceptualisation of linked simulation–
optimisation have been conducted, particularly in areas of intrusions and contaminant
tracking [5,18,23–28]. An illustrative groundwater system was adopted to provide a con-
trolled environment for evaluating the proposed methodology for generating synthetic
data. The current study focuses on the inverse modelling formulation development based
on the output of the established numerical model. Numerical modelling codes such as
MODFLOW for groundwater flow simulation and MT3DMS for contaminant transport
simulation were used to construct the numerical model as constraint bindings of all the
parameters [29]. Spatial discretisation of the study area was performed using the finite
difference method (FDM), allowing groundwater flow and contaminant transport processes
to be simulated over the entire modelling domain. The numerical model was developed
using the USGS platform in which the MODFLOW and MT3DMS codes were embedded.
A four-layered grid was built to represent the depth of the numerical model. These layers
also represented layered geological heterogeneity in the modelled study area. The study
area was discretised into smaller dimensions mathematically; the overall dimension of the
model was 5000 m × 5000 m with a depth of 200 m.

Three species of copper CuTot, 63Cu and 65Cu were structured inside the simulator and
were controlled by the ISoMEC (Isotope Macro Engine Controller), an external coupling
engine for the simulator. The ISoMEC is an external system engine built and coupled with
the numerical simulator to enable automation and facilitate simulation by disallowing
heavy file manipulation and back writing of previous numerical values due to poor syn-
chronization. This computational simulation flaw arises due to the complex study area
considered, including multiple layers and a large number of discretised cells. The original
idea of automation was adopted from [27], in which the GWSID (Groundwater Source
Identification) is an in-house programme which was built to couple the simulator and
optimiser together. The ISoMEC builds around the same logic; however, the architecture of
the system design facilitates the automation of the process to maintain the separation of
the isotopes for computational efficiency. ISoMEC was developed to enable the automated
execution of MODFLOW and MT3DMS without requiring the graphical user interface to
remain open. This was achieved by externalising the simulation through preparing and
formatting model input files. This architecture enabled execution directly through their
file paths and executables located within the main operating directories as an external run.
Macro commands integrated with the MATLAB toolbox environment with the version
R2020b was used to control the execution sequence, synchronise model inputs and manage
the simulation workflow, thereby providing a stable, reproducible and fully automated
simulation platform.

The current study involves establishing the preliminary proof of concept for using
the isotopic transport-based approach to develop a methodology for detecting unknown
mineral deposits. At this proof-of-concept stage, the coupled reactive transport model
has not been considered. However, the fully coupled reactive transport model has been
developed to simulate isotope fractionation from geochemical reactions. The methodology
applies the Adaptive Simulated Annealing (ASA) algorithm, which has the capability to
search for a solution set based on its parameters [30,31]. In contrast, the present study
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adopts a simplified transport-based framework in which a prescribed isotopic source
signature is propagated through groundwater transport using isotope-specific adsorption
parameters. This approach provides a head start for the methodology development in
which the isotope problem is given a separate design. It assumes that fractionation has
occurred at the deposit locations, which implies that the ratio at the point of origin or the
deposit location has been specified as per the defined source isotope ratio.

These individual copper species were subsequently transported independently
through the groundwater system using the implemented transport model, thereby gen-
erating concentration responses for each isotope signature at the specified observation
points. The inverse problem was therefore formulated as the estimation of unknown,
time-varying source fluxes that minimises the discrepancy between observed and simu-
lated isotope signatures in terms of milligrams per litre by considering CuTot, 63Cu, and
65Cu responses. The resulting forward simulation data subsequently formed the basis
for surrogate model development and optimisation, allowing rapid evaluation of candi-
date source configurations without repeatedly executing the computationally intensive
numerical groundwater model.

The identification of unknown contaminant source characteristics from groundwater
observations represents a classical inverse modelling problem. In such problems, ground-
water concentration measurements are available at monitoring locations, while the source
release history responsible for generating the observed responses remains unknown. The
objective is therefore to estimate the source characteristics that best reproduce the observed
groundwater concentrations or isotope signatures. In the present study, the inverse problem
was formulated as a source flux reconstruction problem for candidate concealed copper
mineralisation zones. Figure 1 illustrates the potential mineral deposit locations considered
within the study area through the model discretisation. These plausible mineral deposit
locations were identified based on prior geological and hydrogeological interpretation and
were treated as potential Cu isotope release zones. The above diagram is a plan view of
the specified study area for the implemented numerical model, which has been solved as a
four-layered three-dimensional system. This figure also shows the general groundwater
flow direction from NW to SE, as indicated by the arrow.

Figure 1. Schematic representation of the study area and the numerical simulation model.
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The mineral deposit locations were assumed to be unknown to the inverse decision
model for characterisation of the copper deposit locations. To represent temporal variations
in source behaviour in terms of isotope release, the release history at each potential location
was divided into five stress periods during which these isotopes were released. The use of
stress periods was consistent with transient groundwater flow and transport modelling,
where source conditions and hydraulic properties varied over time [29,32]. Each stress
period was assigned independent flux values, allowing the optimisation framework to
reconstruct the isotope release signatures throughout the incorporated modelling period.
Continuous and persistent near-zero isotope fluxes from any of the potential locations
imply dummy or non-existent deposit locations. Consequently, the optimisation problem
consisted of twenty unknown decision variables corresponding to four candidate deposit
locations (three active and one dummy deposit location) across five stress periods, as
shown in Table 1. Each table entry, denoted by [i,k], corresponding to a single decision
variable representing the estimate for the actual source flux assigned to the ith candidate
deposit location during the kth stress period. Consequently, the optimisation problem
consisted of a total of 20 decision variables (4 candidate locations × 5 stress periods).
This matrix therefore defines the optimisation search space, comprising 20 independent
decision variables whose optimal values are estimated simultaneously to reconstruct the
temporal source flux histories and identify the active deposit locations. This formulation
enables both the spatial distribution and temporal evolution of the isotope signatures to be
estimated simultaneously.

Table 1. Indexed representation of potential deposit location isotope fluxes over different time periods.

S [i,k] Time Period 1
(320 Days)

Time Period 2
(640 Days)

Time Period 3
(960 Days)

Time Period 4
(1280 Days)

Time Period 5
(1600 Days)

Deposit Location 1 [1,1] [1,2] [1,3] [1,4] [1,5]

Deposit Location 2 [2,1] [2,2] [2,3] [2,4] [2,5]

Deposit Location 3 [3,1] [3,2] [3,3] [3,4] [3,5]

Dummy Deposit
Location 4 [4,1] [4,2] [4,3] [4,4] [4,5]

The optimisation process sought to identify the set of flux values for each deposit
location that produced isotopic responses most consistent with the observed data. 63Cu,
65Cu, CuTot concentrations were utilised as the primary response variables for evaluat-
ing candidate solutions. The complexity of this illustrative inverse problem arises from
the highly nonlinear relationship between these deposit locations’ fluxes/release histo-
ries, groundwater flow and resulting isotopic signature responses. The non-linearity in
the hydrogeological responses also arises due to the non-linear adsorption isotherms in-
corporated and due to the heterogeneous system resulting from the multiple geological
strata. Optimisation using the numerical simulator directly requires thousands of compu-
tationally expensive model evaluations [33]. Therefore, a surrogate-assisted optimisation
approach was adopted in which an MSVR (Multi-Surrogate Vector Regression) metamodel
was developed to approximate simulator responses for the optimisation process [16,34].
This substantially reduced computational requirements while maintaining the ability to
reconstruct source release histories with a high degree of accuracy. The resulting optimi-
sation problem was subsequently solved using the Adaptive Simulated Annealing (ASA)
algorithm, which systematically explored the decision-variable space and identified the
source flux configuration that minimised the discrepancy between observed and predicted
groundwater responses.
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Model Construction and Domain

