
Scientific Research and Essays Vol. 5(11), pp. 1254-1259, 4 June 2010 
Available online at http://www.academicjournals.org/SRE 
ISSN 1992-2248 © 2010 Academic Journals 
 
 
 
Full Length Research Paper 
 

Ranking water quality variables using feature selection 
algorithms to improve generalization capability of 

artificial neural networks 
 

Ayhan Samandar 

 
Department of Civil, Düzce Vocational School, Düzce University, 81620, Düzce, Turkey.  
E-mail: ayhansamandar@duzce.edu.tr. Tel: +90-380-5240099. Fax: +90-380-5240097. 

 
Accepted 19 April, 2010 

 
Artificial neural networks (ANNs) have been recently used intensively in the water resource 
management and planning. As the demand on the clean water increases, the estimation of important 
parameters using ANNs to evaluate the surface water quality has become an importance practice. In 
this study, feature selection methods, which are important tools in data mining, are used to shed light 
into a further understanding in the correlation between measured parameters of water quality variables 
and dissolved oxygen level. The aim is to enhance the generalization ability of ANNs in prediction of 
dissolved oxygen level. Three different feature selection methods are utilized to discern the inherent 
correlation in the water quality variables in a given data set collected from Melen River, Turkey. Results 
show that, a small set of variable can be identified, which effectively improves the generalization ability 
of ANNs. 
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INTRODUCTION 
 
As a result of continuous increases in the world 
population, an ever-increasing demand on the water 
resources becomes highly crucial (Shiklomanow, 1999). 
Therefore, it becomes inevitably necessary to make an 
effective planning of water usage. The contamination of 
the current water resources is the main reason which put 
the supply of clean and high quality water at risk. In this 
respect, the demand to maintain high quality of water 
resources requires a regular measurement and 
monitoring of water quality variables and estimation of 
water quality from these observed parameters.  

The quality of water sources are affected by domestic 
and industrial pollutants. This study aims to find out the 
dissolved oxygen level which is a measure of water 
quality from other variables, which affected directly or 
indirectly from discharge of untreated effluents from 
industries and sewage, agricultural and domestic 
activities etc. The quality of water is also a function of 
flow, rainfall, temperature and the amount of sediment 
(Sümer et al., 2001). Therefore, these parameters are 
expected to have an effect on the level of dissolved 
oxygen. On the other hand, it is expected to have higher 
quality of water during session with higher rainfall and low 
temperature (Chapra, 1997). It is shown  that  during high 

rainfall sessions, the effects of pollutants are minimized in 
Seyhan River (Yüceer and ve �nkayalı, 2004). Cox 
(2003); Gümrükcüo�lu and Ba�türk (2007) have shown 
that the dissolved oxygen level is the most indicative 
variables to estimate the water quality in the rivers. A 
decrease in the level of dissolved oxygen is apparent 
during low flow periods. The impacts of low dissolved 
oxygen might results in anaerobic conditions and it might 
be the cause for fish mortality, odors and aesthetic 
nuisances (Kannel at al., 2007).  

In literature, it is discussed that good river health 
requires the threshold levels of key parameters such as 
dissolved oxygen (DO), carbonaceous biochemical 
oxygen demand (CBOD), total nitrogen (TN), total 
phosphorus (TP), temperature and pH. Among these 
parameters, dissolved oxygen (DO) is stated as one of 
the key parameters which determine the river water 
quality (�engörür et al., 2006). In this respect, an efficient 
prediction of DO is crucial for water quality control.   

In this study, water quality variables are investigated to 
find out the best descriptive factors, out of 24 variables, 
which are listed in Table 1, to effectively estimate the 
dissolved oxygen level using ANN. ANN is promising 
technology in modeling due to their ability to learn system  
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Table 1. Whole set of water quality variables in the data set. 
 

