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Abstract—Eutrophication of lentic water bodies have 

significant impact on the natural environment and human life. 

The quantities of nitrogen, phosphorous and other biologically 

useful nutrients are the primary determinants of a water 

body’s Trophic State Index (TSI). The artificial intelligence 

(AI) methods have enhanced the estimation of Eutrophication 

status of lentic systems like fresh water lakes. This study uses 

three artificial intelligence methods such as M5 Model Tree, 

Support Vector Machine (SVM) for the prediction of Trophic 

states of Sasthamcotta fresh water Lake, Kerala. Four 

different cases were considered in the study via prediction of 

individual trpohic status (TSI-Ph, TSI-Ch1-a and TSI-Sechi 

Depth) along with the classical Carlson’s Trophic State Index 

(CTSI). Several statistical measures were used to quantify the 

performance of the three AI methods. Both the tree based 

algorithms were found to be successful in accurate prediction 

of TSI with Random Forest method as the best among them. 

 

Keywords—Artificial intelligence, data mining, trophic state 

index, water quality parameters. 

I. INTRODUCTION  

Eutrophication refers to the nutrient enrichment of water 

bodies particularly with nitrogen and phosphorus 

compounds. It is considered and is considered as one of the 

serious ecological problems related to lentic water bodies 

such as ponds, reservoirs, lakes [1-3]. United Nations 

Environmental Protection (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, loss of biodiversity, 

health hazards, diminishing aquatic growth caused by 

depletion of oxygen, and foul taste and odour. This, in turn, 

creates socioeconomic challenges, such as increased water 

treatment costs, difficulties in fulfilling the criteria for 

disinfection by-products, and aesthetic damage [4].  

The conceptual understanding of eutrophication will be 

helpful in classification of water bodies into different 

trophic states and it is an essential step in management of 

fresh water ecosystems. In the past, 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 form of indices. 

Sawyer [5] and Vollenweider [6]  classified trophic states 

purely on the basis of nutrient values (such as Phosphorous 

and Nitrogen) while later on the variables such as water 

clarity and Chlorophyll parameters were included in the uni-

variate approaches [7]. 

 

  Carlson Trophic State Index (CTSI) [8] is perhaps the most 

popular index for determination of lentic water bodies. The 

freshwater bodies have been classified into three possible 

trophic states- oligotrophic, mesotrophic and eutrophic 

based on the level of eutrophication in freshwater bodies. 

The advancements of Artificial Intelligence (AI) techniques 

helped in the improvements in estimation of TSI of water 

bodies. In the past, the most popular Artificial Neural 

Network (ANN) or other data mining methods have been 

used for prediction of eutrophication of lentic water bodies 

like lakes or reservoirs.  Many of the studies estimated the 

TSI as the indicator for eutrophication while some studies 

used Chl-a or algal bloom as indicator. For example, Jan-Tai 

Kuoa [9] used ANN for modeling eutrophication process of 

Te-Chi Dam reservoir on Taiwan. They simulated dissolved 

oxygen (DO), total phosphorus (TP), chlorophyll-a (Chl-a), 

and secchi disk depth (SD) and replaced the results in the 

Carlson linear equation. Huo et al., [10] predicted the above 

variables of Lake Fuxian in southwestern China, considering 

appropriate water quality parameters as inputs. Finally, the 

Carlson index was estimated as eutrophication state of dam 

reservoir. Saghi et al. [11] used ANN for prediction of TSI 

in the Dez Dam reservoir considering Chl a, SD, DO as the 

input data for modeling TSI. Kim et al. [12] predicted Chl-a 

concentration in Daechung reservoir, Korea using ANN. 

They considered COD, T-P, and PO4-PPO4-P as inputs and 
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reported that data normalization will significantly influence 

the results.   Li et al. [13] used two machine learning 

methods, including support vector machine for regression 

(SVR) and random forest (RF) for prediction of Chl-a 

concentration of Baiyangdian Lake using a multitude of 

input variables. To improve the model accuracy and reduce 

the input number, two feature selection methods, including 

minimum redundancy and maximum relevance method 

(mRMR) and RF, were integrated with regression models. 

The results showed that the RF model had a higher 

predictive ability than the SVR model. Chou et al. [14] 

compared the performance of a number of machine 

learning approaches for predicting Carlson’s Trophic State 

Index (CTSI), of reservoir in Taiwan. They used ANNs, 

SVM, RF, FNN and M5 Model Tree, have been used to 

analyze different scenarios. It was concluded that ANN 

displayed best performance in predict CTSI.  Aria et al. [15] 

used a multilayer perceptron (MLP) and time delay neural 

network (TDNN) were used to predict the eutrophication 

status of two monitoring stations in the Amirkabir Reservoir 

in Iran. Six scenarios for each monitoring station were 

performed to select a significant, independent input using 12 

years of monthly data. Temperature, turbidity, phosphate 

(PO4), nitrate (NO3), nitrite (NO2), ammonium (NH3), 

dissolved oxygen (DO) and electrical conductivity (EC) 

were the inputs considered and TDNN was reported to be 

performing better than MLP. Sensitivity analysis of the 

Amirkabir Reservoir dataset indicated increasing the value 

of nitrate is the first factor, followed by turbidity and NH3, 

having the greatest impacts on eutrophication prediction. 

