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Accepted: 13 November 2025 features of groundwater pollution source identification (GPSI) problem
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concentration strength i.e. the pollutant release flux history (Co). Four

Keywords Artificial Neural Network (ANN) models were developed, the three
ANN, groundwater pollution, source  models, viz. ANN1, ANN2, ANN3 identified the three source parameters
identification, concentration individually; while the fourth model ANN4 aimed at identifying the
breakthrough curves source parameters x, Co and T, simultaneously. The model input

comprised multiple sets of concentration breakthrough curves (BTCs)
at 50 discrete ‘¥’ for 10 different Toand 10 varying Co values. Employing
the governing partial differential equation of pollutant transport in
groundwater, 383130 patterns of BTCs were generated for training and
testing of ANN models. Model performance was evaluated using
standard statistical measures to recognize the optimal ANN
architecture. A network with architecture 14-15-3 was found to be
optimum for ANN4 and resulted in a average absolute relative error
(AARE) of 9.17, 19.96, 16.75 for identifying x, Co and To respectively.
Single output ANN models performed better than the multiple output
ANN model. While comparing for individual source parameters as
target variables, both the models (single and multiple outputs) could
efficiently identify the source location. Whereas, the release
concentration and duration of pollutant release estimation by single
output model performed better than the multiple output model. The
proposed ANN based solution of the GPSI problem illustrated here, has
a practical application in formulating strategies for regulating and
penalizing the agencies accountable for the groundwater pollution.

1. Introduction

Increase in worldwide population has led to significant increase in the water consumption as well as wastewater
generation in municipal, agricultural and industrial sectors. Unwise disposal of wastewater to the
surface/groundwater sources lead to their contamination, and this issue has aggravated in the past few years due
to compounding anthropogenic stress. As compared to surface water sources, groundwater is more resistant to
contamination and pollution; however, if contaminated, its remediation is costly and is time consuming.
Therefore, groundwater pollution source identification plays a pivotal role in conducting risk assessment studies,
designing the groundwater remediation measures and developing groundwater management strategies.
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Groundwater pollution source identification (GPSI) problem is defined as an inverse problem in the context
of groundwater solute transport modeling. The source parameters responsible for groundwater pollution are
characterized as the pollutant source location (x), its release duration (7o) and released concentration flux history
(Co). The solution methodologies vary from complex physically based mathematical solutions to data driven black
box models. Some of the widely adopted techniques of the GPSI problem solution involve deterministic direct
methods such as maximum likelihood estimation [1]; Tikhonov regularization [2]; quasi-reversibility: reversed
time solution of the governing equation [3]; minimizing the correlation coefficients [4]; marching jury backward
beam equation [5]. Stochastic direct methods are random walk particle method [6]; minimum relative entropy
inverse method [7]; geostatistical and Bayesian principles [8]—[10].

Indirect methods are based on optimization wherein a simulator and an optimizer are used together to solve
GPSI problem [11]-[17]. Simulator employs either analytical or numerical solutions for the governing equations
of solute transport in groundwater. Approximate simulators, also known as surrogate models, are used to reduce
the computational effort in solving GPSI problem as compared to using a simulation model. As in a simulation
based GPSI problem, simulation model is called number of times by an optimizer during the solution process [16],
[18], [19]-[25].

Artificial Neural Network (ANN) is a widely used non-linear, data-driven machine-learning technique that
captures the relationship between the input and output datasets in complex physical processes. ANN is also
extensively used for solving the inverse GPSI problem. Singh & Datta [26] estimated the pollution source location
and flux simultaneously using ANN. Bora & Bhattacharjya [27] utilized a hybrid approach, linking ANN with an
optimizer for solving GPSI problem. In this method, ANN was employed to simulate flow and transport processes
within the aquifer. Zhao et al. [18] used ANN, as a surrogate model linked with an optimizer to identify the source
parameters. Leichombam Bhattacharjya [16] used ANN- modified GA based model to find the source location and
source flux and release history. Secci et al. [28] and Chaubey & Srivastava [29] used ANN for solving the GPSI
problem.

Majority of the mentioned GPSI studies evidently state that the location of the source fluxes has to be known
(or to be assumed) in advance. This assumption of a-priori knowledge of source locations does not always hold
good for the real field scenario. Some of the reported studies have identified the pollutant source locations but
either the source location alone has been identified [30]-[32]; or location and source flux have been
simultaneously identified [4], [33]. Concentration alone has been found by Leichombam & Bhattacharjya [16].

