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ABSTRACT: Several techniques such as; Fuzzy Inference System (FIS) and Neural Network (NN) are used for developing of the 

predictive models to estimate parameters of water quality. The main objective of this study is to compare between the predictive ability of 

the Artificial Neural Network (ANN) model and  Adaptive Neuro-Fuzzy Inference System (ANFIS) model to estimate the Dissolved 

Oxygen(DO) using data from  the sampling sites station at Billimora-amalsad Road on Ambika River in Gujarat, India. The data is 

obtained from the Gujarat pollution control board(GPCB), during 2010-2017. Total Ten parameters of water quality namely Dissolved 

Oxygen, Biochemical Oxygen Demand, Chemical Oxygen Demand ,ph, Nitrite, Nitrate, Phosphate, Total Dissolved Solids, Calcium, 

Magnesium are used to developed the models. The experimental results indicate that the ANFIS model provides a higher correlation 

coefficient (R
2
=0.885) in Training and (R

2
=0.818) in Testing with a lower root mean square error (RMSE=0.2307) in training and 

(RMSE= 0.3574) in Training than the corresponding (RMSE= 0.3863) ANN model 
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INTRODUCTION 

      Water is a vital resource necessary for all aspects of human and ecosystem health. Mainly water use for drinking and personal hygiene, in 

addition water is needed for agricultural production, industrial and manufacturing processes, hydroelectric power generation, waste 

processing, recreation, navigation, fish and wildlife, and a variety of other purposes. The condition of water, including its chemical, physical, 

and biological characteristics is describe by term water quality. Water quality is the main characteristics of a river affecting its suitability for 

various use. 

       When water quality is poor, it affects not only aquatic life but the surrounding ecosystem as well. In the poor water some parameters that 

affect the quality of water in the environment. These properties can be physical, chemical or biological factors. Physical properties of water 

quality include temperature and turbidity. Chemical characteristics involve parameters such as pH and dissolved oxygen. Biological 

indicators of water quality include algae and phytoplankton. These parameters are relevant not only to surface water studies of the ocean, 

lakes and rivers, but to groundwater and industrial processes as well. 

        Dissolved oxygen (DO) is an important water quality parameter critical to the survival of aquatic life. It is frequently monitored to 

assess water quality in rivers. The simplicity of DO measurement obscures the fact that a number of physical and chemical processes 

contribute to the DO level within a stream. Low DO levels can lead to the death of fish and other aquatic animals in the reduced oxygen 

plume. The Winkler method is the most reliable technique for measuring DO in freshwater systems. This multistep chemical method is 

performed on-site to minimize delays between sample collection and testing that could result in changes to oxygen content. 

         Water quality models can be effective tools to simulate and predict pollutant transport in water environment. It can also contribute to 

saving the cost of labors and materials for a large number of chemical experiments. In some cases experiments are inaccessible for on-site 

due to special environmental pollution issues. Therefore, water quality models become an important tool to identify water environmental 

pollution. some construction projects such as hydrological, petrochemical, and paper-making projects can bring serious effects on aquatic 

environment after enforcement . Therefore, before these construction projects are implemented these environmental effects have to be 

simulated, predicted, and assessed using numerical models. These modeling results under different pollution scenarios using water quality 

models are very important components of environmental impact assessment. They are also the important basis for environmental 

management decisions because they are not provide only data assistance for environmental management agencies to authorize the 

construction projects but provide technical supports. Whether these model results are right or not can greatly impact the reasonability also 

and scientific significance of the authorized construction projects and the availability of pollution control measures. 

        Several water quality models such as Multiple Linear Regression (MLR) and traditional mechanistic approaches have been developed in 

order to manage the best practices for conserving the quality of water. Most of these models need several different input data which are not 

easily accessible and make it a very expensive and time consuming process [10]. The ANN is a potential approach for water quality 

modeling. ANN is a mathematical model that attempt to simulate the functionality and decision-making processes of the human brain and 

have become a center of interest across many scientific studies, including water quality. The main purpose of this study is to analyze and 

compare the performance of ANFIS and ANN models in predicting of DO,BOD and COD of Ambika River at Billimora-Amalsad road 

Station in India. 

