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Abstract

Identification of unknown pollution sources is an important and challenging task for the
engineers working on pollution management of a groundwater aquifer. The locations and
the transient magnitude of contaminant sources can be identified using inverse
optimization techniques. In this approach, an error function is formulated which can be
minimized using an optimization algorithm. The error function is the difference between
simulated and observed contaminant concentration at observation locations. The observed
concentration is measured in the field. On the other hand the simulated concentration can
be calculated using aquifer simulation model. As such, there is a need to incorporate the
aquifer simulation model with the optimization model. Thus technique is also known as
simulation-optimization approach as aquifer simulation model is incorporated with the
optimization model. The performance of the source identification model is highly related
to the aquifer simulation model. Incorporation of sophisticated numerical simulation
model will give better performance, but the model will be more computationally
expensive. On the other hand, the model will be computationally less expensive, if
approximate simulation model like ANN model is incorporated with the optimization
model. However, in this case, there will be a reduction in the predictive performance of
the model. Keeping this in view, this study develops four improved methodologies for
identification of unknown groundwater pollution sources. In the first approach, the
groundwater modeling system (GMS) is linked with optimization model for solving
source identification problem. The incorporation of GMS with the optimization model
enables to solve bigger real world pollution source identification problems. The main
challenge of this approach is the linking of the external aquifer simulator, GMS with the
optimization model. This has been overcome by executing GMS in Matlab environment.
The main drawback of the approach is that the approach is computationally expensive.
For reducing the computational time, the second approach uses artificial neural networks
(ANN) model to simulate the flow and transport processes of the aquifer. The ANN
model is then externally linked with the optimization model. This approach drastically
reduces the computational time of the simulation-optimization model. The problem
which was solved in few days can now be solved in few hours. However, most of the
time, it yields only the near optimal solution. Therefore, in the third approach, a hybrid

optimization model is presented which initially solves the problem using ANN based
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X

simulation-optimization model. The solution obtained by the ANN based model is then
used as the initial solution for the GMS based model. This approach is computationally
more efficient than the GMS based model and also more accurate than the ANN based
model. However, this model is not computationally efficient as compared to ANN based
simulation-optimization model. Therefore, for further reduction in computational time,
another methodology is presented incorporating both numerical and approximate
simulation models. This methodology is computationally better than the GMS based
simulation-optimization model while maintaining predicting capability at per GMS based
model. The inverse optimization models are solved using two non-classical optimization
techniques, i.e. Genetic algorithm and Direct search method. The efficiency and field
applicability of the models are demonstrated using two illustrative study areas. The study
reveals that the performance of Genetic algorithm is better than Direct search method and
the fourth model, ANN-GMS-GA based simulation-optimization model is more efficient

in predicting the unknown groundwater pollution sources.

Keywords: pollution source identification, MODFLOW, MT3DMS, ANN, feed forward

back propagation, Simulation, Optimization
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Chapter 1

Introduction

1.1 General

Identification of unknown pollution sources in a groundwater aquifer is an important and
challenging task for the hydrogeologist working on pollution management of an aquifer.
The location and magnitude of unknown groundwater pollution sources can be identified
using inverse optimization technique (Gorelick et al., 1983; Yeh,1986; Datta et al., 1989;
Wagner, 1992; Aral and Guan, 1996; Mahar and Datta, 1997, 2000, 2001; Aral et
al.,2001; Ahlfeld et al., 1986; Datta and Chakrabarty, 2003 ezc.). For obtaining the
unknown pollution sources, the inverse optimization model minimizes the error between
observed and simulated concentration of contaminant at observation locations. The
simulated concentrations can be obtained using the aquifer simulation model, which
basically solves the governing partial differential flow and transport equations. As such, it
is necessary to incorporate the aquifer simulation models with the optimization model for
identifying unknown pollution sources. The simulation model can be incorporated with
the optimization model using embedding optimization technique (Aguado and Remson,
1974; Gorelick, 1983; Alley et al., 1976; Willis and Newman, 1977; Molx and Bell,
1977; Elango and Rouve, 1980; Peralta and Datta, 1990; Yazicigil and Rasheeduddin,
1987; Datta and Peralta, 1986; Peralta ef al., 1991; Wang and Ahlfeld, 1994; Mahar and
Datta, 1997, Mahar and Datta, 2001; McPhee and Yeh, 2008; Datta et al., 2009),
response matrix approach (Gorelick, 1979; Willis, 1979; Gorelick and Remson, 1982b;

Gorelick et al., 1983; Aral and Guan, 1996) and by using linked simulation-optimization
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approach (Gorelick et al., 1984; Tsai et al., 2003; Datta and Chakrabarty, 2003; Singh
and Datta, 2006; Bhattacharjya and Datta 2009). The embedded technique incorporates
the finite difference or finite element approximation of the governing equations as
equality constraints with the optimization model. Embedded optimization approach has
been widely used by many researchers for solving source identification problems as well
as for solving other groundwater management problems (Alley et al., 1976; Willis and
Newman, 1977; Molx and Bell, 1977; Elango and Rouve, 1980; Datta and Peralta, 1986;
Ahlfeld et al., 1986; Yazicigil and Rasheeduddin, 1987; Peralta and Datta, 1990; Peralta
et al., 1991; Wang and Ahlfeld, 1994; Mahar and Datta, 1997; Mahar and Datta, 2000;
Aral et al., 2001; McPhee and Yeh, 2008; Datta et al., 2009 etc.). Though the embedded
technique was widely used by many researchers, but application of the technique is only
limited to small scale groundwater management problem. It has several limitations for
large scale groundwater management problems as large number of constraints need to be
incorporated in the optimization problem. Solution of such optimization problem is quite
complex and time consuming too. The response matrix approach is based on the principle
of superposition and linearity. This method is reported as unsatisfactory for highly
nonlinear system (Rosenwald and Green, 1974), and therefore not suitable for large scale
groundwater management problems. In the linked simulation-optimization technique, the
groundwater simulation model is externally coupled with the optimization model for
solving the groundwater inverse problem or groundwater management problems
(Gorelick, 1979; Willis, 1979; Gorelick and Remson, 1982; Gorelick et al.,1983; Skaggs
and Kabala, 1994; Datta et al., 1989; Aral and Guan, 1996; Datta and Chakrabarty, 2003;
Bhattacharjya and Datta, 2005; Singh and Datta, 2006; Bhattacharjya and Datta, 2007;
Bhattacharjya and Datta, 2009; Datta et al., 2011 efc.). Datta and Chakrabarty (2003)
used linked simulation optimization approach for solving pollution source identification
model. They have linked the groundwater simulation model, SUTRA with the large scale
optimization system solver MINOS for solving source identification problem. The
advantage of this approach is that the optimization model has fewer decision variables
and thus can be solved easily using suitable optimization algorithms. Moreover,
sophisticated groundwater simulation models, like SUTRA, GMS, FEEFLOW, PMWIN
etc. which have the capability to simulate complex real world groundwater situation can
be used. Through the optimization model handles only few decision variables, the

approach is computationally very extensive as repetitive iterations between the
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optimization model and the simulation model is necessary for obtaining the optimal
solution.

Bhattacharjya and Datta (2009) reported that the simulation-optimization approach may
need up to few days computational time for solving a medium level field scale
groundwater management problem if numerical simulation model is used. In order to
achieve computational efficiency, some researchers have used artificial neural networks
model to identify unknown source characteristics. Singh et al. (2004) used artificial
neural network model for identification of groundwater pollution sources when all the
concentration data are available. They also solved the source identification problem using
ANN when concentration measurement data was not available over an initial length of
time (Singh and Datta, 2007). Some other application of artificial neural network for
groundwater management can be found in Ranjithan et al., 1993; Aly and Peralta, 1999;
Rao et al., 2004; Yan and Minsker, 2006; Bhattacharjya and Datta, 2009; Kourakos and
Mantoglou, 2009; Dhar and Datta, 2009. The computational time can also be reduced by
replacing the expensive numerical groundwater simulation model by an approximate
simulation model. The most commonly used approximate simulation models are the
regression model, artificial neural networks (ANN) model, genetic programming, etc.
(Bhattacharjya et al., 2005). Alley (1986) and Lefkoff and Gorelick (1990) used the
regression model for approximating aquifer processes within the management model.
Bhattacharjya and Datta (2009) presented ANN-GA based simulation-optimization model
for solving coastal aquifer management model. They have replaced the numerical
groundwater simulation model by an approximate ANN model. This approach drastically
reduces the computational time of the simulation-optimization model. The problem which
was solved in few days can now be solved in few hours. The main disadvantage of the
approach is that it may not yield the exact optimal solution of the problem as approximate
simulation model is used in place of the exact numerical simulation model. Most of the
time, it obtains the near optimal solution of the problem. Now we have two extreme
situations, if we use the actual numerical simulation model, we may get the exact optimal
solution of the problem but it will be very expensive in terms of computational time
requirement. On the other hand, if we use the approximate simulation model like
regression model or the ANN model, it may not yield the exact optimal solution of the

problem. As such, to achieve efficiency in both accuracy and computational time, there is
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a need to develop better approaches for solving the groundwater source identification

problem.

An optimization algorithm is necessary for solving the inverse optimization model.
Gradient based classical optimization techniques have been implemented by various
researchers (Alley et al., 1976; Willis, 1976; Willis and Newman, 1977; Gorelick and
Remson, 1982; Gorelick et al., 1983; Molx and Bell, 1977; Elango and Rouve, 1980;
Peralta and Datta, 1990; Yazicigil and Rasheeduddin, 1987; Datta and Peralta, 1986;
Peralta et al., 1991; Wang and Ahlfeld, 1994; Mahar and Datta, 1997; Mahar and Datta,
2001; McPhee and Yeh, 2008; Datta er al, 2009). However, the algorithms are not
suitable for non-linear non-convex problem. For such problems, the classical methods
yield only the local optimal solution of the problem. The local optimal solution can be
avoided by running the model for several times using different initial solutions. This this
is a time consuming approach and does not give any guarantee that the global optimal
solution will be obtained.

In order to overcome the difficulties of classical optimization techniques, global search
techniques, such as genetic algorithms, direct search method, evolutionary strategies, efc.
can be used to solve the inverse optimization problem. These algorithms work with the
functions value only and does not require the derivative information of either the
constraint functions or the objective function. These method are also known as zeroth
order method as it does not use the derivative of the function. In this study, we have
evaluated the performance of two non-classical optimization algorithms, direct search
method (DS) and genetic algorithms (GA) in solving the inverse optimization problem. It
has been observed that performance of genetic algorithms is better than the direct search
method. Thus a genetic algorithm has been recommended for solving the problem.
Genetic algorithm is considered as one of the most popular and robust non-classical
optimization algorithms to handle non-linear non-convex problem. The algorithm is based
on the principle of natural evolution of species and is guided by the survival of fittest
principle of nature. Genetic algorithm has been used extensively by different researchers
for solving groundwater management models (Hilton and Culver, 2005; Mahinthakumar
and Sayeed, 2005; Singh and Datta, 2006; Jin et al., 2009; Bhattacharjya and Datta,
2009). This is a population based algorithm. Unlike the classical optimization methods,
the algorithm starts with a set of initial solutions, called population. The populations pass

though the natural operators, i.e. selection, crossover and mutation to search for better
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individual. The iterative process, which is known a generation continues till termination
criteria are not satisfied.

For finding the optimal source locations and magnitude, the groundwater simulation
models have to be incorporated with the genetic algorithm. The simulation models
provide the information needed for calculating the fitness of all individual population. As
such, in each generation, the simulation models have to be called for a numbers of times
equal to the population size used in genetic algorithm. As a result, a huge number of
simulation calls is necessary to obtain the optimal solution of the problem. For example,
for population size of hundred and maximum iteration of hundred, tenthousand simulation
calls will be necessary. Thus the algorithm is computationally very intensive, if
computationally extensive simulation model, such as GMS is used. On the other hands,
the model will be very efficient with respect to computational time requirement, if
simplified approximated situation model, like ANN is used in the model. Therefore, if we
use the groundwater simulation software GMS to simulate the aquifer, the computational
time requirement will be very high, but solution will be more accurate. On the other hand,
if we use the ANN based approximate simulation model, the computational time
requirement will be very low, but the solution obtained may not be the global optimal
solution and may only be a near optimal solution.

The efficiency in computational time and in predating capability can be achieved by using
hybrid optimization technique. In this technique, ANN based simulation-optimization
model is initially used to obtain a near optimal solution. The near optimal solution is then
used as the initial solution for the numerical simulation based optimization model. This
approach is computationally more efficient than the complete numerical simulation based
simulation optimization model. For further improvement in computational time, another
modified simulation-optimization approach is also proposed where fitness function of the
population are calculated by utilizing either by GMS, i.e. the numerical simulation model
or by ANN simulation model. This is a genetic algorithms based methodology. In this
methodology, the fitness values of few best individuals of the population are calculated
using GMS model and fitness of the other individuals are calculated using the ANN
model. This has further reduced the computational time of the model and also obtains the
global optimal solution as obtained by the numerical simulation based simulation-

optimization model.
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The performance of the proposed methodology is evaluated using two illustrative study
areas. Initially, the illustrtaive study area considered by Mahar and Datta (2000) is used to
demonstrate the efficiency and applicability of the proposed model. The model is then
applied to a large aquifer system to show its field applicability. The evaluation of results
show that the performance of this methodology is encouriging even when applied to a

complicated source identification problem.

1.2 Groundwater pollution sources

The groundwater aquifers may be contaminated by manmade and natural sources. Some
of the common sources of pollution are: leakages from septic tanks and landfills,
dumping of industrial waste and municipal waste, dumping of toxic chemical waste,
radioactive disposal, mining and mine drainage, application of fertilizer and pesticides to
agricultural field, efc. Further, groundwater may also be polluted by natural pollution
sources like arsenic, lead, fluoride efc. Further the contamination may be occurred at a
particular location due to single source or by multiple sources. The groundwater pollution
source which is extended in limited areas is termed as point source pollutant. Some of the
point sources are leakage from sewer line, waste injection wells, landfill leaching, efc.
Nonpoint sources may come from many distributed sources. It may be occurred due to
groundwater and surface water interactions, natural leaching as well as rainfall and
snowfall moving over and below the ground. The surface runoff carries the natural and
manmade pollutants and deposits it in rivers and lakes. The nonpoint pollution sources
also occur due to excessive use of fertilizer, herbicides, pesticides etc. In this study we

have only considered the point source pollutant.

1.3 Objectives of the thesis

It has been observed that lot of studies have been reported by various researchers to
solving the problem of unknown pollution sources in groundwater aquifer. The
performance of the model is highly related to the numerical simulation model used in the
simulation-optimization model. In this study, the commercial groundwater simulation
system GMS is used as it has the capability to simulate complicated groundwater aquifer
system. However, use of statistical numerical simulation model makes the simulation-
optimization model computationally very expensive. Thus the main objective of this

research work is to develop an efficient source identification model to identify unknown
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pollution sources of a complicated large scale groundwater aquifer. The objectives of this

research work are as follows:

i)  Development of an aquifer simulation model using Groundwater Modeling
System (GMS).

ii) Development of pollution source identification model using GMS based
simulation-optimization model. The inverse optimization model is solved using
genetic algorithms (GA) and direct search (DS) method.

iii) Development of artificial neural networks (ANN) model for simulating the
aquifer process.

iv) Development of pollution source identification model using ANN based
simulation-optimization model. In this case also, the inverse optimization model
is solved using genetic algorithms (GA) and direct search (DS) method.

v)  Performance evaluation of Direct Search method and Genetic Algorithms in
predicting unknown groundwater pollution sources.

vi) Development of hybrid model for identifying unknown pollution sources to
reduce the computational time of the simulation-optimization model

vii) Development of GMS-ANN and GA based simulation-optimization model for
efficient prediction of unknown pollution sources.

viii) Performance evaluation of the models using illustrative study areas.

1.4 Organization of the thesis

There are seven chapters in this thesis including the introductory chapter 1. In chapter 2,
we have presented literature review of the studies conducted worldwide on identification
of groundwater pollutions sources. In chapter 3, we have presented the methodology for
simulating the flow and transport processes in aquifer by using GMS model. In this
chapter, we have also developed simulation-optimization models using GMS. The
optimization model is solved using genetic algorithms (GA) and direct search (DS)
method. The comparison between Genetic Algorithms and Direct Search methods are also
presented in this chapter. In chapter 4, we have presented ANN based simulation-
optimization methodology for pollution source identification problem. The performance
of ANN simulator is evaluated for error free and erroneous data. The chapter 5 deals with

the development of hybrid-optimization model where solution obtained by ANN based
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simulation-optimization model is considered as the initial solution of GMS based
optimization model. The efficiency and applicability of the model is also discussed in this
chapter. In chapter 6, we have developed ANN-GMS and GA based simulation-
optimization methodology where flow and transport processes have been done by using
both GMS and ANN model. The relative efficiency of the methodology over the GMS
based, ANN based and Hybrid-Optimization is also discussed in this chapter. The
summary, conclusions and recommendations for future work of the study are presented in

chapter 7.
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Chapter 2

Literature Review

2.1 General

The requirement of freshwater is increasing day by day due to the alarming growth of
population and substantial industrial and agricultural development. Due to the increased
demands of freshwater, overexploitation of groundwater becomes unavoidable in many
parts of the world, specifically for the regions away from the surface water sources. As a
result of overexploitation, groundwater table has been depleted substantially in many
parts of the world. Apart from depletion of groundwater table, the overexploitation of
groundwater has also exaggerated the problem of groundwater contamination as more and
more contaminants reach the well point due to the increased flow towards the well. The
groundwater may be contaminated by various point and nonpoint sources of pollutants.
Some of the common groundwater pollution sources are: intensive use of fertilizers,
herbicides, pesticides, disposal of human and industrial waste, natural pollution sources of
minerals like fluoride, arsenic, iron, etc. This leads in increase in concentration of
contaminants at the well locations. Once groundwater gets polluted, it is difficult and
uneconomical to restore its quality again. Moreover, in many situations, the sources of
pollution are not known explicitly. As such, there is a need to develop methodologies to
identify the unknown groundwater pollution sources so that appropriate management
strategies can be adopted for sustainable exploitation of the aquifer (National Research

Council 1990). The contamination of groundwater has been addressed by numerous
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researchers from different corners of the world (Deninger, 1970; Kleinecke, 1971;
Emsellem and de Marsily, 1971; Maddock, 1972; Neuman, 1973; Frind and Pinder, 1973;
Segol et al., 1975; Nutbrown, 1975; Hefez, 1975; Alley et al., 1976; Navarro, 1977,
Molx and Bell, 1977; Elango and Rouve, 1980; Gorelick and Remson, 1982; Heidari,
1982; Gorelick, 1982; Gorelick and Remson, 1982; Yeh et al., 1983; Willis, 1983; Tung
and Kolterman, 1985; Datta and Peralta, 1986; Wanakule et al., 1986; Peralta and
Kowalski, 1986; Yazicigil and Rasheeduddin, 1987; Reilly et al., 1987; Ahlfeld et al.,
1988; Ahlfeld, 1990; Ahlfeld and Sawyer, 1990; Wang and Ahlfeld, 1994; Ahlfeld and
Heidari, 1994; Gharbi and Peralta, 1994; Datta and Dhiman, 1996; Mahar and Datta,
2000, 2001; Das and Datta, 2000; Montas et al., 2000; Mugunthan and Shoemaker, 2004;
Nunes et al., 2004; Yeh et al., 2007; Dhar and Datta, 2007; Chandalavada and Datta,
2008; Kollat et al., 2011; Dhar and Datta ,2009; Azghadi and Kerachian, 2010;
Chandalavada et al., 2011; Prakash and Datta, 2013).

The groundwater pollution source can be characterized by its location, magnitude, and
duration of activity. The pollutant observed at an observation well may be caused by the
pollution sources of more than one location. Further, at each potential location, magnitude
of source flux may vary and may also operate with different disposal period. Thus, there
is a huge combination of possible source characteristics in terms of its location,
magnitude, and disposal periods (Srivastava and Singh, 2014). This is really a difficult
task to identify the true combination of pollution sources from the innumerable
combinations.

Unknown groundwater pollution sources can be identified using inverse optimization
technique. In this technique an error function is defined which minimizes the absolute
differences between simulated and actual contaminant concentration at few observation
locations. The actual concentration can be observed at the field. On the other hand, the
simulated concentration can be obtained using aquifer simulation model. Therefore it is
necessary to incorporate the aquifer simulation model with the optimization model. It can
be viewed that for calculation of objective function value, it is necessary to simulate the
aquifer process. Thus the methodology is known as simulation-optimization problem. The
incorporation of aquifer simulation model with the optimization model makes the

problem a very difficult one. The process is complex and time consuming too.
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The aquifer simulation model basically solves the partial differential groundwater flow
and transport equations. The equations are generally solved using numerical techniques as
analytical solution exists only for simplified situations. The most popular numerical
methods generally used to simulate the flow and transport processes in aquifer are the
finite difference and finite element techniques. Some of the applications of finite
difference and finite element techniques are Remson et al., 1971; Wang and Anderson,
1982; Huyakorn and Pinder, 1983; Voss, 1984. The groundwater simulation model can be
incorporated with the optimization model by using embedded optimization approach,
response matrix approach and by using linked simulation optimization approach
(Gorelick, 1983). In the embedded approach, the discretized finite difference or finite
element equations are added as equality constraints to the optimization problem. The
incorporation of the discretized equations as equality constraints to the optimization
model is equivalent to the simulation of the aquifer process.The response matrix approach
is based on the principle of superposition and linearity (Gorelick 1982). In this method,
the unit responses are obtained using an external groundwater simulation model and the
response matrix is used in the optimization model to calculate the objective function
value. In the linked simulation-optimization approach, an external groundwater
simulation model is incorporated with the optimization model. For calculation of
objective and constraint functions value, the groundwater simulation model needs to call
by the optimization problem.

An optimization algorithm is necessary to solve the inverse optimization problem.
Classical gradient based optimization methods have been utilized by many researchers
(Alley et al., 1976; Willis, 1976; Willis and Newman, 1977; Gorelick et al., 1983; Molx
and Bell, 1977; Elango and Rouve, 1980; Peralta and Datta, 1990). Yazicigil and
Rasheeduddin, 1987; Datta and Peralta, 1986; Peralta et al., 1991; Wang and Ahlfeld,
1994). Before the invention of fast computer system, it was difficult to solve the non-
linear optimization problem. In such a situation, the objective and constraint functions
were formulated as a linear function and the problem was solved using linear
programming methods (Lee and Aronafsky, 1958; Gorelick et al.,1984; Neuman,1973;
Yeh, 1975; Kleinecke, 1971; Hefez et al., 1975; Gorelick and Remson,1982). The linear
method used for solving the groundwater management model as a series of constraints

has been described by Aquado and Remson, 1974, 1980; Aquado et al.,1974, 1977; Alley
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et al., 1976; Willis, 1976; Remson and Gorelick, 1980; Molx and Bell, 1977; Elango and
Rouve, 1980. With the development of fastest computer, non-linear optimization methods
become more popular in solving the groundwater inverse problem (Gorelick et al., 1979,
1984; Colarullo et al., 1984; Ahlfeld et al., 1988; Lefkoff and Gorelick, 1986; Finney et
al., 1992; Karatzas and Pinder, 1993; Mantoglou, (2003,2004); Rao et al, 2004.
Groundwater quantity management models based on embedding technique and nonlinear
programming were proposed by many researchers including Alley et al., 1976; Willis and
Newman, 1977; Molx and Bell, 1977; Elango and Rouve, 1980; Peralta and Datta, 1990;
Yazicigil and Rasheeduddin, 1987; Datta and Peralta, 1986; Peralta et al,, 1991; Wang
and Ahlfeld, 1994; Mahar and Datta, 1997; Mahar and Datta, 2001; McPhee and Yeh,
2008; Datta et al.,, 2009. Hence several researchers are working on embedding method
though it has some limitations. The gradient based classical methods however have lots of
limitations. Most of the time, it is difficult to calculate the gradient of the objective and
constraint functions. Sometime, it is even the functions are non-differentiable. Further,
classical methods are highly sensitive to the starting initial points and it is developed
under the assumption of unimodality of the functions. In order to avoid the difficulties of
the classical methods, researchers also used non-classical gradient less algorithms to solve
the inverse problem (Ritzel er al., 1994; Wang and Zheng, 1998; Aral et al., 2001; Hsiao
and Chang, 2002; Singh and Datta, 2007 ).

The main objective of this chapter is to survey the chronological development occurred
with respect to the solution of unknown groundwater pollution source identification
models. The rest of the chapter has been organized as (1) source identification model
using embedded approach, (2) source identification problem using response matrix
approach, (3) source identification model using linked simulation-optimization approach,
(4) source identification model using linear programming approach, (5) source
identification model using non-linear programming approach, (6) source identification

model using non-classical optimization techniques, (7) conclusions of the chapter.

2.2 Source identification model using embedded technique
As mentioned earlier, in the embedded approach, the finite difference or finite element
approximation of the governing equations as embedded as equality constraints with the

management model along with the other physical and managerial constraints. One of the
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initial applications of embedded approach was presented by Aguado and Remson (1974).
They have solved groundwater flow management model using embedding optimization
technique. During the same time, Futagamiet et al. (1976) also used embedded
optimization approach to obtain the optimal discharges from the various types of outfall
to meet water quality requirements, and also the distribution patterns of several water
qualities in the water basin. They used finite element approximation of the convection-
diffusion equation as constraints to the optimization model. Later, the embedding
technique was used in steady state pollutant source management problems (Willis, 1976;
Gorelick and Remson, 1982), and also in the transient pollutant source management
problems (Willis, 1977; Willis, 1979). The embedded technique generally gives better
result as it uses the nonlinear governing equations directly within the management model,
however the dimension of the problem is considerably very large, even for a small study
area. As a result the embedded technique needs more computer storage as well as more
central processing unit (CPU) time. However, in case of large numbers pumping wells
and for steady state management policies, the embedding technique requires less
computer memory and processing time than the response matrix approach (Peralta and
Datta, 1990). Moreover with the invention of high speed computers in the recent years,
the requirement of large computational time and computer storage have become less
constraining. Gorelick (1983) in his pioneer works mentioned that the embedded
technique has numerical limitations for large scale aquifer systems, especially when
aquifer properties are highly heterogeneous. Similar observation has also been made by
Tung and Kolterman (1985). Another limitation of the approach is that reformulation of
the optimization is necessary to any change in the governing equation or in the
discretization scheme. Mahon et al. (1989) reported stability of the embedded approach
on study area of 20,900 sq. km. In spite of these limitations, embedded approach has been
applied by many researchers in solving many groundwater management problems (Alley
et al., 1976; Willis and Newman, 1977; Molx and Bell, 1977; Elango and Rouve, 1980;
Gorelick and Remson, 1982; Peralta and Datta, 1990; Yazicigil and Rasheeduddin, 1987;
Datta and Peralta, 1986; Peralta et al., 1991; Wang and Ahlfeld, 1994; Mahar and Datta,
1997; Mahar and Datta, 2001; McPhee and Yeh, 2008; Datta et al., 2009).

Mahar and Datta (1997) applied embedded approach for identifying unknown

groundwater pollution sources. They have developed a three steps optimization
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methodology for designing optimal monitoring network as well as for simultaneous
identification of groundwater pollution sources. They have evaluated their model on small
aquifer of 1.04 sq. kilometer. Mahar and Datta (2001) also formulated two different
embedded optimization models for identification of pollution sources. These models
incorporate both the flow and transport equations as equality constraints. In the first
model the hydraulic head distribution is not specified but the flow and transport
parameters are assumed to be known. Therefore, the discretized forms of the transport
equation are nonlinear constraints in this model. The second optimization model is
developed for simultaneous estimation of hydraulic conductivity, effective porosity,
longitudinal dispersivity, and transverse dispersivity of aquifer parameters along with the
identification of unknown pollution sources. This model is applicable to the case when
hydraulic head distributions as well as the aquifer parameters are unknown. They have
solved their model using large scale optimization solver MINOS (Murtagh and Saunders,

1993).

2.3 Source identification model using response matrix

Response matrix approach was one of the most popular methods for solving groundwater
management problems. The approach is based on the principle of superposition and
linearity. Thus the approach assumes that the groundwater aquifer is a linear system. In
this approach, unit response of the system is obtained in the form of response matrix.The
unit response describes the influence of unit simulator. The response matrix is constructed
using an external aquifer simulation model and the matrix is to be computed before
execute the optimization model. An analytical solution or a numerical simulation model is
generally used for generating these response coefficients. As the method is applicable to
linear system only, this approach is not suitable for large-scale groundwater problems
which involve nonlinearities. This approach is useful when the system is approximately
linear and boundary conditions are homogeneous. This approach gives erroneous results
for highly nonlinear system (Rosenwald and Green, 1974). Gorelick, 1979 and Willis,
1979 have demonstrated the dynamic management of pollutant sources using response
matrix approach. Gorelick (1982) used response matrix approach for solving groundwater
management models. He constructed concentration response matrix using U.S.

Geological Survey solute transport simulation model. The management model was
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applied to a complex hypothetical groundwater system. The optimization model was
solved using linear programming problem. In the same year, Gorelick and Remson (1982)
used the response matrix approach for solving pollution source identification model. They
used a numerical model to simulate transient solute transport process in the aquifer and
the model was used to develop the concentration response matrix. The objective of the
problem was to obtain the set of potential sources which makes the simulated
concentration at observation locations closer to the local groundwater solute
concentration data. They used linear programming method to solve the identification
problem.

Gorelick et al. (1983) applied response matrix approach for obtaining unknown
groundwater pollution sources and magnitudes. They used least squares regression and
linear programming technique to solve the optimization model. Datta et al. (1989)
developed expert systems for identifying groundwater pollution sources incorporating
optimal statistical pattern recognition techniques. They also used response matrix
approach to incorporate the simulation model with the optimization model. They reported
that the performance of the model was found efficient when applied to missing
observation data. Skaggs and Kabala (1994) used response matrix approach to incorporate
the simulation model with the optimization model. They used Tikhonov regularization to
recover the release history of groundwater contaminant plume in a one-dimensional
groundwater system. Wagner (1992) presented a source identification model with
simultaneous estimation of aquifer parameters using response matrix approach. The have
solved the optimization problem using nonlinear maximum likelihood estimation. Aral
and Guan (1996) have used genetic algorithms and response matrix technique to identify
sources of groundwater pollution. They have concluded that the results obtained by their
model is more accurate than the results obtained by using linear programming technique.
The response matrix approach is used by many researchers for solving variety of
groundwater problem (Heidari, 1982; Willis and Liu, 1984; Peralta and Kowalski, 1986;
Yazicigil et al. 1987; Galeati and Gambolati, 1988; Datta and Dhiman, 1996).

2.4 Source identification model using linked simulation optimization

The groundwater simulation model can also be externally linked to the management

model (Emach and Yeh, 1998, Finney et al., 1992, Bhattacharjya and Datta, 2009, Datta
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et al., 2011). In this approach, the optimization model calls the simulation model when it
requires any information from simulation model. Thus the search process of the
optimization model is performed by iterating between simulation and optimization model.
At every stage of iteration, the simulation model provides information to the optimization
model to reach the optimal solution. The approach has several advantages as compared to
the embedded and response matrix approaches and can be effectively applied to large
groundwater problem. As the simulation model is used as a separate module, therefore
modifications, if any in the simulator can be easily incorporated. The dimensionality of
the problem also reduces significantly in this approach.The main drawback of this
approach is that, it requires numerous repetitive iterations between the simulation and
optimization models to arrive at an optimal solution. Further, the simulation of flow and
transport processes in groundwater aquifer are highly nonlinear and time consuming,
therefore large computational time is required to achieve the optimal solution.