Present study deals with the development of GPSI models based on ANN. Pollution source parameters
identified are: pollution source location/origin (distance between the source and the monitoring well bearing the
existing pollutant concentration data), source release characteristics i.e. the duration of concentration release and
its release concentration flux. Four ANN models are developed, three models viz. ANN1, ANN2 and ANN3 identify
each source parameter individually while the fourth one ‘ANN4’ identifies the pollution source parameters
simultaneously for given pollutant concentration data at advancing times at a monitoring well. The concentration
data was available for a period of 10 years from the time of pollutant release at a temporal resolution of 1 day.
Simplified ANN model architecture is attained through discretizing the concentration breakthrough curves in a
specific manner and presenting it as input to the model. The database for training and testing of ANN models,
comprising breakthrough curve as input and source parameters (mentioned previously) as output, are generated
by employing a simulation model based upon the analytical solution of the groundwater solute transport equation
[32], [34].

Present study focuses on the development of different ANN models aiming to identify unknown pollution
source parameters (i.e. source location; duration of concentration release and released concentration flux): (i)
individually (ii) simultaneously (all three at a time). Older studies have incorporated use of certain modelling and
optimization techniques to find these parameters individually while only a few of them have worked on their
simultaneous identification. This study tends to focus more on exploring simultaneous identification of the
parameters which has not been much explored in the previous reported studies.

2. Methodology

The methodology involves the description of model development, and subsequently the illustration of the
proposed models. The model development comprises the details of ANN model architecture that employs the
simulation-model-generated-data to achieve the major target of this study.

2.1 ANN Model Architecture

In the present study, a feed-forward three-layered ANN model was used for solving GPSI problem. To simplify
model architecture, the available time series data of pollutant concentration (BTC) from a monitoring well, was
discretized in a specific way and fed into the ANN model as input along with other known source parameters.
Three single output ANN model structures were proposed (viz. ANN1, ANN2 and ANN3), followed by one multiple
output model (ANN4) for simultaneous identification of target variables. The outputs (target variables) for the
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models are: for ANN1: pollutant release concentration at source (Co); for ANN2: distance between the pollutant
source and the monitoring well (x) and for ANN3: pollutant release duration by the source (7). For ANN4 all the
three source parameters (Co, x, To) were the outputs of the model. The ANN model architecture has 3 layers, viz.
input, hidden and output. The data fed to the input layer of ANN undergoes forward processing as it traverses
through the hidden layer, and ultimately resulting in the computation of output at the output layer. Models had
single hidden layer with tan sigmoidal transfer function connecting the input and hidden layers, and a linear
transfer function linking the hidden layer to the output layer. The weights are assigned initially and reiterated
subsequently; and the number of neurons in hidden layer is varied, with an aim to achieve the best fitting ANN
model structure. The inputs/output data to ANN model were wisely divided into training and testing parts and
were used for model calibration and evaluation. Schematic representation of ANN model architecture for single
outputis given in Fig. 1.

Two different learning algorithms viz. Levenberg Marquardt backpropagation (LMBP) and Bayesian
Regularization Back propagation (BRBP) were used in the single output ANN models in order to compare the
running time, convergence rate [35]. Better performing learning-algorithm was further used for multi output ANN
model. Bayesian regularization backpropagation learning algorithm is based on the objective function, mean
square error (MSE), which is the mean of the square of the difference between the predicted and the actual
observed values. In the BRBP algorithm, the objective function is as follows:

F(o)=aE, + pE, 1)

where: @ and 8 = regularization coefficients; w = neural network weights. £ = Z a)l.2 represents sum of squared

l
network weights; ED represents data error (difference between the predicted and observed values) term.

Bayesian regularization method is used to determine the optimal values for a and 8. BRBP algorithm is based
on incorporating prior distributions over the model parameters and sequentially updating them using techniques
like variational inference or Markov Chain Monte Carlo (MCMC) methods.

The Levenberg-Marquardt training algorithm is aimed at minimizing a cost function, defined as the residual
sum of squares (RSS) [35]. This cost function is used in nonlinear regression problems and the optimization of
models. Furthermore, the model parameters are iteratively updated using a combination of descending gradient
methods and Newton methods, given as:

-1 Oe
Wi :Wk_(JkTJk"'/JI) Jep; Jy=—"-

ow,

1

(2)

where: y = parameter governing the step size; € = error term representing the difference between the model

predicted and observed value; k = subset of number of observations (n); | = Jacobian matrix. Very large values of
A refer to standard gradient descent, while very small values A of refer to the Newton method.

11 input nodes

5 input nodes

Input Layer Hidden Layer Output Layer

Fig. 1 ANN model architecture for single output (ANNZ2)
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The performance of models is generally evaluated on the basis of certain statistical parameters which either
show the fitting of modelled dataset with observed data or show residual error of the model. The statistical
evaluation parameters incorporated in the study to evaluate the performance of model are coefficient of
correlation (R), Nash Sutcliffe Efficiency (E) and Average Absolute Relative Error (AARE).