A three-dimensional model was built using a grid approach. The model contained the
specified flow and transport parameters with a discretised grid frame. The main coverages
such as wells, concealed mineral potential locations, hydraulic zones, aquifers and rivers
were also specified. Three potential deposit locations were chosen as shown in Figure 1; that
is, Locations 1, 2, and 3 were identified as three actual concealed mineral deposit locations,
together with the fourth location chosen as a dummy or falsely identified location. The
model domain was discretised into four hydrogeological layers comprising more than
40,000 computational cells. Constant-head boundaries were assigned along the model
margins using prescribed groundwater-head values of 250 m, thereby establishing the
regional hydraulic gradient and principal groundwater-flow direction from [NW] to [SE],
as mentioned earlier and seen in Figure 1. Hydraulic conductivity was spatially distributed
to represent geological layers and zones. Layers were assigned average values within the
range shown in Table 1. Layer 1 was assigned an average value of 1.1 m/d, Layer 2 as
0.023 m/d, Layer 3 as 0.004 m/d, and Layer 4 as 0.0006 m/d. Where distinct geological
zones occurred within a layer, separate conductivity values were assigned to represent
differences in material permeability. A 30-year period numerical simulation was executed
even though the actual transport times depend on groundwater velocities, hydraulic
gradients, pore connectivity, retardation, reaction kinetics, weathering and source-release
mechanisms. Thus, Table 2 summarises the parameter ranges, while Figure 1 illustrates
their spatial distribution throughout the model domain. Groundwater flow within the
model domain was established by assigning constant-head boundary conditions along the
boundaries of the model domain to reproduce the regional hydraulic gradient across the
aquifer. The physical flow boundary for the aquifer study area is actually away from the
potential deposit locations; thus, these boundary conditions do not have sufficient effect
on the flow in the vicinity of the potential deposit locations. Figure 1 shows only a part
of the actual study area modelled. Therefore, the positions of the monitoring wells and
the potential deposit sites are away from the physical boundary to reduce the boundary
effects on the flow and transport processes in the vicinity of the potential deposit locations.
The flow boundary conditions in general are constant flow boundaries specified at selected
boundary cells. Hydrogeologic parameters such as porosity, specific yields, rate of recharge,
water level heads, etc., were specified. Since the well heads were not steady with time, this
assumes that the subsurface flow conditions were transient.

The nonlinear Langmuir adsorption formulation was selected because sorption capac-
ity in natural porous media is finite and adsorption does not necessarily increase linearly
with dissolved copper concentration. Unlike a linear isotherm with a constant distribution
coefficient, the Langmuir formulation represents the progressive occupation of available
sorption sites and the approach towards saturation at higher concentrations. Applying
isotope-specific Langmuir parameters to 63Cu and 65Cu provided a controlled mechanism
for producing different retardation and plume responses for the two isotopes. This enabled
the evaluation of whether isotope-dependent transport responses provide additional in-
formation for identifying concealed copper sources. However, this simplified formulation
does not represent all-natural copper-isotope fractionation processes, which may also in-
volve mineral dissolution, precipitation, complexation, redox reactions, kinetic effects, and
heterogeneous sorption. These additional processes should be incorporated into future
site-specific reactive-transport investigations.

The specified constant-head boundaries that permitted groundwater inflow and out-
flow throughout the simulation period are presented in Table 2 below. The hydrogeological
parameters used to construct the model had layer-based recharge uniformly distributed
over the model surface area to represent natural groundwater replenishment. The differen-
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tial values of the adsorption coefficients for 63Cu, 65Cu, and CuTot are given in Table 2. No
decay term is applied because both are stable isotopes.

The hydrogeological boundary conditions were treated as no-flow boundaries through-
out the periphery of the specified study area, thereby restricting groundwater movement
across those boundaries. This combination of boundary conditions enabled the develop-
ment of a stable regional flow field suitable for contaminant transport simulations. Three
potential copper mineral deposit locations were incorporated into the groundwater flow
and simulation model. Rather than prescribing constant source releases, source fluxes were
allowed to vary over five sequential stress periods, each of which was 320 days, enabling
the simulation of different release histories. Groundwater isotopic signature’s responses
were available at twenty observation wells distributed throughout the model domain to
capture the spatial and temporal evolution.

Table 2. Hydrogeological parameters used in the numerical model.

Aquifer Parameters Values

Hydraulic Conductivities m/d

Layer 1 Avg (0.9–3.2)

Layer 2 (0.01–0.51)

Layer 3 (0.003–0.05)

Layer 4 (0.0005–0.00001)

Adsorption Coefficient (Kd) for 65Cu 1.4

Adsorption Coefficient (Kd) for 63Cu 1.2

Adsorption Coefficient (Kd) for CuTot 1.6

Observation Wells 20

Specific Storage 3.00 × 10−7

Effective Porosity

Layer 1 0.25

Layer 2 0.25

Layer 3 0.25

Layer 4 0.25

Specific Yield

Layer 1 0.009

Layers 3–4 1.00 × 10−5

Longitudinal Dispersivity 5 m

Transverse Dispersivity 0.01 m

Vertical Dispersivity 0.001 m

Average Vertical Recharge 1.00 × 10−8 (m/d)

Length 5000 m

Depth 200 m

Width 5000 m

3. Development of the Gaussian Process Regression Surrogate Model
The optimal estimation of concealed mineral deposit location characteristics required

a large number of numerical model evaluations. Although the MODFLOW–MT3DMS sim-
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ulation framework provided a physically realistic representation of groundwater flow and
contaminant transport processes, repeated execution of the numerical simulator during op-
timisation can result in substantial computational demands. To overcome this limitation, a
surrogate modelling approach was adopted to approximate the behaviour of the numerical
simulator while significantly reducing computational requirements [9,25,35]. In the present
study, a Gaussian Process Regression (GPR) metamodel was developed using synthetic
datasets that were generated from the isotope-informed groundwater transport simulator.
The surrogate model was designed to learn the complex nonlinear relationships between
distinct deposit location characteristics and resulting groundwater concentration responses.
Once trained, the GPR model was capable of rapidly mimicking groundwater responses
without requiring repeated execution of the numerical simulator. Therefore, the machine
learning (ML) pattern-based surrogate model could execute the function of the numerical
simulator as a direct approximator. For the successful superseding of the numerical model
by the metamodel, (GPR) was developed in three stages of training, validation and testing
to an appropriate level of statistical satisfaction. Satisfactory performance results of the
trained surrogate model needed to be achieved to verify its accuracy and efficiency. The
training dataset was generated through a series of automations using the ISoMEC, which
was linked to the numerical simulator files for feeding and updating the data. The resulting
groundwater responses at observation wells were extracted and compiled into a database
for surrogate model development. Latin Hypercube Sampling (LHS) was used to generate
2000 independent parameter combinations for the forward simulations. These runs were
the true representation of the numerical model behaviour dictated by the flow and trans-
port codes. The source-release fluxes were sampled from uniform distributions within the
prescribed bounds of 0–100 mg/day, providing systematic coverage of the multidimen-
sional input space. The selected number of simulations represented a practical balance
between the computational cost of repeatedly executing MODFLOW–MT3DMS and the
amount of data required to train the GPR surrogate. The fluxes of Source 1, Source 2, and
Source 3 were independently sampled from uniform distributions bounded between 0 and
100 mg/day. The source starting time and release duration were defined according to the
five stress periods of 320 days each within the 1600-day cumulative reconstruction period.
ISoMEC automatically transferred each sampled parameter combination into the numerical
model, executed the corresponding forward simulation, and extracted the concentration
responses used to develop the GPR surrogate. Future studies should examine progressive
training-set sizes, adaptive sampling, and active-learning approaches to determine the
minimum simulation requirement for a specified surrogate accuracy.

The input variables used for surrogate model development included observation
wells, observation time, source deposit locations and flux information. The output vari-
ables consisted of groundwater concentration responses for three different species of CuTot,
63Cu, and 65Cu, which represented isotope signatures. Gaussian Process Regression (GPR)
metamodels were selected due to their ability to accurately represent highly nonlinear sys-
tems while providing robust predictive capabilities [36,37]. Unlike conventional regression
approaches that assume a predefined functional relationship between inputs and outputs,
GPR constructs predictions using covariance structures learned directly from the train-
ing data. This characteristic makes GPR particularly suitable for groundwater transport
problems where complex interactions exist between hydrogeological parameters, deposit
location conditions and contaminant migration processes [38]. Model training involved
training the surrogate with the numerical simulation data and subsequently evaluating its
predictive performance using independent validation and testing datasets. The validation
process was undertaken to assess the ability of the surrogate model to generalise beyond
the training data and accurately reproduce unseen simulator responses. The resulting sta-
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tistical performance metrics demonstrated excellent predictive capability across all model
outputs [39,40]. High coefficients of determination (R2) and low error statistics indicated
strong agreement between numerical simulator outputs and surrogate predictions. These
results confirmed that the trained GPR metamodel was capable of accurately reproducing
the functional behaviour of the numerical simulator and could therefore be used as a
computationally efficient substitute during the optimisation stage. The validated GPR
surrogate models subsequently formed the core predictive engine of the inverse modelling
framework. This significantly improved computational efficiency and enabled practical
implementation of the Adaptive Simulated Annealing (ASA) optimisation framework for
the isotope signature source reconstruction.

