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ABSTRACT 

The suspended and dissolved waste in the incoming storm water of wetlands largely depends on the adjacent land use 
which can influence the quality of the water body. The micro- and macro-floral population of a wetland can absorb, 
convert, transform and release different organic or inorganic elements, which can also change or impact the overall 
quality of the wetland water. The present study investigates the influence of the land use and the plant species in the 
waterbed on the water quality of a high-altitude, sub-tropical wetland in India. The estimation capabilities of 
neuro-genetic models were utilized to identify the inherent relationships between the Biochemical Oxygen Demand 
(BOD), Dissolved Oxygen (DO), chlorine (Cl) and Chemical Oxygen Demand (COD) with the land use and wetland 
zoology. A thematic map of the quality parameters was also generated based on the identified relationship to observe 
the influence that the morphological and biological diversity in and around the study area has on the quality parameters 
of the wetland. According to the results, the BOD, COD and Cl were found to vary with differences in land use and the 
presence of different plant species, whereas the DO was found to be largely invariant with changes in these parameters. 
The reasons may be contributed to the impact of uncontrolled eco-tourism activities around the wetland. 
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1. Introduction 

Nowadays, maintaining the water quality of freshwater 
wetlands has become a significant issue because, for this 
kind of wetland, municipal and industrial wastewater 
discharge constitutes a constant polluting source, whereas 
surface run-off is a seasonal phenomenon [1]. For this 
reason, the water environment quality issue is a subject 
of ongoing concerned for the development of an econ- 
omy in any country [2]. Naturally, a well-designed wa- 
ter-quality monitoring plan should preserve scarce re- 
sources by minimizing the redundancy of nearby moni- 
toring stations and the plethora of possible variables 
monitored, while at the same time maximizing the in- 
formation content of the collected data [3]. However, it is 
also true that to construct a well-designed water-quality 
monitoring plan, detailed testing of the water quality is 
essential for any freshwater wetland. In this paper, a 
multivariate statistical characterization of water quality 
of a tropical, freshwater lake in eastern India is dis- 
cussed. 

Some studies are available that deal with multiple pur-  

poses, including water quality monitoring. The useful- 
ness of multivariate statistical techniques demonstrated 
[4] for the evaluation and interpretation of large complex 
water-quality data sets and the apportionment of pollu- 
tion sources/factors with the intention of obtaining better 
information about the water quality and the design of the 
monitoring network for the effective management of wa- 
ter resources. A data set of 10 years analyzed [5] surface 
water quality data pertaining to a polluted river using 
partial least squares (PLS) regression models. In their 
study, both the unfold-PLS and N-PLS (tri-PLS and 
quadri-PLS) models were applied to the multivariate, 
multi-way data array with the intention of assessing and 
comparing their predictive capabilities for the biochemi- 
cal oxygen demand (BOD) of a river water in terms of 
their relative mean squared errors of cross-validation, 
prediction and variance captured. However, the principal 
component analysis applied [6] 16 water-quality pa- 
rameters that had been collected monthly over a 6-year 
period in an effort to describe the spatial dependence and 
inherent variations of water quality patterns in the Flor- 

Copyright © 2012 SciRes.                                                                               JWARP 



M. B. ROY  ET  AL. 577

ida Bay-Whitewater Bay area. Moreover, Researcher [7] 
tried to establish how the last years of artificial manage- 
ment have affected the ecosystem of the Tablas de 
Daimiel National Park, a Spanish continental wetland. To 
carry out this study he analyzed the water physico- 
chemical characteristics over the period 1995-1997, and 
using different statistical techniques, these data were 
compared with those obtained from a survey conducted 
from 1974-1975, which represented the original situation. 
However, geochemical characteristics and the apparent 
ages of sampled groundwater were used [8] to determine 
which of the two regionally extensive bedrock aquifers, 
the lower bedrock aquifer or the upper bedrock aquifer, 
is a more likely source of water discharging into the 
springs in the Nine Springs watershed, which is located 
in south-central Dane County, WI. Even, the potential of 
systematic and formalized interdisciplinary research 
concepts and methods for sustainable water and wetland 
policy and management were reviewed and examined [9], 
as advocated by the recently adopted European Water 
Framework Directive. However, the multivariate data 
analysis applied [10] large water quality data sets on the 
Buyuk Menderes River Basin to analyze the surface wa- 
ter contamination and establish correlations between wa- 
ter quality parameters. Later, the water quality was ex- 
amined [11] of the Tahtali River Basin in Turkey. In this 
study, multivariate statistical methods, including factor, 
principal component and cluster analyses, were applied 
to surface water quality data sets obtained from the 
Tahtali River Basin. The factor and principal components 
analyses results revealed that the surface water quality 
was mainly controlled by agricultural uses and domestic 
discharges. The cluster analysis generated two clusters. 
Moreover, a strategy was presented [3] to reduce the 
measured parameters, locations, and frequency without 
compromising the quality of the monitoring program. 
Even so, the surface water quality data sets were ana- 
lyzed [2] to obtain from the Xiangjiang watershed, which 
were generated over 7 years (1994-2000) and monitored 
12 parameters at 34 different profiles with the help of 
multivariate statistical methods, including factor, princi- 
pal component and cluster analysis. The multivariate 
statistical methods, i.e., cluster analysis (CA) and dis- 
criminate analysis (DA) were used [12] to assess tempo- 
ral and spatial variations in the water quality of the wa- 
tercourses in the Northwestern New Territories of Hong 
Kong over a period of five years (2000-2004) using 23 
parameters at 23 different sites. The principal component 
analysis (PCA) was used [13] to reduce the data dimen- 
sionality from the 18 original physico-chemical and 
microbiological parameters which determined in drinking 
water samples to six principal components that explained 
about 83% of the data variability to analyze 126 drink- 
ing water samples taken from a city water network in 