 

Study area: 

       Ambika River is one of the important west flowing rivers with its catchment in Gujarat and Maharashtra. The Ambika basin which is 

adjacent to the Auranga basin can be divided in to two prominent physiographic zones. The eastern part comes under a rugged mountain 

chain of the Sahyadri Western Ghats and descending on the western side to the edge of the uplands of Surat district. This region is situated at 

general elevation ranging from 1050 m to 100 m. The western part consists of hills and valleys which generally lie below 100 m elevation. 
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It originates from Saputara Hill ranges near village Kotambi of Surganataluka in the Nasik district of Maharashtra. After flowing for a length 

of 136 km it drains in to the Arabian Sea. The important tributaries of the Ambika River are Kapri, Wallan, Kaveri and Kharera. The river 

Ambika basin lies between 20° 31‘ and 20° 57‘ North latitude and 72° 48‘ and 73° 52‘ East longitude with a drainage area of 2715 Sq.km. 

The Valsad, Dangs and Surat Districts of Gujarat and a small portion of the Nasik district of Maharashtra falls in the basin.  

 

 
Figure 1:Ambika River Basin 

 

Table 1.Catchment Area Detail 

NAME OF DISTRICT DRAINAGE AREA (SQ 

KM) 

% OF TOTAL AREA 

MAHARASHTRA 102 3.76 

GUJARAT 2613 97.24 

TOTAL 2715 100 

 

Data collection: 

        The water quality data set of Ambika River Gujarat in India, over a period of 8 years (2010 to 2017) was used in this study. These data 

are monitored regularly each month at Billimora-Amalsad road site. The selection of an appropriate set of input variables from all possible 

input variables during artificial intelligence (AI) model development is important for obtaining high-quality model .So, in this research for 

prediction of the water quality parameters, i.e., dissolved oxygen (DO, mg L-1) based on the existing measured values of different variables. 

Total Ten factors (variables) were identified which affected the water quality parameters. These parameters are as follows: Dissolved 

Oxygen, Biochemical Oxygen Demand, Chemical Oxygen Demand, PH, Nitrite, Nitrate, Phosphate, Total Dissolved Solids, Calcium, 

Magnesium. Nine independent variables(water Quality parameters) used to computations of these dependent variables (DO) .The reason for 

variation in concentration of the dependent variables is that the Ambika River during its course passes through several townships and cities 

and a number of wastewater drains and tributaries pour huge quantities of untreated wastewater of Billimora town released into the Ambika 

River. In this study, ANNs and ANFIS were identified to predict the water quality parameters (DO) of the Ambika River(Gujarat). For these 

models identification, the complete river water quality data set of 8 years was divided into two subsets. The training and testing data subsets 

comprised of (80 %) and(20 %) samples, respectively. The output variables(DO) corresponding to the input variables belonged to the same 

water sample which were measured in same time and space of Ambika River at Billimora-Amalsad Station. 

 

Methodology: 

2.1. Artificial neural networks modeling 

     The artificial neural network, as the name implies, employs the model structure of a neural network which is very powerful computational 

technique for modeling complex non-linear relationships particularly in situations where the explicit form of the relation between the 

variables involved is unknown (The basic structure of an ANN model is usually comprised of three distinctive layers, the input layer, where 

the data are introduced to the model and computation of the weighted sum of the input is performed, the hidden layer or layers, where data 

are processed, and the output layer, where the results of ANN are produced. Each layer consists of one or more basic element(s) called a 

neuron or a node. A neuron is a non-linear algebraic function, parameterized with boundary .The signal passing through the neuron is 

modified by weights and transfer functions. This process is repeated until the output layer is reached. The number of neurons in the input, 

hidden and output layers depends on the problem. If the number of hidden neurons is small, the network may not have sufficient degrees of 

freedom to learn the process correctly. On the other hand, if the number is too high, the training will take a longer time and the network may 

over-fit the data. In this study, three layer feed-forward neural networks with back propagation (BP) learning were constructed for 

computation of the river water DO, BOD and COD with nine input variables, p(xpi,i=1, . . ., 9). A feed forward neural network (FFNN) is 

very powerful in function optimization modeling and has extensively been used for the prediction of water resources variables. All the 

computations were performed using the EXCEL 97 and MATLAB (MathWorks, Inc., Natwick, MA). 