3.1. Training, Validation and Testing Dataset Development

The Gaussian Process Regression (GPR) surrogate model was developed using a
comprehensive dataset generated from repeated forward simulations by the numerical
groundwater flow and transport model as discussed in Section 3. Rather than relying on
analytical solutions, the GPR metamodel was trained entirely from numerical realisations
produced by the externalised MODFLOW–MT3DMS simulation framework developed in
this study. The simulation framework automatically modified deposit location parameters
executed by the numerical model and extracted the resulting groundwater concentration
responses at the pre-defined observation wells using the Latin hypercube sampling (LHS)
method. The simulated dataset generated consisted of multiple realisations representing
different deposit location release scenarios. Each realisation was characterised by variations
in magnitude, source activation period, observation well location and observation time.
For every simulation, the numerical model produced groundwater concentrations for
the three transported species CuTot, 63Cu, and 65Cu, together with the corresponding
isotopic composition δ65 Cu. These numerical outputs formed the target variables for
surrogate model development. The generalisation performance of the GPR surrogate
was evaluated using an independent testing dataset containing previously unseen LHS-
generated simulation realisations. Data partitioning was performed according to simulation
identifiers rather than individual observation rows. Therefore, all records associated with a
given realisation were assigned exclusively to the training, validation, or testing dataset.
No overlap of simulation realisations occurred among the three subsets.

The predictor variables supplied to the GPR model consisted of seven input parameters:

• Observation well identifier.
• Simulation time (days).
• Duration of the travel.
• Deposit Location 1: isotope release activity as source fluxes.
• Deposit Location 2: isotope release activity as source fluxes.
• Deposit Location 3: isotope release activity as source fluxes.
• Deposit Location 4: isotope release activity as source fluxes.

The response variables comprised four outputs:

• CuTot: total concentration.
• 65Cu concentration.
• 63Cu concentration.
• δ65 Cu.

Prior to the stage of model training, the complete numerical simulation dataset of
input and output was compiled together for developing the surrogate. From the entire runs
of input and corresponding output, data was randomly divided into three independent
subsets to ensure unbiased model evaluation, as presented in the earlier research conducted
by [12,28] for the saltwater intrusion. From the techniques of using the LHS, it was taken
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care that no two runs had duplicates or similar values thus distinguishing each one from
one another. The uniqueness of each run with different source inputs generated a set of
non-identical outputs, which were then used for categorisation into three sets of data,
particularly training, validation and testing. It has been proven that such categorisation
allows data to provide statistical confidence to check the performance of the metamodel in
terms of efficiency and associated uncertainties. A total of 70% of the data were assigned
to the training dataset, which was used to estimate the hyperparameters of the GPR.
A total of 20% of the remaining data were used for the validation dataset, which was
employed during model development to monitor prediction accuracy and reduce the
possibility of overfitting. Finally, 10% was used as an independent testing dataset, which
remained unseen during model construction. This three-stage data partitioning ensured
that the developed surrogate was capable of accurately reproducing groundwater transport
behaviour over a wide range of deposit locations and release conditions while maintaining
strong predictive performance on previously unseen scenarios [12]. From the entire data
generation and training process, the workflow was automated through the coupling of
ISoMEC and MODFLOW-MT3DMS. The execution was through the command-based
window hosted inside the MATLAB Version R2020b toolbox. The automated coupling
of ISoMEC and Simulator generated 2000 runs of the dataset, distinct from each one.
1400 runs were used for the training of the GPR metamodel, 400 runs for validation and
200 for testing.

3.2. Surrogate Model Performance Assessment

The predictive capability of the developed surrogate, which is the GPR metamodel,
was evaluated using independent validation and testing datasets. Model performance
was quantified using four commonly adopted statistical indicators, namely the coefficient
of determination (R2), Root Mean Square Error (RMSE), Mean Absolute Error (MAE),
and Normalised Root Mean Square Error (NRMSE). These statistical indices are widely
employed in hydrological modelling, machine learning and environmental surrogate
modelling because they provide complementary measures of prediction accuracy [41–44].
The coefficient of determination measures the proportion of variance explained by the
surrogate model and is expressed as Equation (1) below:

R2 = 1 − ∑n
i=1(yi − ŷl)

2

∑n
i=1(yi − y)2 (1)

where yi denotes the simulated numerical-model value, ŷi is the surrogate prediction, and
y is the mean of the observed values.

The Root Mean Square Error (RMSE) is calculated as shown by the formula in (2)

RMSE =

√︃
1
n∑n

i=1(yi − ŷi)
2 (2)

while the Mean Absolute Error (MAE) is shown in (3) below

MAE =
1
n∑n

i=1|yi − ŷi| (3)

To facilitate comparisons among variables with different numerical scales, the RMSE
was normalised as (4)

NRMSE =
RMSE

ymax−ymin
(4)
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The coefficient of determination (R2) measures the proportion of variance in the
numerical model outputs that is explained by the surrogate model [38]. A R2 value of
1 indicates perfect agreement between predicted and simulated values, whereas values
approaching zero indicate poor predictive capability. In general, R2 values greater than
0.90 are considered indicative of good predictive performance for environmental modelling
applications [41]. In the present study, the surrogate model (GPR) achieved testing R2

values exceeding 0.9998, with several outputs producing values effectively equal to unity,
demonstrating that the developed GPR metamodel successfully reproduced the numerical
simulator responses with almost no loss of information [42]. The Root Mean Square Error
(RMSE) quantifies the average magnitude of prediction errors while assigning greater
weight to larger deviations due to the squared residual term. Consequently, RMSE is
particularly sensitive to large prediction errors and is commonly regarded as one of the
most informative indicators of overall model performance [38]. The low RMSE values
obtained for all outputs indicate that prediction deviations between the surrogate and the
numerical simulator remained consistently small throughout the dataset. Unlike RMSE,
the Mean Absolute Error (MAE) represented the average absolute prediction error and was
less influenced by isolated large deviations. MAE therefore provided a direct measure of
the average prediction accuracy and is often recommended alongside RMSE to provide
a balanced assessment of surrogate model performance [39]. The consistently low MAE
values obtained for both validation and testing datasets further demonstrate the robustness
and stability of the developed GPR metamodels. Since the simulated outputs span different
numerical ranges, the Normalised Root Mean Square Error (NRMSE) was also computed
to facilitate comparison among variables. NRMSE expresses the prediction error relative to
the range of observed values, allowing model performance to be compared across outputs
with different units and magnitudes. Lower NRMSE values indicate greater predictive
accuracy, with values below approximately 10% generally considered indicative of highly
accurate predictive models in environmental applications [39].

In the present study, the NRMSE values were substantially below 1% for all predicted
variables. This reveals that most outputs exhibited values below 0.3%, confirming that
prediction errors were negligible relative to the magnitude of the numerical simulator
responses. Overall, the combined evaluation of R2, RMSE, MAE, and NRMSE demonstrates
that the Gaussian Process Regression (GPR) surrogate provided an exceptionally accurate
representation of the MODFLOW–MT3DMS numerical simulator. The close agreement
between the validation and testing statistics further indicated excellent generalisation ca-
pability and suggested that the developed surrogate model exhibits minimal overfitting.
Such predictive performance provided confidence that the surrogate model could reliably
replace repeated numerical simulations for computationally intensive optimisation and
inverse deposit location [40,43,44]. The exceptionally high predictive performance of the
GPR can be partly attributed to the structured relationships among the three simulated
outputs CuTot, 63Cu, and 65Cu. The isotope concentrations were generated through mass
partitioning of the total copper concentration according to the prescribed source isotope
ratio and were subsequently governed by the same groundwater-flow and transport sys-
tem. Consequently, the outputs were strongly correlated and varied smoothly across
the sampled parameter space, reducing the complexity of the input–output relationships
learned by the GPR. Isotope-dependent transport and sorption could modify the original
proportions; therefore, the isotope concentrations were not treated as fixed fractions of
CuTot. Nevertheless, their physically constrained relationships contribute to the high GPR
performance. This interpretation is supported by predicted-versus-simulated plots and
error metrics obtained from independent testing realisations.
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The results demonstrated in Table 3 show excellent predictive capability of the pro-
posed surrogate model across all output variables. The testing R2 values exceed 0.9998 for
every response, with several outputs achieving values effectively equal to unity, indicating
that the GPR successfully reproduced the numerical simulator responses with negligible
loss of accuracy. Similarly, the RMSE and MAE values remained consistently low for both
the validation and testing datasets, while the NRMSE values were below 0.23% for all
outputs, confirming that prediction errors were extremely small relative to the range of
the simulated responses. A close agreement between the validation and testing statistics
further indicates that the surrogate models generalise well to unseen simulation scenar-
ios and exhibit no evidence of significant overfitting. This level of predictive accuracy
demonstrates that the GPR model would provide a computationally efficient yet highly
realistic approximation of the original MODFLOW–MT3DMS numerical simulator [45].
This representation of the numerical model makes the approach well suited for integration
within the simulation–optimisation (SO) framework developed in this study. The resulting
surrogate substantially reduces computational cost while preserving the accuracy required
for inverse groundwater deposit location identification and flux estimation.