Gorelick et al. (1984) developed a nonlinear simulation-optimization model to determine
optimal design of reclamation schemes for contaminated groundwater systems. They
combined finite element based groundwater flow and transport simulation model,
SUTRA (Voss, 1984) with a nonlinear optimization procedure MINOS (Murtagh and
Saunders, 1993) to solve the formulated problem. The developed methodology was
applied for both steady and transient contaminant migration problems. Tsai et al. (2003)
proposed two global-local optimization methods by using linked simulation-optimization
approach for parameter structure identification in three dimensions, the sequential global-
local optimization and the hybrid global-local optimization. They formulated a sequential
global-local optimization scheme that includes a genetic algorithm, a quasi-Newton
method and local search is developed to minimize the fitting residual. Then, a hybrid
global-local method of hybrid genetic algorithm is developed to calculate the parameter
structure error. Aral et al. (2001) formulated a linked simulation optimization model for
identification of unknown groundwater contaminant source location and release history.
They considered simple as well as complex scenarios. The results were promising even
with large measurement errors. In this study a new combinatorial approach is introduced,
which is identified as progressive genetic algorithm and proposed for solution of the
nonlinear optimization model. They showed numerically that the proposed method is a

robust tool for solution of source identification or other similar highly nonlinear
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optimization problem (Aral and Guan, 1996; Guan and Aral, 1999).

Datta and Chakrabarty (2003) formulated a methodology by using a classical
optimization-based linked simulation-optimization approach, in which the flow and
transport simulation models are externally linked to the optimization model to solve the
source identification problem. This approach can be used to solve large-scale
identification problems, although the linking procedure is extensive and computationally
complex especially when gradient-based optimization technique is utilized. Singh and
Datta (2006) proposed a GA based linked simulation optimization model, which is also
referred as global optimization method. The performance of the developed methodology
is demonstrated for combinations of various potential source characteristics, locations,
magnitudes, and release periods. GA is used for solving the optimization model in this
study. They concluded that search algorithm of GA is in many ways similar to directed
random search procedure. This similarity is very useful in formulating and solving a
linked optimization-simulation model. Unlike other classical optimization techniques,
such linking does not require complex intermediate steps, like computation of the
Jacobian matrix. Therefore, they used GA to solve the linked simulation-optimization
model. With the increase in the number of potential sources, the complexity of the source-
identification problem increases. Comparatively higher identification errors are observed
with erroneous concentration measurements. The main advantage of the proposed
methodology is the possibility of linking the GA-based optimization model with an
external flow and transport simulation model. Datta et al. (2009) presented an improved
methodology over the methodology suggested by Mahar and Datta (1997). The developed
methodology combines both a linked simulation-optimization model using an external
independent simulator for source identification, and an integer programming based
optimization model for dynamic optimal monitoring network design. The potential
applicability of the methodology is demonstrated using an illustrative study area. The
performance of the methodology using spatiotemporal pollutant concentration
measurements are evaluated by solving two illustrative study areas. They reported that the
methodology is computationally more efficient than the embedding approach. Ayvaz
(2010) presented a pollution source identification model using linked-simulation
optimization approach based on heuristic harmony search (HS) algorithm. In their model

the locations and release histories of the pollution sources are treated as the explicit
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decision variables and determined through the optimization model. The proposed model
is applied to one simple and one complicated study areas with different geometrics,
measurement errors and different solution parameter sets. Evaluation results show that the
model can be applied to solve inverse pollution source identification problem. Datta et al.
(2011) demonstrated the successful use of classical nonlinear optimization algorithm to
solve the unknown groundwater pollution source characterization problem using linked
simulation-optimization approach. Two optimization models, OSIM1 and OSIM2 are
developed. The computational efficiency of these models is evaluated using two linked
simulation-Optimization method using nonlinear optimization algorithms. The proposed
methodology is potentially applicable to large scale study areas and does not have the
computational limitations that have been faced by the embedded approach. Performance
of the proposed source identification model using spatiotemporal pollutant concentration
measurements are evaluated by solving illustrative problems. They formulated two
different optimization models and the relative importance of the model formulations is
demonstrated in terms of computational efficiency. With the limited performance
evaluation, they have reported that the proposed models have potential applicability to
solve a problem of fairly large study area with multiple unknown pollution sources. Ayaz
et al. (2014) developed an ANN based linked-simulation optimization model for complete
identification of unknown groundwater pollution sources. The model contains two parts
as optimization model and an ANN model. Using the spatial and temporal data, they
formulated an objective function which minimized the observed and simulated
concentration to identify the unknown groundwater pollution sources. In the formulation
of the objective function, they used lag time which is not known. The main advantage of
the study is that it requires only upper half of the breakthrough curve and is capable of

predicting source parameter when the time is not known.

2.5 Source identification model using linear programming

The Linear programming technique has been extensively used by many researchers for
solving groundwater management models due to its easy formulation and application. The
linear programming technique was mostly developed during the World War II and it was
used for military planning purpose. It has been reported that linear programming

technique was used for groundwater management in the year 1958. After this publication,
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linear programming technique was used in many groundwater management analysis.
Most of the groundwater management models presented prior to 1983 represented only
linear systems. Neuman (1973) formulated a linear programming problem coupled with a
finite element model of steady state groundwater flow to determine a discrete set of
alternative solutions. Yeh (1975) conducted a study for comparing various methods of
source identification problem including linear programming for a simple one dimensional
problem. Some other significant application of linear programming programme are:
Kleinecke, 1971; Neuman,1973; Frind and Pinder, 1973; Hefez et al.,1975; Gorelick and
Remson, 1982; Aquado and Remson, 1974, 1980; Aquado et al., 1974, 1977; Alley et al.,
1976; Willis, 1976; Remson and Gorelick, 1980, 1982; Molx and Bell, 1977; Elango and
Rouve, 1980; Futagami et al., 1976; Wills, 1976; Gorelick and Remson, 1982, efc.

One of the first applications of linear programming problem on identification of unknown
groundwater pollution sources was Gorelick ef al., 1983. They presented two approaches
for identifying groundwater pollutant source locations and magnitude. They combined
groundwater solute transport simulation model with least square regression and linear
programming to identify locations and magnitudes of unknown aquifer pollutant sources.
The objective function minimizes deviation between simulated and measured non
reacting solute concentration data. The model was applied to a hypothetical area for both
steady and transient conditions. The steady state model identified unknown pipe leak and
magnitudes. The transient model identified several annual disposal fluxes in the aquifer
based on concentration histories collected at observation wells.

Apart from groundwater management models, linear programming has also been applied
to the problem of groundwater parameter identification. Kleinecke (1971) used linear
programming formulation and attempted to determine both the transmissity and storage
coefficient by minimizing the difference between predicted and observed groundwater
heads over time. Becker and Yeh (1972) as well as Marino and Yeh (1973) used least
square optimization for solution of parameter identification problem in unsteady open
channel flow and finite leaky aquifer system respectively. They found satisfactory results
in both the situations. Fried and Pinder (1973) developed a model using Galerkin finite
element method for solving the inverse problem for aquifer transmissivity. Neuman and
Yakowitz (1979) proposed a statistical approach to the inverse problem of parameter

estimation. They explained the transmissivity determination from pumping tests or other
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measurements at the specific locations in the aquifer. Wagner and Gorelick (1986)
presented multiple regression techniques to estimate aquifer parameters, and a linear
source for a one dimensional hypothetical column system. They mentioned that
estimation of linear source term was found to be highly sensitive. Karatzas and Pinder
(1993) formulated a concave minimization problem using linear programming. Konikow
and Bredehoeft (1978) used the solute transport simulation model MOC (Konikow and
Bredehoeft, 1978) to compute contaminant distribution in post optimal stage. Sidauruk et
al. (1998) presented an inverse model using correlation coefficient optimization
methodology to identify the groundwater contaminant sources and parameters. They
developed the models for instantaneous and continuous point sources by minimizing the
correlation coefficient of the linear regression. Zheng and Wang (1999) presented a
method that integrated Tabu search with linear programming. Tokgoz et al. (2002) used
linear and mixed-integer programming for optimal dewatering schemes for excavation of
collector line. A successive linear programming (SLP) for groundwater flow management
problem was used by Ahlfeld ez al. (2008) in unconfined aquifer. Some of the researchers
used linear programming technique for groundwater management model in coastal
aquifer (Tracy, 1998; Nishikawa, 1998; Azaiez and Hariga, 2001; Sethi er al., 2002;
Karterakis et al., 2007).

2.6 Source identification model using non-linear programming

The groundwater pollution management problems or the contaminant source
identification problems are basically nonlinear in nature. As such, the problem has been
converted to linear one to make it suitable to solve using linear programming techniques.
Therefore for solving groundwater quality management models, it is necessary to
determine the groundwater flow field prior to the solution of the management model
(Gorelick et al, 1984). With the development of high speed computer, nonlinear
techniques have been used by various researchers for management of groundwater aquifer
problems (Gorelick et al., 1979, 1984; Colarullo et al., 1984; Ahlfeld et al., 1988; Lefkoff
and Gorelick, 1986; Finney et al., 1992; Karatzas and Pinder, 1993; Mantoglou, 2003;
Rao et al., 2004). Aguado and Remson (1974) were the first to present groundwater flow
management models using embedding technique. The identification of coupled source

location and release history is also a complex nonlinear optimization problem. The
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nonlinear programming techniques were also used by many researchers including Alley et
al., 1976; Willis and Newman, 1977; Molx and Bell, 1977; Elango and Rouve, 1980;
Peralta and Datta, 1990; Yazicigil and Rasheeduddin, 1987; Datta and Peralta, 1986;
Peralta et al., 1991; Wang and Ahlfeld, 1994; Mahar and Datta, 1997; Mahar and Datta,
2001; McPhee and Yeh, 2008; Datta et al., 2009; Gorelick and Remson, 1982; Willis,
1976; Willis, 1979. One of the most notable contributions is the application of embedded
optimization technique for solving groundwater management problems. The embedded
technique generally gives better result as it uses the nonlinear governing equations
directly within the management model, but dimension of the problem is considerably
large, even for a small study area. The embedded technique needs more computer storage
as well as central processing unit time. Moreover, embedded technique has numerical
limitations for large scale aquifers systems, especially with considerable heterogeneity in
aquifer properties.

The classical non-linear methods need the calculation of Jacobian matrix and most of the
time it is necessary to calculate the Jacobian matrix using numerical method. Often the
numerical calculation of the Jacobian matrix is the most time consuming part of a large
scale nonlinear optimization model. Ahlfeld er al. (1986) realized that numerical
calculation of Jacobian is computationally very expensive. They presented a method for
improving solution efficiency of nonlinear programming by estimating the Jacobian
analytically. The Jacobian was estimated by using the adjoin sensitivity method. The
applicability of the method was demonstrated using illustrative study area. Wagner and
Gorelick (1986) presented nonlinear multiple-regression methodology for estimating the
parameters which characterize the transport of contaminants in aquifers and streams.
They used least square regression procedure for estimating transport parameters. They
also demonstrated the importance of statistical methods. Gailey and Gorelick (1993)
presented a groundwater quality management model to examine performance of various
single well pumping schemes for capture of dissolve contaminants. They linked the
groundwater simulation model to a nonlinear optimization code NPSOL (Gill er al.,
1986). Wagner (1992) used nonlinear maximum likelihood estimation combined with
groundwater flow and contaminant transport simulation to solve the source identification
problem. The goal of this study was to identify the plume contaminant and also to

minimize the expected cost of plume contaminant. They examined four different model
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formulations, ranging from simple deterministic optimization based on the expected
values of the uncertain parameters to full stochastic programming with recourse. The
optimal designs obtained using the deterministic approach is significantly more
expensive. These designs incur significant recourse costs because they do not account for
the heterogeneity and uncertainty of the hydraulic conductivity field. Mahar and Datta
(2000) also used a nonlinear optimization to estimate the magnitude, locations, and
duration of groundwater pollution sources under transient conditions. The optimization
models for identification of sources presented in this study require the measured values of
concentrations and hydraulic heads at specified locations. The data obtained from
arbitrarily located existing wells may not be sufficient enough to result in reasonably
good and efficient identification of sources. In this study, an optimal monitoring network
design model and a source identification model is developed and also tested the utility of
the developed methodology.

The groundwater pollution source identification problem has been proposed by Meyer
and Brill 1988; Mahar and Datta 1997, 2000, 2001; Michalak and Kitanidis, 2004; Datta
et al., 2009. Mahar and Datta (1997, 2000, and 2001) used embedding technique with
nonlinear optimization for unknown groundwater pollution sources. An important issue
for real world situation is the identification of unknown groundwater pollution source
which is closely related with parameter estimations. The identification of groundwater
pollution source is the difficult and challenging task for scientist and water resource
manager. The groundwater quality monitoring network design is also important part in
groundwater management model because it is difficult to identify the pollution sources
without a scientifically designed efficient monitoring network. To know the groundwater
quality, we have to study the physical, chemical and biological properties of groundwater
and for monitoring network design, it is essential to know the selection of sampling sites
and sampling frequency.

Lots of work has been carried out on pollution source identification problem and quality
monitoring network design. The last three decades the groundwater quality monitoring
has increased significantly and the researchers have proposed different monitoring
network design methodologies. The major contribution of the researchers Bagtzoglou et
al., 1992; Wagner, 1992; Skaggs and Kabala, 1994; Aral and Guan, 1996; Mahar and
Datta, 1997, 2000, 2001; Aral et al., 2001; Atmadja and Bagtzoglou, 2001; Singh et al.,

TH-1299 11610417



23

2002; Michalak and Kitanidis, 2004; Singh and Datta, 2006, 2007; Chadalavada and
Datta, 2008; Datta et al., 2009; Dhar and Datta, 2009. Bagtzoglou et al. (1992) developed
random walk based backward tracking model which provides crucial information for
design of monitoring and data collection network in support of groundwater pollution
source identification efforts.

Willis and Finney (1985) presented a transient nonlinear management model for an
unconfined aquifer system using quasi-linearization and optimal control theory. The main
objective of the management model was to identify optimal pumping pattern necessary to
satisfy as exogenous water demand. The formulated nonlinear optimization model was
solved using a quasilinearization based optimization algorithm and by using MINOS.
The results obtained from quasilinearization based optimization algorithm were identical
to the result obtained by using MINOS. Ahlfeld er al. (1986) developed a nonlinear
simulation-optimization model to determine optimal strategies for contaminated
groundwater remediation. The nonlinear programming algorithms available in MINOS
were used to solve the designed problem. The management model was solved for both
steady and transient conditions. Datta et al. (2009) describe to identify optimal dynamic
monitoring network design and identification of unknown groundwater pollution sources.
The methodology consists of three distinct steps. The preliminary identification of
unknown sources, based on limited concentration data from existing arbitrarily located
wells provides the initial rough estimate of the sources fluxes. Recently Amirabdollahian
and Datta (2013) presented a comprehensive review on the contaminant source
identification models. They presented reviews of source identification and monitoring
network design methodologies. An integration of source identification and monitoring
network design is also discussed. Lastly, some of the issues which need future attention in

this area are presented.

2.7 Source identification models using non-classical methods

The algorithms such as linear programming, non-linear programming, quasi-linear
programming, integer programming, stochastic programming efc. are used to solve the
source identification problems. But the computational time required to obtain the desired
accuracy may be enormous and solution results may not be as expected. Therefore some

researchers used nontraditional optimization algorithms such as genetic algorithms (GA),
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artificial neural network (ANN), simulated annealing (SA), particle swarm algorithms
(PSA), differential evolution (DE), ant colony, efc. to reduce the computational time and
also improved efficiency of the model. These optimization methods are conceptually
different from the traditional programming techniques. These methods are based on
certain biological, molecular, and neurological phenomena. The genetic algorithms are
based on the principles of natural genetics and natural selection. In neural network based
methods the problem is modeled as a network consisting of several neurons and the
network is trained suitably using optimization algorithms. Simulated annealing is based
on the simulation of thermal annealing of critically heated solids. The simulated
annealing is a stochastic method that can find the global minimum with a high probability
and are naturally applicable for the solution of discrete optimization problems.

Genetic algorithm (GA) has been used for solving groundwater related problems.
Classical optimization techniques, e.g. linear programming, nonlinear programming,
mixed integer programming, were extensively used for groundwater management models
by many researchers. The main disadvantage with most of classical methods is their
dependence on gradient search technique. Most of the time, these gradients are calculated
numerically. The numerical estimation of gradients is often the most time consuming part
of an optimization. Moreover, numerical calculation of gradients sometime may lead to
severe errors. Another disadvantage of classical optimization techniques is that many
times it is inefficient in avoiding local optimal solutions, especially when the optimization
problem is non-convex and response surface is highly irregular. The other limitations of
classical methods are: point-to-point search, necessity of initial guesses, deterministic
transition rule, assumption of unimodality, efc. (Deb, 2001). Instead of this, some
researchers used genetic algorithms (GA) which is becomes a powerful and robust tool
for function optimization.The study of genetic algorithms (GA) was originated in mid
1970’s by John H. Holland, his colleagues, and his students at the University of
Michigan. These algorithms are computationally simple but powerful in their search for
improvement after each generation (Goldberg, 1989). Genetic algorithms (GA) are novel
heuristic search techniques based on the mechanics of natural selection and natural
genetics, which combines artificial survival of the fittest concept with genetic operations
abstracted from nature (Holland, 1975). The basic techniques of GA are designed to

simulate mechanism of population genetics and natural rules of survival in pursuit of the
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ideas of adaptation. One of the great advantages of GA is that it does not require
differentiability of either objective functions or constraint functions (Goldberg, 1989).
The constraints handling capacity of GA is also better than classical optimization
techniques because of population based approach (Deb, 2001). GA is referred to as global
optimization method (Deb, 2001). The heuristic search technique, Genetic algorithm
(GA) may be used as a tool for solving the optimum management model, because of its
relative efficiency in identifying global optimal solutions especially for nonlinear non-
convex problems. The GA-based optimization approach is also suitable for externally
linking the numerical simulation model within the optimization model. As the iteration
between simulation model and optimization is very large in this case, the computational
time requirement will be depended on the type of aquifer simulation model. The
technique has been used for many fields after its introduction by Holland in 1975 such as,
groundwater management model, pipe network optimization, groundwater parameter
determination, seawater intrusion management model, aquifer clean up time, groundwater
resource planning problem (Hsiao and Chang, 2002), optimal identification of unknown
groundwater pollution sources (Singh and Datta, 2007), etc. Morshed and Kaluarachchi
(2000) reviewed applications of genetic algorithms in solving groundwater optimization
problems. They explore three methodologies to enhance GA which are fitness reduction
method (FRM), search bound sampling method (SBSM), and optimum resources
allocation guideline (ORGA). They solve a nonlinear groundwater problem using genetic
algorithms coupled with the enhancement methods. The results obtained by genetic
algorithms were compared with the results obtained by gradient based nonlinear
programming technique. In addition, they also studied sensitivity of the enhancement
methods to various genetic algorithms parameters. They concluded that FRM enhances
efficiency of genetic algorithm in handing constraints, SBSM enhances accuracy of
genetic algorithms in solving problem with fixed costs, and the ORGA enhances the
reliability of genetic algorithm by providing some convergence guarantee for a given
computational resources. The accuracy of the genetic algorithms increases marginally

from near-optimal to global-optimal when FRM and SBSM are applied together.

Ritzel et al., (1994) applied genetic algorithms (GA) to solve two objectives steady state
groundwater pollution contaminant problem. The two objectives were: maximize

reliability and minimize cost of hydraulic contaminant system. They have used both
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vector-evaluated GA (VEGA) and Pareto GA algorithm to solve the multiple objective
problems. Wang and Zheng (1998) coupled the flow model and transport model with GA
and applied to hypothetical study area for groundwater remediation. They coupled the
groundwater flow model (MODFLOW) and the solute transport model (MT3DMS) with
GA and applied to a hypothetical and a field-scale problem for groundwater remediation.
They used pump-and-treat method, which involves installing and operating a set of
extraction wells so that the contaminated ground water is hydraulically contained and can
be pumped out for subsequent treatment. Aral et al. (2001) formulated a methodology for
contaminant source identification problem as a nonlinear optimization method. They
presented a GA based methodology which is naming as progressive genetic algorithms
(PGA) for identifying the location, sources and release history of the aquifer. They
demonstrated this methodology for relatively smaller aquifer. In this methodology, PGA
combined the groundwater simulation model with GA to transfer nonlinear optimization
model into a series of approximate optimization problem. Singh and Datta (2006) used
genetic algorithm based simulation-optimization approach for optimal identification of
unknown groundwater pollution sources. Flow transport simulation model is externally
linked to the GA-based optimization model. The performance evaluation results presented
for the three different scenarios. The concentration measurement data are simulated by
using the numerical simulation model MOC. These concentration values are determined
for different locations and time, specified boundary conditions, pumping and recharge
rates, and parameter values. These simulated spatial and temporal pollutant concentration
measurement values are used to evaluate the fitness function value of the GA. Singh and
Datta (2007) used genetic algorithm based simulation-optimization approach for optimal
identification of unknown groundwater pollution sources. In this study, the pattern
matching capability of an ANN is exploited to identify unknown sources of pollution
from partial breakthrough curves. Data for training the ANN are simulated using a
groundwater flow and contaminate transport numerical simulation model. The trained
network was then utilized for the identification of pollution sources for specified
concentration observation data at the given locations. Yeh et al. (2006) used factorial
kriging and genetic algorithm for optimal monitoring network design to get sufficient and

non-redundant information of monitoring variables. Sreekanth and Datta (2011) have
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shown the potential applicability of genetic programming (GP) in groundwater problems

as surrogate models.

Artificial neural network (ANN) has been used for solving pollution source identification
problems. An artificial neural network, which is considered as a universal approximator,
mimics the function of human brain by acquiring knowledge through learning process.
Mathematically, an ANN is often viewed as a universal approximator (ASCE Task
Committee, 2000; Zurada, 1999). Since the early nineties, ANN have been successfully
used in hydrology-related areas such as rainfall-runoff modeling, stream flow forecasting,
groundwater modeling system, water quality, water management, water management
policy, precipitation forecasting, hydrologic time series and reservoir operations (ASCE
Task Committee, 2000). A neural network is characterized by its architecture that
represents the pattern of connection between nodes, its method of determining is the
connection weights, and the activation function (Fausett, 1994). Some patterns are very
complex in nature. The learning process involves finding of an optimal set of weights for
synaptic connections between artificial neurons of the networks. The ability to gather
knowledge through process of learning, like a human brain, from sufficient input patterns
makes it possible to apply ANN to solve large scale real world problems. Training is a
process of determining the synaptic weights of an ANN networks for getting desired
output. There are two types of training processes: supervised and unsupervised training.
Supervised training estimates the synaptic weights of the network based on specified
input and output patterns. In supervised training, both input and output data are required.
On the other hand, in unsupervised training, the networks perform classification of the
inputs without using any specified target patterns. Once ANN is trained, the relationship
between input and output is encoded in the network. Then it can be used to predict output
based on the information fed to the input nodes. The flow and transport processes in
groundwater can be approximate by Regression analysis and artificial neural network
(ANNs) model. The ANN model is considered as a better approximator than regression
analysis. ANN is considered to have magical problem solving capabilities in
approximating input-output responses (Beale and Jackson, 1991). It is observed from the
literature review that ANNs may provide better alternative to the conventional numerical
computational techniques in groundwater problems. Main advantages of ANNs can be

stated as ease in application, reduced data requirement in some cases lesser computational
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burden and improved result accuracy than the conventional methods (Jain and Deo,
2004). But the success of ANN application depends both on the quality and quantity of
data available (ASCE, 2000). A number of studies used ANN as surrogates for
groundwater models in coupled simulation-optimization (Ranjithan et al., 1993; Aly and
Peralta, 1999; Rao et al., 2004; Yan and Minsker, 2006; Bhattacharjya and Datta, 2009;
Kourakos and Mantoglou, 2009; Dhar and Datta, 2009). Ranjithan et al. (1993) presented
a neural network based screening tool for identifying critical realization from a large set
of hydraulic conductivity realization. Some of the researcher used regression analysis for
approximating an aquifer process. Alley (1986) and Lefkoff and Gorelick (1990) used the
regression analysis for approximating an aquifer processes within the management model.
Singh and Datta (2004) formulated an ANN-based methodology to solve the groundwater
pollution sources and the corresponding parameter estimation. The performance of the
trained and selected ANN models was evaluated primarily for the idealized case of error
free concentration measurement and then for the more realistic case of erroneous
concentration measurement data. They concluded that the performance of the ANN model
was reasonably well even with large concentration measurement errors. Singh and Datta
(2004) presented a methodology for characterizing of unknown pollution sources using
ANNSs. The data required for training are simulated using numerical groundwater flow
and contaminant transport simulation model. The trained network was then used for
identification of pollution sources for specified concentration observation data at given
locations. They have reported that if the number of potential sources are increased, the
complexity of the problem increases and error are also very large when large
concentration measurement error are incorporated together with multiple source locations.
Singh and Datta (2007) developed an ANN based methodology to identify unknown
groundwater pollution sources when concentration observation are missing. The
groundwater flow and transport numerical simulation model is utilized to generate the
necessary patterns for training the ANN. Performance evaluation results show that the
back-propagation based ANN model is essentially capable of extracting hidden
relationship between patterns of available concentration measurement values and the
corresponding sources characteristics. Srivastava and Singh (2014) presented a
methodology for identification of unknown pollution sources in complex real

groundwater problem. The developed methodology utilized a flow and transport
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simulation model to simulate aquifer response in terms of concentration measurements
corresponding to specified source fluxes. In this study, uniform random generation and
Latin hypercube sampling (LHS) method of random generation are used to generate
source fluxes. These source fluxes are used in groundwater flow and transport simulation
model to generate necessary data for ANN model building processes. They reported that
among two processes, LHS technique was found more promising.

Several researchers have attempted to develop pollution source identification problem by
using different methodologies. One of the methods for pollution source identification is
the run forward simulation and checks the solution with the available observed data.
Bagtzoglou et al. (1992) presented Advective-Dispersion Equation (ADE) backward in
time using random walk particle methods. They presented the model in such a way that
the advective part of the model is reversed while the dispersive part is left unchanged in
heterogeneous media. They applied the methodology to the flow field and observed using
geostatistical techniques that the values of standard deviation for the probability
distribution function (PDF) distribution are extremely high relative to the actual pdf
values. In the recent literatures it is observed that researchers are much more interested in
Tikhonov regularization (TR) and minimum relative entropy inversion (MRE)
methodologies. Skaggs and Kabala (1994) recovered the release history using Tikhonov
regularization method in a one-dimensional homogeneous system. They observed the
effect of measurement errors, parameter estimation errors, and numerical instability on
the performance of their models using high noise levels and found that moderate noise
level data gave good results as compared to high noise level data. After that Skaggs and
Kabala (1995) presented a quasi-reversible (QR) solution of the convection-dispersion
equation to identify release history of the contaminated plume. They found that QR
methodology is more accurate to identify plume’s recent evolution history than the
plume’s release history. It is observed that QR methodology required less computational
effort than Tikhnov regulation technique. Liu and Ball (1999) presented a model to
estimate contaminant plume history from observed contaminant concentrations of a field-
scale groundwater remediation experiment at Dover Air Force Base. They assumed that
the contaminant source history to be a function of time with unknown form and the
results provided the important information regarding the contaminant release history at

sites of groundwater contamination and cleanup. Neupauer et al. (2000) developed a
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model for recovering the release history of the conservative contaminant in a one-
dimensional groundwater system. They evaluated the relative effectiveness of Tikhonov
regularization and minimum relative entropy inversion using hypothetical release history
function and contaminated plume. Milnes and Perrochet (2007) presented a theoretical
framework to identify single point source location for heterogeneous multidimensional
systems using the concept of mass transfer theory. In this study forward and backward
flow field is applied, yielding complementary information as to forward and backward
advective-dispersive mass fraction. The methodology is applied to 2D heterogeneous
example of ideal conditions assuming the entire pollution plume is known. Again the
model is applied to more realistic case where only few observation points exist.

Michalak and Kitanidis (2004) developed a geostatistical approach for recovery of
antecedent distribution of contaminant at a given point back in time. In this study
geostatistical approach combined with adjoin state method to recover the release history
in heterogeneous media. The geostatistical approach have addressed by lot of researchers
for estimating the release history of the groundwater pollution (Neupaner et al., 2000;
Snodgrass and Kitanidis, 1997; Michalak and Kitanidis, 2002; Michalak and Kitanidis,
2003). Sun et al. (2006) used constrained robust least square approach (CRLS) for source
release history and the global optimization solver is used for location search. Sun et al.
(2006) showed that CRLS gave better performance than its non-robust estimator i.e. non

negative least square estimate (NNLS).

2.8 Summary and critical appraisal of literature review

The reviewed literature indicates that lot of works have been carried out on pollution
source identification problem worldwide. Several methods have been adopted for optimal
identification of unknown groundwater pollution sources using pollutant concentration
and other measurement data. It has been observed that different methodologies have been
developed to incorporate the simulation model with optimization model. However,
application of some methods, mainly response matrix approach and embedded approach
are limited to small aquifer system only. Linked simulation-optimization methodology
has emerged as one of the most potential methods to incorporate the simulation model

with the optimization model. The method can be applied to large scale groundwater
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aquifer system. It has also been reported that linked simulation optimization model is
computationally less efficient than the other methods. Some researchers also used
approximate simulation models to reduce the computational time. However, incorporation
of approximate simulation model has reduced the predicting efficiency of the model. As
such there is a need to develop new methodology in order to achieve efficiency both in
quality of the solution and in computational time. In the successive chapters, effort has

been given to develop new methodologies to overcome the present difficulties.
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Chapter 3

Development of GMS Based Simulation-Optimization Models
for Identification of Unknown Groundwater Pollution Sources

3. General

The literature review done in the previous chapter reveals that, lot of works have been
carried out worldwide using different approaches to identify unknown groundwater
pollution sources. Out of these approaches, linked simulation optimization approach has
been immersed as one of the most promising algorithm for solving groundwater
simulation-optimization model. The performance of the simulation-optimization model is
highly related to the groundwater simulation model used in the model. Used of highly
sophisticated numerical simulation model would generally produce better prediction of
the unknown groundwater pollution sources. In this chapter, we have developed an
improved methodology by linking user friendly commercial groundwater simulation
software groundwater modeling system (GMS) with the Matlab-based optimization
model. The efficiency and field applicability of the model is demonstrated using two

illustrative study areas.
3.1 Methodology Development

3.1.1. Development of simulation-optimization methodology

The unknown groundwater pollution sources can be identified using inverse optimization

technique. For finding the unknown pollution sources, the inverse optimization model
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minimizes the difference between simulated and the observed concentration of

contaminants at observation wells. The error function can be written as,
Minimize err = YI_,¥,N(OC! — SCI)? (3.1)

The err is a function of magnitude of pollution sources. OC{* is the observed
concentration at n™ well location for 7" time steps; SC* is the simulated concentration at
n™ observed location for " time steps; N is total number of observation wells and T is the
total time steps.

The observed concentration is the concentration measured at the observation wells. The
simulated concentration can be obtained using the aquifer simulation model, which
basically solves the governing partial differential flow and transport equations. As such,
the aquifer simulation model has to be executed for calculating the objective function
value. This can be done by linking the aquifer simulation model with the optimization
model. As simulation model is linked with the optimization model, the methodology is
known as simulation-optimization model. Various software are available for simulation of
aquifer process. Some of them are GMS, SUTRA, FEFLOW, etc. We have used
groundwater simulation system (GMS) to simulate the flow and transport processes in
aquifer. The simulation-optimization methodology can be explained using the schematic
diagram presented in Fig. 3.1.