 

2.1.1. Back propagation neural network and learning algorithm 

      The back propagation (BP) is a commonly used learning algorithm in ANN application. It uses the back propagation (BP) of the error 

gradient. This training algorithm is a technique that helps distribute the error in order to arrive at a best fit or minimum error. After the 

information has gone through the network in a forward direction and the network has predicted an output, the back propagation algorithm 
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redistributes the error associated with this output back through the model, and weights are adjusted accordingly. Minimization of the error is 

achieved through several iterations. One complete cycle is known as the ‗epoch‘. Each neuron in a layer is connected to every neuron in the 

next layer. These links are given a synaptic weight that represents its connection strength . 

 

 
Figure 2: Back Propagation Neural Network 

 

 Although, traditional BP uses a gradient descent algorithm to determine the weights in the network, it computes rather slowly due to linear 

convergence. Hence, Levenberg–Marquardt algorithm (LMA), which is much faster as it adopts the method of approximate second 

derivative was used here. The LMA is similar to the quasi-Newton method in which a simplified form of the Hessian matrix (second 

derivative)is used. The Hessian matrix can be approximated as; 

 

H = J
T
J 

and the gradient can be computed as 

g = J
T
e 

in which J is the Jacobian matrix which contains first derivatives of the network errors with respect to the weights and biases, and e is a 

vector of network errors. One iteration of this algorithm can be written as 

 

Xk+1 = Xk – [J
T
J + μI]

-1
J

T
e 

 

Where, μ is the learning rate and It is the identity matrix. During training the learning rate μ is incremented or decremented by a scale at 

weight updates. When μ is zero, this is just Newton‘s method, using the approximate Hessain matrix. When μ is large, this becomes gradient 

descent with a small step size. The LMA is reported to have the fastest convergence for the neural networks that contain up to few hundred 

neurons. 

 

During the training process, there are three factors that are associated with the weight optimization algorithms. These are: 

(1) Initial weight matrix, (2) learning rate, and (3)stopping criteria such as (3a) fixing of the number of epoch size, (3b) setting a target error 

goal and (3c) fixing minimum performance gradient. The initial weights are randomly generated between −1 and +1with a random number 

generator. The learning rate is an indicator of the rate of convergence. If it is too small, the rate of convergence will be slow due to the large 

number of steps needed to reach the minimum error. If it is too large, the convergence initially will be fast, but will produce undue 

oscillations, and may not reach the minimum error. The value of the learning parameter is not fixed as the optimization of learning parameter 

is highly problem dependent and should be selected so that oscillations in error surface can be avoided demonstrated that the learning 

becomes unstable for higher values (>0.035). Thus, the learning rate was set to0.001. 

The mean square error (MSE), used as the target error goal, is defined as ; 

 

MSE =
 

 
∑ (      )  
    

Where Ypi and Oi represent the model computed and measured values of the variable, and N represents the number of observations. The 

maximum number of epochs, target error goal MSE and the minimum performance gradient were set. Training stops when any of these 

conditions occur. 

 

2.1.2. Optimization of the ANN structure 

     The optimal architecture of the ANN models and its parameter variation were determined based on the minimum value of the mean 

squared error (MSE) of the training and validation sets. With increase in number of neurons, the networks yielded several local minimum 

values with different MSE values for the training set. Through trial and error approach, various combinations of the number of neurons in 

hidden layer, back propagation algorithms, and transfer functions (linear and sigmoid)were used. Lowest MSE for the training and the 

validation sets was the criteria for selecting the best case. 

 

2.2 ANFIS: 

       ANFIS is a method based on the input–output data of the system under consideration. Success in obtaining a reliable and robust ANFIS 

network depends heavily on the choice of process variables involved as well as the available data set and the domain used for training 

purposes. Basically, a fuzzy inference system is composed of five function blocks [8]: 

(i) a rule base containing a number of fuzzy if-then rules. 

(ii) a database which defines the membership function of the fuzzy sets used in the fuzzy rules. 
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(iii) a decision-making unit which perform the inference operation on the rules. 

(iv) a fuzzification inference which transforms the crisp inputs into degrees of match with linguistic values. 

(v) a defuzzification inference which transforms the fuzzy results of the inference into a crisp output. 

 

For simplicity, a fuzzy inference system with two inputs x and y, and one output is assumed. For a first-order Sugeno fuzzy model, a 

common rule set with two fuzzy if –then rules is defines as follows: 

 

Rules 1: If x is A1 and y is B1, then f1 = p1x +q1y+r1 ……………(2) 

Rules 2: If x is A2 and y is B2, then f2 = p2x +q2y+r2…………...(3) 

 

Here type-3 fuzzy inference system proposed by Takagi and Sugeno [8] is used. In this inference system the output of each rule is a linear 

combination of input variables added by a constant term. The final output is the weighted average of eachrule‘s output. The corresponding 

equivalent ANFIS structure is shown in Fig. 3. 

