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Abstract

The trophic state is one of the significant environmental impacts that must be monitored
and controlled in any aquatic environment. This phenomenon due to nutrient imbalance
in water strengthened with global warming, inhibits the natural system to progress. With
eutrophication, the mass of algae in the water surface increases and results to lower dissolved
oxygen in the water that is essential for fishes. Numerous limnological and physical features
affect the trophic state and thus require extensive analysis to asses it. The univariate ap-
proach for trophic state classification is based on specified ranges of the cause (Nitrogen,
Phosphorus) or response (Chlorophyll-a [Chl-a] and Secchi Depth [SD]) variables or on the
variable information expressed in the form of indices. Therefore, in this project, an attempt
is made to study about the accurate prediction of TSI using effective combination of differ-
ent features using Machine Learning(ML), Deep Learning(DL) and hybrid techniques. The
framework was applied to a dataset of 11 lakes, 4 reservoirs and 2 ponds in Kerala for the
period, 2012-2018. In this study, four different Artificial Intelligence(AI) models were devel-
oped for the prediction of Multivariate Trophic State Index(MTSI) and propose the usage
of random forest as an effective model. Auto-tuned hybrid models are also proposed for
effective Trophic state classification and they show better accuracy than their corresponding
stand-alone models.
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Chapter 1

Introduction

1.1 General

Eutrophication refers to the nutrient enrichment of water bodies particularly with nitrogen
and phosphorus compounds, and is considered one of the gravest ecological problems related
to lentic water bodies such as ponds, reservoirs, lakes. United Nations Environmental Pro-
tection (UNEP) reported that globally 30-40% of lakes and reservoirs show tendency toward
varying degrees of eutrophication. It severely deteriorates water quality leading to increased
turbidity, cyanobacterial blooms, loss of biodiversity, health hazards, diminishing aquatic
growth caused by depletion of oxygen, and foul taste and odour. This, in turn, creates so-
cioeconomic challenges, such as increased water treatment costs, difficulties in fulfilling the
criteria for disinfection by-products, and aesthetic damage. Eutrophication management is,
hence, the primary step towards conservation of lentic water bodies. Several measures have
been conceived to manage eutrophication including re-routing of excess nutrients, alteration
of nutrient ratios, and use of herbicides and algaecides. Advanced wastewater treatment
(AWT) and diversions are two commonly used techniques for reduction of external nutrients.
The external reduction of nutrients often shows little signs of recovery in lentic water bodies;
reason is due to internal cycling of phosphorous which can be controlled by intervening with
biogeochemical cycles to reduce the phosphorus release from the sediments. However, se-
lection of appropriate treatment method, eutrophication management, and decision-making
programme depend largely on the degree of severity of eutrophication. Hence, the fundamen-
tal steps for a full conceptual understanding of eutrophication is contained in classification
of water bodies into different trophic states combined with quantification of these states.
As per Carlson Trophic State Index (TSI), the freshwater bodies have been classified into
three possible trophic states: oligotrophic, mesotrophic and eutrophic. Oligotrophic lakes are
named so as they host little or no vegetation whereas eutrophic lakes are heavily encroached
by scrounging aquatic weeds. To this end, aquatic ecologists and environmental engineers,
worldwide, have attempted to accurately determine the level of eutrophication in freshwater
bodies.

Both univariate and multivariate statistical approaches have been applied in the past,
for classification of trophic states. The univariate approach for trophic state classification
is based on specified ranges of the cause (Nitrogen, Phosphorus) or response (Chlorophyll-a
[Chl-a] and Secchi Depth [SD]) variables or on the variable information expressed in the
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form of indices. Eutrophication is instigated by an interplay of multiple factors (variables).
Therefore, individual variables or univariate indices derived from a single variable may not
adequately quantify the trophic levels of eutrophication, and a multivariate approach is more
appropriate for trophic state assessment. Several multivariate approaches that yield com-
posite indices linking cause and response variables have also been proposed for trophic state
assessment. These composite indices are obtained by consolidation of extensive water qual-
ity information into a single index, and they enable thorough and continuous assessment
of water quality and eutrophication. After determining the TSI by following univariate or
multivariate approach, the thresholds are to be estimated to classify the lakes into different
trophic states. As the geographic and atmospheric factors significantly influence the eutroph-
ication process, the threshold standards are to be fixed region-specific. Moreover, TSIs are
developed on the basis of certain assumptions (limiting nutrient concept), because of which
most are site specific, with limited universal applicability. Literature shows that although
several multivariate indices have been developed, they vary in the selection of variables and
the adopted methodologies. The overlapping of threshold values for each trophic state leads
to uncertainty in the classification of lentic water bodies which needs to be addressed. Hence,
eutrophication assessment requires a generic framework with discrete threshold values that
can be applied to any hydro- climatic region.