Z(Xobs _)?abs)x(Xmod - Xmod)

R=
v - (3)
DACIE ) AEMES )
E[‘ZI_Z:(‘XVmod_‘fobs)2 [4)
Z (Xobs - Xobs )2
AARE =12‘Xm°d — Xons | 4 100% (5)
n Xobs

where Xops = observed data series, Xmos = model estimated data series, X.,, =average of observed data series,

Xmea =average estimated data series.

Coefficient of Correlation (R) measures the correlation or the linear relationship between datasets. Its range

is between -1 to +1, the latter showing good linear dependency. The range of E varies from —  and 1.0. For an
ideal model where estimation error variance equal to zero, the resulting Nash-Sutcliffe Efficiency equals 1. AARE
serves as a suitable loss function in regression analysis because of its ability to demonstrate the existence of an
optimal model and the consistency of empirical risk reduction. The percentage error for too low forecasts cannot
exceed 100%, whereas for too high forecasts, there is no upper limit to the percentage error.
The ANN model requires substantial dataset as input and output. Field data is required for this purpose so that
the ANN could generate the results which imitate the real field scenarios. In absence of field data, the simulation
model is employed to generate the required dataset. Various combinations of input parameters are given to
simulation model (as input) to generate corresponding BTCs (as its output), which will provide the input to the
ANN models. Details of the simulation model for the dataset generation are provided in the following section.

2.2 Simulation Model

The simulation model for generating the training and testing patterns for ANN model is based on the governing
mass transport equation. This equation applies to a saturated, homogeneous and semi-infinite aquifer with
uniform one-dimensional flow and conservative pollutant (Eq. 6). These assumptions of homogeneity, one
dimension, uniformity etc. were made in order to reduce the computations in an otherwise complex process.

2
6C(x,t) :Da C(jc,t)_vaC(x,t) ©)
ot ox ox

where, C(x,t) = pollutant concentration (ML-3) at distance x (L) from source at time t (T), D = dispersion coefficient
(L2T-1) and v = groundwater flow velocity (LT-1).

The initial condition, for obtaining the solution of governing differential equation (Eq. 6), is that the aquifer is
uncontaminated in the beginning (i.e. no pollution in the beginning). The boundary conditions are derived
assuming that the source released the pollutant at a constant flux for time period (7o) and discontinued thereafter.
Mathematically, the initial and boundary conditions are expressed as:

C(x,0)=0 C(0,¢)=C, for¢<T, and 0 otherwise C(o0,#)=0 7)

’

where, Typ = duration during which pollutant was released (T) and Cy = pollutant release concentration at
source (ML-3). The solution of Eq. 6, subjected to the initial and boundary conditions given in Eq. 7, is [34]

C xX—vt = xX+vt
C(x,t)=— erfc [—] +e? erfc[ ] for t < To (Source still emitting pollutant) (8)
(x1) 2 { V4Dt 4Dt
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C xX—vt = X+ vt C x—V(t—T) = x+v(t—T0)
C(x,t)=— erfc[ J+e[’erfc[ H——O erfc| ———= |+ ePerfe| —m—=
(1) 2 { V4Dt V4Dt 2 4D(t-T,) 4D(t-T,)

for t > To(When the source stops emitting pollutant) (9)

where,

erfc (x)zl—(ﬂzo_sjj.e”zdu (10)

0

Eq. 8 and 9 were employed to generate breakthrough curves. A breakthrough curve is a simple curve between the
concentrations of contaminant at a certain location with respect to time. Symbolically, it can be expressed as:

C(x,t)= f(xt,D,v,C,,T;) (11)

i.e., for every individual set of x, D, v, Co, To values; a distinct/unique breakthrough curve is generated. For every
changed value of x, a new breakthrough curve is generated while for every change in the other parameters new
patterns, each consisting of a certain number of breakthrough curves (dependent on variation of x), were
generated.

The parameters x, D, v, Co, To were varied within a certain range (Table 1) and then used as an input in the solution
of 1-D mass transport equation to generate a number of breakthrough curves.

Table 1 Ranges for variation of parameters considered

S.No Parameters (unit) Variation of parameters Number of data points
1. X(m) X1, X2.e00.Xn n
2. Co (mg/1) Co1, Co2......Com m
3. To (days) To1, Toz......Toi 1
4. v (m/day) Vi, V2.....Vp p
5. D (m?%/day) D3, D2......Dq q
6. t (days) ty, t2.ute r

The number of breakthrough curve patterns generated based on the variation given in Table 1 is (m (Co values) x
1 (To values) x p (v values) x q (D values)) where each pattern consists of n (x values) breakthrough curves. Each
breakthrough curve comprises of about r (¢t values) discrete values from which certain C(x,t) values were selected.
Eleven discrete values of C(x,t) from a BTC, which includes the peak value (Cp) along with five successor and
predecessor values of the peak along with the time value corresponding to peak concentration (t(Cy)) were
selected as input variables. However, in some cases the value of peak may not occur within the observation period
(£) of the contaminant source or the discrete values of the curve being negligible. Hence these cases were removed

from the input dataset. The other input variables comprised of various combinations of variables as shown in
Table 2.