 Code of feature Description of feature Min Max 
1 'B' Boron 0.000 0.670 
2 'BOD5' 5-Days Biochm. Oxygen Dem. 0.940 7.900 
3 'Ca' Calcium 23.000 80.000 
4 'Cl' Chloride 0.800 31.100 
5 'COD' Chemical Oxygen Demand 5.000 65.520 
6 'EC' Electrical Conductivity 136.000 601.000 
7 'Fe' Ferrous 0.000 74.550 
8 'K' Potassium 0.000 25.010 
9 'M-Al' Total Alkalinity 11.000 260.000 
10 'Mg' Magnesium 1.340 25.350 
11 'Mn' Manganese 0.003 5.540 
12 'Na' Sodium 1.460 33.060 
13 'NH4-N' Ammonium Nitrogen 0.008 2.100 
14 'NO2-N' Nitrite Nitrogen 0.004 0.433 
15 'NO3-N' Nitrate Nitrogen 0.200 4.030 
16 'o-PO4' Phosphate 0.030 1.900 
17 'pH'  3.000 15.000 
18 'Qanlık' Flow 2.402 254.630 
19 'SO4' Sulphate 10.000 145.000 
20 'SS' Suspended Solids 4.000 1465.000 
21 'T' Temperatures 3.000 27.000 
22 'TDS' Total Dissolved Solids 11.000 386.000 
23 'TH' Total Hardness 95.000 236.500 
24 'Turb' Turbidity 4.000 150.000 

 
 
 
behaviour under inspection from samples. The nonlinear 
relationship between the dependent and independent 
parameters can be explored by the mapping capability of 
ANN. Recently, there is a growing body of neural network 
applications in river engineering such as Karunanithi et 
al. (1994); Grubert (1995); Scardi (1996); Recknagel et 
al. (1997); Yabunaka et al. (1997); Minns (1998); 
Sanchez et al. (1998); Nagy et al. (2002);  Karul et al. 
(2000); Soyupak et al. (2001; 2003); Soyupak and Chen, 
(2004); Wilson (2004); Altun et al. (2007a; 2007b); Bilgil 
and Altun (2009). 

The present study deals with the prediction of dissolved 
oxygen level from 24 water quality variables collected 
from the Big Melen River which is expected to an 
important supply of clean water for the megacity of 
Istanbul. The Big Melen River receives some tributary 
streams such as Aksu stream, U�ur stream, Small Melen 
River and Asar stream. The basin of Melen River consists 
of approximately 2238 km2 and Düzce City (Turkey) is 
located in the basin (�amandar, 2004). Therefore, 
important pollution sources in basin come from the 
municipal and industrial waste. The basin is also affected 
by non-point sources of pollutant such fertilizers from 
farm effluents. Furthermore, small Melen River receives 
sewage waste water from towns in the basin which have 
no  sewage  treatment  system.  In  the  basin,  there  are 

dense agricultural and forestry activities. Therefore, trace 
of some metals is found in the river due to geological 
nature. Melen River System drainage basin and sample 
points are shown in Figure 1. (�engörür et al., 2008). 
Also, Table 1 illustrates the data set collected with 24 
water quality variables. In the table, descriptions of 
variables are shown along some statistical features of the 
variables. Table 1 illustrates the variables related to water 
quality. It gives the statistical features and the description 
of the variables.    
 
 
Ranking of water quality variables by feature 
selection algorithms   
 
In this study, a neural network model will be employed to 
predict dissolved oxygen level. It is well know that, a 
neural network with few model parameters is expected to 
generalize better. This fact motivates us to find the most 
descriptive variables in the estimation of water quality 
from measured parameters which show higher correlation 
to the level of dissolved oxygen in water. The selection of 
fewer parameters from a big set of variables is defined as 
“feature selection” and there are several algorithms 
proposed in literature. In this study we have used three 
different   approaches   to  select   the   most   descriptive  
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Figure 1. The map of Big Melen basin and its water sources.  

