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Abstract
Precise identification of the pollutant source characteristics is the first step for designing an effective groundwater contamination remediation strategy. In this study a linked simulation-optimization based methodology is utilized for identification of unknown groundwater pollution sources
in a real life contaminated aquifer in New South Wales, Australia where the source locations and
source flux release history are the explicit unknown variables. The methodology is applied utilizing an in house software package GWSID developed at James Cook University for optimal determination of the unknown source characteristics. The methodology incorporates linked simulation
optimization approach and utilizes simulated Algorithm as an evolutionary optimization algorithm. The performance evaluation results show practical utility of the methodology and of the
associated developed computers software in identifying the unknown source characteristics.
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1. Introduction
Designing an effective remediation strategy for reclaiming a polluted aquifer requires precise information of the
source characteristics in terms of magnitude, location, activity initiation time and activity duration. At the time
of first detection of pollutants in a groundwater aquifer, very little is known about these pollution source characteristics. The identification of unknown pollution sources is non-linear (Mahar & Datta, 2000), ill-posed inverse
problem (Yeh, 1986) and often have non unique solutions.
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The problem of unknown groundwater source identification has often been solved as an optimization problem.
Some of the initial contributions in identification of unknown groundwater pollution sources proposed the use of
linear optimization model based on linear response matrix approach (Gorelick et al., 1983) and statistical pattern
recognition (Datta et al., 1989). Some of the important contributions to solve the unknown groundwater pollution sources identification problem include: non-linear maximum likelihood estimation based inverse models to
determine optimal estimates of the unknown model parameters and source characteristics (Wagner, 1992);
minimum relative entropy, a gradient based optimization for solving source identification problems (Woodbury
et al., 1998); embedded nonlinear optimization technique for source identification (Mahar and Datta, 1997, 2000,
2001); inverse procedures based on correlation coefficient optimization (Sidauruk et al., 1997); Genetic Algorithm (GA) based approach (Aral et al., 2001; Singh & Datta, 2006); Artificial Neural Network (ANN) approach
(Singh & Datta, 2004, 2007; Singh et al., 2004); constrained robust least square approach (Sun et al., 2006);
classical optimization based approach (Datta et al., 2009a, b, 2011); inverse particle tracking approach (Bagtzoglou, 2003; Ababou et al., 2010); heuristic harmony search for source identification (Ayvaz, 2010); Simulated
Annealing (SA) as optimization for source identification (Jha & Datta, 2011; Prakash & Datta, 2012, 2013,
2014a, b). A review of different optimization techniques for solving source identification problem is presented
in Chadalavada et al. (2011) and Amirabdollahian and Datta (2013). An extensive overview of various stochastic and deterministic approaches for solving groundwater pollution problem can be found in Atmadja and Bagtzoglou (2001).
In this study a linked simulation-optimization based approach is used for solving the groundwater pollution
source identification problem. The optimization problem minimizes the residue between the observed concentrations measurements and simulated concentration measurements at monitoring well locations. Simulated Annealing (SA) is used as the optimization algorithm to solve the source identification problem.
Determination of the source flux release history is the direct outcome of this methodology applied using a
developed software package, CARE-GWSID (Datta et al., 2013a, b). The software package provides ease of applicability in complex real life cases and portability of the methodology to multiple scenarios of unknown
groundwater pollution source identification. Performance of the developed methodology incorporated in the
software is demonstrated by solving a problem of unknown groundwater pollution source identification in a
small city in New South Wales, Australia where possible leakage potentially from a petroleum tank have contaminated the local aquifer.

2. Methodology
The optimal source identification methodology incorporates the source flux release history as explicit unknown
decision variable in the optimization model. SA is used for solving the optimization problem with an objective
of minimizing the difference between the simulated and measured pollutant concentrations at the observed locations. The unknown source flux release history of the sources is obtained as direct solutions of the source identification model incorporated in a computer code CARE-GWSID (Datta et al., 2013a).