In Indian context, some attempts were made in estimation of 

Eutrophication  status of lakes using techniques including 

ANN [16-18]. But no major study was reported in the 

prediction of TSI of Ramsar sites of Kerala using the 

advanced data driven methods.  This study compare the 

performance of three sata driven methods MTree, SVM and 

RF in the prediction of TSI and the CTSI of  Sasthamcotta 

Lake southern Kerala.. 

 

II. METHODOLOGY 

 

In this study three AI methods are used for the prediction 

of TSI. The algorithmic background of the three methods 

are presented in brief in the following  

 

A. M5’ Model tree 

M5 Model Tree (MT) proposed by Quinlan [19] is a 

popular machine learning technique used for solving 

regression problems through classification and decision 

making. Model Trees follows a modular approach so that 

the entire domain is divided into sub-domains and multi-

linear regression models are developed for each sub-domain. 

Therefore it formulates many piecewise linear models to 

approximate the non-linear relationship between the input 

variables and output variable. In the first stage in the 

development of MT model, a decision tree is created 

following a splitting criterion. Depending upon the method 

of splitting of the domain, there exist different learning 

algorithms for model trees. The one which uses standard 

deviation reduction (SDR) as the splitting criteria is called 

as M5 learning algorithm [20]. In this method the standard 

deviation of the class values that reach a node is treated as a 

measure of the error at that node and the expected reduction 

in this error as a result of testing each attribute at that node 

is calculated. The computation of SDR can be represented as 

follows:  

( ) ( )
i

R i

T
N T

N
      where, σR= standard 

deviation reduction; N is the total number of training 

samples; Ti is the training samples of ith sub-domain; σ(N) 

and σ(Ti) are the standard deviations of complete training 

samples, and ith sub-domain samples respectively. A typical 

representation of this model could be in the 

form:
0 1 1 2 2 ....O a a x a x     where, O is the output 

values of the sub-domain; a0, a1, a2…. are the coefficients of 

linear regression; x1, x2… are the input values of the sub-

domain.  

The splitting continues till the class values of all the 

instances that reach a node varies negligibly or only a few 

instances remain. Then the model improvement is done by 

two ways -performing ‘pruning’ and ‘smoothing’ operations, 

which reduce the effect of ‘overfitting’ and sharp 

discontinuities between different sub-classes, which happen 

especially when the dataset is very small [21]. A more 

detailed description of the theory behind model trees and 

pictorial representations can be found elsewhere [20]. 

B. Support Vector Machine 

 SVM (Support Vector Machine) proposed by Corts 

and Vapnik [22] is a supervised machine learning algorithm, 

which can be used for the classification and regression 

problems. SVM performs the regression by using a set of 

non-linear functions called Kernel functions that are defined 

in a high dimensional space. SVM has been used to solve 

non-linear regression problems by structural risk 

minimization (SRM) [23], in which the risk is measured 

using Vapnik’s accuracy intensive loss function (ε) The SV 

regression constructs a hyperplane that minimizes the sum 

of the distances from the data points to the hyperplane. It is 

used to construct an input-output model for solving non-

linear regression problems. During training, SVR kernel 

functions (linear, radial basis, polynomial, or sigmoid) are 

used to identify support vectors along the function surface 

[16].  

C. Random Forest 

The random forest (RF) method developed by Breiman 

[24] is an ensemble learning technique. It has been 

successfully used in dealing with various prediction 

problems. It is a machine-learning algorithm that combines 

a large set of decision trees to improve the prediction 

performance of classification and regression trees (CART) 

method. Each decision tree of RF is grown by using a 

randomly selected bootstrap sample from the original data 

set, and the final outcome of RF is the average result of all 

the trees. Compared to the regression methods, the number 

of parameters needed to be defined in the RF is very few. 

There are only two necessary parameters, including the 

number of variables used in each tree-building process and 

the number of trees built in the forest. The number of trees 

built in the forest has significant influence on the result of 
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RF. The insufficient number of trees would result in poor 

forecasting performance, while the excessive number of 

trees may lead to complicated predictors. WEKA (Waikato 

Environment for Knowledge Analysis) developed at the 

University of Waikato in New Zealand, is used for the 

implementation of different algorithms. The performance 

evaluation was done based on the most popular statistical 

measures such as root mean square error (RMSE), 

coefficient of correlation (R) and mean absolute error 

(MAE). 

