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Abstract— Evaluation of Water characteristics in general and 

water quality in particular are necessary to enhance the health 

of humans and ecosystems. Data driven models are 

computing methods that are capable of extracting different 

system states without using complex relationships. This 

thesis investigate the capability of an Adaptive Network-

Based Fuzzy Inference System as data – driven model to 

predict and stimulate water quality parameters at Kakrapar 

station on Tapi River. Building functional relationship 

between major water quality data (PH ,T,EC,SS,TDS) with 

one required output water quality parameter (DO, BOD). 

Selecting best functional relationship among them. At last 

Comparing observed Water quality data with predicted output 

and analysis water quality by predicted data. adaptive neuro 

fuzzy inference system; water quality parameter; dissolved 

oxygen; biochemical oxygen demand.  
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I. INTRODUCTION 

Water quality is one of the main characteristics of a river, 

even when its purpose is other than human water supply 

.Water, in the sources such as canals and rivers, is not only 

utilized as human water supply, but it also used for various 

activities such as transportation, tourism, and consumption. 

Water quality in the superficial waters has started to 

degenerate as a result of wastewater being let go to the 

receiving ground and surface water without any control. 

Biochemical Oxygen Demand (BOD) is an 

important parameter for usage conditions of surface waters. 

It is an approximate measure of the amount of biochemical 

degradable organic matter presented in a water sample. It is 

defined by the amount of oxygen required for the aerobic 

microorganisms present in the sample to oxidize the organic 

matter to a stable organic form. Excessive BOD loads damage 

the quality of canal water, causing low Dissolved Oxygen 

(DO) concentration and unsuitable living conditions for flora 

and fauna within. At the same time, BOD–DO relationships 

include exchanges within the canal bed as well as nitrification 

and denitrification. Nutrients and light in the phytoplankton 

growth, the relationship between DO and phytoplankton 

concentrations, and ammonia affect the BOD degradation. 

The concentration of dissolved oxygen (DO) is 

important for the healthy functioning of aquatic ecosystems, 

and a significant indicator of the state of aquatic ecosystems. 

DO is a parameter frequently used to evaluate the water 

quality on different reservoirs and watersheds. Also, DO 

concentration is strongly influenced by a combination of 

physical, chemical, and biological characteristics of streams 

of oxygen demanding substance including algal biomass, 

dissolved organic matter, ammonia, volatile suspended 

solids, and sediment oxygen demand. 

To determine water quality is very important issue 

for drinking and irrigation water, and many other purposes. 

For that, there are many national or international standards 

(EPA [1]; WHO [2]; Council Directive [3]; Official paper (in 

Turkey) [4]) to determine the water quality around the world. 

The determination of the water quality is traditionally based 

on the classification by considering the physicochemical or 

biological parameters. 

New techniques such as fuzzy logic (FL) and 

adaptive neuro fuzzy inference system (ANFIS) have been 

recently used as efficient alternative tools for modeling of 

complex water resources systems and widely used for 

forecasting. FL is a rule based system consisting of three 

conceptual components, including (1) a rule-base, containing 

a selection of fuzzy if-then rules; (2) a data-base, defining the 

membership functions used in the fuzzy rules; (3) an 

inference system, performing the inference procedure upon 

the rules to derive an output (Fig. 1) (Zhang, 2009). FL 

models focus on the use of heuristics in the system 

description. The models can be seen as logical models that 

use if-then rules to establish qualitative and quantitative 

relationships among variables. Their rule-based nature allows 

the use of information expressed in the form of natural 

language statements, making the model transparent for 

interpretation. 

However, the main problem with FL is that there is 

no systematic procedure to define the membership function 

parameters, which must be predetermined by expert 

knowledge about the modeled system. The construction of the 

fuzzy rule necessitates the definition of premises and 

consequences as fuzzy sets. At the same time, ANN has the 

ability to learn from input and output pairs and adapt to it in 

an interactive manner. In order to overcome the problems, the 

ANFIS method, which integrates ANN and FL was proposed 

by Jang (1993). ANFIS has the potential to capture the 

benefits of both the methods in a single framework. ANFIS 

eliminates the basic problem in fuzzy system design (defining 

the membership function parameters and obtaining a set of 

fuzzy if-then rules) by effectively using the learning 

capability of ANN for automatic fuzzy if-then rule generation 

and parameter optimization (Nayak et al., 2004). Since the 

concept of ANFIS was first introduced in 1993 (Jang, 1993), 

it has successfully been proved in many engineering 

applications such as rainfall-runoff and real-time reservoir 

operation (Chen et al., 2005; Chang and Chang, 2006; Firat 

and Gung 2007). 
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Fig. 1: A typical ANFIS architecture 

The purpose of the present study was to develop a 

model based on ANFIS and evaluate the applicability of the 

ANFIS approach to analysis of water quality parameter DO, 

BOD. This article is organized as follows: Section 1 presents 

the study area and water quality data, architecture and the 

hybrid learning algorithm of an ANFIS with a simple 

illustration. 

