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Effects of input/output parameters on artiﬁcial neural
network model efﬁciency for breakthrough contaminant
prediction
Jayashree Pal and Dibakar Chakrabarty

ABSTRACT
Groundwater quality assessment is characterized by pollution injection rates, pollution injection
locations and duration of pollution injection for identifying spatial and temporal variation. In this
study, spatial variations are obtained by placing observation wells in the downstream zone.
Temporal variations in contaminant concentration has been simulated during the study period.
Generally, simulations are carried out using various numerical models, which are subject to the
availability of all required input parameters and are necessary for the proper management of
contaminated aquifers. In previous publications, artiﬁcial neural networks (ANNs) are prescribed in
such situations as these modeling methods focus on available input/output datasets, thus resolving
the concern of obtaining all inputs that a numerical simulator usually demands. Past studies have
predicted groundwater breakthrough contaminants. But the effects of input/output variations need
to be discussed. This study aims to quantify the effects of a few input/output datasets in the
performance of ANN models to simulate pollutant transport in groundwater systems. The
combinations of input/output scenarios have rendered these ANN models sensitive to variations,
thus affecting model efﬁciency. These outcomes can reliably be employed for contaminant
estimation and provide a paradigm in data collection that will help hydrogeologists to develop more
efﬁcient prediction models.
Key words
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GRAPHICAL ABSTRACT

INTRODUCTION
Water resource protection and management is a vital issue

There are some areas where the entire population is

for the sustenance of all living organisms on Earth. A

dependent on groundwater reserves. The need for sustainable

study by Shiklomanov () has documented that approxi-

usage and containment of contamination is of greater signi-

mately 2.5% of the total volume of water in the

ﬁcance in these areas. Publications report work on

hydrosphere is freshwater. A large portion of this freshwater

groundwater level ﬂuctuations for efﬁcient utilization and

is composed of glaciers and permanent snows. The remain-

future sustenance. These studies correlate ﬂow from adjoining

ing amount of the freshwater reserve is from groundwater,

rivers, precipitation, runoff, temperature, evaporation, humid-

lakes and rivers. Groundwater constitutes about 0.76% of

ity and other relatable parameters for predicting groundwater

the total volume of water on Earth, which is 30.1% of the

level (Daliakopoulos et al. ; Khalil et al. ; Nayak et al.

freshwater volume. However, the actual percentage of

; Yoon et al. ; Bisht et al. ; Gholami et al. ).

groundwater present in the hydrosphere has altered since

This is the quantitative perspective of groundwater research,

1993 due to saltwater intrusion and contamination by differ-

although there is also a qualitative aspect which encompasses

ent human activities.

remediation and identiﬁcation of contaminated groundwater

Groundwater reserves accessible by human beings are

resource (Gorelick ; Minsker & Shoemaker ; Culver

mainly in the form of aquifers. These aquifers have

& Shenk ; Aly & Peralta ; Singh & Minsker ;

become vulnerable due to massive population growth,

Datta et al. ; Singh & Chakrabarty ; Chakraborty &

economic development, and rapid urbanization (Bierkens

Ghosh ; Milašinović et al. ).

& Wada ). Consequently, literature indicating studies

The quantitative and qualitative studies using numerical

related to groundwater depletion (Tabari et al. ; Varni

models require information from the hydrogeological survey

et al. ; Abiye et al. ), saltwater intrusion (Walther

and

et al. ; Yan et al. ; Kayode et al. ; Lal & Datta

information provides assistance in developing models analo-

) and remediation (Laumann et al. ; Kazemzadeh-

gous to ﬁeld conditions. But, obtaining accurate ﬁeld data as

Parsi et al. ; Mosmeri et al. ) of various aquifer

well as replicating those in numerical models becomes difﬁ-

zones are immense. The methodology involves the use

cult. In such cases, these complex problem-solving

of various numerical models and approximation of uncer-

numerical methods become redundant. In order to simplify

tain aquifer parameters using a probability distribution.

man-made

interventions.