III. STUDY AREA AND DATABASE USED FOR 

DEVELOPMENT OF MODELS 

The study area is Sasthamcotta Lake located in Kollam 

District, Kerala. The lake is located physiographically in the 

midland region between 90 0' - 90 5' N latitude and 760 35' - 

760 46' E longitudes at an elevation of 33m above MSL. 

The lake has a catchment area of 12.69 Sq. km, surface area 

of 373 hectares, average depth of 6.53 m, maximum depth 

of 15.2m and a storage capacity of 22.4 Cu. km. This area is 

selected for study because this lake is a drinking water 

source for over 700000 people in Kollam district. An 

alarming fall in water level and pollution has put the biggest 

fresh water lake in Kerala at risk. According to Wetland 

Conservation and Management Rules, 2010 by the Ministry 

of Environment, Forest and Climate Change, the water 

bodies listed under the Ramsar convention centre are not to 

be polluted or encroached upon. Figure 1 shows the map of 

Sasthamcotta Lake. 

 

 

Fig. 1.Location of Sasthamcotta Lake 

The data base consisting of 84 data points collected between 

2012-18 were used for the study, which are used for 

calculating TSI. The values of parameters of the water 

quality model are collected from the Pollution Control 

Board of Kerala (PCB). The input parameters considered are 

Temperature, Electrical Conductivity, Total Nitrogen, 

Chlorophyll a, Total phosphorus, Seechi Depth. Statistical 

properties of the data are provided in the Table 1.  The 

algorithms gives best result in 75% train ratio and 25% test 

ratio.  

 

Table 1: Statistical properties of parameters. STD stands for 

standard deviation 

Data Proper

ty 

T EC TN Chla TP SD 

 
 

 

Traini
ng 

Maxim
um 

30.5 190 16790 24.9 5.372 3.108 

Minim

um 

23.6 48 440 10.2 1.498 0.252 

STD 1.357 26.26 2135.
25 

2.983 0.55 0.623 

Mean 25.448 93.65

7 

2224.

25 

15.69

6 

2.999 0.994 

 
 

Testin

g 

Maxim
um 

28 164 1980 19.8 3.095 3.092 

Minim

um 

22 40 590 11.5 1.784 0.768 

STD 1.618 27.64
5 

349.1
84 

2.559 0.361 0.472 

Mean 25.5 123.1

6 

916.6

67 

15.05

6 

2.165 1.359 

 

IV. RESULTS AND DISCUSSIONS 

In the prediction of TSI, firstly, the TSI of individual 

variables and CTSI were computed using the following 

formulae [25] 

TSI (SD) = 60 – 14.4ln(SD) 

TSI (Chl) = 9.81 ln (Chl) + 

30.6                                                          

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

Equation for CTSI 

CTSI= (TSI(SD)+TSI(Chl)+TSI(SD)) / 3 

Measuring the concentration of Chlorophyll-a and Total 

phosphorus requires sophisticated techniques that involve 

chemical experiments, equations, specific analyses of water 

samples. In the absence of field Chl-a data, it can be 

determined from easily measurable water quality parameters 

as follows [26] 

log Chl a = -3.04-0.25 log NO3 +0.58 log NO2 +0.45 log 

TN/TP+ 1.582 log Temp+0.65 log EC  

 

The determination of TSI-TP, TSI-N, TSI-Chl-a and 

CTSI are referred as Cases-1-4 in this paper. The data base 

was trained and tested for different train to test ratios. 

Finally a ratio of 75% train to 25% test was observed to give 

sufficiently good results for the three methods adopted for 

comparison. In the implementation of M5 model tree, no 

special parameter setting is required and a pruned and 

smoothed version is followed to control overfitting The 

developed model has three instance and is based on if -then 

conditions. In the SVM, different Kernel functions were 

tested and results were found to be better when we use RBF 

kernel. The hyper-parameter C is changed which is used to 

determine the trade-off between the complexity of the 

decision rule and the frequency of error, and that was kept to 

0.1. SMOreg algorithm was used for the optimization of 

parameters.  The RF model was developed with TSI as the 

output parameter. Bagging with 100 iterations was 

performed with the bag size (as a percentage of the training 

set size) fixed at 100. It is to be noted than in the 
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development of CTSI, all the three variables TP, TN and 

Chl-a were considered as inputs. 

 The models were compared on the basis of error 

measures and the scatter plots between predicted Vs 

estimated values of TSI. Table 2 shows the performance 

evaluation of different models for different cases. Figures 2-

5 presents the scatter plots of prediction for the four cases. 