The algorithm starts with the supply of initial guesses of contaminants at probable source

Initial guess of
contaminants

Inverse Optimization

Model Aquifer Simulation Model

Optimal solution for
Pollution Source

Fig. 3.1: Schematic representation of Simulation-Optimization methodology
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locations. The source values are supplied to the inverse optimization model. For
calculating objective function value for the given sources, the inverse model calls the
aquifer simulation model. The source values are then updated by the inverse model. The
iterations between optimization model and aquifer simulation model continue till

termination criteria are not satisfied.

An optimization algorithm is necessary for solving the inverse optimization model.
Gradient based classical optimization techniques have been implemented by various
researchers (Alley et al., 1976; Willis, 1976; Willis and Newman, 1977; Gorelick and
Remson, 1982; Gorelick et al., 1983; Molx and Bell, 1977; Elango and Rouve, 1980;
Peralta and Datta, 1990; Yazicigil and Rasheeduddin, 1987; Datta and Peralta, 1986;
Peralta et al., 1991; Wang and Ahlfeld, 1994; Mahar and Datta, 1997; Mahar and Datta,
2001; McPhee and Yeh, 2008; Datta et al., 2009). However, the algorithms are not
suitable for non-linear non-convex problem. For such problems, the classical methods
yield only the local optimal solution of the problem. The local optimal solution can be
avoided by running the model several times using different initial solutions. However,
this is a time consuming approach and also does not give any guarantee that the global
optimal solution will be obtained. The problem of classical optimization algorithms can
be overcome using gradient less not classical global search methods. The most popular
gradient search algorithms are direct search method, genetic algorithms, differential
evolution technique, particle swarm algorithm, ant colony algorithm, efc. In this study, we
have initially used direct search (DS) method and genetic algorithms (GA) for solving the
inverse optimization problem. The efficiency of these two algorithms has been evaluated

using illustrative study areas.

Direct search optimization method does not use the derivative information of either the
objective function or the constraint functions. The value of the objective function and the
constraint functions are only used to guide the search process. In every iteration, the
algorithm searches a set of points in and around the current best solution. The algorithm
starts with an initial solution supplied by the user. A set of solutions is then generated
around the initial solutions. Fitness value which represents the goodness of a solution is
then calculated for each generated solution. For calculating the fitness values, the
algorithms has to call the groundwater simulation software GMS. As such the GMS has

to be linked with the direct search algorithm.
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Fig. 3.2: Flow chart of GMS-DS algorithm

The methodology can be represented as GMS-DS methodology. Fig. 3.2 shows the
flowchart of the GMS-DS methodology.

Similar to Direct search method, Genetic algorithms is also a gradient less search
algorithm. It is considered as one of the most popular and robust non-classical
optimization algorithm to handle the non-linear non-convex problem. The algorithm is
based on the principle of natural evolution of species and is guided by the survival of
fittest principle of nature. The algorithm is a population based algorithm. Unlike the
classical optimization methods, the algorithm starts with a set of solutions, called
population. The population passes though the natural operators, i.e. selection, crossover
and mutation to search for better individual. The iterative process, which is known a
generation continues till termination criteria are not satisfied. Genetic algorithm can be
applied for solving the inverse source identification model. For finding the optimal source
locations and magnitude, the groundwater simulation models have to be incorporated with
the genetic algorithm. The simulation models provide the information needed for
calculating the fitness of all individual population. The GA based simulation-optimization
algorithm starts with the generation of initial population. The initial population is
generated randomly between specified upper and lower bounds. The populations are then
sent to the objective function sub-routine for calculation of objective function value of
each individual of the population. The next step is to check the termination criteria. If it is
satisfied, the iteration will be stopped and optimal solution will be displayed. Otherwise,

the population will pass through the three genetic operators, i.e. reproduction, crossover
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and mutation. We may also use elitism operator in this step. The new populations
generated by the genetic operators are then sent to the objective function sub-routine for
calculation of objective function value. The iteration process will continue till termination
criteria are not satisfied. This method uses GMS to simulation the groundwater aquifer.
The methodology can be described using the flowchart given in Fig. 3.3. As such the
approach can be named as GMS-GA model. The performance of the model is evaluated
using two illustrative study areas. The integration of GMS software with GA based
optimization model enables us to solve very complicated real world source identification

problem as GMS has the capability to simulate more complex groundwater aquifer

system.
Y
. Terminati .
Generate Pop- with errr!ma. on Optimal
e e all fitness Criteria solution
values Satisfied?
N
Objective Function Apply reproduction,
New
. crossover and
population

GMS Model mutation operators

Fig. 3.3: Flow chart of GMS-GA algorithm
3.1.2 Development of simulation model using GMS

As mentioned, GMS has been used to simulate the flow and transport processes in the
aquifer. GMS has a GIS based graphical user interface to prepare the input files required
for the MODFLOW and MT3DMS simulation. Initially, we have used GMS for preparing
the input files for the illustrative study areas considered by in this study. Once the input
files are ready, the simulation can be performed by executive the exe file of MODFLOW
and MT3DMS. GMS has the option to run the exe files and also has the option to display
the simulation results, i.e. post processing of the results. The exe files can also be run by
using other platforms. In this study, we have used Matlab to run the exe files and also for
post processing the output data. Further, the input files, specifically the source values can

be modified easily using Matlab code. The process of aquifer simulation implemented in
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G Prepared MODFLOW Put the Run MODFLOW
input files w.r.t. the source values exe file vt
study area by modify aiil
Prepared MT3DMS input files
S input files w.r.t. the using Matlab Run MT?’DMS “one
study area code NI

Fig. 3.4: Flow chart showing procedure to execute MODFLOW and MT3DMS models in
Matlab environment
Matlab environment has been shown in Fig. 3.4. A Matlab code is developed to open and
change the input files of MT3DMS. MT3DMS is then run in Matlab environment which
was used to calculate the objection function value of the source identification

optimization model.
3.1.2.1 MODFLOW

MODFLOW is a computer program that numerically solves three dimensional ground
water flow equation for a porous medium using finite difference method. The main
objectives in designing MODFLOW were to design a program that can be readily
modified, is simple to use and maintain, can be executed on variety of computers with
minimal changes and has the ability to manage large data sets required when running
large problems. MODFLOW was designed upon modularization approach. The modular
structure of MODFLOW consists of a main program and a series of highly-independent
subroutines called modules. The modules are grouped in packages. Each package deals
with a specific feature of the hydrologic system which is to be simulated such as flow
from wells or flow into drains or with a specific method of solving linear equations which
describe the flow system such as the Strongly Implicit Procedure or Preconditioned
Conjugate Gradient. The division of MODFLOW into modules permits the user to
examine specific hydrologic features of the model independently. This also facilitates
development of additional capabilities because new modules or packages can be added to

the program without modifying the existing ones.

GMS includes a comprehensive graphical user interface to the groundwater model
MODFLOW. GMS supports MODFLOW as pre and post-processor. The input files for
MODFLOW are generated by GMS. When GMS is used to generate input files for
MODFLOW, it saves data in a number of formatted text file which are linked with HDF5
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file. Output files of MODFLOW may be binary files or formatted text files. These files
are read by MODFLOW when MODFLOW is launched from the GMS menu. The output
for MODFLOW is then imported to GMS for post processing. The groundwater flow
equation (3.2) used in MODFLOW can be written as,

% [kxx %] + aiy [kyy z_};] + % [kZZ %] +W=Ss % (3-2)

Where kyy, kyy and k,, are the values of hydraulic conductivity along the x, y, and z
coordinate axes (L/T); h is the potentiometric head (L); W is volumetric flux per unit
volume representing sources and/ or sink of water, where negative values are extractions,
and positive values are injections (T™"); Ss is the specific storage of the porous material
(L'l); and; t is time (T). MODFLOW solves the flow equation using finite difference

method.
3.1.2.2 MT3DMS

MT3DMS is a modular three-dimensional transport model that can simulate advection,
dispersion and chemical reactions of dissolved constituents. Here MS stands for multi-
species structure for accommodating add-on reaction packages. The computer program of
the MT3DMS transport model uses modular structure similar to MODFLOW. Like
MODFLOW, the MT3DMS model consists of a main program and a large number of
highly independent subroutines called module, which are grouped into series of packages.
Each of these packages deals with the single aspect of transport simulation. The similarity
between MT3DMS and MODFLOW in program structure and design is intended to
facilitate the use of MT3DMS transport model in conduction with MODFLOW.
MT3DMS uses output head and cell-by-cell flow data computed by MODFLOW.
Therefore, before doing MT3DMS simulation there should be a MODFLOW simulation.
In MODFLOW simulation, time is divided into stress period, during which all external
stress parameter (i.e., source/sink) are constant. Stress period are in turn divided into time
steps if simulation is transient. The hydraulic head and fluxes at each time step are solved

by flow model and used by the transport model.

In MT3DMS simulation, each time step used in obtaining flow equation is further divided
into a number of smaller time increments called transport step, in which hydraulic head

and fluxes are assumed constant. Generally, flow and transport model should have same
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number of stress period. Because flow time step need to be specified in the transport
model, so that the velocity field and source\sink information can be updated in the
transport model properly. When flow model is steady state with only one stress period
and one time step then only MT3DMS code allow the flow and transport model to have
different number of stress period. Like MODFLOW, input files for MT3DMS can also be
generated by GMS. These files are read back by MT3DMS when it is launched from
GMS menu. The output for MT3DMS is then imported to GMS for post processing.

The transport equation (3.3) can be written as,

a(eck) _ 9 ack 9 K k
P 0_)(1(6D” 0_X1> - 6_Xl (OViC ) -5 qscs + Z Rn (33)

Where, CX is the dissolved concentration of species k (ML™); 8 is the porosity of the
subsurface medium, dimensionless; t is the time (T); x; is the distance along the
respective Cartesian coordinate axis (L); Dj; is the hydrodynamic dispersion coefficient
tensor (L*T™); v; is the seepage or linear pore water velocity (LT gs is the volumetric
flow rate per unit volume of aquifer representing fluid sources (positive) and sinks
(negative) (Th; CK is the concentration of the source or sink flux for species k, (ML?);
2R, is the chemical reaction term (ML>T"). MT3DMS solves the transport equation

using finite difference method.

3.1.3 Optimization methods

In this study, we have used direct search optimization method and genetic algorithms for
solving the inverse optimization problem. The optimization toolbox available in Matlab is
used to implement direct search algorithm. We have used our own Matlab code for

implementing genetic algorithms.
3.1.3.1 Direct Search

Direct search optimization method does not use any derivative information of the
objective function or the constrained function, only its values are used to guide the search
process. It requires only the objective function values for finding the minimum and hence
is often called the nongradient method. The direct search methods are also known as
zeroth-order methods since they use zeroth-order derivatives of the function. All the

unconstrained minimization methods are interactive in nature and hence they start from
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an initial trial solution and proceed toward the minimum point. The direct search can be
very useful when objective globally converge to the minimal value of the objective
function (Perttunen et al. 1993). Unfortunately, this global converge may come at the

expense of a large and exhaustive search over the domain.

Unlike more traditional optimization methods that use information about the gradient or
higher order derivatives to search for an optimal point. A direct search algorithm searches
a set of points around the current point, looking for one where the value of the objective
function is lower than the value at the current point. We can use direct search to solve
problems for which the objective function is not differentiable, or is not even continuous.
Pattern direct search only uses function comparisons, it is easy to implement and use. In
matlab toolbox, Global Optimization Toolbox functions include three direct search
algorithms called the generalized pattern search (GPS) algorithm, the generating set
search (GSS) algorithm, and the mesh adaptive search (MADS) algorithm. All are pattern
search algorithms that compute a sequence of points that approach an optimal point. At
each step, the algorithm searches a set of points, called a mesh, around the current point,
the point computed at the previous step of the algorithm. The mesh is formed by adding
the current point to a scalar multiple of a set of vectors called a pattern. If the pattern
search algorithm finds a point in the mesh that improves the objective function at the

current point, the new point becomes the current point at the next step of the algorithm.

This study utilizes pattern search algorithm available in matlab toolbox to identify the
groundwater pollution sources in well defined groundwater aquifer. To identify the
unknown groundwater pollution sources, the optimization formulation uses the objective
of minimizing the weighted sum of squares of the difference between model determined
and actual concentration. At the time of solving the optimization model, the external
GMS simulation model is linked as an independent model to the optimization method in

Matlab environment for calculating objective function value.

3.1.3.2 Genetic Algorithms (GA)

Genetic Algorithm (GA) is considered to be an efficient optimization algorithm for
solving non-linear non-convex problems. It is a search procedure based on the mechanics
of natural selection and natural genetics. It follows Darwin’s survival of the fittest

principle. Based on that principle, the intelligent search method of genetic algorithms
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finds the best and fittest solution of the problem. As a robust and efficient algorithm, it is
now becoming very much popular in engineering optimization problems for its wide
range of precise search and capability of solving complex non-linear problems. It is most
appropriate for large complex nonlinear model where finding the global optimal solution
is a difficult task by using other conventional optimization methods. Genetic algorithms
work only with the function values of the objective function and the constraint functions.
It does not require any other auxiliary information of the objective and constraint
functions. The primary differences of genetic algorithms with the other classical
algorithms are, genetic algorithms work with the coding of the parameter set not the
parameters themselves; it searches from a population of points not a single point; it uses
the probabilistic transition rules not the deterministic rules. The basic elements of natural
genetics use in genetic search procedure are reproduction, crossover and mutation.
Genetic algorithm has been used extensively by different researchers for solving
groundwater management models (Ritzel et al., 1994, Wang and Cheng, 1997; Huang and
Mayer, 1997; Aly and Peralta, 1999; Morshed and Kaluarachchi, 2000; Aral et al., 2001;
Hsiao and Chang, 2002; Maskey et al., 2002; Singh and Datta, 2007; Bhattacharjya and
Datta, 2009).

3.1.3.3 Working principle

The operation of genetic algorithm begins with a population of random strings
representing design or decision variable. First, genetic algorithm creates predefined
number of populations of solution within specified bound of the variable. Each of the
members of the population is called individual. The decimal value of the decision variable
is given by the following linear mapping rule.

xU—x

x =xt+=—
20-1

q_ 2k, (3.4)

Where, x% x! are the upper and lower bound of the particular variable, b, is a binary
number (0 or 1) and g represents length of string, depends upon desired solution accuracy.
In general, a fitness function is derived from objective function and fitness value of each
individual is determined by using decimal value obtained in equation (3.4). The
population is then operated by three main genetic operators, i.e. reproduction, crossover
and mutation to create a new population of points. The procedure is continued until the

termination criterion is met. Fig. 3.5 shows the flowchart of simple genetic algorithms.
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The three genetic operators are discussed below.
3.1.3.4 Reproduction

Reproduction is the first operator applied on a population. It selects good string from the
population in a probabilistic manner according to the fitness values and forms a mating
pool. Selecting strings according to their fitness values means that string with a higher

fitness value have the higher probability of contributing one or more off spring to the next

Initial Calculate fitness of New
population all solutions population

Mutation

Crossover

Termination
Criteria Selection

Satisfied?

Optimal
solution

Y

Fig. 3.5: flowchart of simple genetic algorithms
generation.

The probability of selecting any string for mating pool is

_ _Fi
=
i1 Fj

P, (35)

Where, F; is the fitness value of i™ string and n denotes the total number of population.

The probable number of copies in mating pool of it string is,
Fi
Ny =3 (3.6)

Where, F=yr,2 3.7)
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Thus in reproduction, good string in a population is probabilistically assigned a large
number of copies and a mating pool is formed. It is worth mentioning here that no new

strings are formed by the reproduction operator.
3.1.3.5 Crossover

In reproduction, good strings in a population are probabilistically assigned a larger
number of copies and a mating pool is formed. But no new strings are formed in the
reproduction phase. In crossover stage, new strings are formed by exchanging
information among strings of mating pool. In this stage new strings are formed by
exchanging information among the randomly selected strings of mating pool. The two
participating string in the crossover operation are known as parent strings and the
resulting strings are known as children string. Fig. 3.6 shows the schematic representation
of single point crossover operation. The single point crossover operator is performed by
randomly selecting a crossing site along the string and by exchanging all the bits on the
right side of the crossing site. A better child string may be produced by the crossover
operator. However, it will depend on whether an appropriate site of crossing is chosen or
not. Since the knowledge of appropriate site is usually not known beforehand, a random
site is often chosen. If good strings are produced by crossover operation then in the next
mating pool there will be more number of copies of them, otherwise they will not survive
too long because reproduction will select against those strings in subsequent generations.
In order to preserve some of the good strings that are already present in the mating pool,
not all the strings are used in crossover operation. If crossover probability of pc is used
then 100*pc percent strings in the population are used in the crossover operation and

remaining percentage are remains as they are in the current population.

3.1.3.6 Mutation

Like crossover operator, Parent 1: Children]:

mutation operator is also | ‘ ‘ ‘ ‘ ‘ | ‘ ‘ ‘ | ‘ ‘ | ‘ ‘

used for the search of

Parent 2: Children 2:
new string. Mutation | ‘ ‘ ‘ ‘ ‘ | ‘ ‘ | | ‘ ‘ ‘ ‘ ‘
operator makes random
but, small changes, to
the encoded solution.  Fig. 3.6: Schematic representation of crossover probability
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This prevents the falling of all solutions into a local optimum and extends the search
space of the algorithm. This is divergence in nature while crossover operator is
convergence in nature. In case of binary coded genetic algorithms, the mutation operator
changes 1 to 0 and vice versa with a small mutation probability. For example, for the
string below (Fig. 3.7), if optimum solution requires 1 in the extreme left or right bit then
neither reproduction nor crossover operation can create 1 in that position. But mutation
can introduce 1 in that position. Thus mutation operator alters a string locally to create a
good string. Fig. 3.7 shows the example of a mutation. The inclusion of mutation

introduces some probability (P,,) of turning O into 1.
3.1.3.7 Limitation of Genetic Algorithm

Although because of its simplicity and classiness, genetic algorithm have proven

Before mutation After mutation
string1 [0|1]o]1|1]o]o|o]1]  [1]1|o]1]1|0]0]0]1]
string2 [0|1]o]o|1]1]1]o]1] |o|1|o]o]1|1]1]0]|0]

Fig.3.7: Mutation of a chromosome

themselves as efficient problem solving strategy, yet they cannot be considered as
universal remedy. Due to its probabilistic and deterministic nature, it may yields different
solutions on different runs. Another drawback of genetic algorithm is that, the result
obtained using GA may not be the true optimal solution but it may be close to global
optimal solution. As such, GA can be used initially to obtain near global solution.
Thereafter, classical optimization algorithm can used to obtain the true optimal solution,
using solution of GA as initial point. The significance of using solution of GA as initial
point of classical optimization algorithm is to search local optima surrounding the initial

point.
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3.2 Study Area

The performance of the developed model has been evaluated using two illustrative study
areas. We have used the study area considered by Mahar and Datta (2000) to evaluate the
relative efficiency of the model. This is a rectangular shaped confined aquifer. To show
the field applicability of the developed model, another bigger study area with irregular

boundary is also considered in this study.

3.2.1 First study area

The problem considered by Mahar and Datta (2000) is initially considered here for
evaluating the performance of the proposed models (Fig. 3.8). The hypothetical confined

99 58 m No Flow Boundary —
O |ws
E 2| @ |O |ws O |we O |wr E
& s3| @ O |ws O
51| @O w O |wm
100.00 m 38.00 m

No Flow Boundary

- Pumping Well Location . Potential Source Location O Observation Well Locations

Fig. 3.8: First [llustrative Study Area

aquifer has an area of 1.04 km? (1.3 kmx 0.8 km) and is homogeneous and isotropic. Bear
(1972) discussed various types of boundary conditions related to flow and transport
problems in aquifer. In this study area, the boundary condition of the aquifer is considered
as time invariant. The aquifer has fixed head boundary condition in the east and in the
west sides, whereas the north and the south boundaries of the aquifer have no flow
boundary. In the east side of the aquifer, the hydraulic head is varying from 100.00m to
99.58m. On the other hand, in the west side of the aquifer, the hydraulic head is varying
from 88.00m to 87.72m. The aquifer is simulated for single layer in the computational
grid. There are 8 rows and 13 columns. The study area is discritized into 100m x 100m.

Inside the aquifer, the initial head is considered as 100 m. The hydraulic parameters used
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Table: 3.1 Flow and transport parameter
values for illustrative study area
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Table: 3.2 Source Flux at different
locations for first illustrative study area

Parameter ~ value  Parameter value  Source Flux of First study area (gm/sec)
Time Step

K / 0.0002 b (m 30.5
xx (0/5) (em) Source 1 2 3 4
Ky, (m/s)  0.0002 Ax (m) 100.0 S1 47.00 15.00 37.00 0
S2 30.00 58.80 0 35.00
n 0.25 Ay (m) 100.0 S3 0 0 0 0

o (m)  40.0 At 3.0
«r(m) 96 S 0.002

for simulating the flow and transport processes are shown in Table 3.1. There are three

pollutant sources in the aquifer which have been designated as S1, S2 and S3. The

concentration values at the three locations are shown in Table 3.2. The source S1 and S2

are active where as the source S3 is inactive throughout the simulation period. The initial

contaminant concentration for the entire aquifer is 100 ppm. The parameters used in the

simulation are; horizontal hydraulic conductivity (Kyyx = Kyy) of 0.0002 m/s, porosity (1)

of 0.25, longitudinal dispersivity (o¢;,) of 40.0m, transverse dispersivity (Xt) of 9.6 m

and storativity (S) of 0.002. There are eight observation wells which have been

Table: 3.3 Pumping rate of water at

pumping locations

Pumping rate (m*/day)

Time  First Time  First
step study step study

area area
1 273.02 11 163.29
2 163.29 12 327.45
3 327.45 13 273.02
4 163.29 14 163.29
5 273.02 15 381.02
6 327.45 16 217.72
7 163.29 17 273.02
8 273.02 18 163.29
9 381.02 19 327.45
10 217.72 20 217.72
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designated as W1, W2, W3, W4, W5, W6,
W7 and W8. The aquifer has only a single
pumping well (P) which is located at the
centre of the study area. The pumping rate
shown in Table 3.3. The flow and transport
simulation are made for 5 years considering
time interval of 3 months. At the time of
simulating the transport process, out of
three pollutant sources, only two are
considered as active while other one is

taken as inactive.
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3.2.2 Second Study area

The proposed model is applied in a bigger area as shown in Fig. 3.9 to show the field
applicability of the model. The size of the second study area is approximately 17.346
km?. The west and south sides of the aquifer are bounded by the rivers. As such, constant
head boundary is considered in these two sides. The other two boundaries, i.e., the north
and the east sides have no flow boundary. The boundary condition of the aquifer is
considered as time invariant. There are five contaminant sources in the aquifer which
have been designated as S1, S2, S3, S4 and S5. The concentration values assigned for
these five locations are shown in Table 3.4. The initial contaminant concentration for the
entire aquifer is 200 ppm. There are four pumping wells in the study area which has been
marked as P1, P2, P3 and P4. The pumping rate assigned for different stress periods are
shown in Table 3.5. There are eight observation wells which are designated as W1, W2,
W3, W4, W5, W6, W7 and W8. The flow and transport simulation are done for 5 years

considering time step of 3 months. The hydraulic parameters for this study area are

[ Pumping Well Location @@ Potential Source Location ()  Observation Well Location

Cc Head Boundary e No Flow Boundary

Fig. 3.9: lllustrative Second Study Area
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Table 3.4: Source flux at different locations for Second illustrative Study area

Source Flux of Second Study area (gm/sec)

Time Step
Source 1 2 3 4 5

S1 908.42 1130.50 653.35 902.13 721.25
S2 644.02 1023.87 1139.88 781.09 889.77

S3 0 0 0 0 0
S4 0 1024.16 652.05 1117.45 889.77
S5 987.08 0 0 1104.82 639.93

considered as same as the first study area.

3.3 Results and Discussion

3.3.1 GMS simulation results for first study area

Table 3.5: Pumping rate of water in second study area from Pumping location

Time Discharge rate Time  Discharge rate
Step (m*/day) Step (m*/day)
1 327.024 11 272.52

2 163.512 12 218.016

3 218.016 13 327.024

4 381.528 14 163.512

5 109.008 15 381.528

6 327.024 16 163.512

7 272.520 17 272.520

8 163.512 18 218.010

9 381.528 19 327.024

10 109.008 20 272.520

We have used groundwater simulation system (GMS) to simulate the flow and transport
processes in aquifer. A comparative analysis is initially carried out to evaluate the results
obtained by GMS model with the results obtained by Mahar and Datta (2000). The
solution obtained by GMS is indicated by the word ‘GMS’. Mahar and Datta (2000) used
optimization based simulation technique for solving the flow and transport equations.
They solved the optimization model using large scale optimization solver MINOS. After
simulation, the concentration values at eight observation wells are obtained for different

time steps. The concentrations are measured for 5 years at a time interval of 3 months at
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eight observation well locations at W1, W2, W3, W4, W5, W6, W7 and WS. Fig. 3.10
shows the break through curve generated by GMS and Mahar and Datta (2000) for eight
number of observation wells. The figures show the plot between concentration (ppm)
versus time for two methodologies. It has been seen from the figures that the solution
obtained by the GMS is similar to the solution obtained by Mahar and Datta (2000). From
these figures, it can be concluded that the both results are comparable. The comparison of
results demostrate the validity of GMS methodology in simulating the flow and transport

for the first study area.

A number of 2D transient transport simulation is also performed using MODFLOW and
MT3DMS in first illustrative study area. The simulation model simulates the physical
processes in aquifer and show the distribution of pollutants in the aquifer. Therefore 20
time steps for the entire simulation period. It is observed that the distribution of pollutant
concentration at each and every time step is different from the previous step. The Fig.
3.11 shows the distribution of pollutant concentration in the entire aquifer for four time
steps. The first plot of the figure shows the concentration distribution after 90 days. It can
be observed from the figure that pollutant is moving towards to the pumping well due to
continious pumping. Thus the concentration is increasing towards the pumping well. The
second plot of the figure shows the pollutant distribution at 450 days. The concentartion
distribution after the 450 days also shows that more and more pollutants are moving
towards the pumping well due to continious pumping of water. The concentration is
increasing towards the pumping well. The third plot of the figure shows the pollutant
distribution at 900 days. The concentartion distribution at 900 days shows that pollutant
concentration is decreasing near the pumping well. This is because that the sources were
active only up to one year. The fourth plot of the figure shows the pollutant distribution at
1800 days. The concentration countour drawn at 1800 days shows that the plume has
almost disappeared from the aquifer as the contaminant sources were not active for longer

period. The analysis of the results shows that the results are intuitively as expected.
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Fig. 3.10: Break through curve for study first study area
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Fig. 3.11: Concentration distribution in the first study area for four time steps

3.3.2 GMS simulation results for second study area

The flow and transport simulations are also performed for the second study area using
GMS. The parameters used in the second study area are same as that of used in the first
study area. The pumping rate and source flux are shown in Table 3.4 and Table 3.5
respectively. In this study area, the concentrations are measured for 20 time steps at 8
observation well locations. The concentration are measured at eight numbers of
observation well locations after simulating the flow and transport processes by GMS
methodology. The numerically simulated concentration by GMS methodology at the

observation well locations are plotted as function of time. Fig. 3.12 shows the break
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Fig. 3.12: Break through curve by GMS for second study area
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throgh curves generated by GMS model for eight observation well locations. It is

observed that the breakthrough curves are intuitively as expected.

The 2D transport simulation is also performed by GMS for transient flow and transport
for second illustrative study area. In this study area also, simulation processes is done for
20 time steps which is further divided 10 number of transoport steps. Thus we can
observe the pollutant distribution for 200 time step. It is observed that the pollutant
concentration is different at each and every time step due to continious pumping of water.
Fig. 3.13 shows the distribution of concentration in the entire aquifer for the four time

steps, i.e. at 90 days, 450 days, 900 days and 1800 days. The first figure shows the

tracer:90.0 tracer: 450.0

= amae208 — 4948205
w2rat 4427541
0064.78

90 days 450 days

tracer 900.0 tracer: 1600.0

= 4948205 — 4948205
27341 427301
15

900 days 1800 days

Fig. 3.13: Concentration distribution contour in the second study area for four time steps
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concentration contour at 90 days. It can be observed that concentration is increasing
towards the pumping well. During this time step, the sources in the aquifer were active,
therefore the concentration is increasing towards the pumping well. The concentartion
distribution at 450 days shows that more and more pollutants are moving towards the
pumping well due to continious pumping of water. After that, concentartion is decreasing
near the pumping well. This is because of that the sources were active only up to five time
steps. The contour plot at 1800 days shows that there is no contaminant in the entire

aquifer.
3.3.3 Performance evaluation of GMS-DS model for first study area

The inverse model described earlier is used for estimating the unknown pollution source
of the first study area. The direct search optimization function available in Matlab toolbox
is used to solve the inverse problem. The parameters and stopping criteria used in the
direct search optimization model are: mesh tolerance of le-6, maximum iteration of
10,000, maximum function evaluation of 10,000, time limit of infinity, X tolerance of le-
6 and function tolerance of le-6. The unknown source flux obtained by GMS-DS
methodology is compared with the source flux value obtained by Mahar and Datta (2000)

and also with the actual concentration. Table 3.6 shows the results obtained using the

Table. 3.6: Actual and Estimated concentration at three point sources

Time Source Actual Predicted Conc.
Step Loc. Conc. (gm/sec)
(gm/sec) Mahar and GMS-DS
Datta (2000)
S1 47.00 45.10 45.14
1 S2 30.00 29.34 29.37
S3 0.00 0.20 0.21
S1 15.00 18.17 18.15
2 S2 58.8 55.05 55.07
S3 0.00 0.00 0.00
S1 37.00 30.44 30.94
3 S2 0.00 2.44 2.54
S3 0.00 0.00 0.00
S1 0.00 1.84 1.77
4 S2 35.00 33.62 34.19
S3 0.00 0.19 0.18
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GMS-DS methodology along with the results obtained by Mahar and Datta (2000) and
actual concentration. This comparison shows that the results obtained by GMS-DS model
are comparable with the results obtained by Mahar and Datta (2000). For example, the
concentration estimated for the first time step by GMS-DS model at S1 source is 45.14
gm/sec whereas that is estimated by Mahar and Datta (2000) is 45.10 gm/sec and the
actual concentration at source S1 is 47 gm/sec. Similarly, the concentration estimated for
the sources S2 and S3 by GMS-DS model for the first time step are 29.37 gm/sec and
0.21 gm/sec respectively, whereas that are estimated by Mahar and Datta (2000) are 29.34
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50 A
)
é 40 T
Sh 30
o]
=S
= a0 -
©
5
(2 10 A
0 |
S _S.’:_j S2 S3 S1 S2 _SS_j S1 S2 S3/
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Fig. 3.14: Comparison of source fluxes for first illustrative study area

gm/sec and 0.20 gm/day respectively. The actual concentrations are 30 gm/sec and
Ogm/sec respectively. This shows that the concentration predicted by GMS-DS is closer
to the actual source values and also comparable with the result obtained by Mahar and
Datta (2000). For the other sources also similar trend has been observed in all the time
steps. Fig. 3.14 shows the comparison of concentration at three source locations obtained
by GMS-DS model along with the concentration obtained by Mahar and Datta (2000) and
the actual concentration. It may be observed from the figure that the results obtained by

the proposed methodology are closer to that obtained by the Mahar and Datta (2000). A
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study is also carried out to find  pe 3 7. Comparison of relative error for first

out the relative efficiency of  study area

GMS-DS model over the

Time Source Relative
method used by Mahar and Step  Loc. Error (%)
) . Mahar and GMS-DS
Datta (2000) using relative Datta
error. Table 3.7 shows that (2000)

. S1 4.04 3.96

relative error for the

1 S2 2.20 2.11
concentration obtained by the S3 ) )
GMS-DS methodology and the S1 21.13 21.00
methodology suggested by 2 S2 6.38 6.33
Mahar and Datta (2000). The 53 - -

) i ) S1 17.73 16.36
relative error is calculated with 3 S i i
respected to the actual S3 - -
concentration. It can be S1 - -
observed that the relative error 4 52 3.94 2.29

S3 - -
of GMS-DS method is lesser
AVERAGE 4.61 4.33

than that of Mahar and Datta
(2000). For example, for the first time step at S1 source, relative error achieved by GMS-
DS methodology is 3.96 %, whereas that of obtained by Mahar and Datta (2000) is
4.04%. Again the relative error for second and third time steps at S1 source location are
21% and 16.36% respectively whereas that are obtained by Mahar and Datta (2000)
model are 21.13% and 17.72% respectively. This shows that the performance of GMS-DS
model is better than Mahar and Datta (2000). Similarly, for S2 and S3 source locations
also, the relative errors of GMS-DS model are lesser than the relative errors achieved by
Mahar and Datta (2000). It clearly shows that the performance of the GMS-DS
methodology is better than the method proposed by Mahar and Datta (2000). Fig. 3.15
shows the comparison of the two methodologies in terms of relative errors as bar

diagram.