Recently, Multivariate Trophic State Index (MTSI) framework was proposed by Kurwat-
tia and Karmakar[2] in 2015, as a robust composite index, to evaluate the trophic state of
lentic water bodies and subsequently fix the thresholds for trophic conditions. This mul-
tivariate TSI uses multivariate statistical analysis techniques such as Principal Component
Analysis (PCA) and Cluster Analysis (CA), incorporating parametric and non-parametric
density functions. MTSI is calculated from independent water quality variables, such as:
chlorophyll-a (Chl-a) concentration, total phosphorus (TP) concentration and total nitrogen
(TN). Measuring the concentration of chlorophyll-a and total phosphorus requires sophis-
ticated techniques that involve chemical experiments, equations, specific analyses of water
samples. Consequently, alternative variables or methods for accurately measuring MTSI
would represent a significant development in the field. Instead of calculating the index of
water quality directly by its original formulas, many studies have predicted many water qual-
ity indices based on water parameters other than original parameters of the original formulas.
AI based approaches, which have been typically used for this purpose in recent studies, have
advantages over the traditional deterministic methods as they reduce the complexity that
is associated with a large number of factors and the necessary sophistication of quantifying
traditional water parameters. Various AI based approaches have been confirmed to be useful
in solving water quality management problems.

Traditional Trophic State Index like Carlson TSI, based on univariate approach was
widely used for classification of lakes. Multivariate Trophic State Index based on multivari-
ate approach is a robust alternative for lake classification index, not widely applied. The
prediction of TSI using Soft Computing is rare and researchers have hardly attempted the
prediction of MTSI using Soft Computing. In this study, different AI models were compared
for the prediction of MTSI and proposes the usage of random forest as an effective model.
And also hybrid models with effective feature selection are proposed as effective method for
Trophic state classification.

Centre for Artificial Intelligence Page 2
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1.2 Objectives

The main objectives of the work are listed below:

• To efficiently predict MTSI values using different AI models.

• To find the best combination of input-features using effective feature selection methods.

• To classify the Kerala lakes into different trophic states using hybrid, DL and ensemble
models.

1.3 Organisation of Report

The overview of this report is as follows. Chapter 1 deals with the introduction to the
topic and mentions about the relevance of MTSI. Chapter 2 discusses about the Literature
Survey associated with the project. Chapter 3 gives the methodologies followed in the work.
Chapter 4 is based on the Study area and datasets used. Chapter 5 deals with the results
obtained in the project. Chapter 6 concludes the discussion on the topic.

Centre for Artificial Intelligence Page 3



Chapter 2

Literature Review

2.1 General

This chapter presents the review of literature describing the various approaches to Trophic
State Index (TSI) and its sequential historical development. This chapter also describes the
method of prediction of these indices in different hydroclimatic regions using AI models.

2.2 Review of Literature on Trophic State Index

Carlson[1] proposed a tropic state index, which is the most widely used index for classifica-
tion of lentic water bodies. Carlson Tropic State Index (CTSI) used algal biomass as the
basis of this classification. It was a univariate approach. Carlson TSI was attractive because
of its theoretical basis and reliance in qualified indicators. Chlorophyll-a pigment, Secchi
Depth (SD), Total phosphorus (TP) were the parameters taken in development of index.

Canfield and Hodgson[3] introduced models for the prediction of chlorophyll-a concen-
trations and Secchi depth using data of Florida lakes. Model yields unbiased estimates of
chlorophyll-a concentrations and Secchi depth over a wide range of lake types. They devel-
oped a relationship between Secchi depth and nutrient loading and also between chlorophyll
and nutrient loading.

Kurwattia and Karmakar[2] proposed Multivariate Tropic State Index (MTSI). It was
based on Multivariate Statistical analysis. TP, TN, Chlorophyll-a were selected as the indi-
cator for trophic state classification in this study.
A generic framework was developed for:

• Estimation of MTSI which is based on Principal Component Analysis (PCA)

• Development of threshold of each tropic trophic state using composite parametric and
kernel based non-parametric approaches.

• Validation of index was also done using cluster analysis.

Chou et al.[4] developed machine learning models for the prediction of Carlson TSI, using
artificial intelligence techniques. Four well known artificial intelligence techniques: Artificial
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Neutral Network, Support Vector Machine, Classification and Regression Tree and linear re-
gression were used to predict Carlson TSI. Objective was to develop a versatile water quality
modelling approach including single, ensemble and hybrid models to predict the index using
surface water temperature,Dissolved Oxygen (DO), Secchi Depth(SD), Chemical Oxygen
Demand (COD), and Ammonia(NH3) etc as inputs.

Saghi et al.[5] investigated the prediction of TSI by Artificial Neural Network. TSI pro-
cess, suggested by Florida Department of Environmental Protection, was analysed using
artificial neutral networks. Feed forward neutral network with one input layer, one hidden
layer and one output layer was applied using MATLAB neutral network toolbox. Input
data are nitrogen cycle parameters (Total Nitrogen(TN), Nitrate(NO3), Ammonium(NH4)),
phosphorus cycle parameters (Total Phosphorous (TP), Phosphate(PO4)), and parameters
that will be changed by eutrophication: Chl-a, SD, DO and output data is TSI. Predicted
output data showed an R2= 0.8377 with real output data.

Sabino et al.[6] proposed using a hybrid CT-ANN model (classification tree artificial neu-
ral network) to evaluate the trophic state based on the chosen important features. Eight
initial features were removed by using the classification tree as a multidimensional reduction
strategy for feature selection. Chlorophyll-a, phosphorus, and Secchi depth make up the
remaining predictors with significant effects. The 20 artificial neurons in a two-layer ANN
were built to evaluate the trophic status of input characteristics. The crucial variables of
learning time, cross-entropy, and regression coefficient were used to model the neural net-
work. The accuracy of the ANN model, which was utilised to evaluate the trophic state using
11 predictors, was 81.3 %. The hybrid classification tree-ANN model, which used three pre-
dictors, produced an accuracy rate of 88.8% and a cross-entropy performance of 0.096495.
The modelled hybrid classification tree-ANN offers improved accuracy in determining the
trophic condition of the aquaponic system, according to the results.