The

hydrogeological

such studies and derive site-speciﬁc models from predicting
groundwater level and contaminant concentration at
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desired locations, an artiﬁcial neural network approach is

scenarios and training algorithms/transfer functions

mostly considered as an alternative. However, the appli-

that can reliably be employed for modeling pollutant

cation of ANNs to solve various hydrological issues has

transport simulations in groundwater systems. These

been discussed in detail in ASCE Task Committee (b),

input and output combinations are calibrated depending

including areas of groundwater hydrology as well. The

on their performances, providing direction to the hydrogeol-

implementation of ANNs has been reported in several

ogists for decision-making in data collection. The input

case studies to predict nitrate, ﬂuoride, arsenic, manganese

parameters considered for this study are injection rates

and salt concentrations in groundwater (Pal et al. ;

and injection locations. Each input parameter is tested indi-

Mousavi & Amiri ; Sinha & Saha ; Wagh et al.

vidually to obtain contaminant concentration throughout

; McArthur et al. ). Some case studies have also

the simulation period of 20 years. The second aim of this

reported the use of other machine learning algorithms like

study is to evaluate ANN performance when the simulation

the random forest algorithm, support vector machine,

period is varied. Here, the estimation of contaminant con-

locally weighted projection regression, relevance vector

centration in four different time spans, such as 20 years,

machines, etc., that consider groundwater quality index as

15 years, 10 years, and 5 years, has been reported. The

the objective (Khalil et al. ; Podgorski et al. ). A

effect of individual input parameters due to the reduction

brief survey focusing on both qualitative and quantitative

in prediction time has also been analyzed. ANN models

groundwater modeling using ANN has been summarized

are used to predict the breakthrough concentration over

in Table 1. This table includes the ﬁndings, ANN method

time and identify the signiﬁcance of input/output relation-

used and input/output details of each article. These hydro-

ships in ANN training and testing.

geologists have reported works that aimed at various
perspectives of research. The referred studies have shown
the immense utilization of ANNs in prediction research,

METHODS AND MATERIALS

although those involving the effects of input/output
relationship on ANN model performance have remained

Data description

unexplored.
The numerical model of groundwater ﬂow and transport
considered for the generation of patterns is SUTRA-USGS

NEEDS OF THE STUDY

(A Model for Saturated-Unsaturated, Variable-Density
Ground-Water Flow with Solute or Energy Transport)

From the survey, it was observed that input parameters

(Voss and Provost ). A two-dimensional hypothetical

play an important role in neural network prediction.

aquifer system of dimensions 1,500 m × 1,400 m × 40 m is

Das et al. () predicted water table depth in ﬁve

considered for the study. The ﬂow of groundwater occurs

different input scenarios. They used backpropagation

from the left boundary (hydraulic head ¼ 100 m) to the

neural network (BPNN) and Adaptive Neuro-Fuzzy

right boundary (hydraulic head ¼ 88 m), while the top and

Inference

prediction,

bottom boundaries are impermeable zones, as shown in

describing a quantitative study in the groundwater

Figure 1. Single pollutant species have been considered for

system. They identiﬁed and reported the appropriate

the study, which is conservative in nature and the permiss-

input parameters for their study. Therefore researchers

ible limit of this pollutant is assumed to be 0.5 mg/L.

need to undertake such analysis of groundwater where

There are three contaminant injection locations (point

the input and output parameters variation becomes

sources) in the aquifer at the upstream zone. The contami-

signiﬁcant. The inﬂuence of inputs and outputs in

nant plume propagates through the aquifer towards the

qualitative aspects of groundwater studies using ANN

downstream zone. There are four observation wells that

has been unexplored. The study reported in this paper

are ﬁxed at random locations in the downstream region

deals

across the ﬂow path. The simulation of this aquifer system

System

with

(ANFIS)

various

models

combinations

for

of

input/output
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Brief review on groundwater modeling using artiﬁcial neural networks (ANN)

Sl.
no.

Authors

Findings

ANN method

Training algorithm; transfer
function

Input parameters

Output
parameters

1.

Rogers ()

► Predict injection and

Feed-forward

Conjugate gradient Polak–Ribiere

Pumping realizations at three

Successful

pumping rates for pollution

backpropagation

weight update rule; Sigmoidal

remediation wells

containment

remediation,
unsuccessful
remediation

2.

Morshed &
Kaluarachchi
()

► Simulate breakthrough
concentration
► Compare two ANN training

Feed-forward

Generalized delta rule; Sigmoidal,

backpropagation

Tangent sigmoidal

genetic algorithm

Grain size distribution index,

Breakthrough

saturated hydraulic conductivity,

concentration

water ﬂux, dispersivity, decay

curve

coefﬁcient, Freundlich coefﬁcient,

methods

Freundlich exponent
3.

Gümrah et al.
()

► Forecast pollutant
concentrations and

Feed-forward

Gradient descent; Sigmoidal

backpropagation

Time, concentration, head, neighbor
well concentration

hydraulic heads.