 
 
 
variables. Also, a unification of selected variables is 
proposed to obtain a set with fewer components. The first 
feature selection algorithm which is available in the 
literature is called sequential feature selection (SFS) 
(Guyon and Elisseeff, 2003) and the significance of the  
features is measured by a partial F-test. In the second 
method we propose to use a multilayered perception 
(MLP) ANN to rank the importance of features. In this 
case, all available data are used to train the ANN. An 
ANN with 1 input node, 8 hidden layer nodes and 1 
output node is constructed and trained, using the 
available data set. Then, the correlation coefficient 
between the variables and dissolved oxygen level is 
calculated using the output provided by ANN. The 
correlation coefficient is used as a criterion to evaluate 
the descriptive power of the variables and to rank the 
variables. The third feature selection methods labeled as 
MUTINF is based on mutual information between the 
variables and dissolved oxygen level (Altun and Polat, 
2009). Table 2 gives the most informative variables based 
on the three feature selection algorithms.  

Variables ranked by three different feature selection 
algorithms are shown in Table 2 in descending 
importance which indicates their descriptive power in 
estimating the dissolved oxygen level from the water 
quality variables in the set. From the results, it is 
apparent that all algorithms are agreed that the feature ‘T’ 
is the most important feature to estimate the dissolved 
oxygen and it is ranked as the number one variable which 
shows higher correlation to the dissolved oxygen level. 
Each one of the feature selection algorithm assigns a 
different degree of rank to the rest of variables. However, 
the list of the first ten variables  has  common  entities  as 

shown in Table 2.  
 
 
Prediction of dissolved oxygen level using ANN 
 
ANNs are recently employed in different engineering to 
solve the class of optimization, regression and estimation 
problems. ANN is build from an inter-connected assembly 
of simple processing elements, neurons, which organized 
in a layered fashion. In this respect, ANNs might be seen 
to be a simplified model of human nervous system. 
Layers in ANN are connected to the subsequent layers 
through the interconnection between layers, which are 
called weights. Learning process in ANN is an 
optimization of the weights in order to minimize a 
predefined cost function. In this study, the estimation of 
dissolved oxygen in a river is carried out using a Multi-
Layered Perception (MLP) neural network which is the 
most frequently used algorithm to train. All experiments 
have been implemented in MATLAB environment.  

In neural network applications, the evaluation of the 
neural network model should be carried out using 
different model setting in order to carry out a fair 
comparison. In this respect, we have utilized seven ANNs 
with different number of neurons in the hidden layer. The 
number of neurons in the hidden layer is set from 2 up to 
20 neurons with an increase of 3 neurons. All experi-
ments have been carried out in MATLAB environment. 
The training algorithm is the gradient descent algorithm 
with momentum and the training parameters are set as 
follows in MATLAB Neural Network Toolbox. 
net.trainParam.lr = 0.1; net.trainParam.lr_inc = 1.25; 
net.trainParam.epochs = 1000;  net.trainParam.goal  = 1e-4;
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Table 2. The rank of variables selected by SFS, Mutual Information (MUTINF) and MLP based feature selection algorithms. 
 

Rank of feature 
SFS MUTINF MLP 

Feature no Feature  code Feature no Feature code Feature no Feature  code 
1 21 'T' 21 'T' 21 'T' 
2 18 'Qanlık' 3 'Ca' 15 'NO3-N' 
3 16 'o-PO4' 23 'TH' 4 'Cl' 
4 14 'NO2-N' 5 'COD' 8 'K' 
5 9 'M-Al' 6 'EC' 22 'TDS' 
6 15 'NO3-N' 15 'NO3-N' 9 'M-Al' 
7 23 'TH' 18 'Qanlık' 20 'SS' 
8 6 'EC' 9 'M-Al' 3 'Ca' 
9 12 'Na' 22 'TDS' 24 'Turb' 
10 22 'TDS' 2 'BOD5' 7 'Fe' 
11 3 'Ca' 16 'o-PO4' 23 'TH' 
12 8 'K' 4 'Cl' 18 'Qanlık' 
13 24 'Turb' 8 'K' 10 'Mg' 
14 20 'SS' 14 'NO2-N' 2 'BOD5' 
15 10 'Mg' 10 'Mg' 14 'NO2-N' 
16 4 'Cl' 12 'Na' 19 'SO4' 
17 2 'BOD5' 1 'B' 16 'o-PO4' 
18 1 'B' 20 'SS' 11 'Mn' 
19 19 'SO4' 13 'NH4-N' 12 'Na' 
20 5 'COD' 24 'Turb' 17 'pH' 
21 7 'Fe' 11 'Mn' 6 'EC' 
22 17 'pH' 17 'pH' 13 'NH4-N' 
23 13 'NH4-N' 19 'SO4' 5 'COD' 
24 11 'Mn' 7 'Fe' 1 'B' 

 
 
 

Table 3. Correlation coefficients obtained by ANNs trained with the 
whole set (the experiment is labeled as EXP1) and the selected 
features by MLP (EXP2), SFS (EXP3) and MUTINF (EXP4). Results 
are given for 7 different ANNs. 
 