  

 
a.Train data 

 
b.Test data 

 

Fig. 2 Scatter plots of predictions of TSI-TP for training and 

testing (a) training data (b) testing data 

 

 
 

a. Train data 

 
 

b. Test Data 

Fig. 3 Scatter plots of predictions of TSI-TN for training and 

testing (a) training data (b) testing data 

  
 

a. Train data 

 
a. Test data 

Fig. 4 Scatter plots of predictions of TSI-Chl-a for training 

and testing (a) training data (b) testing data 
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a. Train data 

 
b. Test data 

Fig. 5 Scatter plots of predictions of CTSI for training and 

testing (a) training data (b) testing data 

. 

Table 2: Performance evaluation of TSI using different 

methods. 
Mod
el 

Training set Testing set 

 R                              RMS

E 

RAE MA

E 

R                              RMS

E 

RAE MA

E 

Case -1  

M5P 0.99

8 

0.13

8 

3.450

% 

0.07

9 

0.99

9 

0.05

2 

2.010

% 

0.04

3 

SV
M 

0.95
4 

2.32
4 

79.561
% 

1.82
7 

0.89
5 

2.23
9 

87.188
% 

1.88
7 

RF 0.99

4 

0.33

9 

8.623

% 

0.19

9 

0.98

8 

0.69

0 

27.141

% 

0.58

7 

Case -2 

M5P 0.97
5 

1.24
6 

28.081
% 

0.98
7 

0.81
7 

3.66
6 

40.655
% 

3.36
9 

SV

M 

0.73

1 

5.01

7 

91.618

% 

3.22

2 

0.58

1 

8.74

6 

98.287

% 

8.14

5 

RF 0.98
9 

0.99
6 

9.667
% 

0.34 0.93
6 

1.36
2 

13.682
% 

1.13
3 

Case -3 

M5P 0.53 5.32

4 

84.294

% 

3.40

3 

0.42

5 

5.08

8 

66.263

% 

3.85

7 

SV

M 

0.40

6 

6.22

7 

87.569

% 

3.53

6 

0.30

0 

7.72

8 

116.79

% 

6.79

9 

RF 0.97

3 

2.03

1 

26.455

% 

1.06

8 

0.77

1 

3.55

6 

60.706

% 

3.09

8 

Case -4 

M5P 0.96

7 

0.97

0 

26.318

% 

0.74

1 

0.89

7 

1.88

3 

34.403

% 

1.71

0 

SV
M 

0.93
3 

3.03
4 

76.614
% 

2.15
9 

0.83
8 

5.01
9 

94.846
% 

4.71
6 

RF 0.99

0 

0.67

4 

11.658

% 

0.32

8 

0.91

9 

0.99

2 

16.435

% 

0.81

7 

 

From Table 2 it is noted that case 1 and case 4 gives 

much better results than case 2 and case 3 by different 

methods. In case 1 and case 4, R value for prediction by all 

the three methods is greater than 0.9 and training was fund 

to be greater than 0.8. In case 2, the two tree based methods 

display good accuracy in prediction (R value of 0.81 and 

0.94; RMSE of 2.66 and 1.36 respectively by M5 model tree 

and RF). In case-3, except random forest, the other methods 

fails to capture the relationship even in the training phase, 

This may be  because of the fact that instead of accurate real 

field observation, a proxy equation was used in the 

estimation of Chl-a. On examining the results of different 

cases by the three AI methods, it is noted that RF method 

consistently performs well (highest R value and lesser error 

measures) in all scenarios. In case-1, M5 model tree was 

found to be competent and marginally better than RF. The 

CTSI, which is a more realistic representation of trophic 

state, the RF shows high R value (0.92 against 0.89 and 0.84 

by M5 model tree and SVM) and less RMSE (0.99 by RF 

against 1.88 and 5.01 by M5 model tree and SVM) in the 

testing phase. Thus both the uni and multi-variate 

associations in the estimation of trophic states could be 

captured well by the AI methods. The better performance is 

noted by tree based modeling than the purely non-linear 

SVM model. A rigorous parameter optimization by 

integrative soft computing methods may slightly improve 

the results of SVM, which need to be verified by soliciting 

more experiments.   

 

V. CONCLUSION 

The study developed AI models for the prediction of TSI of 

Sasthamcotta Lake employing SVM, M5 Model tree and 

Random Forest methods. Four cases were considered 

including the predictions of individual TSI and the CTSI. 

Both the tree based AI methods found to be effective in 

prediction of TSI and RF method is performing consistently 

well in all the four cases. This study contributes to the 

improvement of water quality management of lentic water 

bodies by presenting a set of versatile techniques that offers 

diverse predictive capabilities. 
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