Chlorine
concentration
and head at next

► Short-term predictions

time step

proved more efﬁcient than
long-term predictions

4.

Kumar & Jain
()

► Estimate groundwater
pollution sources from

Feed-forward

Generalized delta rule; Sigmoidal

backpropagation

Breakthrough concentration curve at
observation location

Groundwater
pollution source

breakthrough curves data

5.

Prasad &

► Identiﬁcation of the

ANN-GA

Mathur

uncertainty of groundwater

backpropagation

()

ﬂow and contaminant

algorithm

Levenberg-Marquardt; Tangent
sigmoidal

Seepage velocity, longitudinal
dispersivity, transverse dispersivity,

Groundwater level,
concentration

time

transport with imprecise
parameters

6.

Banerjee et al.
()

► Prediction of safe pumping
rate to prevent health

Feed-forward quick

Discrete pseudo-Newton method

propagation

pumping, time, rainy period, water

hazards

7.

Khalil et al.

► Forecasting groundwater

()

level depending on
precipitation, mean
temperature and tailings
recharge

Groundwater electrical conductivity,

Groundwater
salinity

level

i. Multiple linear

Levenberg–Marquardt

Tailings recharge, precipitation, mean

Groundwater level

temperature

regression
ii. Artiﬁcial neural
network
iii. Wavelet transform
(W-MLR, W-ANN)
iv. W-ensemble ANN

8.

Khaki et al.
()

► Simulation of decreasing
trend of groundwater level

i. Feed-forward
backpropagation
ii. Cascade-forward

i. Levenberg-Marquardt

Rainfall, humidity, evaporation,

ii. Hybrid learning

minimum temperature, maximum

iii. Algorithm for ANFIS; Tangent

temperature

Groundwater level

Sigmoidal

backpropagation
iii. ANFISa

9.

Wagh et al.

► Prediction of nitrate

i. Backpropagation

()

concentration in

ii. Backpropagation

groundwater of Kadava
River Basin

Levenberg-Marquardt; Sigmoidal

with weights

Electrical conductivity, total dissolved

Groundwater

solids, total hardness, magnesium,

nitrate

sodium, chlorine and sulphate

concentration

iii. Resilient
backpropagation
with weights
iv. Resilient
backpropagation
without weights
v. Smallest absolute
derivative
vi. Smallest learning
rate

(continued)
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continued

Sl.
no.

Authors

Findings

ANN method

Training algorithm; transfer
function

Input parameters

Output
parameters

10.

Das et al. ()

► Prediction of water table

Water table depth

i. Feed-forward

i. Gradient descent

Precipitation, maximum temperature,

depth based on

ii. Backpropagation

ii. Adaptive learning

minimum temperature, average

precipitation, runoff,

iii. ANFISa

temperature, evapotranspiration

temperature, humidity and

losses, runoff, humidity

evapotranspiration

11.

Pal &

► Simulate contaminant

Chakrabarty

concentration based on

()

injection rates and injection
locations

i. Feed-forward
backpropagation

14 training algorithms like Bayesian

Injection rate, injection location

Breakthrough

regularization, conjugate

curve of

ii. Cascade-forward

gradient, Levenberg–Marquardt,

contaminant

backpropagation

one-step secant and so on; Pure

concentration

linear, Sigmoidal, Tangent
sigmoidal
12.

Bedi, et al.

► Prediction of contamination

()

levels using sparse data.
► Evaluation of classiﬁcation
performance of models.
► Assessment of class
imbalance in

i. Artiﬁcial neural
networks

Hydrogeologic, land use and water
quality

ii. Support vector

Nitrate and
pesticide
concentration

machines
iii. Extreme gradient
boosting

hyperparameter tuning

a

Adaptive neuro-fuzzy inference system.

Box et al. () has discussed time-series forecasting
models. In this study, two input parameters have been used
for evaluating time-series breakthrough concentrations
(BTC) at downstream water supply wells. The ﬁrst parameter
is injection rate and the second is injection location. The BTC
estimated contaminant concentrations at observation wells
constitute ANN output. This problem is functional to protect
the population dependent on those water supply wells from
contaminated water. The knowledge of contaminant concentration values over a time span will enable site engineers to
undertake necessary remediation or containment plans.
This study compares the efﬁciency of individual input attributes in the contaminant prediction process under varying
simulation time of the study. Thus, the effects of input/
output parameters are considered by incorporating a
number of combinations of input/output parameters, trainFigure 1

|

Illustrative aquifer system used in the study (pollutant sources locations
represent one pattern of the ANN dataset).

ing algorithms and activation functions in the performance
analyses of the developed ANN models.
The contaminant injection occurs for the ﬁrst 5 consecu-

requires additional aquifer parameter information, which

tive years at three source locations. The injection rate

has been provided in Table S1. The numerical simulator

changes yearly for all the sources during those 5 years.

uses information from Table S1 to generate a pattern for

Beyond this period, no contaminant injection was done.

the ANN models.