3.3.4 Performance of the GMS-GA model for first illustrative study area

The inverse model is also solved using genetic algorithms to obtain unknown pollution
sources of first study area. The parameters used in GA based optimization model are:
population size of 200, generation of 200, crossover fraction of 0.9, mutation fraction of

0.003 and elitism fraction of 0.1. The unknown source flux obtained by GMS-GA model
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Fig.3.15: Comparison of relative error (%) between GMS-DS model and Mahar and Datta
(2000) for first illustrative study area.

is compared with the source flux value obtained by GMS-DS, Mahar and Datta (2000)
and also with the actual concentrations. Table 3.8 shows the results obtained using the
GMS-GA methodology along with the results obtained by GMS-DS, Mahar and Datta

(2000) and actual concentration. This comparisons show that the result obtained by GMS-

Table 3.8: Actual and Estimated concentration by three models at three point sources

Time Source Actual Predicted Conc.
Step Loc. Conc. (gm/sec)
(gm/sec)  Mahar and GMS-DS GMS-GA
Datta (2000)
S1 47.00 45.10 45.14 45.16
1 S2 30.00 29.34 29.37 29.37
S3 0.00 0.20 0.21 0.23
S1 15.00 18.17 18.15 18.16
2 S2 58.8 55.05 55.07 55.13
S3 0.00 0.00 0.00 0.00
S1 37.00 30.44 30.94 30.98
3 S2 0.00 2.44 2.54 2.54
S3 0.00 0.00 0.00 0.00
S1 0.00 1.84 1.77 1.93
4 S2 35.00 33.62 34.19 34.21
S3 0.00 0.19 0.18 0.18
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GA model is slightly superior to the results obtained by GMS-DS, Mahar and Datta
(2000) and are more closed to the actual concentration. For example, the actual
concentration of source S1 at time step 1 is 47 gm/sec. The concentration predicted by
GMS-GA model and GMS-DS model are 45.16 gm/sec and 45.14 gm/sec respectively.
The concentration predicted by Mahar and Datta (2000) is 45.10 gm/sec. It shows that the
source concentration predicted by the GMS-GA is slightly better than that of obtained by
GMS-DS model and Mahar and Data (2000). Similar trend has also been observed in the
other sources. Fig. 3.16 shows the comparison of these methodologies using bar diagram.

The comparison results clearly indicate that GMS-GA is slightly better than
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Fig. 3.16: Comparison of source fluxes for first illustrative study area

the results obtained by Mahar and Datta (2000) and GMS-DS models.

A study is also carried out to find the relative efficiency of the GMS-GA model with
GMS-DS and Mahar and Datta (2000). Table 3.9 shows that relative error achieved by
GMS-GA and GMS-DS models and Mahar and Datta (2000). The relative error is
calculated with respect to the actual concentration. It can be observed that the relative
error of the GMS-GA and GMS-DS methods are lesser than Mahar and Datta (2000). For
example, for the first time step, relative error achieved by the GMS-GA model for S1
source is 3.91% and that of achieved by GMS-DS methodology is 3.96 %. The relative
error achieved by Mahar and Datta (2000) is 4.04%. This clearly indicates that the GMS-

GA methodology is better than the other two models. Similarly for second, third and
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fourth time steps also, the  Taple 3.9: Comparison of relative error for first study
relative errors achieved by  area

GMS-GA model are lesser Time Source Relative Error (%)
than the relative errors Step  Loc. Manar and GMS-DS GMS-GA

achieved by GMS-DS and = Dazti) iooo o -
Mahar and Datta (2000). It 1 S2 220 211 210
is also observed in the S3 - - -
table that average relative S1 21.13 21.00 21.07
error achieved by GMS- 2 :§ 6.38 6.33 6.24
GA model is B33 % ST 1773 1636 1627
whereas that is obtained by 3 S2 - - -
GMS-DS and Mahar and S3 - - -
Datta (2000) are 4.33 % S1 - - -
and 4.61% respectively. It 4 :i 3'_94 2'_29 2'_26
clearly ~shows that the AVERAGE 4.61 4.33 4.32

performance of GMS-GA

is better than GMS-DS and Mahar and Datta (2000) models. Fig. 3.17 shows the
comparison of relative errors achieved by three models as bar diagram. This evaluation of
the results shows that GMS-GA model could be promising one for solving groundwater

pollution source identification problem.
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Fig. 3.17: Comparison of Relative error for first illustrative study area
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3.3.5 Performance of the GMS-DS model for second study area

To check the field applicability and performance of the proposed large aquifer system, the
model is also applied to second illustrative study area. The unknown source flux obtained
by GMS-DS model is compared with the actual concentration. The concentration values
obtained by GMS-DS model are shown in Table 3.10. It can be observed in the table that
the concentration predicted by GMS-DS model is closer to the actual concentration. For
example, the actual concentration at source S1 at first time step is 908.42 gm/sec. The
concentration predicted by GMS-DS model is 1008.12 gm/sec. The actual concentration
at S2, S3, S4 and S5 are 644.01 gm/sec, 0 gm/sec, 0 gm/sec and 987.07gm/sec

Table 3.10: Actual and Estimated concentration for second study area at five
point sources

Time Source Actual GMS-DS Relative Error
Step Location Conc. (gm/sec) (%)
(gm/sec)
S1 908.42 1008.12 10.97
S2 644.02 805.58 25.05
1 S3 0 36.28 -
S4 0 0 -
S5 987.08 711.88 27.88
S1 1130.50 1008.38 10.81
S2 1023.87 1151.43 12.45
2 S3 0 0 -
S4 1024.16 763.95 2541
S5 0 24.10 -
S1 653.35 732.92 12.18
S2 1139.88 1147.11 0.64
3 S3 0 67.51 -
S4 652.05 735.55 12.8
S5 0 97.50 -
S1 902.13 1068.65 18.5
S2 781.09 809.98 3.69
4 S3 0 0 -
S4 1117.45 1080.37 3.32
S5 1104.82 906.99 17.9
S1 721.25 647.13 10.25
S2 889.77 761.36 14.43
5 S3 0 70.76 -
S4 889.77 795.29 10.62
S5 639.93 691.36 8.03
AVERAGE 8.23
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Fig. 3.18: Comparison of concentration obtained by using GMS-DS model with actual

concentration for second illustrative study area

respectively for first time step whereas that are estimated by GMS- DS model are 805.58
gm/sec, 36.28 gm/sec, 0 g/day and 711.88 gm/sec respectively. Fig. 3.18 shows the
comparison of actual concentration and concentration predicted by GMS-DS model using
bar diagram. We have also evaluated performance of the model using relative error. Table
3.10 shows the relative error with respect to the actual concentration for all the source
locations. As shown in the table, the relative errors achieved by GMS-DS model are
varying between 0.64% and 27.88%. The average value of relative error is 8.33%.
Considering the complexity of the problem, the prediction made by GMS-DS model is in

acceptable range.

3.3.6Performance of the GMS-GA methodology in second study area

To check the applicability of GMS-GA model on a large aquifer system, the model is
applied to the second illustrative study area. The concentration value obtained by GMS-
GA is compared with GMS-DS model. Table 3.11 shows the concentration at source
locarions obtained using GMS-DS and GMS-GA methodologies along with the actual
concentration. It can be observed in the table that the concentration predicted by the
GMS-GA model is closer to the actual concentration. For example, the actual
concentration at source S1 at first time step is 908.42 gm/sec. The concentration predicted

by GMS-GA model is 990.72 gm/sec and the concentration predicted by GMS-DS is
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Table 3.11: Actual and Estimated concentration for second study area at five
point sources
Time Source Actual Predicted Conc. (gm/sec)

Step Location Conc. GMS-DS GMS-GA
(gm/sec)
S1 908.42 1008.12 990.72
S2 644.02 805.58 771.30
1 S3 0 36.28 36.19
S4 0 0 0
S5 987.08 711.88 748.60
S1 1130.50 1008.38 1010.78
S2 1023.87 1151.43 1149.70
2 S3 0 0 0
S4 1024.16 763.95 765.87
S5 0 24.10 23.97
S1 653.35 732.92 730.83
S2 1139.88 114711 1133.27
3 S3 0 67.51 66.74
S4 652.05 735.55 733.36
S5 0 97.50 97.07
S1 902.13 1068.65 1068.66
S2 781.09 809.98 807.35
4 S3 0 0 0
S4 1117.45 1080.37 1083.70
S5 1104.82 906.99 910.59
S1 721.25 647.13 656.26
S2 889.77 761.36 775.26
5 S3 0 70.76 70.64
S4 889.77 795.29 797.95
S5 639.93 691.36 690.61

1008.10 gm/sec. For the other sources also the concentration predicted by GMS-GA is
better than GMS-DS model. Fig. 3.19 shows the comparison of these methodologies
using bar a diagram. It can be observed that the concentration predicted by GMS-GA
model is better than the concentration predicted by GMS-DS model. Table 3.12 shows the
relative error achieved by GMS-GA and GMS-DS methodologies. It can be observed that
the relative error achieved by GMS-GA is lesser than GMS-DS model. For the first time
step, relative error achieved for Sland S2 sources by GMS-GA are 9.06%, 19.76%. The
relative error achieved by GMS-DS model are 10.97 %, 25.05% respectively. It is also
noted in the table that average relative error achieved by GMS-GA model is 7.97 %
whereas that is obtained by GMS-DS model is 8.23 %. This clearly indicates that the
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Fig. 3.19: Source Fluxes obtained by using GMS-DS, GMS-GA and comparison with actual

value for second illustrative study area

GMS-GA model is better than GMS-DS model, i.e. the performance of genetic algorithm

(GA) is better than the direct search (DS) algorithm in solving the inverse optimization

problem. Fig. 3.20 shows the comparison of the relative errors of GMS-GA and GMS-DS

models.
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Fig. 3.20: Comparison of relative error (%) achieved by GMS-DS and GMS-GA models for

second study area
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Table 3.12: Comparison of relative error of GMS-DS and GMS-GA models for
second study area

Time Step  Source Relative Error (%)
Location GMS-DS GMS-GA
S1 10.97 9.06
S2 25.05 19.76
1 S3 ; -
S4 - -
S5 27.88 24.16
S1 10.81 10.59
S2 12.45 12.29
2 S3 - -
S4 2541 25.22
S5 - -
S1 12.18 11.86
S2 0.64 0.58
3 S3 - -
S4 12.8 12.47
S5 - -
S1 18.5 18.46
S2 3.69 3.36
4 S3 - -
S4 3.32 3.02
S5 17.9 17.58
S1 10.25 9.01
S2 14.43 12.87
5 s3 ) i
S4 10.62 10.32
S5 8.03 7.92
AVERAGE 8.23 7.97

3.4 Evaluation of GMS-GA and GMS-DS models with respect to computational time

and objective function value

The performance of GMS-DS model and GMS-GA model are also evaluated in terms of
computational time and objective function values achieved at the optimal solution. Table
3.13 shows the comparison of the objective function value and computational time
requirement for GMS-GA and GMS-DS methods for both the study areas. It may be
observed from the table that for the first study area, the time required for solving the

problem by GMS-GA model is 2 days lhour 15 minutes and 24 seconds. On the other
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Table 3.13: Objective function value and computational time required by GMS-GA
and GMS-DS models

Study Model Objective Computational Time
Area function (DD:HH:MM:SS)
value

. GMS-GA  1.34E-06 02:01:15:24
Fist  GMs-Ds  1.56E-06 02:03:03:20
GMS-GA  1.34E-06 05:01:54:45

Second
GMS-DS  4.22E-05 0503 00 32

hand the time required by GMS-DS model is 2 days 3 hours 3 minutes and 20seconds.
This has shown that GMS-GA model is computationally little bit efficient than the GMS-
DS model. For the second study area, time required by GMS-GA model to solve the
problem is 5 days 1 hour 54 minutes and 45 seconds. On the other hand the time required
by GMS-DS model is 5 days 3 hours and 32 seconds. In this case also GMS-GA model is
computationally more efficient than GMS-DS model. From the objective function value
point of view, both the models have high predicting capability in identification of
unknown groundwater pollution sources but GMS-GA model show slightly better results

than the GMS-DS model.

3.5 Conclusions

In this chapter we have developed a new simulation-optimization methodology by liking
groundwater simulation system GMS with the Matlab based optimization model. The
optimization model is solved using direct search (DS) method and also using genetic
algorithms (GA). As GMS has the capability to simulate complicated real world
groundwater simulation model, the developed methodology can be applied to obtain the
unknown pollution sources of real world aquifer system. The performance of the model is
evaluated by using an illustrative study area which was used by Mahar and Datta (2000).
The evaluation of the results show that both the models, i.e. GMS-DS and GMS-GA are
slightly better than the model proposed by Mahar and Datta (2000). Further, the GMS-
GA is slightly better than GMS-DS model. The model is also applied to a large scale
aquifer system. In this study area also, GMS-GA model evolves as a slightly better than

GMS-DS model. This limited performance evaluation shows that methodologies could be
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promising one for solving real world source identification problem. The main
disadvantage of the models is that they are computationally very extensive. It takes up to
few days to solve a relatively medium scale source identification problem. The
computational time required to solve the problem is directly related to the computational
time required by the aquifer simulation model. The computational time can be reduced by
using simplified aquifer simulation models. The next chapter deals with the development

of source identification model using approximate simulation model.
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Chapter 4

Development of ANN Based Simulation-Optimization Models
for Identification of Unknown Groundwater Pollution Sources

4. General

In the previous chapter, GMS is linked with optimization model for solving groundwater
pollution source identification problem. GMS has the capability to simulate complicated
real world groundwater simulation model. As such, the linking of GMS with the
optimization model has facilitated to solve complicated real world source identification
problem. Performance of the methodology is also better than the embedded optimization
approach. However, the approach is computationally extensive. It takes up to few days to
solve a source identification problem of a medium scale groundwater aquifer. The
computational time can be reduced by using approximate simulation model. In this
chapter, we have developed a simulation-optimization model using ANN as the
approximate simulator of groundwater aquifer process. The ANN model is linked
externally with the inverse optimization model which has been solved using direct search
method and genetic algorithms. The performance of the model is evaluated using the two

illustrative study areas.
4.1 Methodology Development

4.1.1 Development of simulation-optimization methodology

In order to achieve efficiency in computational time, ANN model is proposed to simulate
flow and transport processes in aquifer in place of GMS model. The ANN model is linked
with the inverse optimization model for identifying the unknown groundwater pollution

sources. Initially, the inverse model is solved using direct search (DS) optimization
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Fig. 4.1: Schematic representation of ANN-DS and ANN-GA Model

algorithm. The approach can be named as ANN-DS mode. The model is also solving
using genetic algorithms (GA). This approach is designated as ANN-GA model. Fig. 4.1
shows the schematic representation of ANN-DS and ANN-GA methodologies. The ANN
model is developed using ANN toolbox available in Matlab which is then used to

Fig. 4.2: Flow chart of ANN-DS algorithm
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calculate the objection function value of the source identification optimization model.
Fig. 4.2 shows the flowchart of ANN-DS simulation-optimization model. The ANN
simulator is repeatedly called by the optimization model to evaluate the error function.

The iterative process is continued until termination criteria are not satisfied.

The model is also solved using Genetic Algorithms. Fig. 4.3 shows the flow chart of
ANN-GA based simulation-optimization model. The GA based simulation-optimization
algorithm starts with the generation of initial population. The initial population is
generated randomly between specified upper and lower bounds. The populations are then
sent to the objective function sub-routine for calculation of objective function value of
each individual of the population. The objection function considered here is an error
function which minimizes the difference between the observed and simulated
concentration of contaminants at observation locations. The simulated concentration is
calculated using ANN simulator. The solutions are then check for termination criteria. If
the termination criteria are satisfied, the optimal solution will be displayed. Otherwise,

the solution will pass through the genetic operators to obtain new solutions. This iterative

1%

Pop with Termination
all fitness Criteria .
P solution

vaiues Satisfied?
N
Objective Function N Apply reproduction,
New
. crossover and
population

ANN Model mutation operators

Fig. 4.3: Flow chart of ANN-GA algorithm

process will continue until termination criteria are not satisfied.

4.1.2 Development of ANN model
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In order to achieve efficiency in computational time, Artificial Neural Networks (ANN)
model is used in place of GMS model for simulating the flow and transport processes in
aquifer. We have used single hidden layer standard feed-forward network and the
network is trained using back propagation algorithm. The data required for training the
ANN model is generated by using GMS model. For solving the source identification
problem, we need to find out the simulated concentration at the observation locations.
The objective of the simulation model is to predict the concentration at observation wells.
Thus the output from the ANN model is the concentration at the observation wells at

different time steps. The pollutants sources in the aquifer are the input to the ANN model.

There are eight observation wells in both the study areas. We have developed eight ANN
models, each model predicts the concentration at a particular well only. This is done here
as the performance of the ANN model is not acceptable when all the observation wells

are considered in a single model.
4.1.2.1 Development of ANN model for first study area

An ANN model is developed to simulate the flow and transport processes for the first
study area (Fig. 3.8). The ANN model has three neuron layers such as input, output and
hidden layers. There are three pollutants sources in the aquifer and the aquifer is
simulated for a period of five years at an interval of three months. The input to the ANN
model is the entire source fluxes of five year which is equal to 60. The output of the ANN
model is the concentration at the observation wells. There are eight observation wells. As
such, total number of output from the ANN model is equal to 160. Around 2000 data are
generated using the GMS model for training and validation of the ANN model. As the
number of input and output are very large, it is become difficult to train the ANN model
in standard workstation. Thus, we initially tried to develop the ANN model using only
500 patterns. The sigmoidal transfer function is used in the hidden neurons and linear
transfer function is used in the output neurons. The network is trained using Levenberg
Marquardt algorithm. With 60 inputs and 160 outputs, the ANN architecture can be
represented as 60-HN-160. Where HN is the number of hidden neurons. We tried to train
the ANN model with different values of hidden neurons. However, model performance
was not as expected. Three different statistical criteria are used to evaluate the
performance of the ANN model. They are average absolute relative error (AARE),

threshold statistics (TS) and coefficient of correlation (R). For the best combination of 60-
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Table 4.1: Performance of the ANN Model for first study area

Output AARE R Output AARE R
Ol11 7.50 0.006 051 76.67 0.04
O12 15.70 0.05 052 18.93 0.95
013 3541 0.001 053 70.12 0.99
o14 516.22 0.16 054 61.31 0.99
015 1707.50 0.006 055 55.24 0.99
021 116.97 0.38 061 95.52 0.21
022 68.96 0.22 062 91.10 0.94
023 93.79 0.13 063 8.29 0.98
024 1017.41 0.60 064 22.82 0.99
025 484.90 0.01 065 36.46 0.99
031 87.59 0.002 071 87.59 0.03
032 53.00 0.08 072 248 0.007
033 61.73 0.28 073 41.02 0.97
034 2.63 0.69 074 10.41 0.97
035 19.84 0.39 075 11.53 0.89
041 536.79 0.01 081 767.23 0.31
042 57.87 0.39 082 45.13 0.16
043 10.14 0.97 083 3.93 0.77
044 21.29 0.99 084 28.80 0.45
045 36.10 0.04 085 10.35 0.19

100-160 ANN structure, Table 4.1 shows the performance of the ANN model on the basis
of R and AARE values. The R and AARE values for observation well 1, at first and
second time steps are 0.006, 7.50 and 0.05, 15.70 respectively. It is observed that, for the

other outputs also, the model performance is very poor. Thus it can be conclude that, for
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this study area, this ANN simulator cannot be used to simulate the flow and transport

processes of the aquifer.

In order to improve the performance of ANN model, we have developed eight different
ANN models for predicting concentration at observation wells, i.e. each ANN model will
predict the concentration of a particular observation well only. The problem is now much
smaller with input to the ANN model is the source fluxes at source locations, which is
equal to 60. The output from the ANN model is the concentration at the observation
wells, which is equal to 20. The ANN architecture for the first study area is therefore 60-
HN-20. Where HN is the number of hidden neurons. The optimal number of hidden
neurons required has been calculated using trial and error method. An experiment is also
conducted to obtain the other parameters of the ANN models. The network is trained
using Levenberg Marquardt algorithm. Around 2000 data are generated using the GMS
model for training and validation of the ANN model. Out of the 2000 patterns, 60% is

used to train the networks and 20% each is for validation and prediction of the model.

4.1.2.2 Development of ANN model for second study area

In the second study area (Fig. 3.9), there are five pollution sources and simulation is
performed for five years at an interval of three months. As such, total input to the ANN
model is equal to 100. The outputs from the ANN model are the concentrations for the
entire simulation period at an observation well. As such, the total output of the ANN
model is equal to 20. The ANN architecture for the second study area is 100-HN-20,
where HN is the hidden neurons. For this study area also, an experiment has been
conducted to find out the number of hidden neurons and other model parameters for
optimal performance of the model. Based on the experimental study we have used 65
hidden neurons for the second study area. The sigmoidal transfer function is used in the
hidden neurons and linear transfer function is used in the output neurons. The network is
trained using Levenberg Marquardt algorithm. In this study area also, around 2000 data
are generated using the GMS model for training and validation of the ANN model. Out of
the 2000 patterns, 60% is used to train the networks and 20% each is for validation and

prediction of the model.

4.1.3 Artificial Neural Network (ANN)
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We used artificial neural network (ANN) as an approximate simulator of aquifer
processes. ANN is considered as a universal approximator which mimics the function of
the human brain by acquiring knowledge through the process of learning. During the
process of learning, ANN finds optimal weights for the synaptic connections between the
artificial neurons of the network. Once the ANN is trained, the model can be used to
predict the output based on the information fed to the input nodes. Artificial neural
networks are important alternatives to the traditional methods of data analysis and

modeling. The major aspects of the artificial neural networks are:

v" Set of processing units called neurons
v" State of activation for the inputs to the network.

v" Output function for each unit.

T\

)
N

Fig. 4.4 ANN architecture

v" Pattern of connectivity among various units.

v' Learning rule whereby patterns of connectivity are modified by experience.

Artificial neural network (ANN) is a recent tool in the field of function mapping which
off late has attracted scientists and technologist from the field of Water Resource
Engineering to model complex input output relationship. The ability to gather knowledge
through the process of learning, like a human brain, from sufficient input patterns make it
possible to apply the ANN scale to real world problems (Bhattacharjya et al, 2009). To
date many kinds of neural network architectures have been developed. One of the popular
neural network architectures is the feed forward network model. Feed forward ANNs

allow signal to travel one way only, from input to output. There is no feedback (loops)
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i.e., the output of any layer does not affect the same layer. Feed forward ANNs tend to be
straight forward networks that associate inputs with outputs. A feed forward network has
a sequence of layers consisting of a number of neurons in each layer. The output of
neurons of one layer becomes input to neurons in succeeding layer. The first layer, input
layer, receives data from the outside world and feed to hidden layers. The last layer,
output layer, sends information to users. By this way, non-linear relationship is developed
in the network. After choosing the network architecture, the network is trained by
providing the data in the form of several input output pairs. During the training process,
the network adjusts its weights to minimize the error between predicted and actual output.
This network requires much time for training. The feed forward back-propagation has
one-way connections from input to output layers. They are most commonly used for
prediction, pattern recognition, and nonlinear function fitting. Supported feed-forward
networks include feed-forward backpropagation, cascade-forward backpropagation, feed-
forward input-delay backpropagation, linear, and perception networks (Hassoun, 1999).
The Artificial Neural Network is discussed in details in ASCE Task Committee (2000),
Hassoun (1999), Rao et al. (2004), etc.

This study uses feed-forward neural network. Fig. 4.4 shows the schematic representation

of the ANN structure. The input output relation for the network can be written as,

Where, § is the input vector (source values), C is the output vector (concentration), W is
the weight matrix for the synaptic connections between input and hidden layer, V is the
weight matrix for the synaptic connections between hidden and output layer, b, is the
biases in the hidden layer, b, is the biases in the output layer, @, is the transfer function
for the neurons in hidden layer and @, is the transfer function for the neurons in the

output layer.

4.1.3.1 Advantages of Artificial Neural Network

The ANN modeling has a number of distinct advantages. First, no mathematical
algorithm is required to build the model. The networks simply learn from the sample data
and generate a black-box-type relationship. Conventional modeling requires mathematical
algorithms to describe these uncertainties, where a neural network simply learns the

process based on past experience shown through the data (DibiKe and Solomatine, 1999).
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Second, the ANN modeling approach is fast and flexible. Since there is no need to build a
physical model and generally no special laboratory tests are required, even a complicated
neural network model can be completed relatively quickly once the data are collected. In
addition, if some changes in the treatment process are necessary, the network can be
quickly adjusted to the new processes through model training, in which the new data
describing the new processes are added to the network’s learning procedure (Kisi and
Asce, 2004). Third, the ANN can handle nonlinear relationship well, due to its inherent
non-linear data structure and computation process (ASCE Task Committee, 2000). The
capacity for modeling the nonlinear relationship makes the neural network modeling well
suited for forecasting. Fourth, neural networks tend to be inherently fault-tolerant, as their
data structure is loosely organized and there is no boundary limit on the input parameters.
Depending on the significance of the parameters in the neural network architecture, the
impact of the false input can be either blocked within the data structure or reduced in
magnitude due to the nonlinear calculations inside the data structure. This fault- tolerance

feature is critical for the real-time process control (ASCE Task committee, 2000).

4.1.3.2 Limitation of Artificial Neural Network System

Currently, ANNs are usually simulated in software and thus limited by the power of our
computers. Even quite simple networks can take weeks to train. Their long evolutionary
history gives human brains a big advantage over ANNs — a lot of structure (e.g.
modularity) and knowledge is innate, and does not need to be learned. Other factors (e.g.
learning rates) have also been optimized over many generations. One can simulate
evolution for ANNs, but again can run into resource limitations. Another problem is that
choosing appropriate input, output and internal representations for ANNs can be far from
straightforward. There remains considerable uncertainty over what representations are
used in real brains (e.g. invariant representations). Often it makes sense to model
processes at a higher level of abstraction. We know that our brains are neural networks
and that they can manipulate symbols, but training an ANN is unlikely to be the best way
to go about building an artificial intelligence system that have good reason to believe is

most easily formulated in terms of manipulating symbols (James and David, 1991).
4.1.3.3 Learning rule for Feed-Forward Back-propagation (FFBP)

Generally feed forward networks are trained using a back-propagation (BP) learning

algorithm. Back propagation refers to the propagation of error back through the network
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from output layer through hidden layers towards input layer. The calculation of output is
carried out, layer by layer, in the forward direction. Then, the weights of hidden layers are
adjusted by propagating the error back through the network (DibiKe and Solomatine,
1999). The neural network structure, in this study possessed a three-layer learning
network consisting of an input layer, hidden layer and an output layer. Back propagation
needs feed forward neural network, where in interlayer connections feed the neuron’s
output into the neurons in the next forward layer. Training of the artificial feed forward
neural network by using back propagation algorithm involves two passes. In the forward
pass the input signals propagate from the network input to the output. In the reverse pass,
the calculated error signals propagate backward through the network, where they are used
to adjust weights. The calculation of output is carried out, layer by layer, in the forward
direction. In the reverse pass, the weights of the output layer are adjusted first, since the
target value of each output neuron is available to guide the adjustment of associated
weights. Then the weights of hidden layers are adjusted by propagating the error back
through the network (ASCE Task committee, 2000). In fact, the development of
backpropagation is one of the main reasons for the renewed interest in artificial neural
networks. The input-output pairs are used to train a network until the network can
approximate a function (Haykin, 1999). Backpropagation provides a computationally
efficient method for changing the weights in a feed-forward network (ASCE Task
Committee, 2000).

The general mathematical forms of the output units in FFBP network is as follows:
net); = YL, wjt xp; + 6! 4.2)

where input vector, x, =(x, x,, xpN)’, is applied to the input layer of the network.

The input units distribute the values to the hidden, wj.’l. is the weight on the connection
from the ith input unit, and 6?/’.' is the bias term (this term is a weight on a connection that

has its input value always equal to 1).

Assume that the activation of this node is equal to the net input; then, the output of this

node is

. n
ipj = f] (netp; (4.3)
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The equations for the output nodes are

nety, = 2§=1ng i+ 6g 4.4)

opic = Jj, (netgy) (4.5)

where the “0” superscript refers to the quantities on the output layer.

4.1.3.4 Levenberg-Marquidect Algorithm

yi

a = logsigin) a = tansig(n)

Log-Sigmoid Transfer Function Tan-Sigmoid Transfer Function

a = purelin(n)
Linear-Transfer Transfer Function

Fig. 4.5 Transfer function of feed forward neural network

The Lvenberg-Marquardt (LM) Algorithm is an iterative technique that locates the
minimum of a function that is expressed as the sum of squares of nonlinear functions. It
has become a standard technique for nonlinear least-squares problems and can be thought
of as a combination of steepest descent and the Gauss-Newton method. In mathematics
and computing, the Levenberg—Marquardt algorithm is also known as the damped least-

squares method.
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4.1.3.5 ANN transfer function

The tansig, logsig and purelin transfer function are most commonly used for developing
the ANN model. It is the ratio of the output of a system to the input of a system.
Mathematically the transfer function is a function of complex variables. Fig. 4.5 shows

the transfer function of the feed-forward neural network.