Table 2 Description of input and output variables for various ANN models

Model No. of input Input Variables Output
variables

ANN1 16 C(x1t),x Tov,D,t(Cp) Co

ANN2 16 C (x,t), Co, To, v, D, t(Cp) X

ANN3 16 C(xt), Cox,v,D, t(Cp) To

ANN4 14 C(x,t), v, D, t(Cp) x, Co, To

A schematic representation of the methodology adopted for proposed models is shown in Fig. 2.
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Simulation model

[ hlplfr V.arlables (different (Analytical solutionof the Generation of Multiple
combinations of x.Co.Tp.v.D) governing groundwater flow and breakthrough curves for C(x,t)
contaminant transport equation) L

Breakthrough curve characterization

(Selection of discrete values from the
breakthrough curves to be used as input
variables)

!

Preparation of input-output
patterns to be used in model

!

[ Standardization of dataset ]

~J
Pl
v v
Single output ANN Multiple Output
models ANN Model

Satisfactory
Results (Based
on performance
criteria)

NO
4[ Chang ¢ ANN H ANN architecture complete ]
architecture

Use of developed ANN models for identification of
unknown groundwater pollution source parameters

Fig. 2 Schematic representation of the adopted methodology for the proposed models

2.3 Model Illustration

Proposed ANN models are illustrated with the hypothetical problem worked upon by Kumar et al. [32]. A semi-
infinite, uniform, one-dimensional aquifer domain is considered. It was assumed that the pollution source is
releasing a conservative pollutant at constant concentration flux (Co) at the left boundary, for a certain constant
duration (7). The shape of a BTC (C(x,t)) depends on the parameters x, Co, To, vand D. A unique BTC is generated
for a unique combination the above-mentioned parameters. In this study multiple BTCs were generated by varying
x, Co, To, v and D; in a predefined range and variation pattern (as shown in Table 3); for a time span of 3650 days
(10 years). The certain discrete information from the generated BTCs were used as input for ANN based model in
identification for contaminant source location.

Table 3 Variation of the different parameters for generation of input dataset

S. No. Parameters (units) Variation of parameters Number of data points
1. X (m) 10, 20, 30, ..., 500 50
2. Co (mg/1) 100, 200, 300, ..., 1000 10
3. To (days) 100, 200, 300, ..., 1000 10
4. v (m/day) 0.05, 0.06, 0.07, ..., 0.15 11
5. D (m?/day) 0.05, 0.06, 0.07, ..., 0.15 11
6. t (days) 1,23, ..,3650 3650
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Atotal of 12,100 (10 (Covalues) x 10 (Tovalues) x 11 (vvalues) x 11 (D values)) BTCs patterns were generated
resulting in a total of 605000 breakthrough curves i.e., a single pattern consisted of 50 different BTCs (one for
each value of x). After filtering and removing the curves with negligible values and ones whose peak wasn'’t
achieved in the observation period, the number of BTCs reduced to 383130. The training algorithm, Levenberg
Marquardt backpropagation (LMBP), used about 229908 curves for training (60% of total data), 76636 curves for
validation (20% of total data) and rest for testing (20% of total data) the single output ANN models. The other
training algorithm Bayesian Regularization backpropagation (BRBP) used 306544 curves for training (80% of
total data) and the rest 20% of dataset for testing the model. The former algorithm although being faster has
provided less accurate results compared to latter so its use was limited to single output models only. A Sample of
BTC patterns generated at different locations (for D = 0.1 m2/day, v = 0.1 m/day, To = 300 days) is shown in Fig. 3.

1000 Breakthrough Curve C(x,t) vs t for initial source flux of 1000mg/I

/ )
900 — \ C(20, \;
)

800 — | | LA~ ———C(60,Y)
| AR

700 | \ L\ c(100

600 —

so0 I | / / \ ‘// YAVa e c(17og

| A \ / \ / / A \
400 | [ \ [\] \ / \ A ) C(2104
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Fig. 3 A sample breakthrough curve (C(x,t)) for an initial source flux (Co) of 1000 mg/1

The single output ANN models (ANN1, ANN2 and ANN3) are 16-N-1 models and three outputs ANN model
(ANN4) was 14-N-3 model. Optimal number of hidden neurons N was determined based on the performance
parameters. The results of all the architectures of ANN models are presented in a tabulated manner with the three
evaluation parameters: Coefficient of correlation (R), Nash-Sutcliffe Efficiency (E) and Absolute Average Relative
error (AARE). The best results are graphically represented for both training and testing datasets. The parameters
used in models for predictands are illustrated in the table defined earlier (Table 3).