Hu et al.[7] seek to design an algorithm to estimate the trophic condition of inland waters
Water bodies are split into two categories: algae-dominated water (Type I) and turbid water
after the turbid water index was used to determine the optical water types on each pixel
(Type II). The trophic status index (TSI), introduced by Carlson, was then derived using
the algal biomass index (ABI), which was constructed based on water categorization (1977).
The results in Type I water (R2= 0.62, N = 282) and Type II water (R2 = 0.57, N = 132)
demonstrated a high degree of precision. A machine learning technique and a number of
band-ratio techniques were defeated by the ABI-derived TSI. Using surface reflectance data
from Landsat-8, this model was used to calculate the trophic status index for 146 lakes in
eastern China from 2013 to 2020. Compared to the middle sections of the Yangtze River and
Huai River basin, the annual mean TSI for lakes in the lower portions of the Yangtze River
basin was higher. The retrieval algorithm demonstrated the applicability to other sensors
with a total accuracy of 83.27 percent for the moderate-resolution imaging spectroradiometer
(MODIS) and 82.92 percent for the Sentinel-3 OLCI sensor, highlighting the potential for
high-frequency observation and large-scale simulation capability.

Zhu and Mao[8] used key environmental elements (water temperature and wind field)
were taken into account throughout the modelling procedure in order to increase the preci-
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sion of remotely sensed estimates of the trophic status index (TSI) of inland urban water
bodies. These environmental variables are simple to assess and exhibit a significant link
with TSI. Then, using remote sensing and environmental parameters, a backpropagation
neural network (BP-NN) was used to create the TSI estimation model. We chose the best
set of input variables based on the performance of the BP-NN after the model was trained
and validated using the TSI defined by five water trophic indicators acquired for the period
between 2018 and 2019. Our findings show that the water temperature and single-band
reflection measurements from Sentinel-2 satellite imagery can be combined as input vari-
ables to achieve the best performance. Generally speaking, the predicted maps based on
our suggested model demonstrate considerable seasonal fluctuations and spatial peculiarities
in the water trophic status, showing the potential to carry out cost-effective, RS-based TSI
estimation research on complicated urban water bodies abroad.

2.3 Summary

Traditional Trophic State Index like Carlson TSI, based on univariate approach was widely
used for classification of lakes. Multivariate Trophic State Index based on multivariate ap-
proach is a robust alternative for lake classification index, not widely applied. The prediction
of TSI using Soft Computing is rare and researchers have hardly attempted the prediction
of MTSI using AI methods.

Centre for Artificial Intelligence Page 6



Chapter 3

Methodology

This chapter describes the methodologies adopted in the study. Theory of lake classification
and methodologies for determination of TSI using statistical techniques has been summarized
in section 3.1 and 3.2. It also outlines the theoretical details of AI techniques which is used
for the prediction of MTSI.

3.1 Theory of Lake Classification

Trophic state is referred to as the entire mass of the biomass in a body of water at a certain
moment and place. The biological reaction to nutrient additions to aquatic bodies is called
the trophic state. The trophic state of the lake is determined by the amount of dissolved
nitrogen, phosphorus, and other biologically valuable nutrients in the water. To gauge its
biological state, the water trophic is employed. Three categories of trophic status are used
to categorise lakes: oligotrophic, mesotrophic, and eutrophic lakes. When a lake’s trophic
index is higher, it may be categorised as hypereutrophic.

Oligotrophic - A lake that is oligotrophic has a low level of production as a result of its
low nutrient concentration. Due to the restricted growth of algae in the lake, the waters of
these lakes are typically fairly clear. These lakes have excellent drinking water quality. Such
lakes are home to aquatic animals like lake trout that demand cold, well-oxygenated waters.
Due to the chilly lake waters, oligotrophic lakes are typically located in colder parts of the
planet where nutrient mixing is uncommon and slow.

Mesotrophic - Mesotrophic lakes are those with a medium level of productivity. These
lakes often feature clear water and medium nutrient levels, along with aquatic plants.

Eutrophic - Because of the availability of nutrients in this lake, particularly nitrogen
and phosphorus, eutrophic lakes have high levels of biological production. Due to the high
quantities of oxygen that a lot of plants growing in the lake give, eutrophic lakes initially
speed up the multiplication and expansion of Lake Fauna. However, when things go too far,
the lake becomes overpopulated with plants or algal blooms, which causes the lake fauna
to suffer from the high levels of respiration caused by the live vegetation. Both natural
eutrophication and anthropogenic environmental impact are possible causes.
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Hypereutrophic - These lakes experience issues brought on by excessive plant and algae
growth as a result of an abundant availability of growth nutrients. As a result of the excessive
proliferation of algae or aquatic plants, these lakes exhibit little clarity. Lower than three
feet is the lowest point of visibility in these lakes. Additionally, hypereutrophic lakes contain
more than 40 micrograms/liter of total chlorophyll and more than 100 micrograms/liter of
phosphorus. Dead zones may form beneath the water’s surface as a result of the development
of algae, which frequently suffocates the aquatic life.