Table 3. Summarises the predictive performance evaluation for Gaussian Polynomial Regression
training process surrogate models.

Output Validation
RMSE

Validation
MAE

Validation
R2

Testing
RMSE

Testing
MAE

Testing
R2

Testing
NRMSE

Cutot 0.04689 0.01610 0.99995 0.04741 0.01619 0.99995 0.00160
65Cu 0.03016 0.00571 0.99980 0.03012 0.00571 0.99980 0.00229
63Cu 0.01227 0.00453 0.999995 0.01227 0.00453 0.999995 0.000495

4. Adaptive Simulated Annealing Optimisation Framework
Following the successful development and validation of the Gaussian Process Re-

gression (GPR) surrogate model, an inverse optimisation framework was established to
reconstruct the unknown deposit location release histories associated with the candidate
concealed copper mineralisation zones. The objective of the optimisation process was to
determine the temporal deposit location flux distribution that minimised the discrepancy
between observed concentrations as specified and those predicted by the optimisation
model. The Adaptive Simulated Annealing (ASA) was selected as the primary optimisation
algorithm for the proposed framework. ASA demonstrated its proven capability for solving
highly nonlinear inverse problems characterised by multiple local optima, discontinuous
objective surfaces and high-dimensional parameter spaces [42,46,47] Inverse groundwater
source identification is recognised as a computationally challenging optimisation problem
because numerous combinations of mineral deposit release histories can generate similar
transport geochemical responses [6,48]. This non-uniqueness results in an objective func-
tion containing multiple local minima, making conventional gradient-based optimisation
techniques susceptible to premature convergence. Other algorithms such as Particle Swarm
Optimisation (PSO) and Genetic Programming (GP) would also have been effective in
searching for the optimal solution [16]. Adaptive Simulated Annealing (ASA) overcomes
these limitations by incorporating probabilistic acceptance criteria, allowing temporary
acceptance of inferior solutions during the early stages of optimisation. Such behaviour
enhances exploration of the global search space while progressively reducing randomness
through an adaptive cooling schedule, thereby improving convergence towards the global
optimum [49,50]. Unlike classical simulated annealing, ASA automatically adjusts the
search distribution according to the sensitivity of each decision variable. The adaptive
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annealing schedule accelerates convergence without sacrificing global search capability,
making the algorithm particularly suitable for inverse contaminant deposit locations char-
acterisation problems where objective function landscapes are highly irregular [51]. Within
the present study, ASA was directly coupled with the trained GPR metamodel. Instead of
repeatedly executing the computationally demanding MODFLOW–MT3DMS numerical
simulator during every optimisation iteration, groundwater concentrations were predicted
instantaneously using the trained GPR metamodel. Consequently, thousands of candidate
deposit location configurations could be evaluated within a practical computational time
while preserving the predictive behaviour of the original numerical simulator.

4.1. Decision Variables

The optimisation problem consisted of twenty unknown decision variables represent-
ing deposit locations and Isotope fluxes distributed across three of these potential deposit
locations and one dummy potential deposit location incorporating five sequential stress
periods. The decision vector is expressed as

x = [S1,1,S1,2,S1,3,S1,4,S1,5,S2,1,S2,2,S2,3,S2,4,S2,5,S3,1,S3,2,S3,3,S3,4,S3,5S4,1S4,2S4,3S4,4S4,5]

where

• S(i,k) denotes the contaminant deposit location flux (mg/day);
• i represents the candidate deposit location (i = 1,2,3,4);
• k denotes the stress period of 320 days (k = 1,2,3,4,5).

Each stress period represents a fixed release interval within the simulation period,
allowing the optimisation algorithm to reconstruct the temporal evolution of contaminant
release from each deposit location.

4.2. Candidate Solution Representation

Within the Adaptive Simulated Annealing (ASA) optimisation process, a candidate
solution represents one possible mineral deposit location release scenario proposed by
the optimisation algorithm. Rather than representing isotope signatures directly, each
candidate solution consists of a complete set of flux values assigned to the predefined
deposit points over the specified stress periods. For every candidate solution generated
by ASA, the mineral deposit flux values are supplied to the trained (GPR) metamodel,
together with the observation well locations and simulation times. The metamodel predicts
the corresponding species concentrations, which are then compared with the observed
monitoring data through the objective function stated in Equation (5). Throughout the
optimisation process, ASA continuously generated thousands of such candidate solutions.
Poor-performing solutions were gradually discarded, while promising solutions were
retained and refined through the adaptive annealing process. As the search progressed,
the candidate solutions progressively converged towards a deposit location release history
that minimised the discrepancy between observed and predicted species concentrations.
The final optimal candidate solution therefore represented the most probable deposit
location distribution capable of reproducing the measured groundwater responses within
the study area.

5. Objective Function Formulation
The success of the inverse source identification process depends on the ability of the

optimisation algorithm to identify flux configurations for a particular concealed mineral
deposit location which accurately reproduces the observed groundwater responses. To
achieve this objective, an objective function was formulated to quantify the discrepancy
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between observed groundwater concentrations and the concentrations predicted by the
GPR surrogate model.

The optimisation objective was formulated as the minimisation of the sum of squared
residuals between the observed groundwater concentrations and the concentrations es-
timated by the GPR surrogate model. The objective function minimised the combined
absolute concentration mismatch across all species, observation wells, and sampling times.
All three outputs were expressed in mg/L, and their residuals were aggregated directly.
Nevertheless, their numerical concentration ranges differed; therefore, the unnormalised
Square Error formulation gave greater influence to variables with larger concentration
magnitudes. In the present results, CuTot, 63Cu, and 65Cu contributed approximately
48.90%, 38.12%, and 12.99% of the total objective-function error, respectively. Thus, 65Cu
retained an influence on the inverse solution but contributed less because of its smaller
concentration magnitude. Future applications could employ species-specific normalisation,
uncertainty-based weighting, or inverse-variance weighting to provide a more balanced
contribution from each observation type.

During each iteration, the Adaptive Simulated Annealing (ASA) algorithm generated
a candidate source flux configuration, which was supplied to the trained GPR surrogate
model to estimate the corresponding CuTot, 63Cu, and 65Cu concentrations at all monitoring
wells and observation times. The optimal solution was identified as the source flux con-
figuration that minimised the cumulative estimation error while satisfying the prescribed
source flux bounds.

The linked optimisation simulation model for unknown source identification can be
represented by Equations (5) and (6), which:

1. Minimised the summation of the difference between the estimated and the observed
isotope signatures and the summation of the difference between the total copper
concentrations and estimated copper concentrations, at each monitoring location at
different times.

2. The linked simulation–optimisation constraints represented the simulation model as a
set of binding constraints.

The optimisation simulation model was mathematically represented as follows:

Minimise F(X) = ∑nk
k=1 ∑nob

iob=1(
(︂

Ck
Cu(Tot)obs,i0b

− Ck
Cu(Tot)est,i0b

)︂2
+

(︃
Ck
(63Cu)obs,i0b

− Ck
(63Cu)est,i0b

)︃2
+(︃

Ck
(65Cu)obs,i0b

− Ck
(65Cu)est,i0b

)︃2
)︄

.
(5)

Subject to:
Ck

est,iob
= f (qs, Cs), Where f

(︂
qs, Cs,Ck

est,iob

)︂
∀iob, k. (6)

The set of constraints in Equation (6) essentially represents the linking of the optimi-
sation algorithm with the numerical groundwater flow and transport simulation model
through the decision variable where:

Cs is the Isotope concentration at the source location (ML−3).
qs is the volumetric flux of water per unit volume of aquifer (T−1).

qsCs is the Isotope flux (ML−3T
−1

).
Cestk

iob is the concentration estimated by the transport simulation model at observation
monitoring location iob and at the end of time period k (ML−3).