3. Results and Discussion

The results for the single output ANN models (ANN1, ANN2 & ANN3) and triple-output ANN model (ANN4) are
included in the following sub-sections.

3.1 ANN1 Model Structure: Cy = f (C (x;, i), x, v, D, T, t(Cp))

The model provided good results for both training and testing for the datasets, with minimal variation in model
estimated data, with some outliers at higher values of Co. Of the two training algorithms used, both were effective
with similar results.

From Tables 4 and 5, it can be seen that the change in E and R with respect to the increase in number of hidden
neurons was not significant. However, the AARE decreased as the number of hidden neurons increased from 5 to
23, but showed an increase when the neurons were further increased from 23 to 25. This was the case for both
training and testing datasets and for both training algorithms. Therefore, the optimal number of neurons in hidden
layer is assumed to be 23. The optimal ANN1 model architecture is 16-23-1 for both the training algorithms.
Regression plots of the target release concentration (observed dataset) and the model estimated release
concentration (model output) are shown in Fig. 4(a) and (b) (using LMBP as training algorithm). Fig. 4(c) and (d)
show the regression plots for Cp during training and testing, using BRBP as training algorithm. E and R values show
that the observed and modelled values of Co remained in good agreement and varied minimally with the change
in model architecture. This could be because of the usage of unperturbed data set which was presented to the
models.
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Table 4 ANN1 model performance for CO with different ANN architectures & LMBP training algorithm
LMBP Iteration Training Testing

ANN1 E R AARE (%) E R AARE (%)
16-5-1 496 0.991 0.996 531 0.991 0.996 5.30
16-7-1 1000 0.997 0.999 3.02 0.997 0.999 3.02
16-9-1 560 0.997 0.999 2.68 0.998 0.999 2.68
16-11-1 1000 0.999 0.999 1.98 0.999 0.999 1.98
16-13-1 929 0.999 0.999 1.44 0.999 0.999 1.44
16-15-1 999 0.999 0.999 1.51 0.999 0.999 1.50
16-17-1 999 0.999 0.999 0.97 0.999 0.999 0.97
16-19-1 1000 0.999 0.999 0.65 0.999 0.999 0.65
16-21-1 1000 0.999 0.999 0.66 0.999 0.999 0.66
16-23-1 1000 0.999 0.999 0.56 0.999 0.999 0.55
16-25-1 1000 0.999 0.999 0.74 0.999 0.999 0.74
Table 5 ANN1 model performance for CO with different ANN architectures & BRBP training algorithm

BRBP Iteration Training Testing

ANN1 E R AARE (%) E R AARE (%)
16-5-1 1000 0.991 0.996 5.42 0.991 0.996 5.40
16-7-1 1000 0.997 0.999 2.93 0.997 0.999 2.93
16-9-1 1000 0.998 0.999 2.24 0.998 0.999 2.24
16-11-1 1000 0.999 0.999 2.16 0.999 0.999 2.16
16-13-1 1000 0.999 0.999 1.15 0.999 0.999 1.14
16-15-1 1000 0.999 0.999 1.40 0.999 0.999 1.40
16-17-1 1000 0.999 0.999 1.10 0.999 0.999 1.11
16-19-1 1000 0.999 0.999 0.65 0.999 0.999 0.65
16-21-1 1000 0.999 1.000 0.64 0.999 1.000 0.64
16-23-1 1000 0.999 1.000 0.56 0.999 1.000 0.56
16-25-1 1000 0.999 0.999 0.63 0.999 0.999 0.63
ch'ﬂ"”"e:Rﬂ)'ggws CO. : R=0.99995 co R=0.99395
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Fig. 4 Regression plots of parameter Co, for ANN based model (a) in training; and (b) testing by LMBP algorithm;

and (c) in training; and (d) testing by BRBP algorithm

3.2 ANN2 Model Structure: x = f (C (x;, ti), v, D, Co, To, t(Cp))

The model provided good results for both training and testing for the datasets, with the variation of modelled
dataset being minimal. The two different training algorithms used, both were effective however the BRBP
algorithm showed better convergence with lesser values of AARE.