3.2 Determination of Trophic State Index

3.2.1 Carlson TSI

Carlson[1] proposed a tropic state index, which is the most widely used index for classification
of lentic water bodies. Carlson Tropic State Index (CTSI) used algal biomass as the basis of
this classification. It was a univariate approach. Carlson TSI was attractive because of its
theoretical basis and reliance in qualified indicators. Chlorophyll-a pigment, Secchi Depth
(SD), Total phosphorus (TP) were the parameters taken in development of index.

Separate indices are derived for each parameter:

TSI(SD) = 60–14.41ln(SD) (3.1)

TSI(Chl) = 9.81ln(Chl) + 30.6 (3.2)

TSI(TP ) = 14.42ln(TP ) + 4.15 (3.3)

3.2.2 Development of MTSI

The development of Multivariate Trophic State Index (MTSI) and subsequent identifica-
tion of the threshold values involves the use of multivariate outlier removal and Principal
Component Analysis(PCA) to make the approach a generic one. The methodology involves
two phases- the estimation of MTSI and estimation of threshold, for which two frameworks
are used. The first framework is based on PCA, estimates the MTSI using the available
cause and response variables. The second framework is based on amalgam of parametric and
non-parametric approaches, is used to develop thresholds for each trophic state.

PCA is widely applied for transformation of original variables into new, uncorrelated
variables known as principal components (PC), which are linear combinations of the original
variables. PCA hence helps to reduce the dimensionality of the dataset; it is useful when the
causal variables are highly correlated and PCA can be advantageously used to the combined
dataset of all trophic states once multivariate outliers have been removed. The use of PCA as
a weighting technique, which was used to develop the composite index, offers the possibility of
adding countless positively correlated causal variables in the development of index. Further,
the weights are assigned on the basis of the data rather than by the analyst; hence, the
approach is objective.

In the PCA based approach, the linear combination of original variables, that explains
inherent variation to the greatest possible extent are used in developing the composite index,
based on comparison between the maximum variance explained by the first PC to those
explained by the other PCs. If the Eigenvalue exceeds 1 only for the first PC, the coefficients
(weights) of variables in the first PC can be used to construct a composite index (MTSI).
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The coefficients derived from the first PC are standardised such that their sum equals 1.
The MTSI may then be expressed as follows:

MTSI = xi(vari) + xi+1, ...+ xn(varn) (3.4)

Eq. (3.4) is used for calculating MTSI for each trophic state dataset. As the proposed
methodology uses both parametric and nonparametric approaches for threshold calculation,
the MTSI values are initially analysed for the parametric approach. Outliers are detected
and removed, as the Gaussian parametric approach is sensitive to outliers.

3.3 Proposed Framework

The proposed system is used to classify the MTSI data into its respective trophic states using
different ensemble and Deep Learning models. Figure 3.1 shows the entire architecture of
the proposed model. The entire system can be divided into six: Data pre-processing,MTSI
prediction, Assessment of prediction models, Trophic state classification, training and test-
ing data hybrid and simple models and finally performance analysis and comparison of these
classifiation models.

Figure 3.1: Proposed Framework

The effective dataset for the work is compiled by aggregating the individual datasets
containing the features and MTSI values of different water-bodies across Kerala. Outliers
from data are provided with the highest MTSI values and also the data is processed ade-
quately for classification purpose. Then the data is trained and tested for MTSI prediction
using different ML models: Linear regression, ANN, SVR and Random Forest. And the
performance indices of these models are assessed and compared for evaluating the better
model. Mean Absolute Error, Root Mean Square Error, R-square values are the perfor-
mance indices used for prediction evaluation. In the second phase of the work, the dataset
is classified into different trophic states: oligotrophic, mesotrophic, eutrophic and hyper-
eutrophic. Trophic State Classification is done using different hybrid models which include
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combination of Random Forest(for feature selection) with different ensemble and DL models.
This include 1d-CNN, DNN, J48 tree and XGBoost algorithms with all the parameters au-
totuned using the keras-tuner function. Also a comparison is done between the classification
performances of DNN and the hybrid RF+DNN model, thereby showing the effectiveness of
efficient feature selection as shown in the Fig 3.1 .

3.4 Performance measures

The equations below shows the different performance indices for regression models. Model
with minimum errors and maximum correlation coefficient is considered as the best model.
Here, n=number of samples, yi= actual MTSI values, fi = predicted MTSI values and y =
mean of actual MTSI values.

MAE =
1

n

n∑
i=1

|(yi − fi)| (3.5)

MSE =
1

n

n∑
i=1

(yi − fi)
2 (3.6)

RMSE =

√√√√ 1

n

n∑
i=1

(yi − fi)2 (3.7)

R2 = 1−
∑n

i=1(yi − fi)
2∑n

i=1(yi − y)2
(3.8)

Equations below shows the different performance indices for classification models. Model
with maximum precision, recall and accuracy is considered as the best model. Here, TN
represents the number of True Negative values whose predicted value is negative and its
negative , FP represents the number of False Positive values whose predicted value is positive
but its negative(Type 1 error), FN represents the number of False Negative values whose
predicted value is negative but its positive(Type 2 error) and TP represents the number of
True Positive values whose predicted value is positive and its positive.