S(i,k) is the isotope flux at deposit locations (mg/day), with:
i = the location;
k = the stress period.
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• F(X) is the objective function to be minimised.
• X is the vector of unknown optimisation decision variables representing the source fluxes.
• k denotes the observation time index.
• nk is the total number of observation times.
• iob denotes the groundwater observation well index.
• nob is the total number of groundwater observation wells.
• Ck

Cu(Tot),obs,iob
is the observed (synthetically generated) total copper concentration at

observation well iob and time k.
• Ck

Cu(Tot),est,iob
is the surrogate-estimated total copper concentration corresponding to

the trial solution.
• Ck

(65Cu),obs,iob
and Ck

(65Cu),est,iob
are the observed and surrogate-estimated concentrations

of the 65Cu isotope, respectively.
• Ck

(63Cu),obs,iob
and Ck

(63Cu),est,iob
are the observed and surrogate-estimated concentrations

of the 63Cu isotope, respectively.

f (x, y, z,Cest) represents the concentration simulation results at location coordinates
defined by x, y, z obtained from the transport simulation model.

The objective function was evaluated using observations collected from multiple mon-
itoring wells, distributed throughout the study area. For each candidate solution generated
by the Adaptive Simulated Annealing (ASA) algorithm, the corresponding groundwater
responses were predicted using the trained GPR surrogate model. The residual differ-
ences between observed and predicted concentrations were subsequently calculated and
aggregated to produce a single objective function value. The decision variable vector
consisted of twenty source fluxes corresponding to four candidate deposit locations with
five stress periods, as depicted in Table 1, where S [i,k] denotes the source flux associated
with source location (i) during stress period (k). The objective function was designed to
simultaneously preserve information associated with total isotope-specific transport be-
haviour. Incorporating CuTot, 63Cu and 65Cu within the optimisation process ensured that
both overall isotope migration pattern responses contributed to the deposit location history
reconstruction process. This represented a more complex scenario of groundwater system
behaviour compared to that which would be obtained using a single species concentration
history alone. The objective function value served as the primary measure of solution qual-
ity throughout the optimisation process. Lower computational objective function values
indicated improved agreement between observed and predicted groundwater responses,
while the minimum objective function identified by the ASA algorithm represented the
optimal release flux history for the investigated groundwater system.

6. Optimisation Results and Deposit Location Flux Reconstruction
The optimisation process was achieved through the coupling of the Adaptive Simu-

lated Annealing (ASA) algorithm with the trained GPR surrogate model, with the objective
function as mentioned earlier. During each optimisation iteration, ASA generated a can-
didate deposit flux history consisting of twenty decision variables corresponding to the
four candidate deposit locations and five stress periods of 320 days each. The 320-day
stress period was reasonably taken by the decision model as the best interval to mathe-
matically converge to the best solution. This stress period value of 320days was optimally
favourable, as the tracer element of copper had three species and all three species needed
to undergo normalisation. These fluxes from locations were supplied to the trained GPR
metamodel, which rapidly estimated the corresponding isotopic signature responses at
all monitoring wells and observation times. The optimal estimate of the deposit location,
as explained above, was based on the best match between the measured and simulated
isotope signatures. The candidate locations are pre-defined and once a particular deposit
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location is identified, the corresponding coordinates of locations are obtained. The esti-
mated isotopic concentrations were subsequently compared with the observed isotopic
concentrations, which were evaluated to quantify the agreement between the two datasets.
The optimisation algorithm continuously updated the candidate flux histories until the
minimum objective function value was achieved, indicating convergence to the optimal
deposit location configuration.

6.1. Reconstructed Deposit Locations Flux Histories

Table 4 summarises the source-flux histories reconstructed using the coupled Adaptive
Simulated Annealing–Gaussian Process Regression (ASA–GPR) optimisation framework.
Figure 2 directly compares the actual input fluxes used in the forward groundwater-
transport simulation with the corresponding fluxes reconstructed by the ASA–GPR frame-
work. Four candidate source locations were included in the inverse analysis. Locations 1–3
represented active sources, whereas the dummy location was assigned zero actual flux
throughout the simulation to test whether the framework could distinguish an inactive
candidate location from the active sources. Although the GPR surrogate was trained using
data generated over a 30-year transport period, the inverse reconstruction considered
1600 days from the entire data set of the 30-year period. This interval was divided into five
equal stress periods (SP1–SP5), each lasting 320 days. Consequently, the inverse problem
contained 20 decision variables representing the temporally varying fluxes of the four
candidate locations.

Table 4. Twenty deposit locations, fluxes and the stress periods with the corresponding durations.

Location Stress Period Estimated Flux
mg/Day

Actual Flux
mg/Day

Deposit Location 1 1 66.3 64.2

2 20.1 18.2

3 23.0 16.1

4 28.4 25.2

5 12.9 13.1

Deposit Location 2 1 3.5 7.9

2 30.3 28.3

3 39.8 37.0

4 36.8 43.0

5 64.7 53.0

Deposit Location 3 1 42.4 30.1

2 92.4 88.2

3 99.8 93.2

4 25.9 23.1

5 99.9 89.2

Deposit Location 4 1 0.0 0.0

2 0.0 0.0

3 0.0 0.0

4 0.0 0.0

5 0.0 0.0
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Figure 2. The optimised flux for three active deposit locations and one dummy location with their
five time-step periods.

As shown in Figure 2, the reconstructed fluxes generally corresponded with the actual
input fluxes in terms of both magnitude and temporal variation, although the level of agree-
ment differed among locations and stress periods. For Location 1, the reconstructed fluxes
were 66.36, 20.06, 23.00, 28.36 and 12.96 mg/day, compared with actual values of 64.23,
18.23, 16.14, 25.23 and 13.14 mg/day, respectively. The reconstruction was particularly close
in SP1 and SP5, with absolute differences of only 2.13 and 0.18 mg/day. The largest discrep-
ancy occurred in SP3, where the flux was overestimated by 6.86 mg/day. Nevertheless, the
reconstruction correctly reproduced the dominant high flux in SP1, subsequent reduction
in SP2–SP3, modest increase in SP4 and the further decline in SP5.

For Location 2, the reconstructed values were 3.54, 30.26, 39.79, 36.79 and 64.65 mg/day,
whereas the actual input values were 7.99, 28.25, 36.98, 42.99 and 53.00 mg/day. The agree-
ment was closest in SP2 and SP3, where the absolute differences were approximately
2.01 and 2.81 mg/day. Larger deviations occurred in SP1, SP4 and SP5. In particular,
the reconstruction underestimated the SP1 and SP4 fluxes by approximately 4.45 and
6.20 mg/day, respectively, and overestimated the SP5 flux by approximately 11.66 mg/day.
Thus, the ASA–GPR framework captured the overall increase in the contribution of Loca-
tion 2 from the early to the later stress periods, but it did not reproduce every stress-period
value with the same degree of accuracy. For Location 3, reconstructed fluxes of 42.41, 92.40,
99.83, 25.94 and 99.91 mg/day were obtained, compared with actual values of 30.11, 88.22,
93.22, 23.11 and 89.22 mg/day. The closest agreement occurred in SP2–SP4, with absolute
differences ranging from approximately 2.83 to 6.60 mg/day. More noticeable overesti-
mations occurred in SP1 and SP5, where the reconstructed values exceeded the actual
values by approximately 12.30 and 10.68 mg/day, respectively. Despite these differences,
the reconstruction reproduced the sharp increase from SP1 to SP2, the high flux during
SP2–SP3, the pronounced decrease in SP4 and the renewed increase in SP5. The comparison
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also correctly identified Location 3 as the largest source in SP2, SP3 and SP5. However,
Location 1 was the dominant source in SP1, while Location 2 had the largest actual flux
in SP4.

The dummy location provides an additional assessment of the source-identification
capability of the framework. Its actual input flux was zero in all five stress periods, while the
reconstructed values remained between approximately −0.0003 and 0.0019 mg/day. These
values were negligible compared with the fluxes reconstructed for the three active locations
and could be regarded as effectively zero within the numerical tolerance of the optimisation.
The close correspondence between the zero actual flux and the near-zero reconstructed
flux indicated that the framework correctly classified the dummy location as inactive and
did not assign it a substantial false-positive contribution. This approach was taken to
ensure that the methodology could verify the proof of concept with the control experiment
ideology to be able to identify the dummy sources. This correct identification of the dummy
source provided assurance that false source identification has a lower possibility of being
picked up by the optimiser before the methodology could roll out in real field scenarios.