 

 
Fig. 3:A typical ANFIS architecture 

 

       Figure 3 shows a typical ANFIS architecture [8]Every node in layer 1 is an adaptive node with a node function that may be a Gaussian 

membership function or any membership functions. Every node in layer 2 is a fixed node labeled Π, representing the firing strength of each 

rule. Every node in layer 3 is a fixed node labeled N, representing the normalized firing strength of each rule. Every node in Layer 4 is an 

adaptive node with a node function. The single node in layer 5 is a fixed node labeled Σ, indicating the overall output (f) as the summation of 

all incoming signals. In this study, Gaussian membership function is used for the input variable. The hybrid learning algorithm is employed 

to determine the parameters of Sugeno-type fuzzy inference systems. For a given training dataset, the combination of the least-squares 

method and the back-propagation gradient descent method is utilized to update FIS membership function parameters. 

  

Modeling performance criteria: 

      The performance of ANN and ANFIS configurations was assessed based on three error measures, namely correlationcoefficient,R
2
,which 

presents the degree of association between predicted and measured values; root mean square error, RMSE, which is preferred in many 

iterative prediction and optimization schemes. Expressions for these measures are given as follows: 

 

 
 

 

  
 

 

where N is the number of data, O observed values, P predicted values and the bar denotes the mean of the variable. 

 

Result and discussion: 

(A)Artificial neural network model 

        The ratio of training to test data records employed in the experiment is 80:20. For learning process, the input vectors and corresponding 

target vectors are used to train the neural networks by applying Levenberg-Marquardt algorithm. The number of hidden units directly affects 

the performance of the network. Therefore, many experimental investigations are conducted. The number of hidden nodes determined to 

provide the optimal result is 10. 
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Finally, the architecture of the network is 9-10-1. The number of input nodes is 9, representing the parameters of water quality that 

affect DO. The number of the hidden nodes is set to 10. The number of output nodes is 1, representing DO. 

The stopping criteria for the training are: MSE below 0.001or a number of epochs greater than 1000. Fig. 4 shows the plot 

comparing the observed (actual) values of DO with the predicted value of DO from the artificial neural network. The correlation coefficient, 

which measures the strength and direction of the linear relation between two variables (actual and predicted values) is R=0.78805. The 

RMSE of the model is equal to = 0.3863 

 

 
Fig. 4 : Scatter plots of observed and predicted DO using ANN 

  
        (a)                                                                                 (b) 

Fig. 5 : Scatter plots of observed and predicted DO using ANFIS :(a)Training (b)Testing 
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ANFIS 

       For the ANFIS model, the Gaussian, triangular, trapezoidal, sigmoid and bell-shaped input membership functions were used. Because 

the ANFIS only operates on Sugeno-type system, therefore, two types of constant and linear functions were used for output membership 

function. Moreover, the performances of the ANFIS model with two hybrid and back-propagation learning algorithms were investigated. It 

was found that, the best results were achieved when the input membership function was gaussian, the learning algorithm was hybrid and the 

output membership function was constant[3]. To evaluate the performance of the ANFIS model, the predicted DO was shown versus the 

observed ones in Fig.5for both training and testing stages. As the results showed, ANFIS performed well in predicting the DO parameter in 

the training stage (RMSE = 0.2307 and R
2
 = 0.885), but its performance was not good in the testing stage (RMSE = 0.3574 and R

2
 = 0.818).  

 

Conclusion 

      In this study, the applications of ANNs along with ANFIS, were used to estimate the DO parameter. The measured data of Ambika River 

(Gujarat,India) over a period of 8 years were collected for networks training and testing. The results showed that backpropagation neural 

network 9-10-1 and an ANFIS model was considered as the best and the most executive models. Also, the comparison of RMSE and 

coefficient of correlations (R
2
) for predicting DO showed that the performance of the ANFIS was higher than those of ANN models. The 

R
2
and RMSE values for a good fit of the DO models to the data set were obtained 0.885, 0.2307 for the training stage and 0.818, 0.2307 for 

testing , respectively. Based on the results of this research, the ANFIS can be used as an effective tool to compute and predict the river water 

quality parameters. 
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