Precision =
TP

TP + FP
(3.9)

Recall =
TP

TP + FN
(3.10)

F1score = 2 ∗ Precision ∗Recall

Precision+Recall
(3.11)

Accuracy =
TP + TN

TP + TN + FP + FN
(3.12)
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3.5 AI methods for prediction of MTSI

Traditionally, empirical trophic state indices of lentic water bodies often defined based on
changes in concentration of effective factors (nutrients) and its consequences (increase in
chlorophyll a), have been used as an efficient tool. But these parameters are very difficult to
measure. The main aim of this study is the determination of MTSI from easily measurable
water quality parameters such as dissolved oxygen (DO), temperature, conductivity, chem-
ical oxygen demand (COD), turbidity, potassium, pH etc. AI techniques (soft computing
tools) can be used for developing models for prediction of MTSI. Theoretical background of
following AI techniques used in this study are described here:

• Artificial Neural Network (ANN)

• Support Vector Regressor (SVR)

• Linear Regression (LR)

• Random Forest (RF)

3.5.1 Artificial Neural Network (ANN)

Similar to the extensive network of neurons in the brain, an artificial neural network is made
up of interconnected groups of nodes. A network of neurons joined by synapses makes up
an ANN. ANN acquire weight and threshold through examples. Training determines these
weights. The average of all mistakes is the error in the training epoch. Three layers make up
its fundamental structure: the input layer, the hidden layer, and the output layer as shown
in Fig 3.2. Artificial neurons are interconnected. An artificial neuron is represented by each
circular node, and a connection between the output and input of one artificial neuron is
represented by an arrow. It is a method of adaptive learning. Here, an impulse is created
from the input data.

Figure 3.2: ANN Structure

3.5.2 Support Vector Regression (SVR)

Popular supervised machine learning techniques for classification and regression include sup-
port vector machines. It is a formal definition of a separating hyperplane discriminative
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classifier. Building a hyperplane that may minimise the sum of the distances from the data
points to the hyperplane is the basic objective of the support vector machine for regres-
sion (SVR). It is applied to build an input-output model that addresses nonlinear regression
issues. In other words, the algorithm generates an ideal hyperplane that classifies fresh sam-
ples given labelled training data. In SVR, a fixed mapping process is used to first map the
input onto n-dimensional feature space. Then, a linear model is built in this feature space as
shown in Figure 3.3. During training, SVR kernel functions (linear, radial basis, polynomial,
or sigmoid) are used to identify support vectors along the function surface.

Figure 3.3: SVR Feature Space

3.5.3 Linear Regression (LR)

A machine learning algorithm based on supervised learning is linear regression. It executes
a regression operation. Regression uses independent variables to model a goal prediction
value. It is mostly used to determine how variables and forecasting relate to one another.
Regression models vary according to the amount of independent variables they use, the type
of relationship they take into account between the dependent and independent variables, and
other factors.

Linear regression performs the task to predict a dependent variable value (y) based on a
given independent variable (x). So, this regression technique finds out a linear relationship
between x (input) and y (output). Hence, the name is Linear Regression. In the figure above,
X (input) is the work experience and Y (output) is the salary of a person. The regression
line is the best fit line for our model. Hypothesis function for Linear Regression:

y = θ1 + θ2 ∗ x
While training the model we are given:
x: input training data (univariate – one input variable (parameter))
y: labels to data (supervised learning).
When training the model – it fits the best line to predict the value of y for a given value
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Figure 3.4: Illustration of linear regression

of x as shown in Fig 3.4. The model gets the best regression fit line by finding the best
θ1 and θ2 values.

θ1 : intercept
θ2 : coefficient of x

3.5.4 Random Forest (RF)

An ensemble learning method is the RF approach. It has been utilised to solve a number of
prediction issues successfully. It is a machine-learning approach that integrates a sizable col-
lection of decision trees to boost the Classification And Regression Trees (CART) method’s
predictive performance. The end output of RF is the average of all the decision trees, and
each tree is created using a randomly chosen bootstrap sample from the original data set.
The RF requires a fairly small number of parameters to be defined in comparison to regres-
sion approaches. The number of variables employed in each tree-building procedure and the
total number of trees constructed in the forest are the only two requirements. The number of
trees built in the forest has significant influence on the result of RF. The insufficient number
of trees would result in poor forecasting performance, while the excessive number of trees
may lead to complicated predictors.

Fig 3.5 shows the ensemble RF learning method for regression is used in the supervised
learning model. To produce a more precise forecast, it combines several model tree tech-
niques. On a variety of issues, including those involving non-linear relationships, it typically
delivers excellent results. There is no interpretability, overfitting is easily possible, and we
must decide how many trees to include in the model, among other drawbacks.

class sklearn.ensemble.RandomForestRegressor(n-estimators=100, criterion=’squared-error’,
max-depth=None, min-samples-split=2, min-samples-leaf=1, min-weight-fraction-leaf=0.0,
max-features=1.0, max-leaf-nodes=None, bootstrap=True, oob-score=False, n-jobs=None,
random-state=None,verbose=0, warm-start=False, ccp-alpha=0.0, max-samples=None)
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Figure 3.5: Working of Random Forest

3.6 Trophic State Classification Models

Different Hybrid models were developed by coupling Random Forest algorithm with various
ensemble and Deep learning models for effective Trophic State Classification. Here Random
Forest model was used as an efficient tool for feature selection. In this work, different models
used for classification are DNN, 1D CNN, J48 and XGBoost classifiers [16]. The parameters
associated with each models are auto-tuned using the keras tuner function.