The injection rates are uniformly distributed random
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Artiﬁcial neural network

locations are integer random numbers that range between
200 and 1,200 m. Each set of injection rate and injection

The artiﬁcial neural network (ANN) is a very sophisticated

location represents a pattern/case for ANN modeling. The

information-processing paradigm that imitates the function-

number of cases generated from different combinations in

ing of the human nervous system to identify patterns within

pollutant injection rate and respective injection locations

a dataset (McCulloch & Pitts ). The learning process of

used in this study is 120. This dataset has been divided

ANNs to solve a problem is analogous to the central nervous

into two parts, that is, 84 patterns (70% of data) for ANN

system as it is capable of developing a memory of a large

training and the remaining 36 patterns (30% of data) for

number of associated input/output patterns and provides

ANN testing. The contaminant plume movement has been

outputs for unknown input patterns. This helps the ANN

monitored from injection time (initial time) up to 20 years.

model to interpret a wide range of complex problems such

The plume concentration data are recorded at 3 month

as nonlinear modeling, prediction, control, pattern recog-

intervals for 20 years, that is, 80 data points from each obser-

nition and classiﬁcation (ASCE Task Committee a).

vation well. These data represent the breakthrough curves at

There are two broader classiﬁcations of ANN model based

each observation well. This time-series dataset of four obser-

on the dependence of the learning function/training algor-

vation wells is placed consecutively in ANN output. The

ithm. The formation of the ANN model guided by a

input and output data have been normalized by mapping

training algorithm is referred to as a supervised neural net-

row minimum and maximum method in the interval [1,

work, and that not guided by a training algorithm is

1] for standardization before training and testing to enhance

known as an unsupervised neural network (Haykin ).

modeling speed and performance of ANN using the follow-

This study involves a supervised neural network model.

ing equation:

The supervised ANN model constitutes three components
such as modeling method, training algorithm and activation

^ ¼ {(Rmax  Rmin )  (X  Xmin )=(Xmax  Xmin )} þ Rmin
X
^ ¼ normalized value; X ¼ input/output value to be
where X

function. The following section discusses the modeling
method and its components.
Cascade-forward backpropagation neural network

normalized; Xmin ¼ minimum input/output of the dataset;
Xmax ¼ maximum input/output of the dataset, Rmin ¼ mini-

The present study employs a cascade-forward backpropaga-

mum range of the normalization interval, and Rmax ¼

tion neural network as the ANN modeling method for

maximum range of the normalization interval. The input

developing pollutant transport models in groundwater sys-

(I ) and output (O) vectors are represented as:

tems. As many as ﬁve better performing ANN methods (as
detailed in Table 2), with different combination of training

I ¼ {IR11 , . . . , IR15 , IL1X , IL1Y , IR21 , . . . , IR25 , IL2X , IL2Y ,
IR31 , . . . , IR35 , IL3X , IL3Y }

algorithms and transfer functions, were taken from the literature (Pal & Chakrabarty ) to study the effects of
different input/target data sets on the ANN model performances. This supervised multi-layer perceptron (MLP) has

O ¼ {1O1 , . . . , 1O20 , 2O1 , . . . , 2O20 , . . . , 3O1 , . . . , 3O20 , . . . ,
4O1 , . . . , 4O20 }

self-adaptive network parameters regulated by the combined
inﬂuence of training vector and reverse error signal. The
backpropagation algorithm (BPA) applied for the study is
a gradient descent with momentum method, which assists

where IR15 ¼ injection rate at source 1 in the 5th year;

neural networks to minimize errors caused by a mismatch

IL2X ¼ injection location at source 2 in x-direction; and

between the target value of data (in this case, it is SUTRA

3O20 ¼ contaminant concentration of monitoring well

data) and the output value produced by the network. The

number 3 at 20 years.

errors obtained during the ﬁrst iteration are propagated
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backpropagation neural network. For ANN model develophas been used. The system conﬁguration for neural network
training is Intel® Core(TM) i3-6006 U (64 bit), 12 GB RAM

Activation function
MATLAB

|

ment, Neural Network Toolbox in MATLAB version 2020a

Cascade-forward backpropagation neural network (C)
Training algorithm

Water Supply

and 2.00 GHz processing speed.