North Moravia, the Czech Republic, over the course of 
six months, according to a monitoring plan. In addition, 
some samples were collected [14] to analyze the pa- 
rameters such as Temperature, pH, DO, Conductivity, 
Turbidity, Total Suspended Solids (TSS), Nitrate, Phos- 
phate, COD and BOD from ten sampling locations dis- 
tributed along the Juru Estuary in the Penang state of 
Malaysia to analyze the water quality data with help of 
CA and descriptive statistics. However, the environ- 
mental economics for wetland construction, restoration 
and preservation, and the net ecosystem services values 
of constructed, human-interfered and natural wetlands 
explored [15] as a comparative study for the case of a 
typical human-interfered wetland in Wenzhou, China. 
Nonetheless, Turner [16] emphasized an integrated wet- 
land research framework, which suggests that a combina- 
tion of economic valuation, integrated modeling, stake- 
holder analysis, and multi-criteria evolution can provide 
complementary insights into sustainable and welfare- 
optimizing wetland management and policy. Furthermore, 
Ouyan [17] applied principal component analysis (PCA) 
and principal factor analysis (PFA) techniques to evalu- 
ate the effectiveness of the surface water quality-moni- 
toring network in a river, where the variables are evalu- 
ated at the monitoring stations. The objective of his study 
was to identify the monitoring stations that are important 
in assessing the annual variations of river water quality. 
Detenbeck [18] even developed a method that evaluated 
the cumulative effect of wetland mosaics on the water 
quality, which was applied to 33 lake watersheds in the 
seven-county region surrounding Minneapolis-St. Paul, 
Minnesota. Wayland [19] compared biogeochemical data 
from three synoptic sampling events, which represents 
the temporal variability of base flow chemistry and land 
use, using R-mode factor analysis. At the same time, a 
meta-analysis was described [20] to estimate relation- 
ships between the non-use components of willingness to 
pay (WTP) for surface water quality improvements and a 
combination of resource, context, and study design at- 
tributes, where these attributes include estimated use 
values for identical improvements. The relationships 
between water quality and six different land uses were 
investigated [21] to offer practical guidance in the plan- 
ning of future urban developments. In terms of safe- 
guarding the water quality, high-density residential de- 
velopment, which results in a smaller footprint than 
sparse development; should be the preferred option ac- 
cording to his study. The R-mode factor analysis and 
Q-mode cluster analysis were applied [22] to a set of 
1349 groundwater analyses to determine the factors con- 
trolling the groundwater composition and the main re- 
sulting water types. The PCA was used [23] to assess the 
degree of contamination and spatial distribution of heavy 
metals, such as Ag, As, Cd, Co, Cr, Cu, Hg, Ni, Pb, Sr, 
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Zn, and nutrients (Org-C, Tot-N and Tot-P) in different 
areas of Taihu Lake in China. 

Wetlands are also believed to play a significant role in 
global climate change by acting as a source of an atmos- 
pheric greenhouse gases, such as methane, carbon, and 
nitrogen [24]. Global biodiversity is also enhanced by 
wetlands, which are vital for the survival of dispropor- 
tionately large number of threatened and endangered 
species [25]. However, uncontrolled domestic discharges 
caused by rapid urbanization are threatening the surface 
water quality [26] of wetlands. Consequently, various 
physico-chemical and microbiological parameters of wa- 
ter and different biogeochemical cycles of wetlands are 
affected intensely. In such a situation, the present wet- 
land is really important because it represents a major 
group of Indian wetlands that are endangered by a lack of 
appreciation of the importance of their role and as soft 
target of developers. 