 
Fig. 2: General architecture of the fuzzy inference system 

Section 2 presents comparisons of observed Water 

quality data with predicted output for model. The last section 

contains some concluding remarks. 

II. MATERIALS AND METHODS 

A. Study area and water quality data 

The Tapi River is a river in central India. It is one of the major 

rivers of peninsular India with a length of around 724 km. The 

Tapi River originates in the Betul district from a place called 

Multai. It is one of only three rivers in peninsular India that 

run from east to west - the others being the Narmada River 

and the Mahi River The Tapi is the second largest westward 

draining inter-state river basin. It covers a large area in the 

State of Maharashtra besides areas in the states of Madhya 

Pradesh and Gujarat. The Tapi River drains an area of 65145 

sq km out of which nearly 80 percent lies in Maharashtra. For 

the first 282 Km., the river flows in Madhya Pradesh, out of 

which 54 Km form the common boundary with Maharashtra 

State. It flows for 228 Km in Maharashtra before entering 

Gujarat. Traversing a length of 214 Km in Gujarat, the Tapi 

joins Arabian sea in Gulf of Cambay after flowing past the 

Surat city. 

The State Water Data Center Gandhinagar (SWDC) 

has been monitoring various water quality parameters from 

water quality monitoring stations, which cover almost all 

major river basins in Gujarat, including Mahi River, Narmada 

River, Sabarmati River, Tapi River. 

In the present study, the data set,of  kakrapar 

Stations at Tapi river covering 714 observations and 

comprising 7 water quality parameters monitored two month 

interval from 1999 to 2016, were obtained from SWDC 

(https://swhydrology.gujarat.gov.in/waterquality). 

The selected water quality parameters, including PH 

Electric conductivity (EC).,Temperature (T), and Total 

Dissolved Solids(TDS) were adopted to construct the water 

quality Parameter DO Model and for constructing BOD 

Model parameter Selected are PH, Temperature, and 

Suspended Solids. 

B. Methodology of ANFIS 

1) Architecture of ANFIS: 

ANFIS is a multilayer feed-forward network that uses neural 

network learning algorithms and fuzzy logic to map an input 

space to an output space. Five layers are used to construct this 

inference system. Each layer contains several nodes 

described by the node function. Adaptive nodes, denoted by 

squares, represent the parameter sets that are adjustable in 

these nodes, whereas fixed nodes, denoted by circles, 

represent the parameter sets that are fixed in the system. The 

output data from the nodes in the previous layers will be the 

input in the present layer. There are two types of fuzzy 

inference system (FIS) described in the literature (Mamdani 

and Assilian, 1975; Takagi and Sugeno, 1985). The most 

important difference between the two systems is the 

definition of the consequence parameter. The consequence 

parameter in Sugeno FIS is either a linear equation, called 

“first-order Sugeno FIS”, or constant coefficient, “zero-order 

Sugeno FIS” (Jang et al., 1997). The Sugeno FIS is used in 

the present study. 

In ANFIS, Takagi-Sugeno type fuzzy inference 

system is used where the output of each rule can be a linear 

combination of input variables plus a constant term or can be 

only a constant term. The final output is the weighted average 

of every single rule’s output. Basic ANFIS architecture that 

has two inputs x and y and one output z is shown in Figure 1. 

The rule base contains two Takagi-Sugeno if-then rules as 

follows: 

Rule1: If x is A1 and y is B1, then f1 = p1 x + q1 y + r1 

Rule2: If x is A2 and y is B2, then f2 = p2 x + q2 y + r2 

The neural network structure contains 5 layers excluding the 

input layer (Layer 0): 

1) Layer 0, input layer, has n nodes where n is number of 

inputs to the system. 