MATLAB

Name

function

Name

function

Abbreviation

Conjugate
gradient
Fletcher–
Reeves
updates
(CGF)

traincgf

Hyperbolic
tangent
sigmoid

tansig
(T)

CCGFT

One-step
secant
(OSS)

trainoss

Gradient
descent with
adaptive
learning
(GDA)

traingda

Resilient (RP)

trainrp

CRPL

Conjugate
gradient
Powell–
Beale
restarts
(CGP)

traincgp

CCGPL

Gradient descent with momentum (GDM) algorithm used
for backpropagation of errors aids the network to act upon the
local gradient as well as focuses on variations in error surface.
The momentum factor prevents the network from getting
stuck in a shallow local minimum, thus ignoring small features
in error surface. GDM has two vital controlling parameters

COSST

known as the learning rate (lr) and the momentum constant
(mc). Learning rate is negative of the gradient, which evaluates

Sigmoid

logsig
(L)

CGDAL

the change in the weights and bias. The larger the learning
rate, the faster is the convergence and vice versa. But too
large a value can also lead to model instability. The momentum constant can be explained as the amount of impetus
gained for model convergence. A momentum value of zero signiﬁes no momentum, while unity signiﬁes high momentum.
The formulation of GDM is shown as:

ΔX ¼ mc  ΔX prev þ lr  (1  mc) 

@E
@X

where ΔX ¼ change in weight/bias; ΔX prev ¼ previous change
backwards through each node, followed by modiﬁcation in

in weight/bias; E ¼ mean squared error of the network, which

corresponding connection weights and bias of the network.

is computed using the following equation:

The network trains again in the forward direction using a
training algorithm (stated in the following section) to evalu-

E¼

1 XX
(Y  T )2
Nn N n

ate a new output set of data for evaluation of errors in the
second iteration. The network development process con-

where Y ¼ output vector (y1, y2, y3,…, yn) obtained from for-

tinues until the desirable minimum error is reached. In the

ward training of the neural network; T ¼ target vector (t1, t2,

cascade-forward modeling method, there is an additional

t3,…, tn), that is, actual output data provided during training;

network connection from the input layer directly to the

n ¼ number of nodes in output layer; N ¼ number of training

output layer. A representative neural network structure is

patterns.

shown in Figure 2. This property of CFBNN makes it
more

sensitive

compared

with

a

feed-forward

Training algorithm
The role of the training algorithm in neural network modeling is to optimize connection weights and bias for
approximating target vectors and enhance network performance. The training algorithms are primarily optimizing

Figure 2

|

Cascade-forward backpropagation neural network using a tangent sigmoidal
transfer function.
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heuristic as well as meta-heuristic in nature. Here, only con-

well locations for 20 years. These outputs from the pre-

ventional optimization techniques have been used for

scribed ANN models are compared with the outputs of

modeling. The training algorithms adopted for this study

groundwater numerical model results using statistical

based on the performance are conjugate gradient and

parameters.

Fletcher–Reeves updates (CGF), one-step secant (OSS), gra-

The statistical measures used to determine ANN per-

dient descent with adaptive learning (GDA), resilient (RP)

formance are as follows (Nie et al. ):

and conjugate gradient and Powell–Beale restarts (CGB).

(a) coefﬁcient of determination (R2):

Activation function

N
P
2

The activation function controls the activation or de-activation of a neuron depending upon network weights and

R ¼


 2
(Oi  O)(P
i  P)

i¼1
N
P


(Oi  O)

i¼1

N
2P


(Pi  P)

2

i¼1

bias. The mathematical relation of the total input signal
entering a neuron to obtain relevant output in CFBNN

(b) Nash–Sutcliffe efﬁciency coefﬁcient (NSE):