The land use and quality of water in the wetlands are 
correlated. The runoff from the industries, roads nor- 
mally has higher concentration of metallic compounds 
and dissolved wastes than from hills or forests whereas 
organic compounds are found in higher concentration in 
runoff from the latter. The type of floral species that re- 
side in the wetland bottom can also influence the water 
characteristics. Shrubs can uptake pollutants from the 
muck layer, small algae can increase dissolved oxygen. 
The microbes can increase the BOD by decomposing the  

organic wastes. Table 1 depicts the impact of different 
land use on the water quality of wetlands as observed by 
[27,28] and many other scientists. 

The floral population found in the wetlands was also 
found to be influential in controlling water quality of 
such water bodies. The quality of the wetlands can be 
accessed by observing the presence of different kind of 
plant species. Some examples of such indications are 
shown in Table 2. 

1.1. Impact of Major Quality Parameters on the 
Wetland Quality 

As per recommendation by the APHA [29] the observa- 
tion of the following parameters can yield an overview of 
the overall water quality of water bodies. The indicative 
properties of such parameters can give a clear idea about 
the overall quality of the wetlands. 

1.1.1. Biochemical Oxygen Demand (BOD) 
Oxygen is used for respiration in animals. Fish require 
the highest concentrations of oxygen. If the dissolved 
oxygen falls below 5 ppm (part per million), fish are the 
first to suffer and die. Then, the population of bacteria 
rises to abnormal levels. Imbalances between species are 
a sign of water pollution. Substances that consume dis- 
solved oxygen and add to the biochemical oxygen de- 
mand are pollutants. Such substances come from human  

 
Table 1. Relationship between land use and the water quality of water bodies, as documented in different scientific articles. 

Land Use Possibility of Water Contaminant Reason 

Road (R) 

High concentrations of chloride, nitrate and pesticides 
can be observed in the adjacent wetlands. The amount of 
concentration depends on the population and road  
density of the contributing area. 

Salt-treated roads, surface runoff from adjacent residential, 
agricultural and industrial regions, population density and soil 
porosity can vary the intensity of contamination. 

Forest (F) 
The lowest chloride and nutrient concentrations can be 
observed in wetlands adjacent to high density forests. 

As mixing of residential and industrial wastes with surface as 
well as groundwater increases the chloride and nutrient con-
centration, absence of the same has decreased the extent of 
contamination. 

Road & Agriculture Presence of pesticides and herbicides.  

The fertilizers applied in the adjacent agricultural area can 
contaminant surface runoff as well as seepage from aquifers, 
thereby increasing the toxicity and nutrient content of the 
wetland water. 

Road & Industry 
Presence of volatile organic compounds like Trichloro-
ethane.  

The effluents from petroleum and organic industries, if mixed 
with ground and surface water, can severely contaminate the 
wetland water. 

Road & Residential  

Domestic sewage can increase the concentration of 
Nitrates, Chlorides and dissolved nutrients. The munici-
pal sewage water will have an elevated concentration of 
organic compounds and ammonia which can deplete the 
Singh et al., (2006) DO of the water body. 

High population densities and human activity can contribute to 
the contamination of water bodies. 

Hill 

The surface runoff that flushes in from a forest may filter 
the dead bodies of macro-phytes. The mixing of such 
runoff with the water body is quick and also increases 
the diffusion of oxygen from the atmosphere due to the 
aeration of surface water by high flow velocities. The 
lowest Chloride and nutrient concentrations can be  
observed in wetlands adjacent to high density forests in 
the hills. 

Because the mixing of residential and industrial wastes with 
surface and ground water increases the chloride and nutrient 
concentration of the wetland, the absence of the same has 
decreased the amount of the contaminants. 
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Table 2. Relationship between plant species and the water quality of wetlands as documented in different scientific and 
government reports. 

Types of Aquatic Species Symptoms Water Quality Reason 

Rooted floating leaved  
plants like the water lily 

Increased 
growth 

Sediment contaminants may reach plant bodies. 
The Chloride or Nitrate concentration will be re-
duced due to absorbance by the aquatic plants. The 
DO will also be reduced under extreme conditions. 

Presence of forest or agriculture fields can 
increase the growth of such plants because 
the surface runoff can flush in nutrient rich 
water and sometimes act as a carrier agent of 
the rooted plants. 

Submerged plants 
Increased 
growth 

Decrease in the DO due to the respiration of the 
submerged plants. The dead bodies of such plants 
will attract microorganisms, which will increase 
the BOD of the water body. 
Such plants can trap nutrient-attached sediments 
from reaching the algal population, thereby pre-
venting the occurrence of algal blooms. 