From Tables 6 and 7, it can be seen that AARE decreased as the number of hidden neurons increased from 5
to 21 but when the number of neurons increased from 21 to 23, AARE increased. This was the case for both
training and testing datasets and for both training algorithms. Therefore, the optimal number of neurons in hidden
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layer is assumed to be 21. The optimal ANN2 model architecture is 16-21-1 for both the training algorithms.
Regression plots of the target source location (observed dataset) and the model estimated source location (model
output) are shown in Fig. 5(a) and (b) (applying LMBP was used as training algorithm). Fig. 5(c) and (d) shows

the regression plots for x’ during training and testing, using BRBP as training algorithm.

Table 6 ANNZ2 model performance for x with different ANN architectures & LMBP training algorithm

LMBP Iteration Training Testing

ANN?2 E R AARE (%) E R AARE (%)
16-5-1 1000 0.999 0.999 2.48 0.999 0.999 2.39
16-7-1 285 0.999 0.999 2.54 0.999 0.999 2.41
16-9-1 465 0.999 1.000 1.50 0.999 1.000 1.49
16-11-1 1000 1.000 1.000 0.78 1.000 1.000 0.80
16-13-1 1000 1.000 1.000 0.84 1.000 1.000 0.85
16-15-1 570 1.000 1.000 0.62 1.000 1.000 0.60
16-17-1 1000 1.000 1.000 0.89 1.000 1.000 0.91
16-19-1 843 1.000 1.000 0.44 1.000 1.000 0.42
16-21-1 1000 1.000 1.000 0.38 1.000 1.000 0.38
16-23-1 739 1.000 1.000 0.45 1.000 1.000 0.44
16-25-1 1000 1.000 1.000 0.37 1.000 1.000 0.37

Table 7 ANNZ2 model performance for x with different ANN architectures & BRBP training algorithm

BRBP Iteration Training Testing
ANNZ2 E R AARE (%) E R AARE (%)
16-5-1 1000 1.000 1.000 0.61 1.000 1.000 0.61
16-7-1 1000 1.000 1.000 091 1.000 1.000 0.86
16-9-1 1000 0.999 1.000 1.31 0.999 1.000 1.28
16-11-1 1000 1.000 1.000 0.70 1.000 1.000 0.69
16-13-1 1000 1.000 1.000 0.48 1.000 1.000 0.51
16-15-1 1000 1.000 1.000 0.61 1.000 1.000 0.61
16-17-1 1000 1.000 1.000 0.41 1.000 1.000 0.41
16-19-1 1000 1.000 1.000 0.29 1.000 1.000 0.28
16-21-1 1000 1.000 1.000 0.26 1.000 1.000 0.26
16-23-1 1000 1.000 1.000 0.28 1.000 1.000 0.27
16-25-1 1000 1.000 1.000 0.42 1.000 1.000 0.42

: - : : :
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Fig. 5 Regression plots of parameter x, for ANN based model (a) in training; and (b) testing by LMBP algorithm;

and (c) in training; and (d) testing by BRBP algorithm
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3.3 ANN3 Model Structure: Ty = f (C (x;, ti), x, v, D, Co, t(Cp))

The model provided good results for both training and testing for the datasets, with minimal variation in modelled
data, with some outliers at higher values of To. Of the two training algorithms used, both were effective with similar
results.

From Tables 8 and 9, it can be seen that AARE decreased as the number of hidden neurons increased from 5
to 23 but when the number of neurons increased from 23 to 25, AARE increased. This was the case for both
training and testing datasets and for both training algorithms. Therefore, the optimal number of neurons in hidden
layer is assumed to be 23. The optimal ANN3 model architecture is 16-23-1 for both the training algorithms.
Regression plots of the target time of pollutant release (observed dataset) and the model estimated time of
pollutant release (model output) are shown in Fig. 6(a) and (b) (using LMBP as training algorithm) and Fig. 6(c)
and (d) (using BRBP as training algorithm). Model worked fine for lower values of time of release of pollutant
from the source. While for higher values of Ty, deviation of the estimated values was found more that the observed
data.

Table 8 ANN3 model performance for TO with different ANN architectures & LMBP training algorithm

LMBP Iteration Training Testing
Model (To) E R AARE (%) E R AARE (%)

16-5-1 1000 0.991 0.996 5.23 0.991 0.996 5.24
16-7-1 681 0.994 0.997 3.90 0.994 0.997 3.89
16-9-1 1000 0.996 0.998 2.57 0.996 0.998 2.57
16-11-1 1000 0.997 0.999 1.61 0.997 0.999 1.61
16-13-1 1000 0.999 0.999 0.78 0.998 0.999 0.77
16-15-1 1000 0.999 0.999 0.82 0.999 0.999 0.83
16-17-1 1000 0.998 0.999 0.58 0.999 0.999 0.58
16-19-1 1000 0.999 0.999 0.54 0.999 0.999 0.31
16-21-1 1000 0.999 0.999 0.59 0.999 0.999 0.57
16-23-1 1000 0.999 0.999 0.51 0.999 0.999 0.51
16-25-1 1000 0.999 0.999 0.61 0.999 0.999 0.61