(Warsito et al. ) is represented as:
ynþ1 (k) ¼

nh
X

wn (1, j)xn (j) þ

j¼1

nh
X

wnþ1 (i, j)xn (j) þ bnþ1 (i)

j¼1

N
P

NSE ¼ 1 

where, n ¼ total number of hidden layer; nh ¼ total number

i¼1
N
P

(Oi  Pi )2
 2
(Oi  O)

i¼1

n

of neurons in a hidden layer; x (j) ¼ input attributes of nth
layer to jth hidden neuron, wnþ1(i,j) ¼ network connection
weight matrix of (n þ 1)th hidden layer from ith input attribute to jth hidden neuron; bnþ1(i) ¼ bias of the network to
ith input attribute; ynþ1(k) ¼ kth output attribute from (n þ
1)th hidden layer. The optimal number of hidden neurons

(c) root mean square error (RMSE):
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u N
u1 X
RMSE ¼ t
(Pi  Oi )2
N i¼1

used for training CCGFT, COSST, CRPL, CGDAL and
CCGBL models are 60, 70, 78, 30 and 40, respectively.

(d) mean absolute error (MAE):

The types of activation functions used in this study are sigmoid and hyperbolic tangent sigmoid, which are denoted
MAE ¼

respectively as:

N
1X
jPi  Oi j
N i¼1

f(y) ¼ 1=(1 þ ey )
f(y) ¼ (ey  ey )=(ey þ ey )

where, Pi ¼ predicted concentration at time t, Oi ¼ estimated
 ¼ mean of predicted concenconcentrations at time t, P

trations, O ¼ mean of estimated concentrations, N ¼ total

Performance analysis of ANN model

number of output attributes. The best ﬁt neural network
model is the one that has R2 and NSE values tending to

The developed ANN models are capable of simulating the

one, while RMSE and MAE are approaching zero.

transport of contaminant concentration, which is BTC
curves of 20 years under varying contaminant source
locations and contaminant injection rates. Therefore, contaminant

locations

and

contaminant

injection

ANN model information

rates

constitute the input attributes. The output attributes

The aim of this study is to identify the effects of various

include the contaminant concentration at the monitoring

combinations of inputs and outputs in estimating the
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breakthrough curve at four observation wells. ANN model

vivid idea of ANN performance under different input scen-

classiﬁcation and respective ANN model identiﬁers have

arios. It has been observed that input scenario 1 has proved

been summarized in Figure 3. There are 12 combinations

to perform better than the other two scenarios. Input

formed out of different input/output parameters. The

scenario 2 has shown considerable reduction in model

abbreviation of the ANN model accompanied by the

efﬁciency, thus leading to low regression, R2 and NSE, and

model number shown in the rectangular box of each link

high errors. Input scenario 3 has shown good performance;

in the ﬁgure constitutes the model identiﬁer. These model

that is, the correlation of output and target dataset is more

identiﬁers are used as a reference for depicting model per-

than 90%. However, this correlation value is not as good as

formances depending on statistical analysis, which has

in the case of input scenario 1, which is above 97% for ﬁve

been reported in results and discussion.

ANN methods. The model training time for the majority of
cases ranges from few seconds to ﬁve minutes. Only
CCGFT9 has exhibited greater central processing unit

RESULTS AND DISCUSSION

(CPU) time of approximately 19 minutes, as mentioned in
Table S2.

Effect of input parameters on ANN performance

Apart from the factors like ANN modeling method and
input scenarios, there are some termination criteria during

The 12 models shown in Figure 3 have been evaluated based

model training that contribute to model efﬁciency. These ter-

on statistical parameters. In order to assess ANN model

mination criteria are user-deﬁned on a trial-and-error basis.

performance, the testing dataset has been used. The input

The ANN models trained in this study consist of the follow-

parameters of the testing dataset have been provided to
these ANN models. The predicted output is generated by

ing termination criteria: epoch ¼ 1.0e6; performance/mean
squared error limit ¼ 1.0e-04; gradient ¼ 1.0e-10; validation

these ANN models for respective input patterns are obtained.

checks ¼ 10,000; and step size ¼ 1.0e-6. The attainment of

The predicted output and the estimated target values are com-

any one of the termination criteria is necessary to stop the

pared to identify the effect on performance due to the

training process. Often, modiﬁcation in termination criteria

variation in input parameters. The output parameters are

is performed done to minimize the slight overﬁtting of ANN

considered to be 20 years BTCs. Figure 4(a) provides a

data during training and enhance the quality of testing data.
Effects of output parameters on ANN performance
In the previous section, model performance has been interpreted under different input scenarios. So, this section
focuses on the performances of ANN models for varying
contaminant concentration estimation periods. Each input
scenario is linked with four different time-series predictions.
The performance of models for 20 years contaminant
prediction, that is, output scenario 1, has already been discussed. The performance analyses of the remaining three
output scenarios are reviewed as follows.
Fifteen years contaminant concentration prediction
(output scenario 2)
The reduction in the estimation period from 20 years to 15

Figure 3

|

ANN model combination and model identiﬁers.
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Performance analysis of ANN model (a) Output scenario 1, (b) Output scenario 2, (c) Output scenario 3 and (d) Output scenario 4.