3.6.1 XGBoost Classifier

XGBoost or eXtreme Gradient Boost is a gradient boosting algorithm that comes under
ensemble learning shown in the Fig 3.6. This is a flexible machine learning algorithm used
for regression, classification, and feature scoring tasks. One of the main characteristics of
the XGBoost algorithm is that it uses a gradient descent algorithm to minimize the loss
function. Since this is an ensemble learning approach, the algorithm uses a decision tree
as the predictor. Predictions are made sequentially by minimizing the error of the previous
tree. Weights for the new tree are assigned based on their performance in the previous tree.
The final output is the sum of outputs from each predictor. Apart from regression and
classification, XGBoost also returns the feature importance score based on the number of
times each feature is utilized in a tree. This feature score is mapped into some threshold
values, which will return the number of features and accuracy when trained. So, XGBoost
will help find the optimum number of features with maximum accuracy [11].
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Figure 3.6: Working of XGBoost Classifier

3.6.2 1D CNN

Fig 3.7 represents a general framework of 1d CNN model.

Figure 3.7: Layers in 1D CNN

3.6.3 J48 Algorithm

The J48 algorithm selects the property of the data from each node of the tree that divides
its set of samples into subsets that are enriched in one class or the other. The normalised
information gain, which is determined by the difference in entropy, serves as the splitting
criterion. The attribute used to determine the decision is the one with the largest nor-
malised information gain. The J48 algorithm then employs a divide-and-conquer strategy to
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recursively work on the partitioned sub lists and builds a decision tree based on the greedy
algorithm. [13].

3.7 Parameter Auto-tuning

First, the keras-tuner packages are installed and the RandomSearch function in it is used for
getting the best combination of the parameters.

Figure 3.8: Auto-tuning in 1D CNN

A Random search for the best combination of parameters prescribed by the user in the
function is done effectively. And also the criterion for the parameter-tuning has to be set
in advance. Here in the Figure 3.8, selected parameters for tuning include the number of
nodes or units in the convolution layer and the activation function to be used. And these
parameters are tuned based on the objective to maximize the accuracy [13].

In case of integer search, the step size and the maximum and minimum values for search
can be set. And in the case of Activation function, all the activation function to be checked
can be inserted as an array. Also the seed, maximum trails and executions per trails can
all be set prior to the search. As a result, the best combination of prescribed features are
obtained. This combination of tuned parameters can be used as input to the program for
getting maximum performance.
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Chapter 4

Study Area and Datasets used

4.1 Study Area

The Kerala State Pollution Control Board (KSPCB) is a body of the Department of Health
and Family Welfare, Government of the State of Kerala, India. Inorder to control pollution,

Figure 4.1: Study area
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the Board has conducted numerous examinations of subsurface water, solids, and air.
Anuja et al.[10] collected the water quality parameters from KSPCB as part of their final
year project thesis. They also carried out several data preprocessing in the raw data available
and calibrated MTSI values using the methodology proposed in Kurwattia and Karmakar[2]
work. KSPCB collect water quality data on monthly basis for 18 sampling station of lentic
water bodies across Kerala. This includes 11 lakes, 4 reservoirs and 2 ponds. The lakes
are Oruvathilkotta, Sasthamkotta, Ashtamudi at Kollam, Paravur, Vembanadu oil tanker
jetty, Thekkadi, Kodungalloor, Kayamkulam, Punnamada, Pookote, Vembanad at Pathi-
ramanal, Vellayani. The reservoirs include Malampuzha, Bhoothathankettu, Edamalayar,
Pazhassi and ponds include Pond at Sree Padmanabha Swamy Temple, Mananchira pond
at Kozhikode as shown in Fig 4.1.

4.2 Dataset

The dataset used for the study includes the concentration of different factors associated
with eutrophication of these lentic water bodies. The water quality parameters available
with KSPCB are water temperature, dissolved oxygen (DO), pH, conductivity, biochemical
oxygen demand (BOD), nitrate, turbidity, phenolphthalein alkalinity, total alkalinity, chlo-
rides, chemical oxygen demand (COD), total kjeldahl nitrogen, ammonia nitrogen, hardness,
calcium, magnesium, sulphate, sodium, total dissolved solids, total suspended solids, total
fixed solids, phosphate, boron, potassium, fluoride as shown in Table 4.1.

Table 4.1: Input features and ranges

Input Features Range

Nitrate (0.009, 7.5)
Potassium (0.03, 820)

PH (1.2, 8.7)
Chloride (1, 32900)
COD (1.6, 3152)
DO (1.3, 66)

Conductivity (19, 437000)
Temperature (5.8, 37.5)
Turbidity (0.01, 46.6)
BOD (0.1, 8.4)
TN (0.01, 8.36)

Phosphate (0.0101, 2.023)

It is a Multivariate Statistical analysis. TP, TN, Chlorophyll-a were selected as the
indicator for trophic state classification in this study, considering the lentic waterbodies
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of Kerala. A generic framework was developed for estimation of MTSI which is based on
Principal Component Analysis (PCA) and development of threshold of each tropic trophic
state using composite parametric and kernel based non-parametric approaches. Validation of
index was also done using cluster analysis. The corresponding MTSI values were calibrated
for each data using this proposed model for prediction.
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Chapter 5

Results and Discussions

In the first phase of the work, Multivariate Trophic State Index (MTSI) values for the
data was predicted using different Machine Learning and ensemble models: Linear Regres-
sion(LR), Artificial Neural Network(ANN), Support Vector Regression(SVR) and Random
Forest(RF). And their performance indices were compared for finding the better model.