Increase in the nutrient concentration due to 
human activities like the deposition of 
wastes, industrial effluents, etc. 
The aeration of water, which will increase 
the DO in the epilimnion and create an envi- 
ronment conducive for the germination of 
such plants. 

Free Floating Plants like  
water hyacinth (Eichhornia  
crassipes) 

Increased 
growth 

Increase in the DO but because the growth of free 
floating plants is normally aggressive, the native 
species of the water body face severe depletion. 
The chloride or nitrate concentration will decrease 
due to the absorbance of the metallic ions by such 
plants. 

Increase in the  nutrient concentration due 
to human activities, like the deposition of 
wastes, industrial effluents etc. 

Algae like Spirogyra sp., 
blue green algae, etc. 

Increased 
growth 

Minor increase in the DO, but the lake color and 
odor will change. Some types of filamentous algae 
may produce scums or mats. Due to the parasitism 
of microorganisms, lake water will show higher 
BOD values. 

Increase in the nutrient concentration due to 
human activities. 

 
waste. The amount of dissolved oxygen used up during 
oxidation by bacteria of the organic matter in a sample of 
water is called the biochemical oxygen demand (BOD). 
Water is rated as pure if the BOD is 1 ppm or less, fairly 
pure with a BOD of 3 ppm and suspect when the BOD 
reaches 5 ppm. 

1.1.2. Chemical Oxygen Demand (COD) 
The chemical oxygen demand (COD) test is used to in- 
directly measure the amount of organic compounds in 
water that can be oxidized with both organic and inor- 
ganic oxidizing agents. The regulated amount of COD 
for surface water is generally 200 - 1000 mg/L but differs 
with respect to country and state. 

1.1.3. Dissolved Oxygen (DO) 
Dissolved oxygen (DO) is the oxygen that is dissolved in 
water by diffusion from the surrounding air or aeration of 
water. Fish and aquatic animals cannot split oxygen from 
water (H2O) or other oxygen-containing compounds. 
Only green plants and some bacteria can do that through 
photosynthesis and similar processes. Virtually all of the 
oxygen we breathe is manufactured by green plants. A 
total of three-fourths of the earth’s oxygen supply is 
produced by phytoplankton in the oceans. If water is too 
warm, there may not be enough oxygen in it. When there 
are too many bacteria or aquatic animal in the area, they 
may overpopulate, and consume the DO in great amounts. 
Oxygen levels also can be reduced through the over-fer- 
tilization of water plants by run-off from farm fields 
containing phosphates and nitrates (the ingredients in 

fertilizers). Under these conditions, the numbers and 
sizes of water plants increase a great deal. Then, if the 
weather becomes cloudy for several days, respiring 
plants will use much of the available DO. When these 
plants die, they become food for bacteria, which in turn 
multiply and use large amounts of oxygen. 

Numerous scientific studies suggest that 4 - 5 parts per 
million (ppm) of DO is the minimum amount that will 
support a large, diverse fish population. The DO level in 
good fishing waters generally averages about 9 parts per 
million (ppm). When DO levels drop below about 3 parts 
per million, even hardy fish will die. 

1.1.4. Chlorine (Cl) 
Chlorine is used as disinfectant due to its capacity of 
oxidation. Chlorine can be found as free chlorine or as 
total chlorine. Free chlorine is highly toxic for aquatic 
inhabitants and microbes due to its highly oxidizing na- 
ture. Aquatic animals can tolerate up to 1 mg/L of free 
chlorine and fish will usually die if more than 0.36 mg/L 
of chlorine is found in the water. However, low concen- 
trations of chlorine, i.e. less than 0.1 mg/L, can improve 
the quality of the water body. The total chlorine can rep- 
resent the salinity of a water body where an excess 
amount of chloride can harm the aquatic inhabitants. 

The present investigation aims to identify the rela- 
tionship between the land use, type of aquatic plant and 
the above water quality parameter. A brief introduction 
and the common methodology followed in achieving the 
objectives through neural networks are discussed next. 
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1.2. Artificial Neural Network (ANN) 

An (ANN) is a flexible mathematical structure that is 
capable of identifying complex nonlinear relationships 
between input and output data sets. Artificial Neural 
Networks (ANNs) offer a relatively quick and flexible 
means of modeling, and as a result, the application of 
ANN modeling has been widely reported in various hy- 
drological studies [30-32]. In the context of hydrological 
forecasting, recent papers have reported that ANNs may 
offer a promising alternative for rainfall-runoff modeling 
[33-36], stream flow prediction [37-40], reservoir inflow 
forecasting [41,42] and the prediction of water quality 
parameters [43]. All the papers reported a high degree of 
satisfaction with the neural network estimations. 