Number of 
hidden 
layer 

neurons 

All 
24 

features 

First 10 
features 
by MLP 

First 10 
features 
by SFS 

First 10 
features 

by MUTINF 
EXP1 EXP2 EXP3 EXP4 

2 0.824 0.825 0.823 0.812 
5 0.808 0.812 0.819 0.838 
8 0.869 0.847 0.858 0.850 

11 0.869 0.856 0.865 0.872 
14 0.878 0.861 0.881 0.881 
17 0.871 0.898 0.886 0.921 
20 0.900 0.915 0.889 0.904 

Average 0.860 0.859 0.860 0.868 
 
 
 
Based on the findings presented in Table 2, we have 
selected the first 10 features, which are selected as the 
most important variables by the features selection 
algorithms. In this case, we have obtained 3 sets of 
features  ranked  by  three  feature  selection  algorithms. 

Using these features and the whole data set, four set of 
experiments are carried out using various ANN models. A 
set of neural network with different number of neurons in the 
hidden layer are trained using the 4 sets of variables and 
results are shown in Table 3. The four experiments are 
called EXP1, EXP2, EXP3 and EXP4, respectively, as 
shown in Table 3. Correlation coefficients between the 
measured and expected values have been calculated. In 
order to have a fair comparison, we have found the 
average value of the correlation coefficient for each 
experiment.  

The results are shown in Table 3. It is clear from the 
table that ANN models have not faced with any severe 
performance degradation in terms of correlation coeffi-
cient due to reducing the number of variables from 24 - 
10. In contrast, the features selected by Mutual Informa-
tion based on feature selection algorithm improve the 
performance of ANN model in general. Hence, it is an 
indication that the number of variables to evaluate the water 
quality may be efficiently reduced to have a more compact 
neural network structure.  

The results obtained from the first set of experiments 
are also an indicator that the neural network models with 
fewer model parameters are expected to show enhance-
ment in the generalization ability. In order to evaluate this 
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Table 4. The union of selected features 
which will be used in EXP5 
 

# of Feature Feature Code 

3 'Ca' 

6 'EC' 

 9 'M-Al' 

15 'NO3-N' 

18 'Q' 

21 'T' 

22 'TDS' 

23 'TH' 
 
 
 
Table 5. Correlation coefficient for the training data set, obtained 
from the ANNs trained with different hidden layer neurons in 
each experiment (The number of inputs are 24 for EXP1, 10 for 
EXP2, EXP3 and EXP4, 8 for EXP5). 
 

Number  of hidden 
layer neurons EXP1 EXP2 EXP3 EXP4 EXP5 

2 0.917 0.831 0.838 0.796 0.849 
5 0.936 0.845 0.827 0.892 0.856 
8 0.936 0.907 0.886 0.919 0.839 
11 0.945 0.923 0.932 0.903 0.837 
14 0.943 0.922 0.946 0.936 0.849 
17 0.928 0.967 0.945 0.959 0.837 
20 0.928 0.964 0.939 0.958 0.834 

Average 0.933 0.908 0.902 0.909 0.843 
 
 
 

Table 6. Correlation coefficient the test data set obtained from 
the ANNs trained with different hidden layer neurons in each 
experiment (The number of inputs are 24 for EXP1, 10 for EXP2, 
EXP3 and EXP4, 8 for EXP5). 
 