Figure 4(b). The selected ANN models have lowered per-

remaining statistical parameters do not represent better per-

formance in input scenario 1. The training regression,

formance. For input scenario 2, the overall performance of

testing regression, and coefﬁcient of determination have

ANN models has deteriorated compared with output scenario

reduced by 2–3%. Hence, the error parameters like RMSE

1 with input scenarios 1 and 2. In the case of input scenario 3,

and MAE have increased in output scenario 2. The trend

all ANN models have performed moderately.

observed in input scenario 2 is the same as input scenario
1. But, input scenario 3 has performed better with output
scenario 2, which contrasts with output scenario 1. The

Five years contaminant concentration prediction (output
scenario 4)

model development time is the same as earlier.
For ﬁve years of contaminant estimation, all the input scenTen years contaminant concentration prediction (output
scenario 3)

arios have out-performed compared with the previously
mentioned models when analyzed respectively to each
input scenario (Figure 4(d)). But, the performance rate

While estimating the 10 years contaminant concentration

within input scenarios shows a similar trend as discussed

dataset, ANN performance has shown some peculiarities

in output scenario 1. The reduction of contaminant concen-

(Figure 4(c)). In both the input parameters, training regression

tration estimation by 75% of the actual prediction has

is nearly the same as output scenario 1. In contrast, the

enhanced model performance.
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A pattern from ANN testing dataset has been considered to

ANN attributes

represent the breakthrough curve generated using these
ANN models. The details of ANN input parameters have
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ANN inputs of illustrative example

Contaminant
concentration (L/s)

been provided in Table 3. There are four observation wells
in the downstream region of the conﬁned aquifer. Each of

Year 1
Year 2
Year 3
Year 4
Year 5

Source
1

Source
2

Source
3

37.3
68.5
22.9
28.3
21.2

56.5
22.3
68.3
49.6
68.8

54.3
45.9
60.4
69.3
58.7

these observation locations has respective BTC curves

X co-ordinate (m)

500

300

300

obtained from the numerical model SUTRA for this illustra-

Y co-ordinate (m)

250

300

650

tive example. The inputs of this example are provided to
each of the ANN models as per input scenarios to predict
20 years, 15 years, 10 years and 5 years outputs.

curves for all the input/output scenarios have been shown.

There are four BTC contaminant concentrations from

For output scenario 1, the models predict 20 years contami-

each of the developed ANN models. Therefore, a total of 48

nant concentrations and the corresponding BTC from OBS

BTC has been estimated from 12 ANN models and four

3 has been denoted in Figure 5(a). Figure 5(b) shows 15

observation wells. Only a few representative breakthrough

years prediction (output scenario 2) of BTC at OBS 2. The

Figure 5

|

Breakthrough contaminant concentration of (a) 20 years at OBS 3, (b) 15 years at OBS 2, (c) 10 years at OBS 4 and (d) 5 years at OBS 1. (continued).
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continued.

BTC estimated for 10 years (output scenario 3) at OBS 4

maxima ranging between [0.9, 0.98] which shows a similar

has been depicted in Figure 5(c). The result obtained from

trend but different value in different output scenarios. The out-

output scenario 4 at OBS 1 is plotted in Figure 5(d). All the

come of training and testing regression for input scenario 2 by

ANN predicted BTCs had been compared with SUTRA

varying output scenarios is minimum ranging between [0.7,

concentrations to identify the difference between them.

0.8]. The regression range for input scenario 3 is less than

Moreover, the input scenarios are also shown in Figure 5 to

input scenario 1, ranging between [0.85, 0.95]. The other two

visualize their effect on ANN model development.

statistical parameters that represent goodness-of-ﬁt are coefﬁcient of determination (R2) and Nash–Sutcliffe efﬁciency

Outcome of the study

coefﬁcient (NSE). The signiﬁcance of R2 is the variability of
ANN output from the mean, where the mean denotes the