Artificial neural networks are viable computational 
models for a wide variety of problems. These include 
pattern classifications, speech synthesis and recognition, 
adaptive interfaces between humans and complex physic- 
cal systems, function approximation, image compression, 
associative memory, clustering, forecasting and predict- 
tion, combinatorial, combinatorial optimization, nonlin- 
ear system modeling, and control. These networks are 
“neural” in the sense that they may have been inspired by 
neuroscience but not necessarily because they are faithful 
models of neurobiological or cognitive phenomena. In 
fact, the majority of the networks covered in this book 
are more closely related to traditional mathematical and 
statistical models, such as non-parametric pattern classi- 
fiers, clustering algorithms, nonlinear filters, and statis- 
ticcal regression models than they are to neurobiology- 
cal models. 

1.2.1. Mathematical Representation of Artificial 
Neural Network 

An (ANN) (see Figure 1) is a flexible mathematical  
 

 

Figure 1. A schematic diagram of an artificial neural net- 
work. 

structure that is capable of identifying complex nonlinear 
relationships between input and output data sets. The 
ANN model of a physical system can be considered as n 
input neurons  ,1 2 nx x x , h hidden neurons 
 ,z z z  ,1 2 n  and m output neurons 1 2 ny y y . Let tj 
be the bias for neuron zj and fk for neuron yk. Let wij be 
the weight of the connection from neuron xi to zj and beta 
is the weight of the connection zj to yk. The function that 
ANN calculates is: 

   1k A j jk ky g z b f j h           (1) 

In which, 

   1j A j ij jz f x w t i h            (2) 

where gA and fA are the activation functions [44]. 
The development of an artificial neural network, as pre-

scribed by ASCE [45] follows the following basic rules: 
1) Information must be processed at many single ele- 

ments called nodes. 
2) Signals are passed between nodes through connec- 

tion links, and each link has an associated weight that 
represents its connection strength. 

3) Each of the nodes applies a non-linear transforma- 
tion called an activation function to its net input to de- 
termine its output signal. 

The numbers of neurons contained in the input and 
output layers are determined by the number of input and 
output variables of a given system. The size or number of 
neurons of a hidden layer is an important consideration 
when solving problems using multilayer feed-forward 
networks. If there are fewer neurons within a hidden 
layer, there may not be enough opportunity for the neural 
network to capture the intricate relationships between 
indicator parameters and the computed output parameters. 
A network with too many hidden layer neurons not only 
requires a large computational time for accurate training 
but may also result in overtraining. A neural network is 
said to be “over-trained” when the network focuses on 
the characteristics of individual data points rather than 
just capturing the general patterns present in the entire 
training set. The network building procedure is divided 
into three phases, which are described next in a broad 
way. 

1.3. Study Area 

Mirik Lake (26˚54'N to 26.9˚N—latitude and 88˚10'E to 
88.17˚E—longitude) is situated in a valley encircled by 
hill ridges with an extensive natural drainage network. 
This lake is located at an altitude of 1767 meters above 
the sea level. It is 49 km from Darjeeling and falls in the 
state of West Bengal in India. On the western side close 
to Mirik Lake flows the Mechi River, which demarcates 
the Indo-Nepal border. The climate is pleasant all year 
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round with temperatures of a maximum 30˚C in the sum- 
mer and a minimum of 2˚C in winter. Mirik Lake is sur-
rounded by the Mirik bazaar, Thana-line, Krishnanagar, 
Pratapgaon, and Mahendragaon (wards nos. 2, 3, 5, 7 and 
8 respectively). Its rich biodiversity, location on a mi-
gratory bird route, and vast areas of suitable habitats for 
multiple bird species make the lake important center for 
wildlife [46]. Mirik Lake as a whole contains multi- 
farious features for boating, recreation, jogging, fairs, 
picnics and many other activities. The total of pollution 
load is drained from the surface runoff carrying the do- 
mestic and municipal sewage for the entire Mirik Lake. 
Some other sources of pollution, such as the outflow 
from hotels carrying waste, human excreta from poor 
sanitation, washing clothes, bathing, etc., are drained into 
the Lake. Figures 2 and 3 show the location of sampling 
points on Mirik Lake and the land use map of Mirik Lake, 
respectively. 

and the characteristics of the wetland bottom, on the wa- 
ter quality of wetlands. A neuro-genetic model was de- 
veloped to estimate the interrelation between the former 
with the latter. The study can reveal the answers to ques- 
tion such as: 

1) How does the quality parameter vary from the pe- 
ripheral region to the central region of the wetlands? The 
 

1.4. Objective  

The present study investigates the influence of land use  Figure 2. Location of sampling points in mirik lake. 
 