Overall, Figure 2 demonstrates that the ASA–GPR framework reproduced the princi-
pal magnitudes and values, temporal changes and relative contributions of the three active
locations while correctly identifying the inactive dummy location. The comparison also
reveals that reconstruction accuracy was not uniform across all stress periods, with the
largest differences occurring for Location 1 in SP3, Location 2 in SP5 and Location 3 in
SP1 and SP5. Therefore, the results support the ability of the framework to reconstruct the
main characteristics of temporally varying source-flux histories, while also showing the
stress periods in which uncertainty or reconstruction error was comparatively greater. The
anomalies for Location 1/SP3 and Location 2/SP5 were examined explicitly. At Location 1
during SP3, ASA–GPR reconstructed a flux of 23.00 mg/day compared with the actual
input flux of 16.14 mg/day, representing an overestimation of 6.86 mg/day. At Location 2
during SP5, the reconstructed flux was 64.65 mg/day compared with the actual value of
53.00 mg/day, representing an overestimation of 11.65 mg/day. These results indicate
that the framework correctly identified both locations as active sources and reproduced
their broader temporal behaviour, although it did not recover every stress-period flux with
equal accuracy. These discrepancies reflected the non-uniqueness of the inverse problem,
overlapping concentration responses from different sources, limitations in the spatial and
temporal information provided by the monitoring network, GPR approximation error, and
the stochastic convergence behaviour of ASA. Consequently, successful identification of an
active source location should be distinguished from exact reconstruction of its temporal
flux magnitude. Uncertainty in the reconstructed source fluxes may produce false-positive
or false-negative exploration targets when the framework is applied under field condi-
tions. A false-positive result may occur when a non-mineralised candidate location is
assigned a substantial reconstructed flux, whereas a false-negative result may occur when
an active mineralised location is assigned a negligible flux. Such errors may arise from
measurement noise, hydrogeological uncertainty, overlapping plume responses, model
structural error, surrogate approximation, and the non-uniqueness of the inverse problem.
Therefore, the proposed framework should primarily be considered a target-ranking and
decision-support tool rather than an independent method for confirming mineral deposits.
Candidate locations identified by the framework must ultimately be evaluated alongside
geological, geophysical and geochemical evidence and verified through field investigation
and exploration drilling.

The reconstructed deposit location histories provided insight into both the magni-
tude and temporal evolution of plume release, which was generated from the concealed
mineral deposit location. Stress periods exhibiting larger optimised flux values indicated
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intervals during which loading exerted a greater influence on the observed groundwater
concentrations. Conversely, lower flux values suggest periods of reduced release activity or
diminished contribution to groundwater contamination.

6.2. Objective Function Convergence

The effectiveness of the optimisation framework was evaluated using the difference in
the objective function values obtained following convergence as a proof of concept from
other research [27,52]. The minimum overall objective function value achieved by the
optimisation process was 0.075, representing the cumulative residual error between the
observed groundwater concentrations and those estimated by the GPR metamodel. To
provide a physically meaningful interpretation of the objective function value, a normal-
isation analysis was performed using the observed groundwater concentrations. The
observed concentrations for CuTot, 63Cu and 65Cu from all 20 monitoring wells over
5 sampling times (100 observations per species) were summed and averaged individu-
ally. The total observed concentrations were 2630.61 mg/L for Cu Total, 2455.13 mg/L for
63Cu and 2462.15 mg/L for 65Cu, corresponding to average concentrations of 26.31 mg/L,
24.55 mg/L and 24.62 mg/L, respectively. The combined average concentration of the
three species was therefore 75.48 mg/L, representing the overall concentration magni-
tude against which the optimisation error was evaluated. Since the objective function
was based on squared residuals, its square root was first determined to restore the units
to concentration. The square root of the minimised final objective function value was
0.274 mg/L. The square root of the minimum objective-function value was first calculated
as 0.274 mg/L. The mean concentrations of CuTot, 63Cu, and 65Cu were 26.31, 24.55, and
24.62 mg/L, respectively, giving a combined reference concentration of 75.48 mg/L. Di-
viding 0.274 mg/L by 75.48 mg/L produced a normalised ratio of 0.00363. Multiplying
this ratio by 100 gave a normalised objective-function error of approximately 0.36%. This
indicated that the residual error remaining after optimisation was less than 1% of the
average observed groundwater concentration across all three copper species. The lower
error of less than 1% demonstrated that the ASA–GPR optimisation framework achieved
an excellent agreement between the estimated and observed concentration datasets with a
very high degree of accuracy, providing strong confidence in the reconstructed source flux.
Table 5 below presents the total of 100 observations and its corresponding averages, which
were used to normalise.

Table 5. Total observed concentrations and corresponding average concentrations of Cu, 65Cu,
and 63Cu calculated from 100 observations (20 monitoring wells × 5 time steps) for use in the
normalisation of the objective function.

Species Total of 100 Observations (mg/L) Average (mg/L)

CuTot 2630.61 26.30
65Cu 2462.15 24.62
63Cu 2455.13 24.55

The relatively small residual values obtained for all three species indicated that the
optimised flux histories provided a close agreement between the observed and estimated
groundwater concentrations, as mentioned earlier. Beyond an objective function value of
0.075, successive optimisation iterations produced negligible reductions in the residual
error, indicating that the ASA algorithm had converged to a stable solution as shown
in Figure 3. ASA was selected because the inverse source-identification problem was
treated as nonlinear, potentially multimodal, and potentially lacking analytical gradients.
ASA performed a global search and could probabilistically accept inferior trial solutions,
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allowing it to escape local minima. Its adaptive temperature and step-size mechanisms
also progressively shifted the search from broad exploration to local refinement. Further-
more, the convergence and the optimised results revealed that ASA could potentially
be coupled directly with the GPR surrogate and can efficiently handle the bounds and
time-varying source-flux decision variables. In contrast, population-based methods such as
PSO generally require evaluating many candidate solutions during each iteration and may
converge prematurely without careful parameter tuning. However, ASA is not claimed to
be universally superior; it was selected as a suitable and previously established method for
groundwater inverse problems, while a formal comparison with PSO and other algorithms
remains an important subject for future research. The convergence behaviour demonstrated
the capability of the optimisation framework to efficiently explore the high-dimensional
decision-variable space and identify a flux configuration that best reproduces the observed
groundwater responses [7].

Figure 3. Shows the ASA-GPR linking, which produced multiple iterations before converging to
a solution.

Figure 3 illustrates the convergence history of the ASA–GPR optimisation framework
implemented in the MATLAB Version R2020b Optimisation Toolbox. The convergence
process comprised approximately 41,000 iterations, reflecting the extensive search per-
formed by the inverse optimisation algorithm across the solution space. The Adaptive
Simulated Annealing parameters used in the inverse problem solving are mentioned in
Table 6 below. The optimisation problem contained 15 decision variables, corresponding
to three candidate source locations with five stress periods and 5 decision variables corre-
sponding to 1 dummy source location. The source-flux values were constrained between
0 and 100 mg/day for all 20 decision variables. The lower bound of 0 mg/day prevented
physically unrealistic negative source fluxes representing dummy sources, while the upper
bound of 100 mg/day defined the maximum permissible release rate. The ASA algorithm
generated the initial flux values randomly within these bounds, and any candidate value
outside this range during the search was returned to the nearest allowable boundary. These

https://doi.org/10.3390/w18192460

https://doi.org/10.3390/w18192460


Water 2026, 18, 2460 23 of 32

iterations represent the continuous exploration and refinement of candidate solutions
until the optimal objective function value was identified. The optimisation required ap-
proximately 1080s to converge using the high-speed CPU supercomputer, demonstrating
computational efficiency considering the size and complexity of the dataset, as shown
in Figure 3.

Table 6. Adaptive Simulated Annealing (ASA) parameter settings used in the GPR–ASA source-flux
reconstruction framework.

ASA Parameters Values

Number of Decision Variables 20

Flux Bounds 0–100 mg/day

Random Number Seeds 42

Initial Solution Uniformly sampled within bounds

Initial Temperature

Cooling Schedule TK = T0 exp [−8
√︂

k
4100 ]