5.1 MTSI Prediction

The actual vs predicted value plots of results obtained from various prediction models ex-
perimented on the dataset are shown from Fig 5.1 to 5.5.

5.1.1 Linear Regression

The experiment conducted on the dataset with Linear Regression Model shows lesser accu-
racy. The performance indices obtained are shown in the Figure 5.1.

Figure 5.1: Actual vs Predicted MTSI values for Linear Regression Model
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5.1.2 Artificial Neural Network

The experiment conducted on the dataset with ANN Model shows less accuracy. The per-
formance indices obtained are shown in the Figure 5.2.

Figure 5.2: Actual vs Predicted MTSI values for ANN Model

Parameters used in the ANN regressor model are as follow:
Optimizer=’adam’, Loss=’mean squared error’ and Activation function=’relu’.

Figure 5.3: Layers of ANN
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5.1.3 Support Vector Regression

The experiment conducted on the dataset with SVR Model shows better performance as
shown in Fig 5.4.
Parameters used in the SVR prediction model are as follow:
kernel=’rbf’, gamma=‘auto’, uses 1 / n-features. C=1.0, epsilon = 0.1.

Figure 5.4: Actual vs Predicted MTSI values for SVR Model
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5.1.4 Random Forest

The experiment conducted on the dataset with Random Forest Model shows best accuracy.
The performance indices obtained are shown in the Figure below:

Figure 5.5: Actual vs Predicted MTSI values for Random Forest Model

5.1.5 Comparison Of Prediction Models

Comparison of performance indices for the four prediction models are shown in the Table
5.1. Its clearly evident from the table that Random Forest shows the least MAE, MSE and
RMSE values and the highest R-square value for both training and testing results. Hence,
Random Forest is selected as the better one among the prediction models.

Table 5.1: Performance Indices of MTSI Prediction Models for Training and Testing
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5.1.6 Violin and Box Plot Comparison

Figure 5.6 and 5.7 shows the Violin and Box Plot for the Actual and Predicted MTSI values
for different prediction models. Violin plot represents the dispersion of Mtsi values and Box
plot gives the range, median, interquartile range etc.

Figure 5.6: Violin Plot Comparison

Figure 5.7: Box Plot Comparison
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5.1.7 Radar Plot Comparison

Figure 5.8 shows the radar plot for different prediction models. It clearly shows RF as the
better model as it has maximum R2 score and minimum errors

Figure 5.8: Radar Plot Comparison
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5.2 Trophic State Classification

In the next phase of the work, the KSPCB dataset was transformed adequately for Trophic
State Classification. The dataset was divided into different Trophic States according to the
ranges of MTSI values. The MTSI thresholds for initial classification is shown in Table 5.2.

Table 5.2: MTSI Thresholds

Trophic State Lower Limit Upper Limit

Oligotrophic 0.2905 0.87
Mesotrophic 0.792 1.36
Eutrophic 1.365 2.34

Hypereutrophic 2.35 -

Different hybrid models were developed by coupling Random Forest algorithm with var-
ious ensemble and Deep learning models for effective Trophic State Classification. Here
Random Forest model was used as an efficient tool for feature selection. In this work, dif-
ferent models used for classification are DNN, 1D CNN, J48 and XGBoost classifiers. The
parameters associated with each models are auto-tuned using the keras tuner function.

5.3 Feature Selection Using Random Forest

RF was used as a multidimensional reduction technique for feature selection, which eliminates
insignificant features [14].

Figure 5.9: RF Feature Importance
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It collects the feature importance values which can be accessed via feature importances
attribute after fitting the Random Forest model shown in Fig 5.9.

Features selected from RF model based on the feature importance value include:

• Nitrate

• PH

• Chloride

• COD

• Conductivity

These 5 features are contributing the 80% of the complete TSI prediction. Better results
are obtained when considering these features (than 9 features as input) as over fitting is
reduced in this case.

5.4 Hybrid Classification Models

5.4.1 1D CNN

In the initial step, the important features are selected making use of the Feature Importance
attribute in Random Forest. Then the trophic states are classified based on the selected
features using 1d-CNN. Fig 5.10 shows the representation of layers used in the model.

Figure 5.10: Layers used in 1D CNN
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Fig 5.11 and 5.12 shows the confusion matrix and loss curve for trophic state classification
using 1d CNN. Different performance measures for classification are formulated in Table 5.3.

Figure 5.11: Confusion Matrix of 1D CNN

Table 5.3: Performance Indices of 1D CNN

Precision Recall F1-score

Oligotrophic 0.61 0.83 0.71
Mesotrophic 0.44 0.29 0.35
Eutrophic 0.58 0.54 0.56

Hypereutrophic 0.80 0.73 0.76
Avg 0.61 0.60 0.59

Accuracy 0.61
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Figure 5.12: Loss Curve of 1D CNN

5.4.2 J48 algorithm

In the initial step, the important features are selected making use of the Feature Importance
attribute in Random Forest. Then the trophic states are classified based on the selected
features using J48 algorithm in Waikato Environment for Knowledge Analysis (WEKA)
software. Different performance measures for classification are formulated in Table 5.4.