Number of hidden 

layer neurons EXP1 EXP2 EXP3 EXP4 EXP5 

2 0.755 0.818 0.826 0.805 0.839 
5 0.735 0.799 0.775 0.761 0.833 
8 0.744 0.758 0.760 0.734 0.843 

11 0.678 0.711 0.693 0.791 0.843 
14 0.694 0.704 0.747 0.711 0.837 
17 0.748 0.584 0.700 0.716 0.845 
20 0.734 0.700 0.754 0.687 0.838 

Average 0.727 0.725 0.751 0.744 0.840 
 
 
 
postulation, we have trained ANNs using half of available 
data. The number of available data consists of 159 
samples. In this case, 80 samples are used as training 
data, while the rest of data is used to evaluate the 
performance of the trained ANNs. In this set of experi-
ments, we have also constructed a  new  data  set  using  

 
 
 
 
the common features in the list of first ten features which 
are selected by three features selection algorithms. The 
water quality variables are included in the new set if at 
least two feature selection algorithms agree to rank this 
variable in list of the first ten variables. The resulted data 
set is labelled as the union (EXP5 in the Table 6) and it 
contains only 8 variables which are shown in Table 4. 

Table 5 shows the training results obtained from ANN 
models for the experiments. As it is seen when the whole 
data with 24 independent variables is used in the average 
of the correlation coefficient R slightly higher than the 
correlation coefficient obtained from the other experi-
ments. On the other hand, when we evaluate the 
generalization performances of each of the neural 
networks using unseen samples from  test  data  set, it  is 
clearly shown in Table 6 that, neural networks with reduced 
input shows better performance compared to ANNs in 
EXP1. Especially, the performance of ANNs trained with 
the union of common features (EXP5) are excellent com-
pared to the ANNs trained with the 24 features (EXP1). 
This result indicates that the list of variables in the union 
set (Table 4) is more descriptive and informative 
variables. Also, as the number of variables in this set is 8, 
neural networks with fewer model parameters are able to 
generalize better as shown in Table 6. 
 
 
Conclusion 
 
In this study, the aim was to estimate the dissolved 
oxygen level which is an important parameter to 
determine the water quality. The estimation of the dissol-
ved oxygen level normally relays on the measured water 
quality variables and various regression approaches have  
been proposed in literature to solve this problem. 
However, due to dimensionality of the water quality 
variables are high, regression methods are not able to 
provide sufficient accuracy. In literature, new approaches 
based on artificial neural network have been proposed 
and it is shown that this approach is able to reach higher 
degree of accuracy. However, it is a well known fact that 
neural networks generalization ability may be improved 
when the number of measured variables is reduced. In 
this experiment three different feature selection algori-
thms are used and the first ten variables ranked by the 
algorithms are used to train neural networks. Also, a 
unification of selected features is proposed and it is 
shown that, this approach gives higher correlation 
coefficient in estimating the dissolved oxygen level from 
the reduced set of features.  
 
 
REFERENCES 
 
Altun H, Bilgil A, Fidan BC (2007). Treatment of multi-dimensional data  

to enhance neural network estimators in regression problem, Expert  
Syst. Appl. 32(2): 599-605.  

Altun H, Bilgil A, Fidan BC (2007). Treatment of skewed multi-
dimensional training data to facilitate the task of engineering neural 



 
 
 
 

models, Expert Systems with Applications 33(4): 978-983.  
Altun H, Polat G (2007). Boosting Selection of Speech Related Features 

to Improve Performance of Multi-class SVMs in Emotion Detection, 
Expert Syst. Appl. 36(1): 8197-8203.  

Chapra SC (1997). Surface Water Quality Modelling, McGraw-Hill 
International Edition p. 843 

Cox BA (2003). A review of currently available in-stream water-quality 
models and their applicability for simulating dissolved oxygen in 
lowland rivers. Sci. Total Environ. pp. 314-316, 335-377.  

Grubert JP (1995). Application of neural networks in strafed flow 
stability analysis. J. Hydraulic Eng. 12: 523-532. 

Gümrükçüo�lu M, Ba�türk O (2007). Determination of Waste Load in 
Sakarya River by Using Geographical Information Systems, National 
Geographical Information Systems Congress, (in Turkish) KTÜ, 
Trabzon/Turkey.  