Table 9 ANN3 model performance for TO with different ANN architectures & BRBP training algorithm

BRBP Iteration Training Testing
Model (To) E R AARE (%) E R AARE (%)
16-5-1 1000 0.966 0.983 11.42 0.966 0.983 11.40
16-7-1 1000 0.997 0.998 1.81 0.997 0.999 1.77
16-9-1 1000 0.997 0.998 1.86 0.997 0.998 1.89
16-11-1 1000 0.998 0.999 1.19 0.998 0.999 1.19
16-13-1 1000 0.999 0.999 0.78 0.998 0.999 0.77
16-15-1 729 0.999 0.999 0.82 0.999 0.999 0.83
16-17-1 1000 0.998 0.999 0.58 0.999 0.999 0.58
16-19-1 1000 0.999 0.999 0.54 0.999 0.999 0.31
16-21-1 1000 0.999 0.999 0.59 0.999 0.999 0.57
16-23-1 593 0.999 0.999 0.51 0.999 0.999 0.51
16-25-1 1000 0.999 0.999 0.61 0.999 0.999 0.61
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Fig. 6 Regression plots of parameter To, for ANN based model (a) in training; and (b) testing for LMBP algorithm;
and (a) in training; and (b) testing for BRBP algorithm

Two different training algorithms were used in the single output ANN models in order to compare the running
time, convergence rate and its applicability to the present study in order to choose better algorithm for further
use. BRBP though having a longer iteration running time showed a faster convergence rate and was more suitable
in solving this problem than LMBP. The pollution source parameter x was predicted well by BRBP while both
training algorithms performance remained same for pollution source parameters Coand Ty. Thus, for three output
model ANN4, BRBP was used as training algorithm.

Results of the three models ANN1, ANN2 and ANN3 varied minimally with change in model architecture, in
terms of E and R values. But AARE values changed significantly with respect to the change in ANN architecture.
Therefore, the optimal model architecture was adopted with respect to the change in AARE values. Models showed
nearly perfect agreement between observed and modelled values of Ty during training and testing. This could be
because of the usage of unperturbed data set which was presented to the models.

3.4 ANN4 Model Structure: (x, Co, To) = f (C (xi ti), V, D, t(Cp))

The model showed good results for all the three parameters and was the best performing model of the all three
output models. Of the three parameters x showed good results while Cpand To produced average results. The best
architecture for the model was 14-15-3.

From Tables 10, 11 and 12, it can be seen that AARE decreased as the number of hidden neurons increased
from 5 to 15 but when the number of neurons increased from 15 to 25, AARE increased. This was the case for both
training and testing datasets and for both training algorithms. Therefore, the optimal number of neurons in hidden
layer is assumed to be 15. The optimal ANN4 model architecture is 14-15-3. Regression plots of the target
parameters (Co, x, To) and the model estimated parameters are shown in Fig. 7. Results show that ANN4 model
worked well for identifying the groundwater pollution source location (x) than compared to the identification of
other two pollution source parameters.

Simultaneous identification of all the three unknown parameters was challenging since the degree of freedom
of the model was compromised. The higher number of predictands increased the complexity and non-linearity of
the problem, which the ANN model was able to regenerate marginally. The multiple-output-model estimated
pollutant source location (x) was found to be in close agreement with the observed source location (Fig. 7 (c) and
(d)). But the estimated Coand To had shown a weak agreement along with a wide spread of data from the perfect-
agreement trend-line, and hence it could be inferred that it did not match well with the respective observed values
(Fig. 7(a), (b), (e) and (f)). The possible reason for this could be the neural network parameters becoming overly
tailored to the training data, a condition known as overfitting and therefore the model overestimated the source
release concentration and release duration.
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Table 10 ANN4 model performance for parameter CO with different ANN architectures

ANN4 for ) Training Testing
Co Iteration E R AARE (%) E R AARE (%)

14-5-3 1000 0.810 0.900 25.21 0.811 0.900 25.20
14-7-3 1000 0.819 0.905 24.48 0.820 0.906 24.45
14-9-3 1000 0.829 0.910 23.82 0.830 0.910 23.75
14-11-3 1000 0.854 0.924 22.49 0.854 0.924 22.49
14-13-3 1000 0.860 0.927 21.60 0.860 0.927 21.57
14-15-3 1000 0.873 0.935 19.96 0.873 0.935 20.00
14-17-3 1000 0.864 0.929 20.24 0.864 0.929 20.25
14-19-3 1000 0.871 0.933 19.74 0.871 0.933 19.78
14-21-3 1000 0.871 0.933 18.96 0.871 0.933 18.93
14-23-3 1000 0.877 0.936 19.47 0.877 0.936 19.44
14-25-3 1000 0.866 0.930 19.23 0.866 0.930 19.24