Table 5.4: Performance Indices of Hybrid DNN Model

Precision Recall F1-score

Oligotrophic 0.71 0.74 0.72
Mesotrophic 0.51 0.29 0.37
Eutrophic 0.37 0.46 0.41

Hypereutrophic 0.46 0.61 0.52
Avg 0.54 0.53 0.53

Accuracy 0.54
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5.4.3 XGBoost Classifier

In the initial step, the important features are selected making use of the Feature Importance
attribute in Random Forest. Then the trophic states are classified based on the selected
features using XGBoost Classifier. Fig 5.13 and Table 5.5 shows the confusion matrix and
performance indices respectively for trophic state classification.

Figure 5.13: Confusion Matrix of XGBoost

Table 5.5: Performance Indices of XGBoost

Precision Recall F1-score

Oligotrophic 0.58 0.85 0.69
Mesotrophic 0.45 0.25 0.33
Eutrophic 0.65 0.51 0.57

Hypereutrophic 0.77 0.82 0.79
Avg 0.61 0.61 0.59

Accuracy 0.62
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5.5 Comparison of Simple DNN vs Hybrid DNN Model

In the final phase of the work, the performance comparison is done simple DNN (which
utilises all the 9 features for trophic state classification) and hybrid RF+DNN model (which
utilises the advantage of efficient feature selection). In hybrid model, first the important
features are selected making use of the Feature Importance attribute in Random Forest.
Then the trophic states are classified based on the selected features using DNN [17].

5.5.1 Performance Indices Comparison

Its clearly evident from the Tables below that the classification accuracy of Hybrid model(62%)
is better than that of Simple DNN model(56%). Also the averages of precision, recall and
f1-score are better for the hybrid model. This improvement in performance shows the im-
portance of effective feature selection for Trophic State Classification.

Table 5.6: Performance Indices of Simple DNN Model

Precision Recall F1-score

Oligotrophic 0.62 0.76 0.69
Mesotrophic 0.47 0.43 0.45
Eutrophic 0.55 0.43 0.48

Hypereutrophic 0.57 0.59 0.58
Avg 0.55 0.55 0.55

Accuracy 0.56

Table 5.7: Performance Indices of Hybrid DNN Model

Precision Recall F1-score

Oligotrophic 0.65 0.79 0.71
Mesotrophic 0.43 0.25 0.32
Eutrophic 0.65 0.63 0.64

Hypereutrophic 0.69 0.80 0.74
Avg 0.61 0.63 0.61

Accuracy 0.63
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5.5.2 Analysis of Confusion Matrices Obtained

Figure 5.14 and 5.15 shows the confusion matrices for simple and Hybrid DNN model re-
spectively.

Figure 5.14: Confusion Matrix of Simple DNN Model

Figure 5.15: Confusion Matrix of Hybrid DNN Model
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5.5.3 Loss Curve Comparison

In Figure 5.16, the loss curve seems to cease decreasing and remain almost a constant for
rest of the epochs. But the loss curve for the hybrid model is decreasing at a higher rate
than the simple DNN model. So it can be concluded that the better performance is obtained
for the hybrid model.

Figure 5.16: Loss Curve of Simple DNN Model

Figure 5.17: Loss Curve of Hybrid DNN Model
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5.6 Comparative Study of different Classification models

Figure below shows the radar plot for comparison of different performance measures (Preci-
sion, Recall,F1 score and Accuracy) for different classification model used.There is not much
difference between the performance indices, whereas hybrid (RF+DNN) shows a slight edge
over the others.

Figure 5.18: Radar Plot for Classification models performances
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Chapter 6

Conclusion

Conservation and management of lentic water bodies require an effective method of eval-
uating its trophic states. However the development of TSI by statistical methods require
parameters like TN, TP and BOD, which are difficult to obtain. Traditional Trophic State In-
dex like Carlson TSI, based on univariate approach was widely used for classification of lakes.
Multivariate Trophic State Index based on multivariate approach is a robust alternative for
lake classification index, not widely applied. The prediction of TSI using Soft Computing
is rare and researchers have hardly attempted the prediction of MTSI using Soft Computing.

Hence, AI models can be adopted to predict the MTSI using easily measurable water
quality parameters. Easily available and efficient features can be used for prediction using
AI algorithms. The framework was applied to the KSPCB dataset of 11 lakes, 4 reservoirs
and 2 ponds in Kerala for the period, 2012-2018. In this study, MTSI prediction was done
using four regression models : LR, ANN, SVR and RF and autotuned hybrid models were
proposed for effective Trophic state classification.

• RF obtained better results(R2 > 0.9) among the regression models for MTSI prediction.

• Combination of Nitrate, PH, Chloride, COD and Conductivity were selected as input-
features using RF model based on feature importance values.

• Trophic State Classification was performed with selected features using different DL
and ensemble models : DNN, 1D CNN, J48 and XGBoost algorithms.

• Comparison of different performance indices shows that Hybrid (RF+DNN) model
performs better than stand-alone DNN model.
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