2.1. Linked Simulation-Optimization Model
Source identification in terms of reconstructing the source flux release history of an unknown pollution source is
often solved using a linked simulation-optimization approach. Linked simulation optimization model simulates
the physical process of flow and solute transport within the optimization model. The flow and solute transport
simulation models are treated as important binding constraint for the optimization model. Therefore any feasible
solution of the optimization model needs to satisfy the flow and the transport simulation model. The advantage
of this approach is that it is possible to link any complex numerical model to the optimization model. In this
methodology, the flow and transport simulation models are linked to the optimization model using the SA algorithm for solution.

2.2. Groundwater Flow Simulation Model
A three-dimensional numerical model MODFLOW (Harbaugh et al., 2000) is used to simulate the groundwater
flow in the polluted aquifer. MODFLOW is a computer program that numerically solves the three-dimensional
groundwater flow equation for a porous medium by using a finite-difference method. The partial differential
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equation for groundwater flow (Rushton and Redshaw, 1979) is given by Equation (1):
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where
Kxx, Kyy and Kzz represent the values of hydraulic conductivity along the x, y and z coordinate axes (LT−1)
h is the potentiometric head (L)
W is the volumetric flux per unit volume representing sources and/or sinks (T−1)
Ss is the specific storage of the porous material (L−1)
t is time (T)
x, y and z are the Cartesian co-ordinates (L)

2.3. Solute Transport Model in Groundwater System
A three-dimensional modular pollutant transport numerical model MT3DMS (Zheng and Wang, 1999) is used to
simulate the solute transport in the polluted aquifer system. The transport model (MT3DMS) utilizes the flow
field generated by the flow model (MODFLOW) to compute the pollutant plume. The partial differential equation describing three-dimensional transport of pollutants in groundwater (Domenico and Schwartz, 1998) is
given by Equation (2):
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where
C is the concentration of pollutants dissolved in groundwater (ML−3)
t is time (T)
xi is the distance along the respective Cartesian coordinate axis (L)
Dij is the hydrodynamic dispersion coefficient tensor (L2T−1)
vi is the seepage or linear pore water velocity (LT−1); it is related to the specific discharge or Darcy flux
through the relationship, vi = qi/θ
qs is volumetric flux of water per unit volume of aquifer representing fluid sources (positive) and sinks (negative) (T−1)
Cs is the concentration of the sources or sinks (ML−3)
θ is the porosity of the porous medium (dimension less)
Rk is chemical reaction term for each of the N species considered (ML−3T−1)

2.4. Optimization Model
SA is used as optimization algorithm to solve the optimization problem. SA, first introduced by Kirkpatrick et al.
(1983), is an extension of the Metropolis Algorithm (Metropolis et al., 1953). The basic concept of SA is derived from thermodynamics. Each step of SA algorithm replaces the current solution by a random nearby solution, chosen with a probability that depends on the difference between the corresponding function values and
algorithm control parameters (initial temperature, temperature reduction factor etc.). In this study, SIMANN a
FORTRAN public domain code for SA developed by Goffe (1996) is utilized for the solution algorithm.

2.5. Optimal Source Identification Model
In source identification problem where the starting time of the activity of the sources is known, temporal pollutant source fluxes from all the potential sources, represented by the term qsCs in the transport equation (2) are the
only explicit decision variables. Source flux identification using linked simulation-optimization is solved by minimizing the difference between the simulated pollutant concentration measurements and the observed pollutant
concentration measurements in space and time. The solution strategy is to generate candidate values of these
unknown variables within the optimizations algorithm, use these values for forward simulations of flow and
transport models, compute the difference between simulated and observed pollutant concentrations and finally
obtain an optimal solution that minimizes the difference between observed and simulated values. SA is used as
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optimization algorithm to solve the optimization problem.
t
t
 cestiob

− cobsiob
Min∑ ∑ 
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(3)

Subject to:
t
cestiob
= f ( qs , C s , t )