4.1.3.5.1 Neuron Model (tansig, logsig, purelin)

Multilayer networks often use the log-sigmoid transfer function logsig. The function
logsig generates outputs between 0 and 1 as the neuron's net input goes from negative to
positive infinity. Alternatively, multilayer networks may use the tan-sigmoid transfer
function tansig. Occasionally, the linear transfer function purelin is used in
backpropagation networks. If the last layer of a multilayer network has sigmoid neurons,
then the outputs of the network are limited to a small range. If linear output neurons are
used the network outputs can take on any value. In backpropagation, it is important to be
able to calculate the derivatives of any transfer functions used. The three transfer
functions described here are the most commonly used transfer functions for
backpropagation, but other differentiable transfer functions can be created and used with

backpropagation if desired.
4.1.3.5.2 Update of Output-Layer Weights

From the delta rule, the error at a single output unit to be 8, = (Ypr — Opk), Where the

subscript “p” refers to the pth training vector, and ‘k’ refers to the K" output unit.
The error that is minimized by sum of the squares of the errors for all output units
1
Es/= Ezﬁle 85k (4.6)

To determine the direction in which to change the weights, calculate the negative of the

gradient of E,,VE , with respect to the weights, w,;. Then we can adjust the values of

the weights such that the total error is reduced. Each component is considered separately

to make it simple. So from equation (4.6)

E= %3 (Vpr — Opk)2 4.7)
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9Ep _ B afo d(netpy)

We have used equation (4.5) for the output value,o0, , and the chain rule for partial

derivation. The last factor in equation (4.8) is

a(netpy ) d L o : o ,
owg; owp; j=1Wkjlpj T Oc )= pj (4.9)

Combining Eqgs. (4.8) and (4.9), we have the negative gradient

OF. .
——L = (Ypi — Opic) J;, (net )iy (4.10)

= =
awkj

As far as the magnitude of the weight change is concerned, we take it to be proportional

to the negative gradient. Thus, the weights on the output layer are updated according to

w;i(t + 1) = (t) + Vowy, (t) (4.11)
where Vowij = N(Ypk = Opk) f;(netgk)ipj (4.12)
The factor 7is called the learning rate parameter.

There are two forms of the output function that are of interest here:

fko(net]?k) = netf,

(4.13)
[ (netf) = (1 + e i)~ (4.14)

The function (4.14) defines the linear output unit. The function (4.14) is called a sigmoid
or logistic function. The choice of output function depends on how to choose to represent
the output data. If we want the output unit to be binary, we should use a sigmoid output

function. In other cases, either a linear or a sigmoid output function is appropriate. In the
first case, flf = 1; in the second case, f; = fko(l - f;) = 0px (1 — 0, ). For these two

cases, we have
ngj(t + 1) = ngj(t) + n(ypk - Opk)ipj (4.15)

For the linear output,
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W,‘(’j(t +1) = W,?j(t) + n(ypk - opk)opk(l — Opy)ipj (4.16)
4.1.3.5.3 Network sizing, Weights and Learning Parameters

Generally, three layers are sufficient to forming a network. Sometimes it seems to be
easier to solve more than one hidden layer. In this case, easier means that the network
learn faster. The size of the input layer is usually dictated by the nature of the
application. Determining the number of units to use in the hidden layer is not usually as
straightforward, as it is for the input and output layers. The main idea is to use few
hidden- layer units as possible, because each unit adds to the load on the CPU during
simulations. If the network fails to converge to a solution, it may be that more hidden
nodes are required (ASCE Task Committee, 2000). Weights should be initialized to small,
random, that appear in the equations for the input to a unit. It is common practice to treat

this bias value as another weight, which is connected to a fictitious unit that always has an

output of 1.
So netp, = Z§=1 Wy ipj + 0F 4.17)
By making the definitions, 6p = W;()(L +1) and ipp+1)=1 , We can write

netp;, = JL;’% Wij lpj (4.18)

So 6 is treated just like a weight, and it participates in the learning process as a weight.

Another possibility is simply to remove the bias terms altogether, their use is optional.
Selection of a value for the learning rate parameter 77 has a significant effect on the
network performance. Usually, 7must be small number. A value of 7 means that the
network will have to make a large number of iterations. Increasing 77 as the network error
decreases, will often help to speed convergence by increasing the step size as the error
reaches a minimum. The performance of the FFBP was found to be superior to
conventional statistical and stochastic methods in the continuous flow series prediction
(ASCE Task Committee, 2000). The FFBP algorithm has some drawbacks such as the
local minima problem. In the review study of the ASCE Task Committee (2000), other
ANN methods such as conjugate gradient algorithms, the radial basis function, the
cascade correlation algorithms and recurrent neural networks were explained to overcome

this local minima problem.
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4.1.4 Criteria for Model Evaluation

We have applied three statistical criteria for evaluating the performance of the ANN
model. Of the several numerical indicators, the three important ones selected for the
present study were the average absolute relative error (AARE) (Bhattacharjya et al.,
2007), threshold statistics for an absolute relative error level of x% (TSx) (Jain and

Kumar, 2006) and coefficient of correlation (R) (Bhattacharjya et al., 2007).
4.1.4.1 Average absolute relative error (AARE)

The average absolute relative error is a measure of error in estimating pollutant
concentration. The AARE is defined as the average relative error in forecasting pollutant

concentration (Jain et al., 2001).The AARE can be estimated using the following equation

ock-sck
sck

AARE:%Z¥| X 100 @.1)

Here, OCK is the observed concentration at well location o for k™ time steps by GMS
model ; SC¥ is the simulated concentration at observed location o for k™ time steps by
ANN model; Wé‘ is the mean of observed concentration at well location for k™ time
steps by GMS model; SC¥ is the mean of simulated concentration at observed location o
for k™ time steps by ANN model; n, is the number of data points for which ARE is less

than x%, N is total number of data points computed.
4.1.4.2 Absolute relative error (ARE)

The absolute relative error is a statistical parameter which is considered as performance
statistics to quantify the performance of the predicted model (Jain et al., 2004). The

absolute relative error can be written as

ock-sck
ARE=|_JLT_i

S

X 100 (4.20)

4.1.4.3 Coefficient of Correlation (R)

The R value close to 1 indicates good agreement between the observed and predicted

values (ASCE Task Committee on Definition of Criteria for Evaluation of Watershed
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Models 1993). MSE is a network performance function. It measures the network's
performance according to the mean of squared errors.

N k_Ark k_<rk
0Cy—-0C SCs—SC
oo 22 (0c§-0C§ H(sck-5ck ) W)

\/zll"(oc[,‘—ﬁg )2(sck-sck 2

4.1.4.4 Threshold Statistics (TSx)

Thresholds statistics were computed for ARE levels of 5%, 10%, 20%, 30 %, 40 % and
50% in this study. It is noted that lower AARE values and higher TSx values would
indicate good model performance (Jain and Kumar, 2006). Correlation coefficient values
close to 1.0 indicate good model performance. (Jain and Kumar, 2006). The TS and
AARE statistics measure the effectiveness of a model in terms of its ability to accurately

predict data from a calibrated model (Jain et al. 2001). The TSx can be expressed
Ny
TSx=F X 100% (4.22)

Where n, is the number of pattern whose ARE value is less than x%, N is the total

number of pattern.
4.2 Results and Discussion

4.2.1 Performance of the ANN model for first study area

The performance of the ANN model as an approximate simulator of the flow and
transport processes in grounwater aquifer is evaluated on the basis of three stastical
criteria, i.e. average absolute relative error (AARE), threshold statistics (TS) and
coefficient of correlation (R). The performance of the model is also evaluated for error

free and erroneous data.

Fig. 4.6 to Fig. 4.13 show the scatter plots between ANN computed and GMS simulated
outputs for first study area. The x-axis of the plot represents the predicted concentration
by the ANN model and y-axis represents the concentration simulated by the GMS model.
Fig. 4.6 shows the scatter plots for observation well 1 at five time steps. It can be
observed that the linear fit line makes an angle approximatly equal to 45° with the x-axis

and coefficient of correlation value is 0.9922. This shows that the ANN prediction is quite

TH-1299 11610417



83

120 - 120 -
g R*=0.992 = R? = 0.993
s g
g ‘é’ 90
S =
S 3
g £ 60
O O
= -
2 E 30
9 1)
< <
0 T T T 1 O T T T 1
0 30 60 90 120 0 30 60 90 120
Predicted Concentration Predicted Concentration
Output 11 Output 12
120 120
g 8
g 0
5 5
Q Q
=] 60
5) S
@) @)
E Ho
i3} 3]
< 2
0 T T T 1 0 ! ! ! 1
0 30 60 90 120 0 30 60 90 120
Predicted Concentration Predicted Concentration
Output 13 Output 14
120 -
= R?2=0.925 *
.2
g 90
=
Q
2 60
5
@)
'§ 30
151
<
O T T T 1
0 30 60 90 120
Predicted Concentration

Output 15

Fig. 4.6: Scatter Plot for Well 1 for first study area
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Fig. 4.11: Scatter Plot for Well 6 for first study area

TH-1299 11610417




89

120 - 120 -
2 _
= R?=0.993 _ R? - 0.986
.9 1S
e} -
g 2 60 -
o 3
g Tg 30 .
) I3}
< <
O T T T 1 0 _P T T T 1
0 30 60 90 120 0 30 60 90 120
Predicted Concentration Predicted Concentration
Output 71 Output 72
120 -~ 1200 -
=
g R?=0.976 S 1000 | R=0.994
= 90 1 g
5 £ 800
5} 3
2 60 - S 600
S 3
o — 400
3 304 E
b éE 200
0 =T T T T 1 0 T T T 1
0 30 60 90 120 0 300 600 900 1200
Predicted Concentration Predicted Concentration

Output 73

Output 74

1200
1000
800
600
400

200

Actual Concentration

0 T T T

300 600 900

Predicted Concentration

1200

Output 75

Fig. 4.12: Scatter Plot for Well 7 for first study area

TH-1299 11610417




90

1200 150 -
= = m
2 R?=0.997 2 R?=0.993
s 900 s
i £ 100
Q Q
2 600 2
3 S
= =
El 300 3
Q Q
< <
0 T T T 1 0 T T 1
300 600 900 1200 0 50 100 150
Predicted Concentration Predicted Concentration
Output 81 Output 82
1200 1200 -
= =
.S R?=0.992 .S 1000 4 R*=0.994
g 900 8
= = 800
() Q
2 600 2 600
3 S
—_ — 400
S 300 s
5 S 200
< <
0 T T 1 0 T T T 1
300 600 900 1200 0 300 600 900 1200
Predicted Concentration Predicted Concentration

Output 84

Output 83

1200 ~
=
.2
—
g 900 -~
=
Q
2 600 -
5
@)
=
El 300 -+
Q
<

O = T T T 1
0 300 600 900 1200
Predicted Concentration

Output 85

Fie. 4.13: Scatter Plot for Well 8 for first studv area

TH-1299 11610417




91

—@— GMS

—@— GMS

0 300 600 900 1200 1500 1800

Time (days)

500 - 3500
450 4 Well 1 @- - Mahar and Datta (2000) = @ -Mahar and Datta (2000)
— 3000
400 - £
T 350 - 82500
§300 - § 2000
= 250 =
,g 200 - ":;:' 1500
£ 150 - 3 1000
S 100 onest 5
§ 50 | . O 500 -
o 0 T T T T T Lol 0 Cati0, 0-0-0-0-0-0—
0 300 600 900 1200 1500 1800 1000 1500 2000
Time (days) Time (days)
900 - 800
800 | Well 3 _. 700 -
€ 700 g_ 600
2 o
< 600 - g 500
5 € 300
g 300 - ]
= £ 200
g 299 S 100
100 O=0=0=0=0=8 — @ -Mahar and Datta (2000) = ®- - Mahar and Datta (200
O T T T T T 1 ! ! ! ! !
0 300 600 900 1200 1500 1800 600 900 1200 1500 1800
Time (days) Time (days)
3500 - Well 5 —@— GMS —0— GMS
3000 - P — ® - Mahar and Datta (2000) 1400 = ® -Mahar and Datta (2000)
z F1200 o
o
& 2500 81000 Ve
§ 2000 c y
g § 800 j
© -
£ 1500 g 600 2
Q
g 1000 § 400
O 500 ° S 200
0 0 : . . . )
0 300 600 900 1200 1500 1800 600 900 1200 1500 1800
Time (days) Time (days)
900 - —0— GMS 700 —8— GMS
— 800 - well 7 = ® -Maharand a.a.(ZOOO) — 600 = ®-_- Mahar and Datta (2000)
E 700 - o E e,
£ 600 - 5‘ a 500
c 4 -y
S 500 - 0 o 400 J
S 400 - s © /
5 £ 300
300 - o
g o g 200 s
S 200 - o S pr
o 100 O=9=9=9=@® O O 100 o=0=@ .".%.
0 T T T T T 1 0 T T T T 1

600 900 1200 1500 1800

Time (days)

study area

Fig. 4.14: Shows the breakthrough curve generated for eight observation locations of first

TH-1299 11610417




92

good. Fig. 4.7 to Fig. 4.13 show the scatter plots for observation wells 2, 3,4, 5, 6, 7 and
8. It can be observed from the figures that, the ANN prediction and GMS simulation
results are almost similar for these wells. These show that that ANN model has high
predicting capablity in simulating the flow and transport processes in groundwater
aquifer. Fig. 4.14 shows the breakthrough curve generated for eight observation locations
of first study area by using ANN and GMS models. It is observed in the figure that the

breakthrough curves are comparable and follow the same pattern.

4.2.2.1 Performance of ANN Model with error free data

Initially, the performance of the model is evaluated for error free data, i.e. the model is
trained using the data generated using the GMS model. The performance of the model is
evaluated on using average absolute relative error (AARE), threshold statistics (TSx) and
coefficient of correlation (R) criteria. Table 4.2 shows the value of AARE, R and TSx for
different output at different times. The AARE and R values for the first observation well
at first time step is 3.93 and 0.985 respectively. For the second time step, the AARE and
R values are 2.26 and 0.997 respectively. These values are quite encouraging and show
the good predicting capability of the ANN model. For the other observation wells also,
the value of AARE and R values are quite encouraging and in acceptable region (ASCE
Task Committee, 2000). The highest and lowest value of AARE is 7.11 and 1.33 with an
average value of 3.050. For the co-efficient of co-relation (R), the highest and lowest
value of R is 0.998 and 0.943 respectively with an average value of 0.984. The
performance of the model is also superior in terms of TSx statistics. The highest value of
TS5 is 97.80% and lowest value is 70.04% with an average value of 88.47%. It means
that on an average ARE values for that 88.47% pattern are less than 5%. The highest
value of TS10, TS20, TS30, TS40 and TS50 are 99.6%, 100%, 100%, 100% and 100%
and lowest values are 84%, 90%, 95.80%, 98%, and 99.80% respectively. The average
values of TS10, TS20, TS30, TS40 and TS50 are 94.47%, 96.98%, 98.87%, 99.64% and
99.90% respectively. This shows that ARE values for that 88.47% patterns are less than
5%; 94.47% patterns are less than 10%; 96.98% patterns are less than 20%; 98.87%
patterns are less than 30%; 99.64% patterns are less than 40% and 99.90% patterns are
less than 50%. Thus, it can be concluded that for the first study area, the performance of
the ANN model is quite encouraging and the ANN model can be used to simulate the

flow and transport processes of the aquifer.
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Output | AARE R TSx
5% 10% 20% 30% 40% 50%
011 3.93 0.985 83.20 93.40 95.20 99.40 99.80 100.00
012 2.26 0.997 93.20 96.20 99.80 100.00 | 100.00 | 100.00
013 2.28 0.997 87.60 97.00 99.60 99.80 100.00 | 100.00
014 2.87 0.994 85.00 95.20 98.40 99.80 100.00 | 100.00
015 1.39 0.999 98.00 99.60 100.00 | 100.00 | 100.00 | 100.00
021 5.54 0.98 75.80 88.80 92.60 97.20 98.80 100.00
022 3.63 0.991 89.20 92.60 94.20 98.20 100.00 | 100.00
023 2.34 0.996 93.00 96.40 97.80 99.60 100.00 | 100.00
024 1.44 0.999 96.60 99.60 100.00 | 100.00 | 100.00 | 100.00
025 6.30 0.974 79.20 86.60 90.40 96.00 99.00 100.00
031 1.32 0.979 72.80 84.00 94.00 96.40 98.00 100.00
032 1.449 0.998 96.00 99.60 100.00 | 100.00 | 100.00 | 100.00
033 3.33 0.985 89.60 92.80 95.60 98.60 100.00 | 100.00
034 2.841 0.993 88.00 94.00 98.00 99.60 98.60 100.00
035 2.596 0.994 91.40 95.00 97.80 99.60 100.00 | 100.00
041 1.62 0.99 95.05 97.40 100.00 | 100.00 | 100.00 | 100.00
042 1.34 0.994 96.40 99.60 100.00 | 100.00 | 100.00 | 100.00
043 4.90 0.943 79.60 90.40 92.40 96.40 98.80 100.00
044 1.33 0.998 99.40 100.00 | 100.00 | 100.00 | 100.00 | 100.00
045 2.69 0.985 92.40 94.40 97.20 99.60 100.00 | 100.00
051 1.36 0.998 98.40 99.60 100.00 | 100.00 | 100.00 | 100.00
052 2.19 0.992 91.20 97.80 99.40 100.00 | 100.00 | 100.00
053 3.81 0.979 91.60 93.40 94.40 96.60 99.00 100.00
054 3.37 0.98 90.80 93.40 94.80 97.60 99.40 100.00
055 5.64 0.97 77.80 88.40 90.80 95.80 98.80 100.00
061 2.90 0.986 89.00 94.60 98.40 99.40 100.00 | 100.00
062 1.449 0.997 93.20 99.20 100.00 | 100.00 | 100.00 | 100.00
063 3.22 0.98 90.00 93.40 96.00 98.60 100.00 | 100.00
064 7.11 0.926 70.04 85.80 90.00 96.00 98.60 100.00
065 2.571 0.987 91.80 95.20 98.60 100.00 | 100.00 | 100.00
071 2.94 0.986 86.80 94.40 98.20 99.60 100.00 | 100.00
072 4.89 0.968 79.80 87.20 90.80 96.80 99.20 100.00
073 1.334 0.998 97.80 99.40 100.00 | 100.00 | 100.00 | 100.00
074 6.687 0.95 71.60 89.40 95.00 97.00 98.20 99.80
075 5.533 0.959 75.20 91.60 97.00 98.80 99.40 100.00
081 1.776 0.996 91.60 98.40 99.80 100.00 | 100.00 | 100.00
082 2.254 0.995 93.60 97.80 99.40 100.00 | 100.00 | 100.00
083 3.201 0.976 91.00 93.80 95.60 99.00 100.00 | 100.00
084 1.442 0.998 97.20 99.60 100.00 | 100.00 | 100.00 | 100.00
085 2.956 0.996 89.00 93.80 98.00 99.20 100.00 | 100.00
Average 3.05 0.9847 88.47 94.47 96.98 98.87 99.64 99.99
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4.2.1.2 Performance of ANN model with erroneous data

The performance of the ANN model is also evaluated using erroneous data, i.e. error
associated with the pattern due to the imprecise measurement. This error is a random
error. Therefore, the training patterns are perturbed by adding normally distributed
random error with standard deviation SD and mean zero. We have added error with SD
0.05, 0.10, 0.15 and 0.20. The magnitude of error is more for higher value of SD. Table
4.3 shows the performance of the ANN model when the model is trained with normally
distributed error generated for SD values of 0.05. In this case, the highest and the lowest
AARE values are 8.95 and 1.78 respectively with an average of 3.754. This value is small
and acceptable range. The highest and the lowest value of R is 0.998 and 0.926
respectively with an average value of 0.978. The AARE and R values for all the output
are shown in Table 4.3. The performance of the model with erroneous data with SD 0.05
is also evaluated using TSx statistics for x value of 5, 10, 20, 30, 40 and 50. The average
values of TS5, TS10, TS20, TS30, TS40 and TS50 are 82.52%, 91.42%, 94.04%,
95.86%, 96.92% and 97.30% respectively. It means ARE value of 82.52% pattern are less
than 5%; 91.42% pattern are less than 10%; 94.04% pattern are less than 20%; 95.86%
pattern are less than 30%; 96.92% pattern are less than 40% and 97.30% pattern are less
than 50%. Table 4.3 also shows the TSx statistics for all the outputs.

Tables 4.4, 4.5, 4.6 show the statistical evaluation of the ANN model for SD 0.10, 0.15
and 0.20 respectively. The average value of AARE for SD value of 0.05, 0.10, 0.15 and
0.20 are 3.754, 4.406, 5.304 and 6.072 respectively. Similarly, the average value of R for
SD value of 0.05, 0.10, 0.15 and 0.20 are 0.978, 0.968, 0.9508 and 0.940 respectively. It
can be observed that though the performance of the model has deteriorated with the
increase in noise level, still the performance of the model is in acceptable range. With
respect to the TSx statistics also, the performance of the model is in acceptable range

even when the trained with noisy data.

Fig. 4.15 shows the ANN model performance in terms of AARE when the training
patterns are perturbed with different level of noise. For the error free data, the AARE is
3.05. This AARE value increases to 3.754, when the model is trained with SD of 0.05 and
mean of zero. The figure shows that the AARE value has an increasing trend, however
the increase in AARE value is not very significant. This shows that the model

performance does not degrade much when trained with noisy data.
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Table 4.3: Performance of the ANN Model Trained with erroneous data with SD=0.05

Output AARE R TSx
5% 10% 20% 30% 40% 50%
011 4.14 0.969 89.80 93.20 96.00 98.20 99.00 100.00
012 3.62 0.978 91.60 94.80 95.20 97.20 99.80 100.00
013 2.92 0.986 91.20 97.80 99.40 100.00 100.00 100.00
014 3.12 0.982 89.20 92.40 96.40 98.60 100.00 100.00
015 1.94 0.998 90.40 97.60 99.80 100.00 100.00 100.00
021 6.06 0.963 68.20 89.60 91.00 94.20 97.00 99.20
022 4.27 0.97 81.40 92.20 95.00 97.60 99.60 100.00
023 2.84 0.982 82.20 95.00 98.80 100.00 100.00 100.00
024 1.97 0.996 91.00 97.60 99.20 100.00 100.00 100.00
025 7.23 0.942 67.20 88.20 91.60 95.00 97.20 98.80
031 1.97 0.992 90.00 97.20 100.00 100.00 100.00 100.00
032 1.86 0.994 89.20 98.60 100.00 100.00 100.00 100.00
033 3.89 0.976 91.80 93.20 97.00 99.20 100.00 100.00
034 3.43 0.985 93.2 94.40 96.00 99.80 100.00 100.00
035 2.881 0.993 89.20 96.40 98.40 99.00 100.00 100.00
041 1.792 0.998 89.20 98.00 100.00 100.00 100.00 100.00
042 1.921 0.998 90.20 98.00 99.80 100.00 100.00 100.00
043 5.32 0.975 70.20 86.80 95.80 98.20 99.40 100.00
044 1.98 0.998 90.00 98.20 99.80 100.00 100.00 100.00
045 3.56 0.982 89.40 92.40 95.00 98.00 99.40 100.00
051 1.78 0.997 92.40 96.40 98.60 100.00 100.00 100.00
052 2.905 0.995 82.20 94.20 99.20 99.80 100.00 100.00
053 4.78 0.95 87.60 93.40 94.40 96.60 99.00 100.00
054 4.31 0.95 88.80 93.40 94.80 97.60 99.40 100.00
055 6.97 0.93 65.20 88.40 90.80 95.80 98.80 100.00
061 3.61 0.986 89.00 91.60 95.20 98.20 99.00 100.00
062 2.68 0.997 93.20 99.20 100.00 100.00 100.00 100.00
063 4.872 0.959 86.20 91.40 94.40 98.60 99.20 100.00
064 8.95 0.926 60.6 85.80 90.00 91.60 95.40 98.00
065 3.271 0.987 91.80 95.20 98.60 100.00 100.00 100.00
071 3.421 0.986 86.80 94.40 98.20 99.60 100.00 100.00
072 5.342 0.968 79.80 87.20 90.80 96.80 99.20 98.20
073 2.19 0.998 97.80 99.40 100.00 100.00 100.00 100.00
074 7.543 0.949 56.20 81.20 88.80 91.00 95.80 97.60
075 6.33 0.969 67.20 90.80 94.00 95.20 96.60 97.20
081 2.15 0.995 90.80 95.20 97.00 99.00 100.00 100.00
082 2.821 0.986 88.20 94.60 97.40 99.80 100.00 100.00
083 4.226 0.966 80.40 93.60 94.20 97.40 100.00 100.00
084 1.789 0.998 89.80 98.40 100.00 100.00 100.00 100.00
085 3.525 0.988 84.80 92.80 95.00 98.00 99.40 100.00
Average 3.754 0.97825 82.52 91.42 94.04 95.86 96.92 97.30
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Table 4.4: Performance of the ANN Model Trained with Erroneous Data with SD=0.10

Output | AARE R TSx
5% 10% 20% 30% 40% 50%
011 4.89 0.962 87.00 92.40 95.20 98.00 99.20 100.00
012 3.781 0.979 89.20 91.60 96.20 99.80 100.00 | 100.00
013 3.155 0.986 90.00 95.20 98.60 99.00 100.00 | 100.00
014 3.67 0.982 88.40 91.20 95.00 98.20 100.00 | 100.00
015 2.556 0.997 93.20 97.60 99.20 100.00 | 100.00 | 100.00
021 6.431 0.962 62.00 77.40 86.40 91.60 96.00 98.80
022 4.853 0.967 77.80 89.00 92.00 96.60 98.20 100.00
023 3.55 0.982 81.80 93.40 96.60 99.80 100.00 | 100.00
024 2.25 0.991 90.20 95.00 98.60 100.00 | 100.00 | 100.00
025 7.79 0.941 59.80 73.00 87.60 92.00 96.40 97.20
031 2.15 0.994 88.20 96.00 98.80 100.00 | 100.00 | 100.00
032 2.354 0.98 86.00 96.40 98.00 100.00 | 100.00 | 100.00
033 4.561 0.961 79.20 88.80 93.20 96.00 98.00 100.00
034 4.11 0.966 81.2 89.00 93.80 97.20 99.00 100.00
035 3.95 0.972 85.00 92.00 96.40 97.80 100.00 | 100.00
041 1.822 0.996 90.00 98.60 100.00 | 100.00 | 100.00 | 100.00
042 2.33 0.993 89.80 97.60 99.40 100.00 | 100.00 | 100.00
043 6.412 0.977 68.80 84.20 94.60 97.40 98.60 100.00
044 3.56 0.982 89.40 92.40 95.00 98.00 99.40 100.00
045 4.109 0.977 75.00 92.40 94.20 98.20 99.40 100.00
051 243 0.994 92.40 96.40 98.60 100.00 | 100.00 | 100.00
052 3.09 0.985 91.80 94.40 96.00 98.80 100.00 | 100.00
053 5.22 0.95 72.20 84.40 94.40 96.60 98.20 99.00
054 4.87 0.97 83.60 93.40 94.80 97.60 99.40 100.00
055 7.11 0.93 68.80 88.40 90.80 95.80 98.80 100.00
061 3.99 0.98 84.00 91.60 94.00 99.40 100.00 | 100.00
062 2.78 0.989 93.20 96.00 98.40 100.00 | 100.00 | 100.00
063 4.95 0.96 82.00 91.60 93.40 97.00 99.00 100.00
064 8.89 0.919 65.40 79.80 84.20 90.60 92.20 95.80
065 3.924 0.981 90.20 93.40 95.00 97.40 99.00 100.00
071 3.776 0.986 86.80 94.40 97.20 98.00 99.60 100.00
072 5.892 0.94 71.20 79.80 87.00 91.60 95.00 98.40
073 4.89 0.963 75.00 85.00 89.60 95.20 97.00 100.00
074 7.8 0.893 68.00 79.20 85.00 91.80 93.40 95.60
075 6.911 0.92 71.20 78.80 89.00 92.80 94.00 96.20
081 3.663 0.97 91.60 94.20 97.00 98.00 99.00 100.00
082 3.67 0.995 91.00 94.00 97.60 98.20 100.00 | 100.00
083 5.786 0.949 80.40 85.00 91.60 95.00 97.00 98.20
084 3.67 0.97 90.20 99.60 100.00 | 100.00 | 100.00 | 100.00
085 4.651 0.969 81.00 93.80 98.00 99.20 100.00 | 100.00
Average 4.406 0.968 80.05 88.21 92.21 94.95 96.25 97.07

TH-1299 11610417




97

Table 4.5: Performance of the ANN Model Trained with erroneous data with SD=0.15

Output AARE R TSx
5% 10% 20% 30% 40% 50%
Ol11 5.21 0.955 85.20 89.00 91.00 96.00 98.20 99.80
012 4.384 0.961 87.00 89.00 93.00 97.80 99.20 100.00
013 3.79 0.979 89.00 93.40 95.40 97.80 98.00 99.20
014 4.01 0.969 86.80 89.20 91.20 96.00 98.40 100.00
015 2.86 0.986 91.00 95.60 98.20 100.00 100.00 100.00
021 6.93 0.93 59.60 75.00 83.20 89.20 95.00 97.00
022 5.562 0.952 75.00 87.20 89.20 93.40 97.60 99.20
023 3.97 0.977 78.80 92.00 93.80 97.60 100.00 100.00
024 2.71 0.988 89.00 93.00 94.60 99.60 100.00 100.00
025 8.22 0.922 54.80 68.20 85.00 89.00 93.80 98.80
031 243 0.987 87.00 93.20 97.00 99.20 100.00 100.00
032 2.751 0.979 83.40 92.60 97.00 100.00 100.00 100.00
033 5.32 0.959 77.80 85.00 91.00 95.20 97.80 100.00
034 4.89 0.961 79.8 88.00 90.80 96,80 98.20 100.00
035 4.62 0.97 83.20 91.80 95.00 97.00 99.80 100.00
041 2.945 0.991 83.40 94.60 99.20 99.80 100.00 100.00
042 2.089 0.994 90.40 97.80 99.80 100.00 100.00 100.00
043 7.115 0.967 69.40 84.20 88.60 95.00 98.00 100.00
044 5.788 0.936 77.80 88.00 90.80 96.00 99.00 100.00
045 6.059 0.97 68.80 85.20 94.80 97.00 98.00 100.00
051 3.15 0.988 89.20 93.20 95.80 98.60 100.00 100.00
052 3.55 0.973 90.00 93.00 95.40 98.00 99.60 100.00
053 6.02 0.93 69.20 81.40 85.40 91.00 93.00 95.00
054 4.87 0.96 78.00 84.00 91.80 95.20 97.00 99.00
055 9.22 0.86 58.60 64.00 85.40 89.00 91.00 93.00
061 4.23 0.97 81.20 83.40 91.00 95.40 98.00 100.00
062 4.871 0.959 75.00 87.20 90.20 96.60 98.00 100.00
063 5.015 0.94 70.00 75.00 83.20 87.60 95.20 98.00
064 9.762 0.851 54.20 60.60 81.20 85.00 87.00 91.00
065 4.425 0.959 78.00 84.00 90.20 93.00 95.60 97.40
071 5.174 0.93 75.00 78.20 87.80 90.00 94.00 97.00
072 7.823 0.929 68.00 81.00 85.00 89.00 92.80 95.20
073 5.352 0.93 77.00 81.80 87.60 95.20 97.20 99.20
074 8.232 0.91 62.00 69.80 76.20 91.00 93.00 95.00
075 7.44 0.92 69.00 72.00 79.80 94.20 97.60 98.40
081 4.887 0.961 78.20 89.60 92.20 97.00 99.00 100.00
082 5.762 0.953 71.60 79.20 89.20 92.00 97.00 99.00
083 8.534 0.909 72.00 79.00 81.20 85.40 91.40 95.00
084 5.885 0.931 68.20 78.60 85.20 89.00 96.00 99.00
085 6.331 0.939 67.00 82.00 87.00 91.00 93.20 98.60
Average 5.3048 0.9508 74.36 82.17 87.80 93.38 94.56 96.20
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Table 4.6: Performance of the ANN Model Trained with erroneous data with SD=0.20

Output AARE R TSx
5% 10% 20% 30% 40% 50%
Ol11 5.87 0.949 83.00 88.00 89.80 93.40 97.00 99.60
012 4.89 0.955 84.20 88.00 89.80 95.00 96.40 99.80
013 4.15 0.961 85.00 91.00 93.00 96.80 97.20 99.00
014 4.67 0.958 79.80 83.00 87.00 94.40 97.20 100.00
015 3.29 0.97 86.40 93.00 95.00 99.20 100.00 100.00
021 7.29 0.921 52.00 71.00 79.80 85.00 92.00 96.40
022 5.93 0.944 69.80 81.20 86.40 91.00 95.00 99.00
023 4471 0.967 74.00 89.00 91.80 96.40 99.00 100.00
024 3.09 0.981 85.40 91.00 93.20 97.60 99.20 100.00
025 8.76 0.921 49,80 62.00 79.00 85.60 92.00 97.00
031 2.98 0.98 85.00 91.00 95.40 97.00 99.20 100.00
032 3.11 0.961 81.00 89.40 95.00 99.80 100.00 100.00
033 5.99 0.94 61.40 79.00 85.40 91.20 96.60 99.20
034 5.64 0.959 62 81.20 85.40 93.20 97.80 99.00
035 5.112 0.962 69.80 83.40 89.40 95.00 97.80 100.00
041 3.255 0.965 91.00 93.80 95.40 98.00 99.60 100.00
042 2.574 0.984 90.40 95.00 97.60 99.60 100.00 100.00
043 8.87 0.954 62.80 79.00 85.20 92.40 97.20 99.80
044 6.69 0.96 70.20 86.20 90.20 95.80 98.20 100.00
045 6.925 0.957 73.00 85.40 89.40 95.40 98.40 100.00
051 4.05 0.976 83.60 92.40 94.40 98.20 99.20 100.00
052 4.231 0.97 83.20 92.00 93.60 98.00 99.20 100.00
053 6.97 0.94 68.00 85.00 89.00 92.00 97.40 99.60
054 5.73 0.95 72.20 80.00 89.60 91.20 95.00 97.00
055 9.882 0.89 56.20 62.00 81.00 85.00 88.00 91.00
061 5.867 0.93 79.00 81.00 85.00 91.00 93.00 97.00
062 5.233 0.939 68.20 81.40 88.60 91.40 97.60 99.00
063 6.671 0911 62.00 68.00 81.00 85.00 93.00 97.00
064 9.88 0.84 53.00 64.00 71.00 79.00 84.00 89.00
065 5.541 0.93 75.00 79.20 85.60 89.20 93.00 97.00
071 6.233 0.927 73.20 75.60 85.00 87.00 91.00 96.20
072 8.554 0.913 65.20 75.40 81.40 85.00 89.00 93.00
073 6.923 0.93 71.00 79.00 87.00 89.00 95.00 97.00
074 9.551 0.893 61.20 71.60 83.00 89.20 91.00 93.00
075 8.14 0.907 67.80 71.20 75.60 89.00 92.00 95.00
081 5.324 0.939 69.80 80.20 85.00 93.00 95.00 98.00
082 6.22 0.923 63.20 69.00 82.40 88.00 95.20 97.80
083 9.554 0.897 61.20 71.00 84.60 89.40 92.80 94.00
084 6.98 0.934 69.00 76.60 85.20 87.20 92.00 98.00
085 7.788 0.927 65.50 79.20 83.00 85.00 92.20 97.80
Average | 6.072 0.940 70.47 78.89 84.99 89.61 93.04 95.50

TH-1299 11610417




99

Fig.4.16 shows the variation of R when ANN model is trained with different level of

noise. The value of R is 0.987 when trained with error free data. The value decreases to

6.072

o.00 0.05 o110 0.15 o.20

sD

Fig. 4.15: Variation of AARE with increase in Noise level
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Fig. 4.16: Variation of R with increase in Noise level

0.978, when the model is trained with noise of SD of 0.05 and mean of zero. The value is

decreases to 0.968, 0.95 and 0.94 when the model is trained with SD of 0.10, 0.15 and
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0.20 respectively. In this case also, it can be seen that the model performance does not

degrade much when ANN model is trained with noisy data.