The performance evaluation for different input/output scen-

ﬁtted regression line between ANN output and SUTRA

arios has established the potential applicability of this

output (Ross ). At the same time, NSE segregates ANN

methodology. For input scenario 1, both training and testing

output into three categories on a normalized scale (Knoben

regression in combination with all the output scenarios are

et al. ). NSE ¼ 1 indicates ANN output is similar to
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SUTRA target, NSE ¼ 0 indicates that ANN output is equival-

have reported that precipitation, average temperature and

ent to the mean of target dataset and NSE < 0 denotes that the

humidity are the three signiﬁcant input parameters for pre-

model is the worst predictor. Thus, NSE value above zero

dicting water table out of the ﬁve input parameters. In this

implies a good model and below zero implies a bad model.

groundwater quality study, it can be inferred from the stat-

Input scenarios 1 and 3 prove to be good predictor models

istical analysis of ANN models that both of the input

for all target scenarios. However, input scenario 2 in combi-

parameters, that is, injection rate and injection location,

nation with output scenario 3 is a poor predictor model as

are essential for solute concentration prediction. The

NSE value is negative and R2 value is less than 0.7. For

changes observed in model efﬁciency are minor due to vari-

other output scenario combinations with input scenario 2

ation in output parameters.

also suffer from performing better. Depending on the model
performance discussed so far, the error parameters show corresponding outcomes for R2 and NSE. The poor predictor

CONCLUSIONS

models have higher error values, whereas the good models
have a minimum error.

The limited study reveals that there are multiple ANN

In addition, the prediction of this model based on the

models encompassing combinations of different input/

illustrative example also exhibits a similar trend in model

output datasets and different training algorithms/transfer

performance. The BTCs of observation wells at 3 month

functions expected to perform reliably in estimating pollu-

intervals have been ﬁtted to clearly present ANN and

tant transport in groundwater systems. A total of 60 ANN

SUTRA outputs. These BTC plots identify both strengths

models are generated from the mentioned combinations

and vulnerabilities of ANN models under various input/

that show satisfactory results based on statistical parameters

output scenarios. Figure 5 is representative of the model per-

like the coefﬁcient of determination, Nash–Sutcliffe coefﬁ-

formances at 20 years, 15 years, 10 years, and 5 years

cient, RMSE and MAE. However, it has been identiﬁed

prediction periods. The optimum prediction period is 15

that ﬁve ANN methods have performed reasonably well

years in which the performance of ﬁve ANN modeling

under input scenarios 1 and 3, whereas model performance

methods has been observed maximum with minimum

for input scenario 2 is comparatively inferior. In addition,

error values for all input scenarios. In output scenario 3

the study highlights that even though out of the ﬁve ANN

(prediction period ¼ 10 years), the predicted concentration

models- CCGFT has been reported to perform better than

differs from SUTRA outputs to a greater extent; thus, MAE

the rest of them in the literature, inconsistency in its per-

and RMSE are greater than output scenarios 1, 2, and

formance has been observed upon varying input/output

4. The 10-year prediction model shows RMSE and MAE

parameters. While predicted breakthrough concentrations

values more than 5E-5 and 2.5E-5, respectively, which is

by COSST (cascade-forward backpropagation, OSS, tangent

greater than three other prediction models when two input

sigmoid) and CGDAL (cascade-forward backpropagation,

parameters are considered. Over-estimation of concen-

GDA, tangent sigmoid) models are found to be equivalent

tration values has been observed in input scenario 2 in

to SUTRA outputs. There are some limitations of these

combination with output scenarios 1, 2 and 4, with an

ANN models as efﬁciency can reduce when injection

exception in the case of output scenario 3.

rates and injection locations are beyond the considered

In Morshed & Kaluarachchi (), both ﬂow and trans-

range and due to erroneous data. Despite few limitations,

port parameters are considered for ANN modeling. Among

this study shows that variation in input/output parameters

several parameters, few parameters determining ﬂow and

has signiﬁcant impacts on model efﬁciency indeed. This

transport in groundwater system have been selected by

study also reveals that ANN inputs form the determining

them for developing ANN models in order to predict con-

factor for contaminant prediction, whereas the output

taminant breakthrough concentrations. This study involves

parameter has proved to have a very nominal effect. There-

only transport parameters as the ﬂow parameters are con-

fore, the need to recognize crucial input parameters has a

stant for the developed training patterns. Das et al. ()

high inﬂuence on these prediction models, thus proving
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this work to be inevitable prior to ANN application. Hence,
the signiﬁcance of input/output variations can assist
the hydrogeologists to consider performing such analyses
beforehand in order to build more efﬁcient prediction
models.
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