Guyon I, Elisseeff A (2003). An introduction to variable and feature   
selection. J. Mach. Learn. Res. 3: 1157-1182. 

Kannel PR, Lee S, Lee YS, Kanel SR, Pelletier GJ (2007).  Application 
of automated QUAL2Kw for water quality modeling and management 
in the Bagmati River, Nepal Ecologigal Modelling pp. 503-517.

  

Karul C, Soyupak S, Çilesiz AF, Akbay N, ve Germen E (2000). Case 
studies on the use of neural networks in eutrophication modeling, 
Ecol. Mod. 134: 145-153.  

Karunanithi N, Grenney WJ, Whitly D, Bovee K (1994). Noural networks 
for river low prediction. J. Comput. Civ. Eng. pp. 8: 201-220. 

Minns AW (1998). Artifical neural networks as subsymbolic process 
descriptors, Belkama, Rotterdam, The Netherlands. neural network 
approach for modelling and prediction of algal blooms, Ecol. Mod. pp. 
96: 11-28.    

 Nagy HM, Watanabe K, Hirano M (2002). Prediction of sediment load 
concentration in rivers using artificial neural network model, J. 
Hydraulic. Eng. 128: 588-595. 

Recknagel F, French M, Harkonen P, ve Yabunaka K (1997). Artificial 
�amandar A (2004), Water Quality Modelling in Big Melen River and Its 

Tributaries, Ph.D. Thesis. SAU, Sakarya, Turkey. 
Sanchez L, Arroyo V, Garcia J, Koev K, Revilla J (1998). Use of neural 

networks in design of coastal sewage system. J. Hydraulic Eng. pp. 
124: 457-464. 

Scardi M (1996). Artificial neural networks as empirical models for 
estimating phytoplankton production, Mar. Ecol. Ser. pp. 139: 289-
299.  

Sengorur B, Dogan E, Koklu R, Samandar A (2006). Dıssolved Oxygen 
Estımatıon Usıng Artıfıcıal Neural Network For Water Qualıty 
Control, Fresenius Environ. Bull. pp. 15: 1064-1067. 

�engörür B, Koklu R, �amandar A, Polat H (2008). Evalation of Water 
Quality in Melen River, World Water Congress and Exhibition, Austria  

Shiklomanov IA (1999). Water Transfer As One of the Most Important 
Ways to Eliminate Water Resources Deficits and to Solve Water 
Management Problems, Proceedings of the International Interbasin 
Water Transfers Workshop, Paris, April, pp. 203-208.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Samandar          1259 
 
 
 
Soyupak S, Karaer F, Gürbüz H, Kıvrak E, �entürk E, ve Yazıcı A 

(2003). A neural network based approach for calculating dissolved 
oxygen profiles in reservoirs, Neural Comput.  Appl. pp. 12: 166-172.  

Soyupak S, ve Chen DG (2004). Fuzzy logic model to estimate pseudo 
steady state chlorophyll-a concentrations in reservoirs, Environ. Mod. 
Ass. 9(1): 51-59.  

Soyupak S, Yazıcı A, Çilesiz AF, ve Akbay N (2001). A neural network 
based model for estimating dissolved oxygen in a very deep 
reservoir, The 16th Int. Symp. On Computer and Inf. Sciences, ISCIS 
XVI, November 5-7, Antalya, Turkey.  

Sümer B, Ileri R, �amandar A, �engörür B (2001), Water Quality in 
Melen River and Its Brunches, J. Ecol. Environ. (in Turkish) 10(39): 
13-18. 

Wilson HEC (2004). Short term forecasting of algal blooms in drinking 
water reservoirs using artificial neural networks, A PhD Thesis 
submitted to School of Earth and Environmental Sciences, The 
University of Adelaide, Australia.  

Yabunaka K, Hosomi M, ve Murakami A (1997). Novel application of a 
back-propagation artificial neural network model formulated to predict 
algal bloom, Wat. Res, pp. 36: 89-97.  

Yüceer A, ve �nkayali NG (2004). Investigation of Water Quality of 
Lower Seyhan River by QUAL2E Model, SKKD, (in Turkish) 14(3): 1-
8. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