(4)

f(qs,Cs,t) represents the simulated concentration obtained from the transport simulation model at an observation location at time t and for a specific source flux qsCs. This set of constraint essentially represents the linking
of the optimization algorithm with the numerical groundwater flow and transport simulation model through the
decision variables.
where
cobstiob = observed concentration measurement at observation location iob at time t (ML−3)
cesttiob = corresponding estimated concentration at observation location iob at time t (ML−3)
NOB = total number of monitoring locations
N = is the total number of monitoring time steps at location iob
δ = is a constant specified
Abs = is the absolute difference
The objective function formulation shown by Equation (3) calculates the difference between the simulated
pollutant concentration and observed pollutant concentration in the numerator. This difference is divided by the
observed pollutant concentration plus a specified constant value δ. The reason for adding a small constant term
is to avoid any indeterminate value when the observed pollutant concentration is zero.

3. Performance Evaluation
Performance of the proposed methodology is evaluated for a polluted aquifer site in the Upper Macquarie
Groundwater Management Area. Due to confidentiality requirements the exact location of the polluted aquifer
site is not disclosed. In this study the actual polluted aquifer region is referred to as the “impacted area” and the
total aquifer region considered (Prakash, 2014) in this study is called the “aquifer study area” (Figure 1).

3.1. Polluted Aquifer Site Description
The study area measuring 2.1871 km by 2.4256 km (Prakash, 2014) is considered in this study such that all hydrogeological conditions impacting the actual polluted aquifer region are accounted for in the model. The Macquarie River formed a natural boundary on the western side of the study area (Figure 1). The ground topography

Figure 1. Plan view of the study area.
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generally slopes from the south east towards the river in the west. The ground elevation in the study area ranges
from 292 mAHD towards the river to 251 mAHD on the north-eastern side. The stratigraphy of the study area
can be broadly divided into three distinct layers. The top layer is comprised of tertiary alluvium, the middle
layer is comprised of quaternary alluvium and impervious bedrock forms the third layer. The thickness of these
layers varies from one point to the other.
The main sources of recharge to the aquifer are rainfall and recharge from the river. The region receives moderate to low rainfall with a long term average of 583 mm/year during the wet season, running from November
until February. The Macquarie River is a major source of groundwater recharge in the aquifer study area. Extraction of groundwater in the study area is mainly through wells for the purpose of drinking water supply and
agriculture. The pumping rate has varied over the years due to changes in the volumetric town water extraction
limits from the groundwater system, and due to voluntary groundwater extraction limits in the year 2010 (Marsden Jacob, 2011).

3.2. Groundwater Flow Modelling and Calibration
The groundwater flow in the aquifer study area is modelled as an unconfined aquifer with specified head boundaries on all sides (Figure 2). The western boundary, represented by the river, is a specific head boundary where
the head at the boundary is given by the average stage in the river. A groundwater flow model of the entire Upper Macquarie Groundwater Management Area was developed based on Puech (2010). Based on the information
available from this report hydraulic heads at the other boundaries are estimated. Groundwater flow in the study
area was modelled from 1 January, 1995 until 31 December, 2012. The entire study time horizon was divided
into 18 stress periods of 1 year each.
In the three dimensional simulation models, the study area is discretized into small grids of size 21.87m by
21.08 m in the x and y directions respectively, as shown in Figure 2. The size of the grid in the z direction varies to match with the layer thickness. The flow in the groundwater aquifer was simulated using the LPF package option in GMS. The hydrogeological properties, such as hydraulic conductivity, porosity, specific storage
and specific yield, were obtained from previous studies conducted on this study area by Puech (2010) and Jha
and Datta (2012) and Prakash and Datta (2014c). These hydrogeological properties are listed in Table 1.
The developed groundwater flow model was calibrated using hydraulic head measurement data from 31 observation locations spread across the impacted area. The recorded hydraulic head data used for model calibration
was recorded for the duration starting from October 2006 to July 2011, at discrete time intervals. Calibration
targets were set to be within one meter intervals of the observed hydraulic head value with a confidence level of
90 percent. The model boundary conditions were manually adjusted to achieve the calibration targets. The addition of some nodes on the boundary helped to improve the matching (Figure 3). The measured and simulated