Table 11 ANN4 model performance for parameter x with different ANN architectures

. Training Testing
ANN4 for x Iteration
E R AARE (%) E R AARE (%)

14-5-3 1000 0.977 0.989 21.25 0.977 0.989 20.77
14-7-3 1000 0.994 0.997 11.97 0.994 0.997 11.78
14-9-3 1000 0.993 0.997 12.07 0.993 0.997 11.92
14-11-3 1000 0.990 0.995 15.12 0.990 0.995 14.88
14-13-3 1000 0.988 0.994 15.30 0.988 0.994 15.54
14-15-3 1000 0.996 0.998 9.17 0.996 0.998 9.13
14-17-3 1000 0.994 0.997 11.15 0.994 0.997 11.06
14-19-3 1000 0.994 0.997 11.23 0.994 0.997 10.92
14-21-3 1000 0.993 0.996 11.73 0.993 0.996 11.47
14-23-3 1000 0.994 0.997 11.84 0.994 0.997 11.57
14-25-3 1000 0.993 0.996 13.01 0.993 0.996 12.76

Table 12 ANN4 model performance for parameter TO with different ANN architectures

ANN4 for . Training Testing
To Iteration 5 5
E R AARE (%) E R AARE (%)

14-5-3 1000 0.837 0.915 28.21 0.837 0.915 28.20
14-7-3 1000 0.879 0.939 22.33 0.880 0.993 22.18
14-9-3 1000 0.880 0.938 22.33 0.882 0.939 22.23
14-11-3 1000 0.904 0.951 19.59 0.904 0.951 19.48
14-13-3 1000 0.914 0.956 19.11 0.914 0.957 19.02
14-15-3 1000 0.936 0.968 16.75 0.936 0.968 16.63
14-17-3 1000 0.911 0.955 19.15 0.911 0.955 19.17
14-19-3 1000 0.910 0.954 19.44 0.909 0.953 19.33
14-21-3 1000 0.900 0.948 19.68 0.900 0.949 19.54
14-23-3 1000 0.907 0.953 18.99 0.908 0.953 18.93
14-25-3 1000 0.896 0.947 20.35 0.897 0.947 20.29
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Fig. 7 Optimal ANN4 model architecture regression plots for (a) Co in training; and (b) Co in testing; (c) x in
training; and (d) x in testing; (e) To in training; and (f) To in testing

4. Conclusion

This study focuses on the simultaneous detection of various GPSI properties (source location, concentration flux
released at source and release duration) that affects the groundwater contamination from a continuous source,
by employing a multi-output ANN model. For single-output ANN models (individual identification), the input
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datasets combined various parameters (GPSI, flow, and transport parameters) with eleven discrete values from
the breakthrough curve. In contrast, for multiple-output ANN model (simultaneous identification), the inputs
included only flow and transport parameters along with eleven discrete breakthrough curve values. Two different
training algorithms i.e., Levenberg-Marquardt backpropagation and Bayesian regularization algorithm were used
for single output models and based on performance better training algorithm (Bayesian Regularization) was used
in multiple (three) output model. The performances of the models were compared based on various statistical
parameters.

A network with architecture 16-23-1 was found to be optimum for ANN1 and resulted in AARE of 0.56 for
identifying the source release concentration. A network with architecture 16-21-1 was found to be optimum for
ANN2 and resulted in AARE of 0.26 for identifying the source location. A network with architecture 16-23-1 was
found to be optimum for ANN3 and resulted in AARE of 0.51 for identifying the duration of pollutant release. For
ANN4 model, network architecture 14-15-3 was found to be optimum and resulted in an average absolute relative
error (AARE) of 9.17, 19.96 and 16.75 for identifying the source location, source release concentration and the
duration of pollutant release, simultaneously.

Results revealed that single output ANN models performed better than the multiple outputs ANN model.
While comparing for individual source parameters (Co, x and To) as target variables, both the model types (single
and multiple outputs) could identify the source location very well. Although the release concentration and
duration of pollutant release estimation by single output model outperformed the multiple output model. The
higher number of predictands increased the complexity and non-linearity of the problem which the ANN based
soft-computation model was able to regenerate moderately. Future work may involve employing more
sophisticated deep learning models to achieve higher prediction accuracy. Overall, the proposed solution of the
problem considered here, has a practical application in formulating cost-effective strategies for regulating and
penalizing the agencies accountable for the groundwater pollution.
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