Cooling Coefficient 8

Initial Step Fraction 0.2

Proposal Distribution Normal distribution

Step Adaptation Interval 250 iterations

Target Acceptance Range 0.2–0.5

Minimum Step Fraction 0.005

Acceptance Rule 0.5

Minimum Numerical Temperature Metropolis Criterion

Maximum Iterations 10−12

Termination Conditions 41,000

Retained Results Best solution encountered

6.3. Deposit Locations Contribution Analysis

The cumulative contribution analysis indicated that the mineral deposit for Location 3
was the dominant release contributor throughout the reconstruction period. Despite
exhibiting temporal variations in flux magnitude between successive stress periods, de-
posit Location 3 consistently maintained relatively high reconstructed fluxes, resulting
in the largest cumulative contributor of isotopes. This indicates that Location 3 exerted
the strongest long-term influence on plume evolution and copper concentration splitting
behaviour within the groundwater system, making it the significant contributor to ground-
water deterioration. In contrast, deposit Location 1 exhibited the highest reconstructed
source flux during the initial stress period but declined considerably during subsequent
stress periods. Consequently, although deposit Location 1 played a significant role during
the early stages of isotope release, its overall cumulative contribution was substantially
lower than that of deposit Location 3. This behaviour suggested that deposit Location 1
represented an early-stage t release whose influence diminished with time rather than a
persistent long-term source. Deposit Location 2 displayed an intermediate contribution
to the overall release of the isotopic signature of the concealed mineral location. While
its reconstructed flux was relatively small during the initial stress period, progressively
larger reconstructed fluxes were obtained during the later stress periods, indicating a
sustained release behaviour. The cumulative contribution therefore suggests that Loca-
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tion 2 represents a continuing release of isotope signatures whose relative importance
increases over time and contributes significantly to the long-term persistence of groundwa-
ter pollutants. An important outcome of the cumulative source contribution analysis is the
successful identification of the dummy candidate, which is Location 4. This location was
intentionally assigned an actual flux of zero throughout the forward simulation to represent
an inactive candidate mineralised deposit zone and was termed a dummy source. The
dummy candidate location was included as a controlled discrimination test to determine
whether the inverse optimisation framework could reduce the estimated contribution of
an inactive candidate towards zero rather than assigning non-zero fluxes to every possi-
ble source location. The near-zero reconstructed flux obtained for the dummy location
demonstrates this fundamental capability under the controlled synthetic conditions consid-
ered. However, this represents only an initial test of source discrimination. Future studies
should evaluate more challenging configurations involving multiple inactive candidates,
closely spaced active and inactive sources, hydrogeologically similar candidate positions,
heterogeneous hydraulic-conductivity fields, measurement uncertainty, and alternative
observation-network designs.

Optimisation result show, ASA–GPR framework correctly reconstructed flux values of
essentially zero reflecting that the plausible deposit location was a dummy or not a real
location. These negligible reconstructed values confirm that the optimisation framework
did not falsely attribute source location to a non-existing deposit. This result demonstrates
the robustness of the proposed inverse modelling methodology in discriminating between
active deposit locations and non-contributing candidate locations, thereby reducing the
likelihood of false-positive source identification. These results are in the preliminary
stage of the methodology development. Implementation of this methodology will require
further refinement and evaluation for more complex hydrogeochemical scenarios. The
dummy candidate location was included as a controlled discrimination test to determine
whether the inverse optimisation framework could reduce the estimated contribution of
an inactive candidate toward zero rather than assigning non-zero fluxes to every possible
source location.

6.4. Comparison Between Observed and Estimated Isotope Signatures in Groundwater

The effectiveness of the proposed decision model framework was further assessed by
comparing the synthetically simulated isotopic signatures with the estimated signatures
for the optimal deposit locations. Evaluation results were obtained for CuTot, 63Cu, and
65Cu at all monitoring wells and observation times as shown in Figure 4 below. Overall,
a close correspondence was observed between the measured and estimated concentra-
tion responses. This demonstrated that the reconstructed source histories successfully
reproduced the isotopic behaviour generated by the numerical groundwater model. The
agreement obtained across the three copper species indicates that the surrogate-assisted
optimisation framework accurately captured isotope fractionation behaviour represented
within the synthetic dataset. Minor discrepancies between observed and estimated concen-
trations were expected due to the approximation introduced by the surrogate model and
the inherent complexity of the inverse concealed mineral deposit identification. Neverthe-
less, these differences remain sufficiently small and convergence to the optimal solution
was achieved. These results demonstrate the robustness and predictive capability of the
proposed optimisation framework.
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Figure 4. (a) Comparison of the observed and estimated concentrations for CuTot; (b) Comparison of
the observed and estimated concentrations for 63Cu; (c) Comparison of the observed and estimated
concentrations for 65Cu respectively.

6.5. Performance Evaluation of the Proposed Methodology

The results presented in the preceding sections collectively demonstrate the capability
of the proposed linked Adaptive Simulated Annealing–Gaussian Process Regression (ASA–
GPR) framework to reconstruct varying mineral deposit locations. ASA-GPR maintained
stable convergence and satisfactory agreement with the observed grundwater concentra-
tions, as discussed earlier. The progressive reduction in the objective function throughout
the optimisation process indicated that the Adaptive Simulated Annealing (ASA) algorithm
effectively explored the twenty-dimensional search space and consistently improved the
candidate deposit location flux estimates until a stable solution was obtained. The smooth
convergence towards the optimum objective function suggests the surrogate-assisted opti-
misation framework efficiently navigated the highly nonlinear inverse problem without
exhibiting unstable convergence behaviour or oscillatory search patterns. These results
demonstrated the reliability and effectiveness of coupling ASA with a GPR metamodel
to solve computationally demanding mineral deposit identification. The reconstructed
source flux histories in Figure 2 further demonstrate that the optimisation framework
successfully distinguished different mineral locations among the potential zones. Rather
than converging towards a uniform loading randomly, the optimisation identified distinctly
different release patterns from each potential location of isotopic signatures. An important
outcome of the optimisation framework was the successful discrimination between active
and inactive candidate deposit mineral locations. The comparison between observed and
estimated groundwater concentrations is presented in Figure 4, which further validates
the optimised deposit location reconstruction. For the majority of observation wells, the
reconstructed groundwater concentrations closely followed the observed responses for
CuTot, 65Cu and 63Cu, indicating that the optimised source fluxes successfully reproduced
the transport behaviour simulated by the numerical groundwater model. Although several
observation wells exhibited relatively larger deviations, particularly at higher concentra-
tion levels, the overall agreement demonstrates that the optimised solution adequately
captured the dominant spatial and temporal concentration trends. These results indicate
that the optimisation framework was capable of reconstructing deposit location histo-
ries that remained consistent with observed groundwater responses despite the inherent
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non-uniqueness associated with groundwater inverse problems. By replacing repeated
MODFLOW–MT3DMS simulations with rapid GPR predictions, the computational cost
of the inverse modelling process was substantially reduced and the time required was
drastically reduced. Thus, the linking of the metamodel with the decision model as ASA-
GPR provided computational efficiency, which enabled extensive global exploration of the
solution space. Without this concept, it would have been computationally impractical to
solve the inverse-based problem using direct numerical simulation alone [53,54]. Unlike
conventional groundwater source identification approaches that rely solely on concen-
trations, the proposed methodology simultaneously reconstructed CuTot, 65Cu and 63Cu
responses during the optimisation process, which is a new methodology related to mineral
exploration. The successful convergence of the optimisation, together with the accurate
reconstruction of deposit location histories, cumulative source contributions and correct
rejection of the dummy location, demonstrated that incorporating isotopic information
provided additional constraints for copper concealed mineral identification without com-
promising optimisation stability. Overall, the proposed ASA–GPR framework provided
an efficient, computationally robust, and scientifically reliable methodology for solving
complex inverse problems by optimally identifying multiple unknown mineral deposit
locations. Furthermore, the successful identification of active mineral locations while simul-
taneously rejecting non-actual candidate locations demonstrated the applicability of the
proposed methodology for detection of potential mineral zones using isotope signatures.