Figure 2. Isometric view of the discretized study area.
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Figure 3. Model calibration results.
Table 1. Hydrogeological properties used in flow modelling of the study area.
Parameter

Unit

Value

Maximum length of study area
Maximum width of study area
Saturated thickness, b
Number of layers in z-direction
Grid spacing in x-direction, Δx
Grid spacing in y-direction, Δy
Grid spacing in z-direction, Δz
Kxx (Layer 1, Layer 2, Layer 3)
Kyy (All Layers)
θ ( All Layers )
Longitudinal Dispersivity, αL
Transverse Dispersivity, αT
Horizontal Anisotropy
Specific Yield Sy (All Layers)
Specific Storage Ss (All Layers)
Initial pollutant concentration

m
m
m

2187.1
2425.6
Variable
3
21.87
21.08
Variable
12.37, 16.24, 0.001
0.2
0.27
12
6
1.5
0.1
0.000006
0.00

m
m
m
m/d
m/d
m/d
m/d

g/l

heads were compared at selected location. In Figure 3, the red bars show larger error whereas the green bars
signify that calibration target is achieved. Yellow represents intermediate errors. This calibration was continued
until satisfactory calibration results were obtained. Limited calibration was performed due to time constraints.
These calibration results show that the groundwater flow model performs satisfactorily.
Once the entire study area is modelled and calibrated the flow model for the actual impacted area is derived
from the calibrated model. The GMS7.0 feature, Regional to Local, is used to interpolate the starting head and
layer thickness values for the impacted area from the entire study area model. The grid sizes are refined further
in the flow model for the impacted area. All of the boundaries are considered as time varying specified head
boundary conditions. The value of the time varying specified heads at the boundary of the impacted area are
extrapolated from the calibrated model for the entire study area. All of the other hydrogeological flow parameters are kept the same as in Table 1.

3.3. Pollutant Transport Simulation in the Impacted Area
A three-dimensional transient transport simulation model was developed to study the fate and transport of the
petrochemical pollutant BTEX originating from a specified point source. For the purpose of implementation, the
pollutant is assumed to be conservative in nature and the pollutant plume boundary is assumed to be contained
within the boundary of the impacted area. The transport model uses the flow field generated by the flow model
to predict the movement of the pollutants in the impacted area of the aquifer over time. The initial concentration
of BTEX in the aquifer at the start of the transport simulation is assumed to be zero.
Once the groundwater flow model for the impacted area is developed, the next step is to identify the unknown
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source characteristics of the pollutant. To evaluate the performance of the source identification methodology, the
exact locations of the pollutant sources are assumed to be unknown, with two different possible locations. One
of these needs to be identified as not an actual or dummy source. The two potential sources in the study area are
shown in Figure 4. The points marked in yellow circles are the grid locations containing the potential sources,
and the red dots are the observation wells where the concentration of BTEX is observed.

3.4. Source Flux Release History Identification and Performance Evaluation
In the source flux release history identification, the simulation model starts from 1 January, 1995. The activity
duration of the sources is assumed to be 10 years divided into 10 equal stress periods of 1 year each. The pollutant flux from the sources is assumed to be constant over a stress period. The pollutant flux from each of the
sources is represented as S(i), where i represents the source stress period year. In this case S is the actual source
and S’ is the dummy source. A total of twenty source fluxes (S1995, S1996, S1997, S1998, S1999, S2000,
S2001, S2002, S2003, S2004, S'1995, S'1996, S'1997, S'1998, S'1999, S'2000, S'2001, S'2002, S'2003, S'2004)
are considered as explicit unknown variables in the optimization problem. A total of 24 observation locations are
present in the study area. Four temporal concentration measurements from six randomly chosen observation locations are used for source flux release history identification.
Since the actual source flux release history or the source activity initiation time are not known, the estimated
source flux magnitudes cannot be validated. The performance of the methodology can only be evaluated in
terms of how well the methodology is able to identify the dummy source.

