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Abstract

In this study four water quantity and quality problems are studied using advanced
simulation and optimization techniques. This study is divided in two parts, the first part
deals with water quantity management problems whereas the second part deals with
water quality management problems. In the first part, two water quantity management
problems are studied that include prediction of discharge in rivers and groundwater level
predictions. In the second part of the study, two water quality management problems
are studied, that include cost estimation of in-situ bioremediation and modeling of

saltwater intrusion in coastal aquifer.

Discharge forecasting in natural rivers is a complicated procedure because of
uncertainties involved in the behaviour of the flood wave movement. This further leads
to solving complex problems of hydrological modelling using soft computing techniques
(data-driven models). In short term flood forecasting where the accuracy of flood peak
value and time to peak are critical, frequent model updating becomes unavoidable. In
this study, a new technique called the Online Sequential Extreme Learning Machine
(OS-ELM) is applied to discharge prediction problem. The main advantage of using this
technique is its capability of updating the model equation based on new data entry
without additional increase in computational cost. The OS-ELM technique is applied to
predict flood forecasting in the Neckar River, Germany. The reach is characterized by
significant lateral flow that affects the flood wave formation. Hourly data at an upstream
section of is used to forecast flooding at the downstream site with a lead time of one to
six hours. Model performance is later assessed by using three statistical measures. The
performance of OS-ELM is subsequently compared to the other widely used Artificial
Intelligence (AI) techniques such as Artificial Neural Networks (ANN), Support Vector
Machines (SVM) and Genetic Programming (GP). The frequent updating of the model
equation in OS-ELM gives a closer representation of flood events and peak values
coupled with a minimal error compared to ANN, SVM and GP.
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Likewise, fluctuation of groundwater levels around the world is an important area in
hydrological research. In order to effectively manage the groundwater resources, it is
important to obtain accurate readings and forecast of groundwater levels. This study
employs two soft computing techniques, namely, ELM and SVM to forecast groundwater
levels at two observation wells. A monthly data set of eight years from 2006 to 2014
comprising both the hydrological and meteorological parameters is used to conduct a
comparative study of the models. These variables are used in various combinations for
an univariate and multivariate analysis of the models. The study demonstrates that the
proposed ELM model has better forecasting abilities compared to the SVM model for

monthly groundwater level forecasting.

Similarly, a study of in-situ bioremediation of BTEX compound which is one of
the most common groundwater remediation procedure used for treating organically
contaminated sites is conducted. In-situ bioremediation is a highly complex and a non-
linear process, modelling of which is complex and requires significant amount of
computational exertion. Soft computing techniques have a flexible mathematical
structure which can generalize complex nonlinear processes. In in-situ bioremediation
management, a physically-based model is used for simulation and this simulated data is
utilized by the optimization model to optimize the remediation cost. The recalling of
simulator to satisfy the constraints is an extremely tedious and time consuming process
and thus there exists a need to identify an appropriate simulator which can reduce the
computational burden. This study presents a simulation-optimization approach to
achieve an accurate and cost effective in-situ bioremediation system design for
groundwater contaminated with BTEX (Benzene, Toluene, Ethylbenzene, and Xylenes)
compounds. In this study, the ELM is used as a proxy simulator to replace BIOPLUME
III for the simulations. The selection of ELM is achieved by conducting a comparative
analysis using ANN and SVM that have been reported in previous studies of in-situ

bioremediation to be effective. Thus, a single-objective optimization problem is solved
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by a coupled ELM)-Particle Swarm Optimization (PSO) technique to achieve a
minimum cost for in-situ bioremediation. The results of this study indicate that ELM as
a proxy simulator is much faster and more accurate than ANN and SVM. The total cost
obtained by the ELM-PSO approach is assumed to be minimum possible while
successfully satisfying all the regulatory constraints of the contaminated site. Further,
an application of this approach while studying biological clogging of wells logically
provides an additional advantage as it gave the more practical and realistic cost of the

in-situ bioremediation system.

Finally, a study is conducted to predict saltwater intrusion in coastal aquifers
due to over abstraction of groundwater. The governing equations of saltwater intrusion
process is highly nonlinear and complex. The simulation of these equations is time
consuming as both the flow and transport processes are density dependent. In this study
the data based models like ANN, SVM and ELM are applied to approximate three-
dimensional density dependent flow and transport processes in a coastal aquifer. A
numerical simulation model SEAWAT yields the data required for training and testing
of the data based models. Later, the trained data based models are used to simulate the
density dependent saltwater intrusion process for a hypothetical coastal aquifer. A
statistical analysis of the simulation results obtained by ANN, SVM and ELM shows
that data based models could simulate a complex saltwater intrusion process successfully.
Further, a comparative analysis among the three data based models indicates that recent
models like SVM and ELM perform better than the well-established ANN model. The
selected models are also compared based on their computational ability and the results

shows that ELM is the fastest, however SVM is the most accurate proxy simulator.
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fore @y fonam aram §1 6 deheileh ol 3UNET it T HET oI HEegeReTel el &
3faReF gig & foar T Ser gfafse & MR 9X Alse THIET Sl ST A T &TAT
8| AR 4T, ST 7 a6 & YA T AfIsgarh F & fov HvE - veH dwedia

T I IS F qgu HEcaquT 1R JdTg EanT faRINaT § ST 916 ofgY ITSeT sl JHTiad
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ACy Change in contaminant concentration due to biodegradation
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T Total time required for the complete remediation (years)
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S Fresh water specific storage

C, Concentration of solute mass per unit volume of fluid (M/L?).

D Hydrodynamic dispersion coefficient tensor (L?/T)
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