7. Computational Efficiency
One of the primary challenges associated with groundwater inverse modelling is

the substantial computational effort required to repeatedly execute numerical flow and
transport simulations during the optimisation process [38,55]. In a conventional simulation–
optimisation (SO) framework, each candidate solution generated by the optimisation
algorithm required a complete numerical model execution. As the number of decision
variables, observation points and simulation periods increase, the computational burden be-
comes prohibitive, often limiting the practical application of inverse modelling techniques
to real-world problems [56]. In the present study, this limitation was addressed through the
development of a surrogate-assisted optimisation framework. The GPR metamodel was
employed as a computationally efficient replacement for the MODFLOW–MT3DMS sim-
ulator during optimisation. Consequently, thousands of candidate source configurations
were evaluated within a fraction of the computational time required by a conventional
simulation-based optimisation framework. The computational advantages of the surrogate-
assisted framework were particularly evident during the Adaptive Simulated Annealing
(ASA) optimisation process. The optimisation algorithm required numerous evaluations
of the objective function while searching for the best solution. Direct coupling of ASA
with the numerical simulator would have resulted in extremely long execution times due
to the repeated solution of groundwater flow and transport equations. By replacing the
numerical simulator with the trained GPR surrogate, the optimisation process became com-
putationally feasible while maintaining a high degree of predictive accuracy. In addition
to computational efficiency, the surrogate-assisted approach provided several practical
advantages. The framework enabled rapid exploration of alternative source configura-
tions, facilitated sensitivity analysis and allowed extensive optimisation experiments to
be performed within reasonable computational times. The ability to evaluate a large num-
ber of candidate solutions improved the likelihood of identifying and reconstructing flux
histories that closely reproduced the observed groundwater responses. The optimisation
results further demonstrated the effectiveness of combining machine learning and inverse
modelling methodologies within a unified groundwater investigation framework. The
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proposed inverse modelling framework was developed by coupling multiple modelling
engines within a unified computational workflow. Approximately 2000 numerical simula-
tions were automatically executed using a macro-based command engine incorporating
a logic-driven architecture and file-path control system. Owing to the computational de-
mands of the numerical simulator, generation of the training dataset required several weeks.
However, once the input–output database had been established, the GPR surrogate model
was trained within only a few minutes. The trained GPR was subsequently coupled with
the Adaptive Simulated Annealing (ASA) optimiser, where convergence was achieved in
approximately 1080s after evaluating nearly 41,000 iterations. This substantial reduction
in computational time demonstrates the efficiency of the surrogate-assisted optimisation
framework, enabling rapid evaluation of thousands of candidate solutions without repeat-
edly executing the computationally expensive numerical simulator. The high predictive
accuracy achieved by the GPR metamodel ensured that surrogate predictions remained
representative of the underlying numerical simulator, while the global search characteristics
of ASA enabled effective exploration of complex and highly nonlinear solution spaces. The
GPR-assisted ASA optimisation was executed on a high-performance computing cluster
using one compute node equipped with 32 CPU cores and 128 GB RAM under a Linux op-
erating system. Approximately 41,000 optimisation iterations were completed in 1080s. The
reported runtime represents only the surrogate-assisted optimisation stage and excludes
the offline generation of MODFLOW–MT3DMS simulations and GPR training. Because an
equivalent direct ASA–MODFLOW–MT3DMS optimisation direct numerical coupling was
not performed, no quantitative speed-up factor is claimed, and this is beyond the scope of
the current work.

From a mineral exploration perspective, the proposed methodology could potentially
provide a novel approach for utilising groundwater responses as indirect indicators of
concealed mineralisation. By reconstructing source flux histories from groundwater con-
centration and isotope observations, the framework offers a mechanism for investigating
potential subsurface source zones without requiring direct exposure of the mineralised
body. The integration of isotope-informed transport modelling, surrogate modelling and
optimisation therefore extends traditional groundwater source identification concepts into
the domain of groundwater-assisted mineral exploration. Despite the promising results ob-
tained in this study, several limitations should be acknowledged. The present investigation
was conducted using synthetic datasets generated from a numerical simulation framework
and therefore the performance of the methodology under field conditions remains to be
evaluated. In addition, uncertainty associated with hydrogeological parameters, monitor-
ing network design and isotope transport assumptions may influence source reconstruction
accuracy. Future research should focus on incorporating uncertainty analysis, field-scale
validation and multi-objective optimisation strategies to further enhance the robustness
of the proposed framework. Overall, the results demonstrated that surrogate-assisted
optimisation provides an effective means of overcoming the computational limitations
associated with conventional linked simulation–optimisation (SO) approaches. The method-
ology therefore represents a promising framework for future groundwater and concealed
mineralisation investigations.

Limitations and Field Applicability

The proposed study represents proof of concept, to the best of our knowledge, for
the proposed new methodology development. Although the results have demonstrated
the potential of isotope-informed inverse modelling for identifying candidate mineralised
locations and reconstructing their time-varying source fluxes, several challenges must be
addressed before field implementation. These include spatial heterogeneity and uncertainty
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in various parameters such as hydraulic conductivity, porosity, dispersivity and recharge;
uncertainty in mineralisation geometry and source-release mechanisms; and structural
uncertainty in the groundwater-flow and transport model. There are various ways in which
natural copper-isotope behaviour may also be influenced by mineral dissolution and precip-
itation, redox reactions, aqueous complexation, kinetic effects and fractionation processes
that are more complex than the simplified differential adsorption mechanism represented in
the present model. Although the study presents a synthetic proof of concept which has been
utilised for the methodology development, field application would additionally need to be
considered together with analytical errors in isotope measurements. Therefore, the present
findings should not be interpreted as demonstrating immediate field capability. Rather,
they establish that the mathematical inverse-identification concept is sufficiently promising
to warrant progressive testing under increasingly realistic geological, hydrogeological and
geochemical conditions, followed by validation using field observations.

8. Conclusions
This study presents a proof-of-concept using a surrogate-assisted simulation–optimisation

framework for the development of a methodology for inverse identification of concealed
copper-bearing mineral deposits using copper isotope signatures in groundwater. The
proposed methodology was adapted from optimal groundwater contaminant source char-
acterisation, which integrated groundwater flow and transport simulation. Further, the
proposed methodology integrated GPR-based surrogate modelling and the Adaptive Sim-
ulated Annealing (ASA) optimisation algorithm to identify the optimal locations and
temporal characteristics of concealed mineralisation while substantially reducing compu-
tational requirements. The GPR surrogate model accurately reproduced the responses of
the MODFLOW–MT3DMS numerical simulator, enabling efficient optimisation without
repeated execution of the computationally intensive numerical groundwater transport
model. The ASA–GPR framework successfully reconstructed the temporal isotopic signa-
ture histories originating from plausible copper deposits, correctly identified the active
deposit locations and rejected the intentionally introduced dummy (non-mineralised) loca-
tion, demonstrating its capability to distinguish genuine mineralisation targets from false
candidates. A key innovation of this work is the incorporation of the individual copper
isotopes (63Cu and 65Cu) together with the derived δ65Cu signatures within a unified in-
verse modelling framework. Unlike conventional groundwater investigations that consider
dissolved copper as a single conservative species, the present methodology independently
simulates the transport behaviour of both isotopes. The differences in their spatial and tem-
poral responses provided additional hydrogeochemical information that can be exploited
to identify concealed copper-bearing mineralised systems. The successful reconstruction
of the synthetic mineralised locations demonstrated that isotope partitioning provided
meaningful exploration-related information beyond total dissolved copper concentrations
alone. Consequently, groundwater copper isotope signatures have the potential to serve
as quantitative indicators for detecting concealed mineralisation beneath soil cover. The
evaluation of the proposed methodology is based on synthetic groundwater measurements
generated under multiple hypothetical mineralisation scenarios and therefore represents
a preliminary validation of the proposed methodology. Although the hydrogeological
system was simplified for this proof-of-concept evaluation, the results demonstrated the
potential feasibility of extending groundwater inverse source characterisation concepts to
groundwater-assisted mineral exploration using isotope signatures.

The current model is not a site-specific model to reproduce a specific porphyry, vol-
canogenic massive sulphide, or sediment-hosted copper deposit. The domain dimensions,
hydraulic properties, boundary conditions, and transport parameters were selected to gen-
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erate physically plausible groundwater flow and solute-transport behaviour, while retain-
ing sufficient experimental control to assess source identification and flux-reconstruction
accuracy. In real copper-bearing environments, plume development may be influenced by
deposit-specific lithology, structural controls, fracture networks, hydraulic connectivity,
mineralogy, weathering profiles, and groundwater geochemistry. Consequently, field imple-
mentation would require a site-specific hydrogeological and geochemical conceptual model
supported by geological mapping, hydraulic testing, groundwater monitoring, isotope
measurements, and appropriate model calibration and validation.

Transferability to real aquifer systems may be affected by uncertainty in hydraulic
properties, geological heterogeneity, boundary conditions, recharge, source geometry,
isotope fractionation parameters, monitoring errors, and geochemical processes not repre-
sented in the current model. Although recent machine learning-based mineral-prospectivity
approaches identify exploration targets by integrating geological and geochemical evidence
layers [56], the present study investigates concealed mineralisation indirectly through
isotope-specific groundwater transport signals and inverse source identification. Future
applications should therefore retrain and validate the surrogate using site-specific hydroge-
ological, geochemical, and isotopic observations, together with uncertainty and sensitivity
analyses. Independent field validation would be required before the framework could be
used for operational mineral exploration.

The novel contribution of this work is the use of isotope signatures to identify con-
cealed mineral locations, and the methodology has been successful in determining plausible
copper deposits utilising the inverse model. The principal scientific contribution is the
transfer and extension of inverse groundwater source-identification concepts towards
a new application in concealed mineral exploration, with isotope-specific groundwater
information providing an additional source-discrimination signal.

Future research should focus on the incorporation of more complex hydrogeological,
geochemical and geophysical scenarios. This should be followed by field-scale validation
using measured groundwater isotope datasets from known mineralised terrains, incorpora-
tion of geological heterogeneity and more comprehensive isotope fractionation processes,
uncertainty quantification, and multi-objective optimisation. These developments will fur-
ther improve the robustness and applicability of the proposed methodology as a practical
decision-support tool for groundwater-assisted exploration of concealed copper deposits
and other critical mineral resources.
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