3.5. Source Flux Release History Identification Using CARE -GWSID
CARE-GWSID is an in home built software package that is used for source identification. The CARE-GWSID
software package (Datta et al., 2013) was developed in James Cook University, Australia in 2013 with a research funding provided by CRC-CARE. The software package provides a user friendly interface for solving
unknown groundwater pollution source identification problem. The software essentially comprise of excel user
interface for input data, backend VBA routines for generating the input file for simulation and optimization and
FORTRAN executables for solving the source identification problem. SA is used as solution algorithm for solving the optimization problem. The schematic structure of the software is shown in Figure 5.
All the relevant details from the calibrated flow and transport model are input into the software package as
shown in Figure 6. Four temporal concentration measurements from the six randomly chosen observation locations along with their corresponding locations is input to the software. The optimization parameters are chosen
and the source identification model is executed from the user interface. Once the source identification model has
finished execution, the results are exported back to the user interface.

Figure 4. Discretized plan view of the impacted aquifer area.
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Figure 5. Schematic diagram of CARE-GWSID software.

Figure 6. A typical data input screen of CARE-GWSID.

4. Results and Discussion
The performance evaluation results of source identification, source flux release history and source activity initiation times using source identification model are presented in Figure 7. Each of the unknown source flux variables (S1995, S1996, S1997, S1998, S1999, S2000, S2001, S2002, S2003, S2004, S'1995, S'1996, S'1997,
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S'1998, S'1999, S'2000, S'2001, S'2002, S'2003, S'2004) are marked on the x axis. The source flux magnitude in
gram per second is shown on the y axis. The exact source location, source activity initiation time and the source
activity duration is indirectly estimated based on the estimated source flux values.
The source flux from the second source is estimated close to zero thus meaning there is no pollutant contribution from this source. This confirms there is one source and it is the source 1(S), the other is a dummy source
(S’). The results validate that the optimally identified source 1 location is indeed the actual source location i.e.,
the location of the gas station with leaking tank. Figure 7 shows the source flux estimates using four temporal
concentration measurements from six arbitrary well locations. Figure 7 shows the source activity starts in 1995.
The values of the estimated source fluxes are presented in Table 2. Estimated activity duration of the source is
approximately 8 years, until 2002. These temporal fluxes are not constant, and could be due to different reasons.
First, the pollutant infiltration in the soil and in the groundwater depends of some characteristics like rainfall,
dry season, or modification of hydraulic head field by pumping wells. Second, it could be due to a new pollutant
source contribution i.e., a new leak, a waste storage, etc. This second hypothesis may explain the 1998 spike but
not the 2002 large value as there is no activity in 2003. Therefore we opt for the first explanation.

5. Conclusions
This developed methodology along with the software incorporating the methodology for identification of the
source fluxes appear to perform satisfactorily in estimating the unknown groundwater pollution source fluxes in
a contaminated aquifer. The performance evaluation results show that the developed methodology is successful
in estimating the source flux values in a real groundwater pollution scenario. The actual source locations, source
activity starting times, and the source activity durations are obtained as the optimal solutions based on this methodology.
The developed software package CARE-GWSID is effective in finding the solution results for unknown

Figure 7. Source flux identification result.
Table 2. Source flux ıdentification results.
Year

S (actual) g/s

S’ (dummy) g/s

1995

890

2

1996

40

1

1997

4

0

1998

70

1

1999

12

0

2000

13

0

2001

1

0

2002

37

1

2003

0

0

2004

3

7
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groundwater pollution source identification, and it can be easily applied to various other complex real life scenarios of groundwater pollution.
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