Fig.4.17 shows the performance of ANN model in terms of TSx statistics when the
training patterns are perturbed with different level of noise. From the figure, it is clear
that the model is very sensitive with respect to the perturbed error for TS5 statistics. The

average value of TS5 is varying from 88.47% to 70.47%. It means that 88.47% of

100 S
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20 1

=
5% 10 % 20 % 30 % 40 % 50 %

[ SD=0.00 88.47 94.47 96.98 98.87 99.64 99.99
I SD=0.05 82.52 91.42 94.04 95.86 96.92 97.30
[ 1SD=0.10 80.05 88.21 92.21 94.95 96.25 97.07
B SD=0.15 74.36 82.17 87.80 93.38 9456 96.20
[ 1SD=0.20 70.47 78.89 84.99 89.61 93.04 95.50

Fig. 4.17: Performance of the ANN model in Terms of TS statistics value with erroneous data

predicted concentration had an ARE value less than 5% when the model is trained with an
error free data. This value is decreases to 82.52%, when the training patterns are
perturbed with random error of SD of 0.05 and mean zero. This value is further decreases
to 80.05%, 74.36%, and 70.47% when the training pattern are perturbed with different
level of noise, i.e. SD of 0.10, 0.15, and 0.20 respectively. In case of TS10, 94.47% of
predicting concentration has an ARE value lesser than 10% when the model is trained

with error free data. TS10 value decreases when the training patters are perturbed with
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random error generated using SD of 5%, 10%, 15% and 20%. The TS10 value is
decreases to 91.42%, when the training patterns are perturbed with SD is equal to 0.05
and mean zero. The value is decreases to 88.21%, 82.17%, 78.89% when training pattern
are perturbed with different level of noise. This shows that the model is sensitive to noise
in terms of TS10. The model is also sensitive for TS20. TS20 is varying from 96.98% to
84.99%. For the error free data, TS20 value is 96.98%. This value is further decreases to
94.04%, 92.21%, 87.80% and 84.99% when the model is trained with SD is equal to 0.05,
0.10, 0.15 and 0.20. The ANN model is less sensitive for TS30, TS40 and TS50. For
example, for the error free data, TS30 is 98.87%. This value is decreases to §9.61% when
the training patterns are perturbed with SD is equal to 0.20 and mean zero. In respect to

TS50, the model is not very sensitive.

4.2.4 Transfer function and optimization algorithm used in ANN model

Another task is the selection of transfer function and optimization algorithm for the ANN
model. An experiment is conducted to find out the transfer functions to be used in the

neurons of hidden and output layers. The best transfer function is evaluated on the basis

Table 4.7: Performance of different transfer function for the ANN model

Transfer function  Transfer function MSE Computational Iteration
Hidden Layer Output Layer Time (Sec)
tansig tansig 0.092 327 36
tansig logsig 0.066 186 20
logsig tansig 0.107 251 27
logsig logsig 0.07 206 22
logsig purelin 0.0093 218 23
purelin tansig 0.00927 149 16
purelin logsig 0.0172 308 33
purelin purelin 0.017 102 11
tansig purelin 0.0011 195 21
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of mean square error (MSE) of the training pattern. The transfer functions tried here are
tansig, logsig and purelin. Table 4.7 shows the MSE, computational time and iteration
required for different combination of transfer functions for the hidden and output layers.
From the table, it is clear that fansig and purelin transfer functions for hidden layer and
output layer give the best combination for network. The tansig transfer function for
hidden layer and purelin transfer function for output layer give the lowest value of MSE,
which is 0.0011. For this combination, the computational time required for simulation as

well as iteration are also low as compared to other combination of transfer functions.

Table 4.8: Performance of different optimization Algorithms for the ANN model

Training MSE Computational Iteration
Algorithms Time (Sec)
traingd 0.398 99 1000
traingdm 0.404 97 1000
traingda 0.0137 28 290
traingdx 0.067 15 115
trainrp 0.002505 111 1000
traincgf 0.000237 118 833
traincgp 0.000168 147 1000
trainscg 0.000226 78 812
trainoss 0.00107 47 359
trainlm 0.000047 235 36

Another experiment is also conducted to select the best optimization algorithm available
in matlab toolbox to train the network. The training algorithms available in Matlab are
traingd, traingdm, traingda, traingdx, trainrp, traincgf, traincgp, trainscg, trainoss and
trainlm. Table 4.8 shows the MSE, computational time and iteration values for different
training algorithms. It is noted that frainlm optimization algorithm gives the lowest value
of MSE. As such, we have used trainlm algorithm to train the ANN model with tansig
transfer function in the hidden neuraons and purelin transfer function in the output

neurons.
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4.2.5 Performance of the ANN model for second study area

For the second study area also, we have evaluated the performance of the ANN model
using average absolute relative error (AARE), threshold statistics (TS) and coefficient of
correlation (R). Fig. 4.18 to Fig. 4.25 show the scatter plots for eight observation wells. It
can be observed that the ANN prediction and GMS simulation results are almost the
same. From these figures, it is clear that the actual and predicted concentration are almost
same for each output. Therefore, it can be concluded that the developed ANN model has
high predicting capability in simulating the flow and transport processes of groundwater

aquifer.

The comparison between the ANN simulation and the GMS simulation are shown in
terms of breakthrough curve in Fig. 4.26. It can be seen from the figure that the both the

curves are comparable and the results are intuitively as expected.

4.2.6 Performance of ANN Model with error free data

For the second study area, we have also checked the performance of the ANN model on
the basis of average absolute relative error (AARE), threshold statistics (TSx) and
coefficient of correlation (R) criteria. Table 4.9 shows that average value of AARE and R
value are 2.99 and 0.9831 when trained with error free data. The performance of the
model is also evaluated for TSx statistics. The highest and lowest value of AARE is 7.45
and 1.11 with an average value of 2.99, which is small and acceptable range. These show
that, the performance of the model is superior in terms of AARE value. The highest and
lowest value of R is 0.998 and 0.94 respectively with an average value of 0.9831. The R
value is in higher side and show better prediction capabilities of the ANN model. The
performance of the model is also superior in terms of TSx statistics. The highest value of
TS5 is 99.40% and lowest value is 61.40% with an average value of 87.65%. It means
ARE values for that 87.65% pattern are less than 5%. The highest value of TS10, TS20,
TS30, TS40 and TS50 are 100% and lowest values are 79%, 85.40%, 91.20%, 96.60%,
and 98.80% respectively. The average values of TS10, TS20, TS30, TS40 and TS50 are
94.60%, 97.31%, 98.82%, 99.54% and 99.93% respectively. It means ARE values of
87.65% pattern are less than 5%; 94.60% pattern are less than 10%; 97.31% pattern are
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less than 20%; 98.82% pattern are less than 30%; 99.54% pattern are less than 40% and
99.93% pattern are less than 50%. Table 4.9 shows all the values for 40 outputs. These
evaluations show that the performance of the ANN model when trained with error free

data is quite good and in acceptable range.
4.2.7 Performance of ANN Model with erroneous data:

We have also checked the performance of the model with erroneous data for second study
area. Table 4.10, 4.11, 4.12, 4.13 show the performance of the ANN model when the
model is trained with erroneous data which has been generated using SD value of 0.05,
0.10, 0.15 and 0.20. For SD 0.05, the highest and lowest AARE values are 8.34 and 1.87
with an average of 3.63. This value is small and acceptable range. The highest and lowest
value of R is 0.987 and 0.929 with an average value of 0.9592. The AARE and R values
for all the output are shown in Table 4.10. The performance of the model with erroneous
data with SD 0.05 is also evaluated for TS5, TS10, TS20, TS30, TS40 and TS50. The
average values of TS5, TS10, TS20, TS30, TS40 and TS50 are 86.02%, 92.53%, 95.55%,
97.57%, 98.79% and 99.56% respectively. It means ARE values for that 86.02% pattern
are less than 5%; 92.53% pattern are less than 10%; 95.55% pattern are less than 20%;
97.57% pattern are less than 30%; 98.79% pattern are less than 40% and 99.56% pattern
are less than 50%. Table 4.11, Table 4.12 and Table 4.13 show the AARE, R and TSx
statistics for SD of 0.10, 0.15 and 0.20 respectively. From this result it can be concluded
that the predicting ANN model can simulate the flow and transport processes with high

degree of accuracy for the real world groundwater problem.

Fig. 4.27 shows the variation of AARE with respect to different level of noise. The
AARE value is 2.99 when the model is trained with error free data. This error increases to
3.63, when the model is trained with SD 0.05 and mean zero. This error is further
increases to 4.16, 4.81 and 5.28 when the model is trained with erroneous data of SD
0.10, 0.15 and 0.20. It shows that the performance of the model does not degrade much
when trained with erroneous data. Fig.4.28 shows the variation of R, when the ANN
model is trained with different level of noise. Initially the R value is 0.9831 when the
model is trained with error free data. This value decreases to 0.9592, when the model is
trained with SD 0.05 and mean zero. This value further decreases to 0.9368, 0.913 and
0.8802 when the model is trained with erroneous data of SD 0.10, 0.15 and 0.20. It is

observed that the R value is not decreasing much when the training patterns are perturbed
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Output AARE R TSx
5% 10% 20% 30% 40% 50%
O11 2.081 0.995 95.05 97.40 100.00 100.00 100.00 100.00
012 2.398 0.992 96.40 99.60 100.00 100.00 100.00 100.00
013 5.992 0.966 79.60 90.40 92.40 96.40 98.80 100.00
014 3.791 0.987 99.40 100.00 100.00 100.00 100.00 100.00
015 1.61 0.998 92.40 94.40 97.20 99.60 100.00 100.00
021 5.02 0.969 78.20 89.20 94.80 97.60 99.20 100.00
022 1.792 0.998 78.20 98.00 100.00 100.00 100.00 100.00
023 2.68 0.997 93.20 99.20 100.00 100.00 100.00 100.00
024 745 0.942 67.20 88.20 91.60 95.00 97.20 98.80
025 1.336 0.998 96.00 99.60 100.00 100.00 100.00 100.00
031 4.11 0.966 81.20 89.00 93.80 97.20 99.00 100.00
032 3.95 0.972 85.00 92.00 96.40 97.80 100.00 100.00
033 1.822 0.996 90.00 98.60 100.00 100.00 100.00 100.00
034 2.33 0.993 89.80 97.60 99.40 100.00 100.00 100.00
035 6.412 0.977 68.80 84.20 94.60 97.40 98.60 100.00
041 1.37 0.998 97.20 99.60 100.00 100.00 100.00 100.00
042 4.109 0.977 75.00 92.40 94.20 98.20 99.40 100.00
043 243 0.994 92.40 96.40 98.60 100.00 100.00 100.00
044 1.24 0.997 93.20 99.20 100.00 100.00 100.00 100.00
045 5.22 0.95 72.20 84.40 94.40 96.60 98.20 99.00
051 4.87 0.97 83.60 93.40 94.80 97.60 99.40 100.00
052 1.13 0.998 99.40 100.00 100.00 100.00 100.00 100.00
053 1.34 0.998 98.40 99.60 100.00 100.00 100.00 100.00
054 2.871 0.991 83.40 94.60 99.20 99.80 100.00 100.00
055 1.972 0.994 90.40 97.80 99.80 100.00 100.00 100.00
061 3.01 0.98 85.00 91.00 95.40 97.00 99.20 100.00
062 2911 0.961 81.00 89.40 95.00 99.80 100.00 100.00
063 6.15 0.94 61.40 79.00 85.40 91.20 96.60 99.20
064 1.11 0.99 95.05 97.40 100.00 100.00 100.00 100.00
065 1.763 0.998 95.05 98.00 100.00 100.00 100.00 100.00
071 3.87 0.969 86.80 89.20 91.20 96.00 98.40 100.00
072 2.73 0.986 91.00 95.60 98.20 100.00 100.00 100.00
073 1.35 0.979 89.20 93.40 97.80 100.00 100.00 100.00
074 1.865 0.998 96.00 99.60 100.00 100.00 100.00 100.00
075 3.088 0.993 88.00 94.00 98.00 99.60 98.60 100.00
081 2.756 0.994 91.40 95.00 97.80 99.60 100.00 100.00
082 1.75 0.99 95.05 97.40 100.00 100.00 100.00 100.00
083 1.56 0.994 96.40 99.60 100.00 100.00 100.00 100.00
084 4.90 0.943 79.60 90.40 92.40 96.40 98.80 100.00
085 1.33 0.998 99.40 100.00 100.00 100.00 100.00 100.00
Average 2.99 0.9831 87.65 94.60 97.31 98.82 99.54 99.93
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Output AARE R TSx
5% 10% 20% 30% 40% 50%
O11 2713 0.969 93.20 95.60 99.40 99.80 100.00 100.00
012 1.89 0.972 94.60 97.20 99.20 100.00 100.00 100.00
013 6.235 0.945 77.80 88.20 90.00 94.20 96.60 98.20
014 4.11 0.951 97.40 99.20 100.00 100.00 100.00 100.00
015 2.10 0.973 90.60 92.80 96.20 97.20 99.20 100.00
021 5.94 0.951 75.80 87.20 92.20 95.80 97.60 99.20
022 2.34 0.973 94.60 96.80 97.20 100.00 100.00 100.00
023 3.015 0.978 91.40 97.40 99.20 100.00 100.00 100.00
024 8.34 0.929 65.20 83.40 89.00 92.60 95.40 97.40
025 1.96 0.977 95.20 96.60 99.20 100.00 100.00 100.00
031 4.95 0.923 75.80 85.60 89.20 93.20 95.60 97.80
032 4.112 0.914 80.40 87.20 92.20 93.20 96.60 98.40
033 2.562 0.973 88.60 96.20 98.80 100.00 100.00 100.00
034 3.21 0.97 88.20 95.80 97.20 99.80 100.00 100.00
035 7.19 0.914 65.40 82.40 92.20 95.40 96.60 98.00
041 2.05 0.976 95.80 97.00 99.20 100.00 100.00 100.00
042 4.99 0.909 73.20 90.40 92.40 96.60 98.40 100.00
043 297 0.974 90.80 94.20 96.60 98.40 100.00 100.00
044 2.14 0.987 91.20 97.20 99.60 100.00 100.00 100.00
045 5.87 0.94 71.20 82.40 92.80 94.20 96.20 98.20
051 5.45 0.96 81.60 90.40 92.80 95.40 97.80 100.00
052 1.97 0.978 97.80 99.20 100.00 100.00 100.00 100.00
053 2.53 0.976 96.20 97.40 99.40 100.00 100.00 100.00
054 3.712 0.972 81.20 92.40 97.20 99.20 100.00 100.00
055 2.55 0.978 88.80 95.20 97.60 99.40 100.00 100.00
061 3.96 0.967 83.40 89.80 93.20 95.40 98.20 100.00
062 4.17 0.933 79.00 86.80 91.40 95.60 97.20 100.00
063 6.89 0.923 59.80 77.20 83.40 89.20 94.40 97.20
064 1.93 0.977 93.20 95.60 98.20 100.00 100.00 100.00
065 2.133 0.968 91.20 97.20 99.60 100.00 100.00 100.00
071 4.25 0.943 83.40 87.40 89.60 93.20 96.40 99.00
072 3.054 0.961 89.80 93.20 96.40 98.60 100.00 100.00
073 1.92 0.96 87.20 92.20 96.20 98.80 100.00 100.00
074 243 0.971 93.00 97.80 99.20 100.00 100.00 100.00
075 3.976 0.973 86.20 92.40 96.80 97.20 98.40 100.00
081 3.42 0.983 89.80 93.20 95.60 97.00 99.40 100.00
082 2.73 0.975 93.40 95.40 99.20 100.00 100.00 100.00
083 2.05 0.976 94.20 97.60 99.20 100.00 100.00 100.00
084 5.33 0.929 77.80 88.20 89.00 93.40 97.60 99.00
085 1.87 0.975 97.20 99.80 100.00 100.00 100.00 100.00
Average 3.63 0.9592 86.02 92.53 95.55 97.57 98.79 99.56
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Output AARE R TSx
5% 10% 20% 30% 40% 50%
011 3.331 0.953 91.80 93.20 97.20 98.00 99.80 100.00
012 2.35 0.96 92.80 95.20 96.80 98.20 100.00 100.00
013 6.992 0.923 73.20 86.20 88.80 91.20 94.20 96.40
014 4.943 0.939 95.80 97.80 98.60 100.00 100.00 100.00
015 2.98 0.951 88.20 89.60 93.80 95.80 98.00 100.00
021 6.45 0.939 73.20 85.60 90.80 93.60 95.20 98.60
022 2.89 0.953 92.20 94.60 95.20 98.80 99.20 100.00
023 3.88 0.962 89.60 93.20 96.20 97.00 98.20 100.00
024 8.87 0.893 63.44 80.34 87.89 90.12 93.40 95.20
025 2.55 0.956 93.20 93.40 97.40 99.00 100.00 100.00
031 5.36 0.904 73.22 83.20 87.40 91.60 93.60 96.00
032 4.955 0.897 78.20 85.80 90.20 91.40 94.20 96.40
033 3.35 0.956 85.60 93.20 95.20 97.80 99.00 100.00
034 3.845 0.945 86.20 93.80 95.60 97.20 98.80 100.00
035 7.85 0.872 62.40 80.40 79.60 89.40 90.20 91.60
041 2.621 0.954 93.20 95.60 97.20 99.00 100.00 100.00
042 5.24 0.887 71.20 88.60 89.00 93.20 96.60 99.00
043 3.37 0.954 88.80 91.20 93.80 95.60 98.20 100.00
044 2.64 0.962 89.20 95.60 97.60 99.00 100.00 100.00
045 6.19 0.93 69.20 80.80 89.20 91.60 94.40 96.20
051 5.89 0.94 79.20 88.60 89.20 93.20 95.20 97.60
052 2.33 0.968 95.20 97.80 99.20 100.00 100.00 100.00
053 2.87 0.955 94.20 96.40 97.80 99.20 100.00 100.00
054 4.11 0.956 79.00 88.20 95.60 97.80 99.00 100.00
055 291 0.967 85.20 93.40 96.20 97.80 99.20 100.00
061 4.38 0.941 81.20 87.60 90.20 93.40 97.60 98.20
062 4.79 0.915 77.20 83.40 89.60 93.40 95.60 98.80
063 7.24 0.904 57.20 76.20 80.80 87.20 92.80 95.80
064 2.18 0.956 91.20 94.20 97.00 98.80 100.00 100.00
065 2.45 0.93 89.20 93.20 95.80 97.80 100.00 100.00
071 4.92 0.912 81.20 85.60 87.20 91.00 93.20 95.80
072 3.55 0.932 87.20 91.20 94.80 97.60 99.60 100.00
073 2.12 0.952 86.20 90.80 93.80 97.20 99.20 100.00
074 2.85 0.955 91.80 95.20 97.60 99.20 100.00 100.00
075 4.97 0.914 82.80 87.40 90.80 92.20 95.60 97.20
081 3.89 0.938 87.20 89.80 91.40 93.40 97.80 99.20
082 3.09 0.941 91.80 93.60 97.80 99.20 100.00 100.00
083 2.79 0.963 91.80 95.40 97.20 99.00 100.00 100.00
084 6.01 0.892 75.80 85.40 87.20 91.80 95.00 96.80
085 2.28 0.956 95.20 96.80 98.20 99.00 100.00 100.00
Average 4.16 0.9368 83.76 90.19 93.12 95.64 97.57 98.72
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Output AARE R TSx
5% 10% 20% 30% 40% 50%
Ol11 3.99 0.925 89.80 91.20 94.00 96.20 97.20 100.00
012 2.97 0.935 90.20 91.80 95.20 96.00 97.20 100.00
013 7.43 0.892 70.20 83.40 86.40 89.80 89.80 92.80
014 5.66 0.89 93.40 95.80 96.20 97.80 98.00 100.00
015 3.67 0.932 83.20 86.40 88.00 92.80 95.60 97.80
021 7.28 0.893 69.20 75.80 85.60 91.20 93.00 95.80
022 3.56 0.934 89.20 91.80 93.00 96.80 97.80 99.00
023 4.34 0.929 86.40 90.20 93.80 95.80 96.00 98.80
024 9.01 0.837 59.40 75.80 80.40 85.20 89.40 91.20
025 2.85 0.925 89.20 90.20 95.80 96.20 97.20 100.00
031 5.99 0.875 69.20 80.20 84.80 87.60 91.20 93.40
032 5.39 0.855 75.20 81.20 87.60 89.40 91.20 93.00
033 3.95 0.927 81.80 90.40 91.20 94.00 97.80 100.00
034 4.67 0.907 84.20 89.40 92.20 95.20 96.00 97.80
035 8.27 0.823 59.40 71.20 75.80 81.20 85.60 88.00
041 3.45 0.923 89.20 91.60 94.40 95.60 97.00 100.00
042 5.89 0.857 67.80 83.80 85.80 90.80 94.20 97.60
043 4.18 0.933 85.20 89.60 90.60 93.20 95.60 98.60
044 3.25 0.94 86.00 92.40 95.00 97.80 99.00 100.00
045 6.92 091 65.20 75.80 85.20 89.00 91.20 93.40
051 6.49 0.93 75.80 83.20 85.60 90.20 92.00 95.80
052 2.87 0.957 93.20 95.80 97.00 98.20 99.00 100.00
053 3.39 0.943 91.80 93.40 95.80 96.20 97.40 100.00
054 4.79 0.941 75.80 83.40 88.60 92.40 97.60 98.20
055 3.67 0.95 81.20 89.40 92.80 95.20 97.80 99.00
061 4.82 0.944 77.80 82.40 87.60 89.20 95.60 97.80
062 5.46 0.897 75.20 78.20 85.80 89.20 91.40 95.80
063 7.99 0.887 55.20 71.20 75.40 82.40 89.80 93.00
064 2.57 0.94 87.40 89.80 93.40 96.80 97.80 100.00
065 2.89 0.933 82.40 89.60 91.20 94.60 97.80 100.00
071 5.62 0.893 79.80 82.40 85.60 89.20 91.00 93.40
072 4.28 0.92 85.60 89.40 91.20 94.60 97.60 99.20
073 3.67 0.943 81.20 85.60 90.20 94.60 96.40 98.80
074 3.55 0.938 89.40 92.20 94.60 96.40 98.80 100.00
075 5.77 0.897 79.20 85.40 87.20 90.00 91.40 95.00
081 4.62 0.916 85.40 87.20 89.00 91.40 95.80 97.80
082 3.94 0.923 89.60 91.20 94.60 97.00 99.20 100.00
083 3.55 0.932 88.60 91.20 94.40 95.20 97.80 100.00
084 6.91 0.85 71.20 81.60 83.40 88.40 92.80 94.00
085 2.98 0.946 92.80 93.80 96.20 98.00 99.20 100.00
Average 4.81 0.913 80.55 86.36 89.77 92.77 95.16 97.38
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Output AARE R TSx

5% 10% 20% 30% 40% 50%

Ol11 4.84 0.893 83.45 87.65 91.20 93.80 95.20 98.20
012 3.63 0.915 87.60 89.20 91.40 93.20 95.60 97.80
013 8.26 0.834 64.60 79.80 84.40 85.20 87.60 90.40
014 6.55 0.865 91.40 92.40 93.40 95.40 95.40 97.80
015 4.35 0.897 81.60 83.40 85.40 89.60 92.40 93.40
021 8.05 0.876 65.80 73.40 81.20 89.60 91.00 92.80
022 4.32 0.897 86.60 88.20 89.20 93.40 95.80 96.80
023 5.28 0.88 83.20 85.60 91.20 93.40 94.60 96.20
024 9.89 0.798 55.80 72.60 75.60 82.20 85.60 89.40
025 3.54 0.904 87.80 89.20 93.40 95.60 97.80 99.00
031 6.67 0.839 65.20 77.80 81.40 84.60 88.00 89.40
032 5.82 0.843 71.34 78.40 85.20 85.40 87.40 90.00
033 4.23 0.895 78.65 85.60 88.20 89.40 95.40 98.80
034 4.89 0.852 81.20 84.40 88.40 93.60 94.40 96.60
035 8.44 0.799 57.00 66.40 72.20 78.60 81.20 85.80
041 3.82 0.903 87.60 89.20 92.40 91.60 94.80 98.40
042 6.36 0.828 64.20 81.20 83.40 88.80 91.60 95.40
043 4.56 0.903 81.60 86.40 87.60 91.40 92.60 96.60
044 3.76 0.922 83.40 89.80 92.20 95.60 97.80 98.20
045 7.13 0.85 62.20 71.40 82.40 86.60 89.40 91.40
051 6.82 0.91 72.40 81.20 83.40 87.60 88.40 91.40
052 3.11 0.922 91.40 92.80 94.60 96.60 97.20 98.40
053 3.67 0.918 89.40 89.60 91.60 94.20 95.40 97.80
054 5.02 0911 71.40 79.40 85.60 89.20 95.60 96.20
055 3.99 0.937 79.20 84.80 89.20 91.60 94.60 96.00
061 5.27 0.89 74.20 78.80 82.40 85.60 89.60 95.80
062 5.87 0.873 71.20 74.40 79.80 84.40 87.60 92.20
063 8.342 0.838 52.40 67.60 69.60 79.20 84.40 91.80
064 3.45 0.932 85.40 82.60 89.60 91.20 94.40 96.60
065 3.22 0.905 78.60 85.40 88.20 91.20 96.40 98.80
071 5.97 0.843 75.60 78.80 82.40 83.40 89.60 89.40
072 4.87 0.893 81.40 85.60 89.40 91.40 95.80 97.60
073 3.76 0.916 78.80 81.20 85.60 91.20 93.40 96.20
074 391 0.909 86.40 89.20 91.40 93.80 95.60 98.20
075 5.93 0.817 72.40 81.20 83.40 86.40 89.20 94.20
081 4.89 0.887 81.80 83.60 86.60 89.40 91.40 95.60
082 4.25 0.887 84.60 87.80 91.20 95.60 89.60 95.60
083 3.89 0.892 83.40 87.40 89.60 91.20 95.40 97.80
084 7.26 0.823 67.80 77.80 79.20 85.60 88.80 91.20
085 3.31 0.908 89.20 91.20 94.60 94.60 96.80 98.80
Average 5.28 0.8802 77.18 82.81 86.43 89.76 92.32 95.05
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Fig. 4.27: Variation of AARE with increase in Noise level
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Fig. 4.28: Variation of R with increase in Noise level

with SD 0.05, 0.10, 0.15 and 0.20. It means that, for the second study area also, the model

performance does not degrade much when trained with erroneous data.
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Fig. 4.29 shows the performance of the ANN model in terms of TSx statistics for the
second study area also, when the training patterns are perturbed with different level of
noise. From the figure, it is clear that the model is very sensitive with respect to the
perturbed error for TSS statistics. The average value of TS5 is varying from 87.65% to
77.18%. It means that 87.65% of predicted concentration has an ARE value less than 5%
when the model is trained with an error free data. The ARE is decreases to 86.02%, when

the training patterns are perturbed with random error of SD of 0.05 and mean zero. This
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1 SD=0.00 87.65 94.60 97.31 98.82 99.54 99.93
I SD-0.05 86.02 92.53 9555 97.57 98.79 99.56
[C1SD=0.10 83.76 90.19 93.12 95.64 97.57 98.72
I SD=0.15 80.55 86.36 89.77 92.77 95.16 97.38
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Fig. 4.29: Performance of the ANN model in Terms of TS statistics value with erroneous data

value further decreases to 83.76%, 80.55%, 77.18% when the model is trained erroneous
data generated with SD of 0.10, 0.15, 0.20. It is observed from the figure that 94.60% of
predicting concentration has an ARE value less than 10% when the model is trained with
error free data. This value decreases to 82.81% when the model is trained with an
erroneous data of SD of 0.20 and mean zero. The model is little bit sensitive for TS30
also. From the figure, it is clear that the value is varying from 98.82% to 89.76%. But the
model is less sensitive for TS40 and TS50.
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4.2.8 Transfer function and Optimization algorithms in Second Study area

A study is also conducted to select the best transfer function and optimization algorithm
for the second study area. Table 4.14 shows the MSE, computational time and iteration
needed for different transfer functions on input and output layers. The tansig transfer
function for hidden layer and purelin transfer function for output layer give the lowest
value of MSE, which is 0.00308. For this combination, computational time required for
simulation as well as iteration needed are also low as compared to other transfer

functions.