 

Figure 3. Land use map of mirik lake.    
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quality of the water in the peripheral region will be sig- 
nificantly influenced by the adjacent land use, but the 
water quality in the central region will be impacted by 
the floral population of the wetland. 

2) What are the relationship between land use and the 
quality of stored water and why do these relationships 
exist? 

3) What are the relationships that exists between aquatic 
plants and the quality parameters of the water and why 
do these relationships exist? 

2. Methodology 

2.1. Sample Collection and Analysis 

During study period, the water-spread area of Mirik Lake 
was about 162,256 m2, the width was 163 m, the depth 
was 1.65 m and the total volume of the water was about 
2,677,224 m3. The point sources of pollution of this lake 
are the four main drains for the domestic and municipal 
sewage. The non-point sources of pollutions include the 
outflow of hotels, clothes washing, bathing and surface 
run off from the surrounding areas.  

Samples (Figure 2) were collected from all the sam- 
pling points on the same day at different times. The DO, 
pH, temperature and turbidity were measured on spot in 
the field with Rugged Field Kit HQ Series Portable Me- 
ters (HQd/IntelliCALTM-8505300-HACH). Samples were 
brought to Kolkata for further physico-chemical (BOD, 
COD and chloride) and bacteriological analysis at the 
School of Water Resources Engineering, Jadavpur Uni- 
versity as per the standard method [30]. 

2.2. Selection of the Land Use Class 

A land use map (Figure 3) of the study area was devel- 
oped with the help of satellite imagery and a ground 
tooth sample survey. The major land uses within the 500 
m diameter around the lake were identified as: Hill (H), 
Forest (F), Pond (P) and Road (R) as can be observed 
from Figure 2, which also showed the collection points 
for surface water. 

2.3. Identification of Major Aquatic Species of 
the Lake 

The aquatic species of the lake were identified from both 
the ground tooth survey and microscopic tests of the col- 
lected samples. The three major types of planktons iden- 
tified were divided into the following classes: Rooted 
Floating Leaves or Shrubs (S), Submerged Plants or 
Shrubs (SS) (Table 2), and Clear Water (C), which 
represents water with no noticeable floral population. 

The identified land use and plant classes along with 
the value of BOD, COD, DO and Cl parameters from the 
collected samples, a neural network model was devel- 

oped with each quality parameter as output and land use, 
plant classes, distance from the wetland periphery and 
other 3 quality parameter as input. The other parameters 
were included as input to educate the model about the 
interrelationship if any in-between the parameters which 
also help to validate the model output. 

2.4. Development of the Neuro-Genetic Models 

2.4.1. Network Building Procedure 

Selection of Network Topology 
Neural networks can be of different types, like feed for- 
ward, radial basis function, time lag delay etc. The type 
of network is selected with respect to the knowledge of 
input and output parameters and their relationships. Once 
the type of network is selected, selecting the network 
topology is the next concern. A trial and error method is 
generally used for this purpose, but many studies now 
prefer the application of a genetic algorithm [47]. Ge- 
netic algorithms are search algorithms based on the me- 
chanics of natural genetics and natural selection. The 
basic elements of natural genetics—reproduction, cross- 
over, and mutation—are used in the genetic search pro- 
cedure. A GA can be considered to consist of the fol- 
lowing steps [48]: 

1) Select an initial population of strings. 
2) Evaluate the fitness of each string. 
3) Select strings from the current population to mate. 
4) Perform crossover (mating) for the selected strings. 
5) Perform mutation for selected string elements. 
6) Repeat steps 2) - 5) for the required number of gen-

erations. 
The genetic algorithm is a robust method of searching 

for the optimum solution to complex problems, such as 
the selection of an optimal network topology, where it is 
difficult or impossible to test for optimality. The basics 
of GAs have already been discussed by many authors 
[47,49,50]. Hence the details of the basic procedures of 
GAs are not discussed in the present literature. 

2.4.2. Training Phase 
To encapsulate the desired input output relationship, the 
weights are adjusted and applied to the network until the 
desired error is achieved. This is called as “training the 
network”. 

2.4.3. Testing Phase 
After training is completed, some portion of the available 
historical dataset is fed to the trained network and a 
known output is estimated out of them. The estimated 
values are compared with the target output to compute 
the MSE. If the value of MSE is less than 1%, then the 
network is said to be sufficiently trained and ready for 
estimation (see Figure 4). The dataset is also used for  
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YES 

MODEL DEVELOPMENT SUCCESSFUL 

 

Figure 4. The basic methodology followed for the develop- 
ment of a Neural Network [40]. 
 
cross-validation to prevent over-training during the train- 
ing phase [44]. 