2) Layer 1 is the fuzzification layer in which each node 

represents a membership value to a linguistic term as a 

Gaussian function with the mean: 

 
Where ai, bi, ci are parameters for the function. 

These are adaptive parameters. Their values are adapted by 

means of the back‐propagation algorithm during the learning 

stage. As the values of the parameters change, the 

memberships function of the linguistic term Ai changes. 

3) In Layer 2, each node provides the strength of the rule by 

means of multiplication operator. It performs min (AND) 

operation. The membership values represented by _Ai 

(xo) and_Bi(x1) are multiplied in order to find the firing 

strength of a rule where the variable x0 has linguistic 

value of Ai, and xi has linguistic value of Bi, in the 

antecedent part of Rule i. There are pn nodes denoting 
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the number of rules in Layer 2. Each node represents the 

antecedent part of rule (if part of an if‐then rule). 

 
4) Layer 3 is the normalization layer which normalizes the 

strength of all rules according to the below equation: 

 
Where wi is the firing strength of the ith rule which 

was computed in Layer 2. Node I computes the ratio of the 

ith rule’s firing strength to the sum of all rule’s firing 

strengths. There are pn nodes in this layer. 

5) Layer 4 is a layer of adaptive nodes. Every node in this 

layer computes a linear function 

Where the function coefficients are adapted by using 

the error function of the multi‐layer feed‐forward neural 

network. 

 
pi’s are the parameters where i = n +1 and n is the 

number of inputs to the system (i.e.number of nodes in Layer 

0). This equation was given for two inputs. Finally +_i is the 

output of Layer 3. These parameters are updated by a learning 

step. The least squares approximation is used in ANFIS. In a 

temporal model, back‐propagation algorithm is used for 

training. 

6) Layer 5 is the output layer whose function is the 

summation of net outputs of the nodes in Layer 4. The 

output is computed as. 

pi’s are the parameters where i = n +1 and n is the 

number of inputs to the system (i.e.number of nodes in Layer 

0). This equation was given for two inputs. Finally +_i is the 

output of Layer 3. These parameters are updated by a learning 

step. The least squares approximation is used in ANFIS. In a 

temporal model, back‐propagation algorithm is used for 

training. 

7) Layer 5 is the output layer whose function is the 

summation of net outputs of the nodes in Layer 4. The 

output is computed as. 

 
Where w̅ifi is the output of node I in Layer 4. It 

denotes the consequent part of rule i. The overall output of 

the neuro‐fuzzy system is the summation of the rule 

consequents. 

ANFIS applies the hybrid learning algorithm, which 

consists of the combination of “gradient descent” and “least-

squares” methods to update the model parameters. Each 

epoch of this hybrid learning procedure is composed of a 

forward pass and a backward pass. In the forward pass of the 

hybrid learning procedure, the node output goes forward until 

layer 4 and the consequent parameters are identified by the 

least squares method. In the backward pass, the error signal 

propagates backwards and the premise parameters are 

updated by gradient descent. A detailed descriptions of this 

algorithm were introduced by in Jang and Sun (1995). 

The computation of the data for ANFIS was 

conducted using the software Matlab. The ANFIS training 

algorithms, including the gradient method and the least 

squares method, were embedded in the software of Matlab’s 

fuzzy inference toolbox. We can use the ANFIS training 

function in the toolbox for the training with the input data. 

After training, an ANFIS model with forecasting function 

will be obtained for output forecasting. 

2) Model development: 

There are no fixed rules for developing an ANFIS model, 

even though a general framework can be followed based on 

previous successful applications in engineering. The goal of 

ANFIS is to generalize the relationship of the form: 

Y = f(X1, X2,··· , Xn) 

where, X1, X2, ..., Xn are inpuDissolved solids, and 

BOD characterized as a function of PH Temperature and 

Suspended solids. The relationship between DO, BOD and 

input variables can be expressed by 

DO = f(PH,Temperature,EC,TDS) 

BOD = f(PH,Temperature,SS) 

The data in ANFIS are usually divided into two sets: 

training set, and testing set. The training data are used for the 

training of ANFIS, while the testing data are used for 

verifying and to evaluate the model performance. In this 

study, the water quality data (17 years, total of 714 

observations) were divided into two data sets. The first data 

set containing 80% of the records was used as the training 

data; the second data set containing 20% of the records was 

used as the testing data. 