Another experiment is also conducted to find out the best optimization algorithm to

Table 4.14: Performance of different transfer function for the ANN model

Transfer Transfer function MSE Number of

function Output Layer iteration

Hidden Layer
tansig tansig 0.0345 17
tansig logsig 0.1993 14
logsig tansig 0.2477 33
logsig logsig 0.2037 37
logsig purelin 0.0696 12
purelin tansig 0.0317 17
purelin logsig 0.184 36
purelin purelin 0.02897 18
tansig purelin 0.00308 16

training the ANN model. Table 4.15 shows the MSE, computational time and number of
iteration needed for different transfer functions. It can be observed that trainlm gives the

best performance over the other methods.

4.2.9 Performance of ANN based simulation-optimization model for first study area

The proposed inverse models, i.e. ANN-DS and ANN-GA are utilized to obtain the
unknown pollution sources of first study area. The results obtained by ANN-DS and
ANN-GA models have been compared with the actual source concentration and the
results obtained using GMS-GA model. Table 4.16 shows the comparison of ANN-DS,
ANN-GA and GMS-GA methodologies. It can be observed from the table that
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Table. 4.15: Performance of different optimization Algorithms for the

ANN model
Training MSE Computational Iteration
Algorithms Time (Sec)
trainbfg 0.0349 2557 286
traincgp 0.0299 185 661
trainlm 0.0013 160 16
trainrp 0.0411 123 1000
traingdm 0.3981 117 1000
traingd 0.3829 115 1000
traincgb 0.0348 111 382
trainoss 0.0358 107 839
trainscg 0.0358 99 364
traincgf 0.0359 63 405
traingda 0.1804 17 141
traingdx 0.2088 14 103

concentration estimated by ANN-GA model is superior to ANN-DS model whereas the
concentration estimated by GMS-GA methodology is closer to the actual concentration.
The concentration estimated by ANN-DS and ANN-GA models for first time step is
41.48 gm/sec and 41.67 gm/sec respectively whereas concentration estimated by GMS-
GA model is 45.29 gm/sec, which is more closed to the actual concentration. This shows
that ANN-GA model is slightly better than ANN-DS model and GMS-GA model is
significantly better than both ANN-GA and ANN-DS model. For the other time steps also
same trend have been observed. Thus for this study area, it can be conclude that GMS-
GA model is better than ANN-DS and ANN-GA model in predicting the unknown
pollution sources of the aquifer. Fig. 4.30 shows the comparison of these methodologies
using bar diagram.

The relative efficiency of these methodologies is also evaluated using relative error. Table
4.17 shows that relative error of prediction by ANN-DS and ANN-GA models and also
by GMS-GA model. The relative error is calculated with respect to the actual
concentration. It can be observed that the relative error of ANN-GA method is lesser than
ANN-DS model. But the relative error prediction by GMS-GA model is lesser than ANN-

GA model. For example, for the first time step, relative error achieved by ANN-DS
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Table 4.16: Actual and Estimated concentration by three methodologies at three point sources

Time Source Flux (gm/sec)
Step
Actual Estimated Estimated Estimated
Concentration Concentration by Concentration Concentration
GMS-GA by ANN-DS by ANN-GA
Source Source Source Source

S1 S2  S3| SI1 S2 S3 S1 S2 S3 S1 S2 S3

1 47.00 30.00 0 |45.29 29.57 0.234 | 4148 27.45 0.18 |41.67 27.60 0.192
2 15.00 58.80 0 |17.91 55.46 018.92 54.29 01890 54.63 0
3 37.00 0 0 3137 264 02766 254 027.68 249 0

4 0 3500 O | 1.87 3439 0.182| 1.65 33.06 0.20 | 1.69 33.13 0.177

model for S1 source is 11.70% and that of achieved by ANN-GA methodology is
11.34%. The relative error achieved by GMS-GA model is 3.63% only. Similarly, for S1
source at second time step, relative error achieved by ANN-DS model is 26.13%, whereas
that is achieved by ANN-GA and GMS-GA models are 26.03% and 19.40% respectively.
This clearly indicates that GMS-GA is better than the other methodologies. Fig. 4.31

shows the comparison of relative errors achieved by different models as bar diagram.

4.2.10 Performance of ANN based simulation-optimization model for second study area

The ANN based simulation-optimization model is also applied to the second study area to
evaluate the applicability of the method on larger aquifer system. The unknown source
flux obtained by ANN-DS and ANN-GA models are compared with the actual source
flux value and also with the results obtained using GMS-GA model. The actual
concentration and the concentration values obtained by ANN-DS and ANN-GA models
are shown in Table 4.18. It can be observed in the table that the concentration predicted
by the ANN-DS and ANN-GA model is almost similar whereas GMS-GA model is closer
to the actual concentration. The actual value at source S1 for first time step is 908.42
gm/sec. The concentration predicted by GMS-GA model is 990.72 gm/sec whereas the
concentrations predicted by ANN-DS and ANN-GA models are 1027.06 gm/sec and
1027.40 gm/sec respectively. Similarly for the S2 source location, the actualconcentration

is 644.02 gm/sec whereas concentration predicted by GMS-GA, ANN-DS and ANN-GA
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Fig. 4.30: Comparison of Actual and Estimated Concentration by GMS-GA, ANN-DS and

ANN-GA models

are 771.30 gm/sec, 886.42 gm/sec and 818.54 gm/sec location, the actual concentration is
644.02 gm/sec whereas concentration predicted by GMS-GA, ANN-DS and ANN-GA are

771.30 gm/sec, 886.42 gm/sec and 818.54 gm/sec respectively. For the other sources and

time steps also the concentration predicted by GMS-GA is better than the ANN-DS and
ANN-GA model. But the concentration predicted by ANN-GA is slightly better than

ANN-DS model. Fig. 4.32 shows the comparison of these methodologies using bar

diagram.

Table 4.17: Relative error (%) for GMS-GA, ANN-DS and ANN-GA models

Time Relative Error (%)
e GMS-GA ANN-DS ANN-GA
Source Source Source
S1 S2 S3 S1 S2 S3 Si S2 S3
1 363 143 - 11.74 849 - 1134 797 -
2 19.40 568 - 26.13 766 - 26.03 7.09 -
3 15.22 - - 2525 - - 25.18 - -
4 - 1.74 - - 554 - - 533 -
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Fig. 4.31: Comparison of Relative Error of GMS-GA, ANN-DS and ANN-GA models

Table 4.18: Comparison of actual and predicted concentration for second study area

TH-1299 11610417

Time Source Actual Predicted Conc. (gm/sec)
Step Location Conc. GMS-GA ANN-DS ANN-GA
(gm/sec)
S1 908.42 990.72 1027.40 1027.06
S2 644.02 771.30 886.42 818.54
1 S3 0 36.19 39.28 38.19
S4 0 0 0 0
S5 987.08 748.60 658.63 659.56
S1 1130.50 1010.78 886.41 888.34
S2 1023.87 1149.70 1214.35 1210.01
2 S3 0 0 0 0
S4 1024.16 765.87 683.42 697.76
S5 0 23.97 29.47 21.33
S1 653.35 730.83 793.02 791.46
S2 1139.88 1133.27 1156.32 1124.95
3 S3 0 66.74 69.63 64.39
S4 652.05 733.36 768.26 766.29
S5 0 97.07 102.37 99.23
S1 902.13 1068.66 1101.04 1099.69
S2 781.09 807.35 852.84 851.15
4 S3 0 0 0 0.00
S4 1117.45 1083.70 1031.00 1017.21
S5 1104.82 910.59 875.34 882.86
S1 721.25 656.26 628.93 630.00
S2 889.77 775.26 735.70 744.20
5 S3 0 70.64  75.29 70.75
S4 889.77 797.95 747.57 747.77
S5 639.93 690.61 711.73 711.15




Table. 4.19 Relative error(%) for GMS-GA, ANN-DS, ANN-GA models for second study area
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Fig. 4.32: Actual and predicted source fluxes obtained by different models for second study area

Table 4.19 shows the relative error achieved by GMS-GA, ANN-DS and ANN-GA
methodologies. It can be observed that the relative error achieved by GMS-GA is lesser
than the ANN-DS and ANN-GA models. For the first time step, relative error achieved
for S1 source by the GMS-GA is 10.25% and that of achieved by ANN-DS and ANN-GA
methodology are 13.09% and 13.06 % respectively. For S2 source location, relative error
achieved by GMS-GA, ANN-DS and ANN-GA are 24.87%, 27.58% and 27.10%
respectively. This clearly indicates that the GMS-GA model is better than the other two
methodologies. Fig. 4.33 shows the comparison of the relative errors among GMS-GA,

ANN-DS and ANN-GA as bar diagram.

SL

Relative Error (%)
GMS-GA ANN-DS ANN-GA
Time Step Time Step Time Step
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

S1
S2
S3
S4
S5

10.25 10.59 11.86 1846  10.01 | 13.09 21.59 21.37 22.05 12.80 13.06 2142 21.14 21.90

2487 1229 058 336 1287 | 2758 1861 144 919 1731 | 2710 1318 131 897
- 2522 1247 302 1032 - 3230 1780 931 1598 - 3187 1752 897
27.15 - - 1758 792 | 3327 - - 2077 1122 | a3 X 2009

12.65
16.36

15.96
11.13
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Fig. 4.33: Comparison of relative error achieved by different models for second study area

4.2.11 Computational efficiency of the ANN based simulation-optimization models

We have conducted an analysis to evaluate the efficiency of the models in terms of
computational time requirement. Table 4.20 shows comparison of the objective function
value and computational time requirement for GMS-GA, ANN-DS and ANN-GA
methods for both the study areas. It may be observed from the table that for the first study
area, the time required for solving the problem by GMS-GA model is 2 days 1 hour 15

Table 4.20: Comparative evaluation of the models in terms of computational time

First Study area Second Study area
Ob;. funct. Time Ob;. funct. Time
Models value DD HH MM SS value DD HH MM SS
GMS-GA 1.34E-06 02:01:15:24 1.340E-06 05:01:54:45
ANN-DS 2.33E-04 00:02:15:49 3.160E-04 00:04:00:56
ANN-GA 1.94E-04 00:02:48:43 1.031E-04 00:04:00:09

minutes and 24 seconds. On the other hand the times required by ANN-DS and ANN-GA
models are 2 hours 15 minutes 49 seconds and 2 hours 48 minutes 43 seconds

respectively. This clearly shows that GMS-GA model is computationally less efficient
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than ANN-DS and ANN-GA models. For the second study area, time required by GMS-
GA model to solve the problem is 5 days 1 hours 54 minutes and 45 seconds. On the
other hand the times required by ANN-DS and ANN-GA models are 4 hours 56 seconds
and 4 hours 9 seconds respectively. This shows that GMS-GA model is computationally
less efficient than ANN-DS and ANN-GA models. Further it can be observed from the
table that ANN-DS and ANN-GA models are less efficient in predicting the unknown
sources than GMS-GA model. Thus it can be concluded that ANN-DS and ANN-GA
models are computationally more efficient than GMS-GA model but inferior in terms of
prediction capabilities of unknown pollution sources.

In summary, it can be concluded that in terms of predicting capability GMS-GA model is
more efficient than ANN-GA and ANN-DS model. However, in terms of computational
time requirement, ANN-GA and ANN-DS is more efficient than GMS-GA model. As
such there is a need to develop a new methodology to reduce the computational time of
the simulation-optimization process while maintaining the predicting capability at par

GMS-GA model.
4.3 Conclusions

This chapter presents two linked simulation-optimization models for optimal
identification of unknown groundwater pollution sources. In the first model, the artificial
neural network (ANN) is linked with the direct search (DS) based optimization model. In
the second approach, ANN model is linked externally with GA based optimization model
for solving source identification problem. The main advantage of ANN-DS and ANN-GA
models is that it takes only few hours to solve a relatively medium scale source
identification problem of medium scale aquifer system. This approach drastically reduces
the computational time of the simulation-optimization model. The problem which was
solved in few days using GMS-GA approach can now be solved in few hours. However,
most of the time, it yields only the near optimal solution. The main drawback is that the
quality of the solution is much inferior as compared to GMS-GA model. In order to
improve computational efficiency and the predicting capability, the next chapter,
proposes a hybrid optimization technique where, ANN-GA model is used to solve the
pollution source identification problem. The solution obtained by ANN-GA model is then

refined using GMS-DS approach.
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Chapter 5

Development of Simulation-Optimization Models Using
Hybrid-Optimization for Identification of Unknown
Groundwater Pollution Sources

5. General

In the previous chapter, we have developed ANN based simulation optimization model
for obtaining unknown pollution sources in a groundwater aquifer. In this method, the
ANN model is linked externally with the optimization model. Using this approach, we
can reduce the computational time of the simulation-optimization model drastically.
However, the solution obtained using the methodology is not as accurate as obtained by
GMS-GA model. To overcome the disadvantages of the approach, we have proposed a

hybrid optimization technique to obtain the unknown groundwater pollution sources.

5.1 Methodology Development

5.1.1. Development of simulation-optimization methodology

For improving efficiency in both computational time and predicting capability, we have
proposed a hybrid optimization approach for optimal identification of pollution sources in
an aquifer. In this approach, initially the simulation-optimization model is solved by using
ANN-GA approach. The solution obtained by ANN-GA model is then used as the initial
solution for GMS-DS model. This has reduced the computational burden and at the same
time it also improves the predicting efficiency of the model. The schematic representation

of the methodology is presented in Fig. 5.1. The model is named as Hybrid-Optimization
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model. The efficiency and accuracy of the proposed approach are evaluated using first

and second illustrative study areas.

5.1.2 Hybrid-Optimization model

A hybrid function is an optimization function that runs after one algorithm terminates.

The final point/solution obtained from one optimization algorithm is used as the initial

N
_ T ANN-GA |
Initial guess of | o e e e -
contaminants

Inverse Optimization Agquifer Simulation Model
Model (Genetic Algorithm) {ANN)

Best solution for Pollution
Source

e

——————————————— 4 emsbs —--—-—

Fig.5.1: Schematic representation of Hybrid-Optimization Methodology

point of the next algorithm. As shown in the flowchart in Fig. 5.1, initially genetic
algorithm is used to solve the ANN based simulation optimization model. As ANN model
is used in place of GMS, less computational time is required by the simulation-
optimization model to obtain the solution. However, as discussed earlier, the solution
obtained by the ANN-GA model may not be the true optimal solution of the problem,
rather it may be a near optimal solution. As such, the best solution obtained using the

ANN-GA model is then used as the initial solution for GMS-DS model. As GMS-DS
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algorithm starts from a near optimal solution, it could predict the true optimal solution
very quickly. Further, as on later stage, GMS is used in place of ANN, the solution
obtained by the hybrid-optimization model is similar to the solution obtained by the

GMS-GA or GMS-DS model.

5.2 Results and Discussion
5.2.1 Performance of Hybrid-Optimization models for first study area

The Hybrid-Optimization model is utilized to obtain the unknown pollution sources of
first study area. The parameters and stopping criteria used in genetic algorithms and direct
search optimization model are same with the previous models. The results obtained by the
proposed model have been compared with the actual source concentration. In order to
show the relative efficiency, the results obtained by the model are also compared with the
results obtained by GMS-GA model and ANN-GA models. Table 5.1 shows the
estimated concentration (EC) obtained by using GMS-GA, ANN-GA and Hybrid-
Optimization methodologies along with the actual concentration (AC). This comparison
shows that the results obtained by proposed Hybrid-Optimization method are comparable
with GMS-GA model to the actual concentration.

and are more closed

Table 5.1: Actual Concentration (AC) and Estimated Concentration (EC) obtained using GMS-GA,
ANN-GA, Hybrid-Optimization

Time Source Flux (gm/sec)
Step
Actual Estimated Estimated Estimated
Concentration Concentration by Concentration by  Concentration by
GMS-GA ANN-GA Hybrid-Optimization
Source Source Source Source
S1 S2  S3| S1 S2 S3 S1 S2 S3 S1 S2 S3
1 47.00 30.00 0 | 4529 29.57 0.234|41.67 27.60 0.192|4538 2946 0.21
2 15.00 58.80 0 | 17.91 55.46 0] 18.90 54.63 0 17.83 55.12 0
3 37.00 O 0 |31.37 264 0]27.68 249 0 3096 2.54 0
4 0 3500 O | 1.87 3439 0.182] 1.69 33.13 0.177 | 1.77 3420 0.18
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Fig. 5.2: Actual and Estimated Concentration by different models for first study area

For example, the actual concentration of source S1 at time step 1 is 47gm/sec. The
concentration predicted by the GMS-GA model and Hybrid-Optimization model are
45.29 gm/sec and 45.38 gm/sec respectively. The concentration predicted by ANN-GA
model is 41.67 gm/sec. It shows that the concentration predicted by the Hybrid-
Optimization is slightly better GMS-GA methodology and superior than ANN-GA model.
For the second time step of S1 source location, the actual source concentration is 15
gm/sec. The concentration predicted by ANN-GA, GMS-GA and Hybrid-Optimization
models are 18.90 gm/sec, 17.91 gm/sec and 17.83 gm/sec respectively. In this case also,
the concentration estimated by the hybrid optimization model is better than GMS-GA
model and superior than ANN-GA model. Similar trend has also been observed in the
other sources and other time steps. Thus it can be said that the concentration predicted by
the Hybrid-Optimization model is much closed to the actual concentration. Fig. 5.2 shows
the comparison of the concentrations as bar diagram. The figure also shows that the result
obtained by the Hybrid-Optimization model is much closer to the actual concentration
than GMS-GA model. We have also evaluated the relative efficiency of the hybrid
optimization model over GMS-GA and ANN-GA models. Table 5.2 shows that relative
error achieved by GMS-GA, ANN-GA and Hybrid-optimization models.
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Table 5.2: Relative error (%) for GMS-GA, ANN-GA and Hybrid-optimization models

Time Relative Error (%)
Step GMS-GA ANN-GA Hybrid-Optimization
Source Source Source
S1 S2 S3 S1 S2 S3 S1 S2 S3
1 3.64 1.43 - 11.34 7.97 - 3.43 1.80 -
2 19.40 5.68 - 26.03 7.09 - 18.90 4.26 -
3 15.22 - - 25.18 - - 12.30 - -
4 - 1.74 - - 5.33 - - 1.29 -

The relative error is calculated with respect to the actual concentration. It can be
observed from the table that the relative error of the Hybrid-Optimization model is lesser
than ANN-GA model and GMS-GA model. For example, for the first time step, relative
error achieved by Hybrid-Optimization model for S1 source is 3.43% and that is achieved
by GMS-GA methodology is 3.64 %. The relative error achieved by ANN-GA is 11.34%.
For the second time step, relative error achieved by Hybrid-Optimization, GMS-GA and
ANN-GA models at S1 source are 18.90%, 19.40% and 26.03% respectively. Similarly
for third and fourth time steps also, the relative errors achieved by the Hybrid-
Optimization model are lesser than the errors achieved by GMS-GA and ANN-GA

30 4
GMS-DS = ANN-DS Hybrid-Optimization

(5] (S8
d (=] th
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—
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Fig. 5.3: Comparison of Relative Error of GMS-GA, ANN-GA and Hybrid-Optimization

model
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models. It clearly shows that the performance of Hybrid-Optimization is better than
GMS-GA and ANN-GA models. Fig. 5.3 shows the comparison of relative errors
achieved by three models as bar diagram. This evaluation of the results shows that for the
first study area, the hybrid-optimization model yields better estimation of unknown

groundwater pollution sources.

5.2.2 Performance of Hybrid-Optimization models for second study area

The hybrid optimization model is also applied to the second study area. The unknown
source flux obtained by using Hybrid-Optimization model is compared with the actual
source flux value and the source flux obtained by GMS-GA and ANN-GA models. The
concentration values obtained by Hybrid-Optimization, GMS-GA and ANN-GA models
are shown in Table 5.3. Similar to the first study area, in this case also, the concentration

predicted by Hybrid-Optimization model is closer to the actual concentration.

1400 - Actual Concentration B EC by GMS-GA

BEC by ANN-GA EC by Hyb1id-Optinization

1200 -

1000 -

800 -

600 -

Source Flux (gm/sec)

400 -

200 -

\$1 82/83
1

l

Time Step

Fig. 5.4: Source Fluxes obtained by using GMS-DS, ANN-DS and Hybrid-Optimization for second
study area
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For example, the actual concentration at source S1 at first time step is 908.42 gm/sec. The
concentration predicted by the Hybrid-Optimization model is 978.66 gm/sec. The
concentration predicted by GMS-GA and ANN-GA models are 990.72 gm/sec and

1027.06 gm/sec respectively. For S2 source location at time step 1, the actual

Table 5.3: Comparison of actual and predicted concentration for second study area

Time Source Actual Predicted Conc.
Step Location Conc. (gm/sec)
(gm/sec) GMS-GA  ANN-GA Hybrid-
Optimization
S1 908.42 990.72 1027.06 988.66
S2 644.02 771.30 818.54 765.23
1 S3 0 36.19 38.19 36.05
S4 0 0 0 0
S5 987.08 748.60 659.56 754.46
S1 1130.50 1010.78 888.34 1015.34
S2 1023.87 1149.70 1210.01 1147.04
2 S3 0 0 0 0
S4 1024.16 765.87 697.76 777.92
S5 0 23.97 21.33 24.04
S1 653.35 730.83 791.46 731.06
S2 1139.88 1133.27 1124.95 1145.96
3 S3 0 66.74 64.39 64.74
S4 652.05 733.36 766.29 701.31
S5 0 97.07 99.23 978.51
S1 902.13 1068.66 1099.69 1018.79
S2 781.09 807.35 851.15 803.83
4 S3 0 0 0.00 0
S4 1117.45 1083.70 1017.21 1083.80
S5 1104.82 910.59 882.86 913.09
S1 721.25 656.26 630.00 659.70
S2 889.77 775.26 744.20 778.86
) S3 0 70.64 70.75 69.85
S4 889.77 797.95 747.77 804.58
S5 639.93 690.61 711.15 687.67

concentration is 644.02 gm/sec. The concentration predicted by the Hybrid-Optimization
model is 765.23 gm/sec. The concentration predicted by GMS-GA and ANN-GA models
are 771.30 gm/sec and 818.54gm/sec respectively. Thus the concentration predicted by

the hybrid optimization model is better than GMS-GA model and much superior than the
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ANN-GA model. For the other sources and time steps also, the concentration predicted by
the Hybrid-Optimization is better than GMS-GA and ANN-GA model. Fig. 5.4 shows the
comparison of these methodologies using a bar diagram.

The evaluation of relative error also shows that the performance of hybrid optimization
model is better than GMS-GA model and ANN-GA model. Table 5.4 shows the relative
error achieved by Hybrid-Optimization, GMS-GA and ANN-GA methodologies. It can be
observed that the relative error achieved by Hybrid-Optimization model is lesser than
GMS-GA and ANN-GA models. For the first time step, relative error achieved for S1
source by Hybrid-Optimization is 7.73% and that of achieved by GMS-GA methodology
is 10.25 %. The relative error achieved by ANN-GA methodology is 13.06%. For the S2

source location at time step 1, the relative error achieved by Hybrid-Optimization, GMS-

Table 5.4: Relative error (%) for GMS-GA, ANN-GA, Hybrid-Optimization models for second study area

Relative Error (%)
GMS-GA ANN-GA Hybrid-Optimization
Time Step Time Step Time Step
SL 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
S1 9.06 1059 1186 1846 9.01 | 1306 21.42 21.14 2190 12.65| 8.83 10.19 11.89 1293 853
sp | 1976 1229 058 336 1287 | 5710 1318 131 897 1636|1882 12.03 0534 292 1246
S4 - 2522 1247 3.02 1032 - 31.87 1752 897 15.96 - 2404 755 301 957
ss | 2+16 ) - 1787920 450 - - 2009 11.13 | 23.57 - - 173 694

GA and ANN-GA models are 18.82%, 24.87% and 27.10% respectively. This clearly
indicates that the Hybrid-Optimization is better than other two methodologies. Fig. 5.5
shows the comparison of the relative errors of Hybrid-Optimization, GMS-DS, and ANN-

DS models as a bar diagram.

5.2.3 Comparative evaluation of Hybrid-Optimization model with GMS-GA and ANN-
GA models

The hybrid optimization model is also evaluated in terms of computation time and
objective function value. Table 5.5 shows the comparison of the objective function value
and computational time requirement for Hybrid-Optimization, GMS-GA and ANN-GA

methods for both the study areas. It may be observed from the table that, for first study
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Fig. 5.5: Comparison of Relative Error of GMS-GA, ANN-GA and Hybrid-Optimization

model for second illustrative study area

area, the time required for solving the problem by GMS-GA and ANN-GA models are 2
days 1 hour 15 minutes 24 seconds and 2 hour 48 minutes 43 seconds respectively. On
the other hand, the time required by Hybrid-Optimization model is 1 day 2 hours and 23
seconds. This has shown that the hybrid optimization model is computationally more
efficient than GMS-GA model. Further, from the objective function point of view, the
Hybrid-Optimization model is better than ANN-GA model, though it is not

computationally efficient than ANN-GA model. For the second study area, time required

Table 5.5: Comparative evaluation of GMS-GA, ANN-GA and Hybrid-Optimization model

for second illustrative study area

First Study area Second Study area
Ob;. Time Obj. funct. Time
Models funct.value DD HH MM SS value DD HH MM SS
GMS-GA 1.34E-06 02:01:15:24 1.34E-06 05:01:54:45
ANN-GA 1.94E-04 00:02:48:43 1.031E-04 00:04:00:09
Hybrid-
Optimization 1.34E-06 01020023 3.43E-05 030802 19
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by GMS-GA and ANN-GA models to solve the problem are 5 days 1 hour 54 minutes 45
seconds and 4 hours 9 seconds respectively. The time taken by the Hybrid-Optimization
model is 3 days 8 hours 2 minutes and 19 seconds. This shows that for the second study
area also, the Hybrid-Optimization model is computationally more efficient than GMS-
GA model. From the objective function point of view, the prediction capability of
Hybrid-Optimization model is better than GMS-GA and ANN-GA models. The ANN-GA
model is very fast, but it lacks on the prediction capability of unknown groundwater

pollution sources.

5.3 Conclusions

This chapter presents a hybrid optimization model for optimal identification of unknown
groundwater pollution sources. The performance of the source identification model is
highly related to the aquifer simulation model. Incorporation of GMS model will give
better performance, but the model will be more computationally expensive. On the other
hand, the model will be less computationally expensive, if ANN model is incorporated
with the optimization model. But the quality of the solution will be inferior. The proposed
hybrid optimization model comes out as an attractive alternative solution procedure
where efficiency in both computational time and predicting performance can be achieved.
Application of the model on the illustrative study areas shows that GMS-GA model has
better predicting capability. But the model is computationally extensive. The ANN-GA
model is computationally efficient, but the predicting capability is inferior then GMS-GA
model. The hybrid optimization model is more efficient in predicting the unknown
pollution sources. The model is also computationally better than GMS-GA model. These
limited evaluations show that the Hybrid-Optimization model may be a promising method
for solving real world source identification problem. However, the model is not efficient
as ANN-GA model. As such, in the next chapter we have proposed a new simulation-

optimization methodology using GMS and ANN simulation models together.
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Chapter 6

Development of Simulation-Optimization Models by Linking
GMS and ANN Simulation Model with GA based Optimization
Model

6. General

In the previous chapter, we have presented a hybrid-optimization model for identification
of unknown groundwater pollution sources. The hybrid-optimization model is more
computationally efficient than GMS-GA model. The predicting capability of the model is
also better than ANN-GA model. However, the hybrid-optimization model is not
computationally efficient as compared to ANN based simulation-optimization model. As
such some improvement in computational time is necessary. In this chapter, we have
presented another improved methodology which is computationally better than GMS-GA
model while maintaining predicting capability at per GMS-GA model. The methodology
incorporates both numerical and approximate simulation models simultaneously. In this
methodology, the fitness values of the few best individual of the population are calculated
using GMS model and fitness of the other individuals are calculated using the ANN
model. This technique has drastically reduced the computational time of the model. The

performance of the model is evaluated using the illustrative study areas.
6.1 Methodology Development

6.1.1. Development of simulation-optimization methodology
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In order to achieve efficiency in both computational time and predicting capability, we
have proposed a new simulation-optimization methodology using GMS and ANN
simulation models together. In this algorithm, initially the fitness value of all the
population are calculated using the ANN model. The population is then shorted in
descending order. The shorted population is then divided in two groups. The fitness
values of the better x% of the population are calculated using the GMS model. The fitness
values of the remaining (100-x) % of population are calculated using ANN model. The
population is then sent through the normal genetic algorithms processes. In genetic

algorithm, the better individuals have greater probability to be selected to the next

GMS Model
Objective function
Pop with Y
o fitness
Pf(;rn:slzh SIS - calculated Termination
Generate pop in using GMS . Optimal
. calculated . i criteria .
initial pop . descending Pop with . solution
using ANN (100-X)% . satisfied?
order
model calculated
using ANN
N
Objective function Apply reproduction,
New population crossoverand mutation
operators
ANN Model

Fig. 6.1: Flow chart of ANN-GMS-GA algorithm

generation and the fitness values of these individuals have been calculated using the GMS
model. As such, the performance of the model will be similar to GMS-GA model. The
solutions are then checking for the termination criteria. If the termination criteria are
satisfied, the optimal solution will be displayed. Otherwise, the solution will pass through
the genetic operators to obtain new solutions. This iterative process will continue until
termination criteria are not satisfied. As both ANN and GMS are used in this
methodology and GA is used to solve the inverse model, the methodology can be named

as ANN-GMS-GA model. Fig. 6.1 shows the flowchart of the algorithm.
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As discussed earlier, in case of ANN-GMS-GA model, x is the percentage of the
population whose fitness values have been calculated using GMS model. Fitness values
of the rest population have been calculated using ANN model. It is worth to mention here
that when x is equal to 0, the model is equivalent to ANN-GA model and when x is equal
to 100, the model is equivalent to GMS-GA model. In this study, we have done two
experiments. In the first experiment, the model is applied without the sorting operation.
Thus the fitness of the top x% of the solution is calculated using GMS model. Initial
value of x considered is 10 and the x value is the increased upto 90% at an interval of
10%, i.e. we have calculate the fitness value for x of 10%, 20%, 30%, 40%, 50%, 60%,
70%, 80% and 90% of solutions by GMS simulator. In the second experiment, we have
applied the sorting operator. Thus the fitness of the best x% of the solution is calculated
using GMS model. In this experiment (with sorting), we have considered x value of 10,

20 and 30 percent only. This methodology is applied to both the study areas.