3. Result & Discussion 

In total four neuro-genetic models were prepared with 
one of four quality parameters as the output. The models 
were trained with the Quick Propagation and Conjugate 
Gradient Descent training algorithms, and the perform- 
ance analysis of the results from the models revealed QP 
trained models for BOD and DO and CGD trained mod-  

els for COD and Cl as the best trained neuro-genetic 
model (see Table 3). The estimation work was carried 
out with the help of the model trained with the selected 
algorithm. 

3.1. Discussion 

According to the Tables 1, 2 and 4 following observation 
and discussions are made to analyze the impact of land 
use and aquatic plants on the quality of wetland water. 

According to the results (Figure 5), eight combina- 
tions of land use and types of wetland bottoms were 
identified. The results showed that the BOD is worst (i.e., 
highest concentration) for the combination of road and 
submerged floral species and the combination of clear 
water and forest yielded the best concentration of the 
BOD (i.e., lowest concentration). The combination of S 
and R showed a moderate concentration of BOD in the 
lake water. BOD concentrations of a lake are known to 
increase in the presence of organic content, which invites 
micro-bacteria. The bacteria, with the help of dissolved 
oxygen, decay the organic matter. The presence of or- 
ganic content can thus reduce the DO of a lake. Lowering 
the DO concentration can severely impact the fish popu- 
lation and other floral and faunal colonies of the lake 
because these species depend on the lake DO for food 
production and respiratory activities. In the present in- 
vestigation, the presence of submerged species in the 
water may increase the organic content of the water. The 
dead bodies of such species can increase the BOD con- 
centration. The road adjacent to the lake will indicate 
heavy depositions of organic wastes in the pond from the 
incoming population, and because the lake is famous for 
eco-tourism, the influx of temporary population is very 
high. However, the absence of any biological species in 
the lake water and forest in the adjacent areas has re- 
duced the deposition of organic wastes in the water. The 
forest had acted as a filter for removing organic matter, 
such as the dead bodies of animals and large trees from 

 
Table 3. The specification used and results achieved from the neuro-genetic models developed for the present study. 

Network Input Hidden Layer Output Training Algorithm Training MSE Testing MSE MSE r SD 

BOD 6.00 7.00 1.00 QP 0.05 0.08 0.06 0.87 0.96

BOD 6.00 3.00 1.00 CGD 1.21 1.56 1.02 0.76 0.87

COD 6.00 6 1.00 QP 7.87 7.68 5.67 0.76 0.88

COD 6.00 3.00 1.00 CGD 5.45 5.88 4.95 0.88 0.90

DO 6.00 3 1.00 QP 0.05 0.045 0.05 0.98 0.89

DO 6.00 3.00 1.00 CGD 0.07 0.08 0.08 0.76 1.20

Cl 6.00 4 1.00 QP 0.02 0.04 0.06 0.89 0.95

Cl 6.00 16.00 1.00 CGD 0.01 0.03 0.01 0.98 0.96
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Table 4. The impact of characteristics of adjacent land use 
and wetland bed on the four quality parameters considered 
for the present investigation. 

Combination LUB LUA COD Cl BOD DO

1 S R 26.27 9.55 8.68 5.67

1 S R 95.85 7.87 5.04 5.96

1 S R 37.56 5.50 9.65 5.54

1 S R 63.90 4.06 9.24 5.62

2 N H 45.72 5.23 9.53 5.82

3 SS H 18.83 19.53 11.05 5.22

3 SS H 143.91 12.74 2.52 4.42

3 SS H 55.11 8.51 12.02 4.52

3 SS H 42.82 21.62 14.80 5.62

2 C R 368.87 29.54 5.55 5.79

4 C F 30.55 20.20 0.24 4.97

2 C R 84.43 26.41 9.84 4.91

5 C P 16.10 28.13 23.29 4.63

2 C R 207.98 21.93 10.32 4.66

2 C H 32.58 15.07 8.92 4.84

6 S H 41.42 21.16 8.31 5.16

7 SS H 30.24 22.54 8.52 4.93

7 SS H 16.29 15.54 24.53 4.97

7 SS R 56.94 26.65 21.74 4.59

8 SS R 30.51 26.23 20.59 4.56

 
the surface runoff coming through the forest. Hence, the 
BOD of such areas were found to be lower than those of 
other areas that are widely visited by the tourist and lo- 
cals who are economically dependent on the former for 
their sustainability, but the locals and tourists had also 
converted the lake into a basket for their waste materials. 