3) Model verification: 

The performance of ANFIS models were evaluated according 

to statistical criteria such as correlation coefficient (CORR), 

Nash-Sutcliffe coefficient of efficiency (NSCE) (Nash and 

Sutcliffe, 1970; Benyahya et al., 2007), and root mean square 

error (RMSE). 

 

 

 
Where, WQSP is the estimated value, WQSO is the 

observed value; WQSP is the average of estimated values, 

WQSO is the average of observed values. The correlation 

coefficient is a commonly used statistic and provides 

information on the strength of linear relationship between the 

observed and the estimated values. The NSCE is a statistic 

employed to evaluate model performance. Values of CORR 

and NSCE close to 1.0 indicate good model performance. The 

RMSE statistic + -indicates a model’s ability to predict a 

value away from the mean. 

III. RESULTS AND DISCUSSION 

The ANFIS models that had a higher R value were screened 

out for training, testing, and whole array (training + testing) 

using various number of membership functions for different 

data combinations. The five performance parameters were 

calculated to evaluate the DO and BOD prediction capability 

of the proposed models. Table 1 presents the correlation 

coefficient (R), Nash- Sutcliffe efficiency co efficient (E), 

Mean Absolute Error (MAE), and Mean Squared Error 

(MSE) for two different data combinations. Modelled and 
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observed values of biochemical oxygen demand (BOD) and 

Dissolved Oxygen (DO) are shown in Figures 5. 

 
Fig. 3: The architecture of ANFIS DO used in this study 

 
Fig. 4: The architecture of ANFIS BOD used in this study 

The developed ANFIS model performs quite well at 

each data combinations for DO and BOD prediction with 

adequate performance. The ANFIS model developed using 

all the variables work exceptionally well with high 

Coefficient of determination ranging from 0.649 to 0.862. 

 
Fig. 1: Rules of the best ANFIS model for DO Prediction 

The scatter plot of observed versus modelled 

dissolved oxygen concentration for adaptive neuro fuzzy 

inference system have been illustrated in figure 6. 

 R2 CORR NSCE 

ANFIS DO model 
0.6523 0.8076 0.566 

0.685 0.827 0.567 

ANFIS BOD model 
0.862 0.928 0.816 

0.689 0.8306 0.685 

Table 1: The performance parameters of the ANFIS model 

Two types of ANFIS structures are established to 

evaluate the performance of the training and testing of the 

proposed model. The respective correlation coefficient for 

ANFIS-I(DO) model is 0.807,and 0.827 for training, and 

testing. However, the MSE and MAE for the two data sets are 

0.58 and 0.332 for training, 0.472 and 0.223 for testing. The 

Nash efficiency (E) was also evaluated and found as effective 

as other performance parameters (E= 0.566 for training; E = 

0.567 for testing). The ANFIS-II(BOD) model is composed 

of  SS, pH, Temperature and it gives a sufficient BOD 

prediction ability. The correlation coefficient (R) is found as 

0.928 and 0.830 for training and testing. The respective 

values of MSE and MAE of ANFIS-II for the two data sets 

are 0.57 and 0.326 for training, and 0.716 and 0.513 for test. 

However, The Nash efficiency (E) was also evaluated and 

found as effective as other performance parameters (E= 0.816 

for training; E = 0.685 for testing). 

The obtained result of the research identified that the 

proposed ANFIS models are capable to predict the water 

quality parameters utilizing limiting data sets. 

 

 
Fig. 4: Observed and Computed DO-BOD parameter in the 

Tapi River water (a) ANFIS (DO), (b) ANFIS (BOD) 
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Fig. 5: Scatter plot for the model Observed and Computed 

DO-BOD parameter in the Tapi River water (a) ANFIS 

(DO), (b) ANFIS (BOD) 

IV. CONCLUSIONS 

Applicability of ANFIS approach for water quality parameter 

DO and BOD was investigated. Two models with different 

membership functions were constructed and trained by 

ANFIS methods. Comparing the performance of models, the 

ANFIS model with Triangular membership function had the 

best performance and was selected as the best fitting model. 

The highest value of Coefficient of Correlation and NCSE 

were obtained from the ANFIS model. As a result, the model 

can correctly nearly predict river water quality parameter 

(DO and BOD) which demonstrated satisfactory results of 

this new approach. 

On basis of Predicted value of BOD and DO on 

station, for domestic water supply required only normal 

treatment at water treatment plant.it is also applicable to 

agricultural purpose. 
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