6.2. Results and Discussion

6.2.1 Performance evaluation of the simulation-optimization model without sorting

The performance of the proposed ANN GMS GA based source identification model is
evaluated for different combination of GMS and ANN simulation for first and second
study areas. As mentioned above, the performance of the model is evaluated with or
without shorting operator. This is just to see the effect of sorting operator in the
algorithm. Table 6.1 presents the source concentration obtained for different percentage
of x when sorting algorithm was not used in the model. In this case, the fitness of the
initial x% of the solutions of the population is calculated using GMS model and the
fitness of (100 — x)% of the solutions is calculated using ANN model. The concentration
obtained by ANN-GMS-GA model is compared with actual concentration and the
concentration estimated using GMS-GA, ANN-GA and hybrid-optimization models. It
can be observed from the table that quality of the solutions has been improved when more
percentage of solutions are simulated by using GMS model. For example, the
concentration estimated for the first time step by the ANN-GMS-GA model at S1 source
for x of 10% is 43.32 gm/sec. The estimated value of concentration for x of 20% is
43.95gm/sec which is better than the value obtained for x of 10%. The source
concentration for x equal to 30%, 40%, 50%, 60%, 70%, 80% and 90% are, 44.36gm/sec,
44.60 gm/sec, 44.70gm/sec, 44.97gm/sec, 44.99gm/sec, 45.03gm/sec and 45.06gm/sec

respectively. The actual concentration is 47 gm/sec. Thus with the increase in x value, the
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predicting capability of the model is also improving. The concentration estimated by
Hybrid-Optimization, GMS-GA and ANN-GA are 45.38 gm/sec, 45.29 gm/sec and 41.7
gm/sec respectively (from Table 5.1). Thus for x equal to 90%, the concentration
predicted by the ANN-GMS-GA model is nearly equivalent to GMS-GA model which is
also closed to the actual concentration. On the other hand, for x equal to 10%, the
estimation of ANN-GMS-GA model is equivalent to ANN-GA model. Similarly, for the
other time steps also similar trend have been observed. Thus, it can be summarized that

the predicting capability of the model increases with the increase in x% value and the

Table 6.1: Comparison of actual concentration and predicted concentration by ANN-GMS-GA model

for first study area (without sorting)

Time | Source Actual | ANN- GMS-

Step | (gm/sec) | Conc. | GA Concentration predicted by ANN-GMS-GA GA
Percentage of population (X %)

x=0 10 20 30 40 50 60 70 80 90 : 100

S1 47 41.7 | 43.32 | 43.95 | 44.36 | 44.60 | 44.70 | 44.97 | 44.99 | 45.03 | 45.06 | 45.29

] S2 30 27.6 | 286 | 286 289 | 29.1| 29.1| 29.2| 292 | 293 | 293 | 29.6

S3 0 0.19 | 0.19 0.2 02| 019] 019 0.20]0.217| 022| 022 023

S1 15 18.9 18.5 18.5 18.4 18.3 18.3 18.2 18.2 18.2 18.2 17.9

5 S2 58.8 546 | 544 | 545 | 545| 546 | 546| 548 | 549 55 55| 555

S3 0 0 0 0 0 0 0 0 0 0 0 0

S1 37 277 297 | 299 302 | 305| 30.6| 30.7| 30.8| 309 | 309 | 314

3 S2 0 249 | 233 24| 252 | 243 | 245| 244 | 244 | 243 | 243 2.64

S3 0 0 0 0 0 0 0 0 0 0 0 0

S1 0 1.69 1.77 1.79 1.81 1.87 1.85 1.82 1.8 1.73 1.73 1,87

4 S2 35 33.1| 334 334 335| 335| 335| 339 338 | 339 34| 344

S3 0 0.17| 017 0.17| 0.18| 0.18| 0.18 | 0.18 | 0.18 | 0.18 | 0.18 0.18

model gives the best performance, when x is equal to 100%, i.e. GMS-GA model.

The performance of ANN-GMS-GA model is also evaluated on second study area. As
done in the first study area, concentrations at different source locations are obtained for
different values of x. Table 6.2 shows the concentration results obtained for different
percentage of x. In this case also, the concentration obtained by ANN-GMS-GA model is
compared with actual concentration, GMS-GA, ANN-GA and hybrid-optimization. Like

the first study area, the predicting capability of the model has improved with the increase
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Table. 6.2 Comparison of actual concentration and predicted concentration by ANN-GMS-GA model for
second study area (without sorting)

Actual
Time Conc.
Step SL (gm/sec) Concentration Predicted by ANN-GMS-GA
x%
10 20 30 40 50 60 70 80 90
S 90842 1023.52 102015 101879 15146 10128 1011.16 1007.17 100435 1001.44
$2 644.02 80715 80599 80418 45497 79491 7935 79144 78654  786.28
I s3 0 3804 3891 3825 3790 3720 3732 3704 3701 3623
S4 0 0 0 0 0 0 0 0 0 0
S5 987.08 68434 68602 68809  ocgg 69757 70299  707.04 71139 725.11
SL 11305 896.6 89298 91265 95667 8834  969.74 97947  996.54  1007.5
52 102387 1191.89 118973 118318y 1qe54 116434 116179 11581 115349 1152.37
2 S3 0 0 0 0 0 0 0 0 0 0
S4 102416 71455 71455 TR2TA - gh961 74064 74595 75122 75552 759.1
S5 0 2939 2928 2866  ,096 2586 2554 2532 2493 24.08
SLo 65335 78487 78336 7199 a6 75404 74841 74325 73548 7324
$2 113988 1126.99 1129.62 113065 113178 113258 113213 113236 1133.04 1133.04
30083 0 6957 6223 6946 G9g4 7017 69.17  69.02 6818  67.49
S4 65205 75989 7399 TS24 q4909 74399 74255 74047 73727 734.99
53 0 9919 9899 9T9 ge66 9852 9809 9799 9792 9753
S 902,13 1092.57 10904 108526 140591 108039  1077.05 1074.61 1070.02 1069.57
52 78L0Y 85045 84506 83412 g3 83147  827.01 82092 81585  810.38
4 S3 0 0 0 0 0 0 0 0 0 0
S4 11745 1035.99 103599 1047.72 105767 106582 106671 1069.96 1076.66 1081.8
S5 110482 88474 893.52 8991 49999 99163 90352 90444 90501  908.62
SLo 72125 63997 64155 64285 1703 64833 6497 65165 653.16  654.25
52 88977 74723 75043 U301 4597 7676 76858 77205 775.07  781.04
> 83 0 7064 TLTO 7263 504 7065 7069 7067 7051 70.72
S4 88977 76316 T66.18 76849 47315 77979 78415 78843  792.07 796.97
55 63993 7045 70245 70027 995 60823 69669 69541 69355 691.76

in x value. For example, the concentration estimated for the first time step by ANN-
GMS-GA model for source location S1 for x of 10%, 20%, 30%, 40%, 50%, 60%, 70%,
80% and 90% are 1023.52 gm/sec, 1020.15 gm/sec, 1018.79 gm/sec, 1014.8 gm/sec,
1012.8 gm/sec, 1011.16 gm/sec, 1007.17 gm/sec, 1004.35 gm/sec and 1001.44 gm/sec

respectively. Thus in this case also it has been observed that, with the increase of x value,

the predicting capability of the model has also increased. From Table 5.3, it is observed
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that concentration achieved by GMS-GA, ANN-GA and Hybrid-Optimization are
990.72gm/sec, 1027.06 gm/sec and 978.66 gm/sec respectivrly and the actual
concentration is 908.42gm/sec. It may be noted that when 90% of the population is
simulated by GMS simulator, the concentration estimated by the ANN-GMS-GA model
is 1001.44 gm/sec which is near to the solution obtained by GMS-GA model and also
closed to the actual concentration. It can be seen that for without sorting cases, the model

gives the best performance, equivalent to the GMS-GA model when x equal to 100%.

The relative efficiency of ANN-GMS-GA model is also evaluated using relative error.
Table 6.3 shows that relative error achieved by ANN-GMS-GA model in predicting
source concentration of first study area when applied without sorting operator. As per the
relative error criteria also, the model shows improved performance when the value of x
increases, and best results has been achieved for x equal to 100%. For the first time step,
relative error achieved by ANN-GA model for S1 source is 11.34% and that is achieved
by ANN-GMS-GA (x=90%) methodology is 3.98%. The relative error achieved by
GMS-GA model is 3.63% only. Similarly, for S2 source, at first time step, relative error
achieved by ANN-GMS-GA model is 2.11% (x=90%), whereas that is achieved by ANN-

Table. 6.3 Relative error (%) achieved by ANN-GMS-GA for first study area (without sorting)

Time SL Relative error (%) of ANN-GMS-GA
Step model
ANN- x% GMS-
GA GA
x=0 10 20 30 40 50 60 70 80 0 x
=100
S1 11.34 783 649 562 511 489 432 411 402 398 363
1 S2 797 476 456 356 315 293 279 253 217 211 1.43
S3 - - - - - - - - - - )
S1 26.13 235 232 228 222 22 214 21.3 21.1 21.03 194
5 S2 709 745 739 733 723 7.07 689 671 632 624 568
S3 - - - - - - - - - - )
S1 25.2 197 193 183 175 172 17.1 168 165 163 15.2
3 S2 - - - - - - - - - - )
S3 - - - - - - - - - - )
S1 - - - - - - - - - - )
4 S2 533 489 465 452 437 419 413 346 3.19 286 174
S3 ) - - - - - - - - ) -
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-GA and GMS-GA models are 7.97% and 1.43% respectively. Thus it can be concluded
GMS-GA model gives the best results while ANN-GMS-GA model gives better
performance when 100% of solutions of the population are evaluated using GMS model.
Similar results have also been achieved in case of the second study area. Table 6.4 shows
the relative error achieved by the model for different values of x. In this study area also,
the relative error achieved by ANN-GMS-GA model is very low when fitness value of
more solutions are calculated using GMS model. The relative error achieved by ANN-GA

model is very high as compared to GMS-GA and ANN-GMS-GA (x=90%) model. For

Table 6.4: Relative error (%) achieved by ANN-GMS-GA for second study area (without sorting)

gi:;)e SL Relative Error (%) for ANN-GMS-GA model
ANN GMS-
-GA x% GA
X= 10 20 30 40 50 60 70 80 90 x=100
tl S1 13.06  12.67 123 12,15 11.71 1149 1131 10.87 10.56 10.24 9.06
S2 27.09 2533 25.15 24.87 2434 2343 2321 22.89 22.13 22.09 19.76
S3 - - - - - - - - - - -
S4 - - - - - - - - - - -
S5 33.18 30.67 30.23 30.11 29.39 29.33 28.78 28.37 27.93 26.54 24.16
2 S1 2142  21.19 21.01 19.27 18.03 1534 1422 1336 11.85 10.88 10.59
S2 18.18 16.41 16.2 1556 14.13 13.72 1347 13.11 12.66 12.55 12.29
S3 - - - - - - - - - - -
S4 31.87 30.23  30.1 2943 28.76 28.17 27.16 26.65 26.23 25.88 2522
S5 - - - - - - - - - - -
t3 S1 21.13  20.13 199 1937 17.64 1555 14.55 13.76 12.57 12.1 11.86
S2 1.309 1.13 0.9 0.81 071 0.69 068 0.66 0.61 0.6 0.58
S3 - - - - - - - - - - -
S4 17.52 1654 1632 1539 14.76 14.1 13.88 13.56 13.07 12.72 1247
S5 - - - - - - - - - - -
t4 S1 21.89 21.11 20.87 20.3 20.04 19.76 19.39 19.12 18.61 18.56 18.46
S2 8.96 8.88 8.19 807 739 645 588 5.1 445 3.5 3.36
S3 - - - - - - - - - - -
S4 8.97 7.73 729 624 535 462 454 425 365 3.19 3.02
S5 20.09 19.84 19.55 19.43 19.14 18.77 1842 18.13 181 1792 17.58
t5 S1 12.65 11.27 11.05 10.87 10.29 10.11 992 9.65 944 9.29 9.01
S2 1636  16.02 15.66 1537 14.61 13.73 13.62 13.23 1299 1291 12.87
S3 - - - - - - - - - - -
S4 1595 1429 13.89 13.63 13.11 1236 11.87 11.39 1098 1043 10.32
S5 11.12  10.09 9.77 943 931 9.11 887 867 8.38 8.1 7.92
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example, for the first time step, relative error achieved by ANN-GA model for S1 source
is 13.06% and that of achieved by ANN-GMS-GA (x=90%) methodology is 10.24%. The
relative error achieved by GMS-GA model is 9.06% only. Similarly, at S2 source location
for first time step, relative error achieved by ANN-GMS-GA (x=90%) model is 22.09%,
whereas that is achieved by ANN-GA, GMS-GA and Hybrid-Optimization models are
27.09 gm/sec, 19.76% and 18.82 % respectively. Thus it can be conclude that ANN-
GMS-GA model without sorting is not as efficient as hybrid-optimization model or GMS-

GA model in identifying the unknown groundwater pollution sources.

6.2.2 Performance evaluation of the simulation-optimization model with sorting

It is already mention that, in the second experiment, ANN-GMS-GA model is applied
with sorting operation. Thus the fitness of the best x% of the solutions is calculated using
GMS model. Table 6.5 shows the concentration predicted by ANN-GMS-GA model for
the first study area. It may be noted that the concentration estimated by ANN-GMS-GA

model for first time step at x of 30% is 45.57 gm/sec. The concentration estimated by

Table 6.5: Comparison of actual concentration and predicted concentration by ANN-GMS-

GA model for first study area (with sorting)

Time Source Actual  Conc. Predicted by Relative error (%)
Step Location Conc. ANN-GMS-GA
(gm/sec) Model
x% x%

10 20 30 10 20 30

S1 47.00 44.69 4497 4557 491 432 3.04
1 S2 30.00 28.82 29.09 29.77 393 3.03 0.77
S3 0 021 0.22 0.235 - - -
S1 15.00 18.28 18.19 18.11 21.87 21.27 20.73
2 S2 58.8 54.66 54.75 55.14 7.02 6.75 6.19
S3 0 0 0 0 - - -
S1 37.00 30.61 30.79 31.53 17.20 16.78 14.78
3 S2 0 237 251 254 - - -
S3 0 0 0 0 - - -
S1 0 184 191 195 - - -
4 S2 35.00 33.53 33.81 3425 421 339 214
S3 0 0.169 0.171 0.182 - - -

TH-1299 11610417



147

GMS-GA and Hybrid-Optimization models are 45.29 gm/sec and 45.38 gm/sec
respectively. The actual concentration at this time step with respect to S1 source location
is 47gm/sec. This shows that performance of ANN-GMS-GA model with sorting is better
as compared to other models. For the other time steps also same trend have been
observed. Table 6.5 also shows the relative error achieved for x equal to 10%, 20% and
30 % at different time steps. The relative error (%) achieved by sorting ANN-GMS-GA
model is less than the without sorting algorithm. Consider the source S1 at time step 1, it
can be observed that for x equal to 30%, the relative error achieved without sorting
(WQOS) is 5.62% and that is achieved with sorting (WS) is 3.04% (Table 6.3 and Table
6.5). For the other time steps and source locations also we have found lesser values of
relative error with sorting operator. Based on this experiment, it can be concluded that in
terms of predicting capability, ANN-GMS-GA model with sorting gives the best
performance for x equal to 30% and no improvement has been seen with the increase in

value of x after 30%.

For the case of second study area, Table 6.6 shows the concentration predicted by ANN-
GMS-GA model for different values of x when sorting operation is applied. In this case
also, it is observed that the model gives the best prediction for x equal to 30%. The
concentration estimated by ANN-GMS-GA model for first time step for x equal to 30% is
981.18 gm/sec whereas the concentration estimated by GMS-GA and Hybrid-
Optimization models are 990.72 gm/sec and 988.66 gm/sec respectively. The actual
concentration is 908.42 gm/sec. This shows that the concentration predicted by ANN-
GMS-GA model with sorting is better than the other models. For the other time steps also
same trend have been observed. Table 6.6 shows the relative error achieved by the model
for x values of 10%, 20% and 30%. It is observed that, relative error (%) achieved by-
ANN-GMS-GA model with sorting is far better than the without sorting. For example,
relative error achieved by ANN-GMS-GA (without sorting) for the first time step at S1
source location is 10.24% (when x=90%) and that is obtained by the algorithm with
sorting is 8.01% (when x=30%) only. For the other time steps and source locations also,
the model with sorting operator achieved less relative error than without sorting
algorithm. From these results, it can be concluded that ANN-GMS-GA with sorting
model yields the best performance which is at par GMS-GA and Hybrid-Optimization

models.
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Table 6.6: Comparison of actual concentration and predicted concentration by ANN-GMS-GA

model for second study area (with sorting)

';‘ti;ne SL écmal Concentration Predicted by ANN- Relative error (%)
P one. GMS-GA
(gm/sec)
x % x %

10 20 30 10 20 30

S1 908.42 1013.98  1004.17 981.18 11.62 10.54 8.01

S2 644.02 794.91 786.99 770.05 23.43 22.2 19.57

1 S3 0 37.29 37.14 36.22 - - -
S4 0 0 0 0 - - -

S5 987.08 698.16 712.77 740.61 29.27 27.79 24.97

S1 1130.5 955.84 998.8 1004.45 15.45 11.65 11.15

S2 1023.87 1164.86 1153.18 1151.34 13.77 12.63 12.45

2 S3 0 0 0 0 - - -
S4 1024.16 734.22 754.91 764.95 28.31 26.29 25.31

S5 0 25.56 24.98 23.99 - - -

S1 653.35 753.38 736.98 726.59 15.31 12.8 11.21

S2 1139.88 1131.79 1132.81 1133.15 0.71 0.62 0.59

3 S3 0 70.26 68.54 66.79 - - -
S4 652.05 743.73 737.53 731.99 14.06 13.11 12.26

S5 0 98.5 97.99 97.1 - - -

S1 902.13 1077.77  1070.65 1067.67 19.47 18.68 18.35

S2 781.09 829.28 816 806.63 6.17 4.47 3.27

4 S3 0 0 0 0 - - -
S4 1117.45 1073.76  1073.76 1082.14 4.56 391 3.16

S5 1104.82 902.75 902.75 912.91 18.57 18.29 17.37

S1 721.25 652.88 652.88 654.53 10.08 9.48 9.25

S2 889.77 773.74 773.74 788.25 13.67 13.04 11.41

5 S3 0 70.69 70.54 70.69 - - -
S4 889.77 793.05 793.05 798.21 12.2 10.87 10.29

S5 639.93 698.8 694.58 690.61 9.2 8.54 7.92

6.2.3 Comparative evaluation of GMS-ANN-GA model without and with sorting

The performance of the ANN-GMS-GA model is also evaluated in terms of
computational time and objective function values achieved at the optimal solution. In the
first experiment, the model is applied without the sorting operation. Table 6.7 shows
objective function values and computational time required for different values of x in
case of first study area for without sorting. It can be observed that, the computational time

requirement increases with the increase in x value. As per the objective
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Table 6.7: Objective function values and computational time required for first study area for

ANN-GMS-GA (without sorting)

Objective Comp. Time
x (%) function (DD:HH:MM:SS)

0(ANN-GA) 7.641-04 00:02: 48:43
10 6.08E-04 00:06: 28:12
20 3.20E-04 00:09:59:36
30 1.34E-04 00:13:23:15
40 8.46E-05 00:17:48:52
50 7.63E-05 00:21: 53:00
60 4.64E-05 01:01:21:12
70 3.29E-05 01:07:39:21
80 8.20E-06 01:12:42:54
90 6.11E-06 01:17:23:48

100(GMS-GA) 1.04E-06 02:01:15:24

function value, it is observed that the quality of the solution has also improved with the
increase in x value. Fig. 6.2 shows that, best performance can be achieved when x is
equal to 100%, i.e. nothing but the GMS-GA model. The performance of the model
inferior when x is equal to 0%, i.e. the ANN-GA model. Table 6.8 shows the variation of
objective function value and computational time required for x equal to 10 %, 20% and
30% respectively when the model is used with sorting operator. The table shows that,

objective function value reduces when x value increases. It can be seen that the model

8.0E-04 L . « 50
Objective function value 7

@ = = = Computational time V4 40
% 6.0E-04
>
= 30 ¥
S 4.0E-04 <
2 20 £
g
‘= 2.0E-04
3 10

0.0E+00 0

0 20 40 60 80 100
X%

Fig. 6.2: Variation of objective function value and computational time with x for first
study area (ANN-GMS-GA-WOS)
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Table 6.8: Objective function values and computational time required for first illustrative

study area (with sorting)

Objective Relative comp.
function Comp. Time advantage over
x(%) value (DD:HH:MM:SS) GMS-GA model (%)
0 (ANN-GA) 7.04E-04 00:02:48:43 94.29
10 1.35E-04 00:06:23:24 87.03
20 6.45E-05 00:09:27:10 80.81
30 1.79E-06 00:13:18:50 72.97
100 (GMS-GA) 1.72E-06 02:01:15:24 00.00
8.00E-04
\ = = = GMS-ANN-GA-WOS
; 6.00E-04 \\ = GMS-ANN-GA-WS
: \
£ \
é 4.00E-04
“gj \
B N\
b N
2 2.00E-04 N\
© \
\ ~
0.00€+00 - ==
0 20 40 X % 60 80 100

Fig.6.3: Comparison of objective function value of ANN-GMS-GA model without

sorting and with sorting for first study area

gives the best performance which equivalent to GMS-GA model for x equal to 30%. As

only 30% of the solutions of the population are evaluated using GMS model, the model is

computationally more efficient than GMS-GA model and the Hybrid-Optimization

model. Thus significant amount of computational time can be reduced in obtaining the

unknown sources of a groundwater aquifer by using ANN-GMS-GA model with sorting.

It can be observed that around 72.97% of computational efficiency can be achieved by the
ANN-GMS-GA model over the GMS-GA model. For example, GMS-GA took 2 days 1
hour 15 minutes and 24 second to solve the problem. On the other hand, ANN-GMS-GA
with sorting (GMS-ANN-GA-WS) took only 13 hours 18 minutes and 50 seconds.
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Table 6.9: Objective function values and computational time required for different

values of x in case of second study area (without sorting)

Objective Comp. Time
x(%) function (DD:HH:MM:SS)

0 (ANN-GA) 9.0314E-04 00:04:00:09
10 8.0343E-04 00:12:45:54
20 5.9174E-04 01:00:27:34
30 4.4013E-04 01:06:56:20
40 3.134E-04 01: 23:57:11
50 2.5055E-04 02:07:34:23
60 1.3402E-05 02:17:36:25
70 9.6645E-05 03:01:07:45
80 6.2087E-05 03:12:42:54
90 9.7765E-06 04:05:35:30
100 (GMS-GA)  1.3402E-06 05:01:54:45
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Table 6.9 shows the objective function values and computational time required by the

ANN-GMS-GA model without sorting for the second study area. In this case also, the

computational time increases with the increase in x value. Fig. 6.4 shows the variation of

objective function value and computational time requirement with x value. For the model

without sorting operator, the best performance can be achieved when x is equal to 100%.

This experiment shows that model will be efficient in capturing the unknown pollution

sources, when x is equal to 100% and it is computationally inefficient when x is equal to

Fig. 6.4: Variation of objective function value and computational time for second

Objective function value
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Table 6.10: Objective function values and computational time required for second illustrative

study area (with sorting)

Objective Relative comp.
function Comp. Time advantage over
x(%) value (DD:HH:MM:SS) GMS-GA model (%)
0 (ANN-GA) 9.03E-04 00:04:12:09 96.55
10 2.34E-04 00:12:45:54 89.53
20 7.88E-05 01:00:27:34 79.94
30 1.55E-06 01:06:56:20 74.62
100 (GMS-GA) 1.34E-06 05:01:54:45 00.00

zero. In the second experiment, we have applied the sorting operator for the second study
area. Table 6.10 shows the objective function values and computational time requirement
by the ANN-GMS-GA model for x value of 10%, 20% and 30% respectively. It can be
seen that the model with sorting operator could achieved the results of GMS-GA model
when x value is equal to just 30%. This can also be visualized in Fig. 6.5. This shows that
significant amount of computational time can be reduced in obtaining the unknown
pollution sources of a groundwater aquifer. Around 74.62% of computational efficiency
can be achieved by ANN-GMS-GA model over GMS-GA model while maintain the
quality of the solution at per GMS-GA model. With this evaluation, it can be concluded
that the proposed ANN-GMS-GA model is one of the most potential methods to identify

the unknown pollution sources in an aquifer.

1.0E-03
= = = GMS-ANN-GA-WOS
\
£ 8.0E-04 \ GMS-ANN-GA-WS
\
2 \
g 6.06-04 \
= N\
L
2 4.0£-04 N
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2 ~<
© 2.0E-04 .
~ - -
1.0E-06 - =
0 20 40 ., 60 30 100

Fig. 6.5: Comparison of objective function value of ANN-GMS-GA model without sorting

and with sorting for second study area
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6.3 Conclusions

This chapter presents a new simulation-optimization methodology for optimal
identification of unknown pollution sources in a groundwater aquifer. We have
incorporated both numerical and approximate aquifer simulation models with the GA
based optimization model. In order to achieve efficiency both in computational time and
predicting performance, we have proposed this methodology using ANN, GMS and GA
where fitness of few best individuals of the population have been calculated using GMS
and finesses of the other individuals of the population have been calculated using ANN
model. The model is as efficient as GMS-GA model and also computationally much more
efficient than GMS-GA model. Application of the model on the illustrative study areas
shows that ANN-GMS-GA model has better predicting capability and also
computationally efficient. The model also applied without sorting of population.
However, performance of the model is not better without the sorting operator. The limited
evaluations show that up to 73% of computational efficiency can be achieved by the
model over GMS-GA model. This shows that the proposed model is efficient and has the

potential for field application.
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Chapter 7

Summery and Conclusions

7.1 Summery

Identification of pollution sources is an important task for the engineers working in management
of groundwater aquifer system. Prior knowledge of pollution sources and its movement is
necessary for planning of water resources of a region. The pollution sources can be identified
using inverse optimization technique. In this technique, the aquifer simulation model needs to
incorporate with the optimization model. Researchers have developed various methods for
incorporating simulation model with the optimization model. Out of which, linked simulation-
optimization model has emerged as one of the most promising techniques for solving the
problem. The advantage of this technique is that sophisticated GIS based aquifer simulation
model can be used and the optimization model has fewer decision variables. An optimization
algorithm is necessary to solve the optimization model. Various classical and non-classical
methods have been used for solving the problem. However, the gradient less non-classical
methods, such as genetic algorithms (GA), simulated annealing (SA), evolutionary strategies
(ES), direct search method (DS), differential evolution (DE), etc. have been appeared as most

efficient algorithms for solving the source identification model.

This study presented four improved methodologies for optimal identification of unknown
location and magnitude of groundwater pollution sources.We have used linked simulation-

optimization algorithm. The simulation model is developed using Groundwater Modeling
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System (GMS). GMS has a GIS based interface which is helpful for simulating real world
groundwater aquifer system. In the first model, GMS is linked with the optimization model in
Matlab environment. The MODFLOW and MT3DMS modules available in GMS are used to
simulation flow and transport processes in aquifer. The inverse model is solved using genetic
algorithms and direct search method. The performance of the proposed model is evaluated using
two illustrative study areas. The performance evaluation reveals that the approach is better than
embedded optimization approach. However, this is a very time consuming approach and model
takes around few days to solve a problem of medium scaled aquifer around one square kilometer
aquifer system on Pentium (R) Dual-Core CPU, E 5700@ 3.00 GHz, 1.96 GB of RAM. In order
to reduce the computational time, the second approach uses Artificial Neural Networks model in
place of GMS to simulate the flow and transport processes. The model is computationally
efficient now, but qualitative point of view, it is less efficient that the use of GMS model. Both
computational efficient and quality of prediction can be achieved using hybrid optimization
method, i.e. the third approach. In this method, near optimal solution is used using ANN based
simulation optimization model. The solution obtained using the ANN based model is then
refined using GMS based simulation-optimization model. In the fourth approach, another new
algorithm is presented by using ANN and GMS simulation models with the optimization model.

This approach is more efficient both computationally and qualitatively than the other approaches.
7.2 General Conclusions

The following conclusion can be made based on the evaluation study conducted in two

illustrative study areas.

v’ The integration of GMS software with GA based optimization model enables us to solve
very complicated real world source identification problem as GMS has the capability to
simulate more complex groundwater aquifer system. Further, the GIS based graphical
interface is quite helpful in incorporating irregular boundaries of an aquifer and irregular
shape of strata along with other spatial and temporal data.

v" The performance evaluation of GMS-GA model on two illustrative study areas shows
that the model is capable in identifying the unknown pollution sources and the model
performance is slightly better than the embedded optimization approach used by Mahar
and Datta (2000).
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v The study also shows that GMS-GA model is computationally very extensive. It takes
around five days of computational time to solve a source identification problem of an
aquifer having one square kilometer area in a computer system with Pentium (R) Dual-
Core CPU, E 5700@ 3.00 GHz, 1.96 GB of RAM..

v' The computational time required to solve the problem is directly related to the
computational time required by the aquifer simulation model. Thus the computational
time can be reduced using simplified aquifer simulation models.

v Artificial neural network can be used as an approximate simulator of the flow and
transport processes in aquifer. Evaluation of the model with erroneous data shows that
model performance does not degrade much with the introduction noise in the training
patterns.

v The use of artificial neural network model as approximate simulator in place of GMS has
drastically reduced the computational time of the simulation-optimization model. The
problem which took around five days of computational time can now be solved within
few hours.

v" The main drawback of the ANN based simulation-optimization model is that the quality
of the solution is much inferior as compared to GMS-GA model. It can only obtain the
near optimal solution.

v The efficiency both in predicting capability and in computational time can be achieved by
using hybrid optimization method. In this technique, initially ANN-GA model is used to
solve the pollution source identification problem. The solution obtained by ANN-GA
model is then refined by using GMS-DS approach. The method is computationally more
efficient than GMS-GA model.

v The proposed hybrid optimization model comes out as an attractive alternative solution
procedure where efficiency in both computational time and predicting performance can
be achieved. But still it takes few days to solve the problem.

v Some drastic improvement in computational time can be achieved using ANN-GMS-GA
model. This methodology is better than the GMS-GA model computationally while
maintaining predicting capability at per GMS-GA model.

v The performance evaluation of the models show that GA based simulation-optimization

is superior than DS based simulation-optimization model.
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v Application of the model to the illustrative study areas shows that the model has the

potential for field application.
7.3 Future scope of research

It is felt that detailed studies are required to address the following issues.

v' The developed methodology can be extended to the source identification problem of

unconfined aquifer or aquifer with fracture.

v This study has used genetic algorithms and direct search method to solve the inverse
optimization problem. However, performance of other non-classical algorithms, such as
simulated annealing (SA), differential evolution (DE), evolutionary strategies (ES),

particle swarm algorithm (PSA), efc. can also be evaluated.

v" ANN model is used as an approximate simulator of the flow and transport processes in
groundwater aquifer. Performance of other approximate simulation techniques, such as

genetic programming, linear and non-linear regression models, efc. can also be evaluated.

v One of the possible extensions of this study is the identification of multiple reactive and

radioactive pollutant sources in real world groundwater aquifer.

v' Finally, this methodology used static monitoring network available in the aquifer. The
methodology can be extended incorporating optimal monitoring network design

algorithm.
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