The presence of non-biodegradable wastes can in- 
crease the COD concentration of the lake. According to 
the results (see Figure 6), the combination of clean water 
and road yielded the higher values of COD, and a com- 
bination of SS and H yielded the lower values of the pa- 
rameter. The absence of shrubs or submerged species can 
reduce the BOD of a water body, but the presence of 
non-biodegradable wastes can increase the COD of the 
same. The presence of roads has only smoothed the path 
of such wastes with the surface runoff coming into the 
lake unhindered. That may be the reason for high con- 
centrations of COD when the road is present within the 

500 m of the lake. The results from the model also 
showed that the COD (mg/L) is lower (≤75 mg/L) 
whenever shrubs or submerged shrubs are present in the 
wetland bed, but the biochemical oxygen demands 
(BODs) of such areas are found to be more than 5 mg/L. 
The reason can be attributed to the presence of abiotic 
bacteria present in the plankton population of the lake. 
These bacteria produce their food with the help of oxy- 
gen bonded to metallic ions. That is why the CODs in 
such areas are lower because the chemical oxygen is not 
used for decaying inorganic wastes, but BOD is more 
than 5 mg/L because the decomposition of organic waste 
is done by the abiotic bacterial population. 

In case of the DO (see Figure 7), the identified com- 
binations yielded no noticeable differences, but the DO is 
found to be more for shrubs and road combination and 
less for submerged shrubs and hill combinations. The 
probable reason can be attributed to ecotourism events, 
such as boating and fishing, which are rampant in the 
lake and may aerate the lake water. Again, presence of 
shrubs can also maintain the oxygen content of the lake 
due to the ribosomal bacteria present in the roots, which 
release oxygen during nutrient uptake. The relative in 
crease of the DO in presence of shrubs may be the results 
of such nutrification procedures. 

From the prediction of chlorine (see Figure 8) it can 
be observed that the concentration is higher for SS and R 
combinations, whereas the same is lower for S and R 
combination with respect to the other combinations iden- 
tified. The presence of a road within 500 m of the lake 
can contribute to the increase in chlorine concentration. 
The lake, in case of the present investigation, is a popular 
place for eco-tourism and the generated organic as well 
as inorganic waste are deposited in the lake. The surface 
runoff from the adjacent high altitude land also brings 
dissolved chlorine due to the uncontrolled use of fertiliz- 
ers in the adjacent floriculture. The unhindered surface 
(due to the road area) from these areas along with depo- 
sition of wastes by the tourists can cumulatively influ- 
ence the increase in chlorine concentration of the lake. 
However, because water plants are popular for their 
chlorine uptake, the presence of shrubs has reduced the 
chlorine concentration and absence of the same has al- 
lowed the concentration to rise. The toxic byproducts 
generated from a submerged algal population can in- 
crease chlorine content, so the presence of submerged 
planktons and the absence of shrubs may have allowed 
the chlorine concentration to rise. 

From Table 4 and the discussions above, it can be ob- 
served that SS is an influential factor, which may impact 
the quality of water, because most of the cases the pres- 
ence of submerged shrubs had caused the differences in 
the concentration of water quality parameters of the lake. 
The road and hills, present in the area within 500 m of     
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Figure 5. Thematic map of the BOD concentration generated from the identified relationships between the land use, wetland 
bed and the quality parameter. 
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Figure 6. Thematic map of the COD concentration generated from the identified relationships between the land use, wetland 
bed and the quality parameter. 
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Figure 7. Thematic map of the DO concentration generated from the identified relationships between the land use, wetland 
bed and the quality parameter. 
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Figure 8. Thematic map of the Cl concentration generated from the identified relationships between the land use, wetland 
ed and the quality parameter. b  
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the lake are also identified as an influencing factor on the 
quality of wetland water. 

4. Conclusion 

The present study investigates the relationship between  
water quality parameters and adjacent land use and the 
aquatic plants of the wetland with the help of neuro-ge- 
netic models. The model results showed that the sub-
merged shrubs along with road and hills within the 500 
m of the lake have a quantifiable relationship with the 
water quality of the lake. The DO was found to be least 
source of problems, and the BOD was found to be a 
highly correlated parameter with the inputs among the 
considered four parameters, which the study has assumed 
to be representative of overall quality of the wetland. The 
ecotourism activities, which are common in and around 
the lake due to the geo-morphology and biodiversity of 
the region was also found to be affecting the quality of 
the lake water. That is why the anthropogenic impacts 
coming from both tourist and local population on the 
quality of water may be considered as the next objective 
for the overall economic and environmental sustainabil-
ity of the wetlands, which is treated as the major source 
of income of the local population. The identification of 
the correlation can be performed for other lakes also to 
obtain a better conclusion and generalization of the ob-
servations. The neuro-genetic models were found to be 
suitable for the identification of relationships, which is 
eminent from the low MSE achieved by all the models 
trained with different training algorithms. 
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