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ABSTRACT 

Several simulation methods were used for simulating water quality status of river. An adaptive neuro fuzzy inference 
system (ANFIS), artificial neural networks (ANN) were developed to simulate concentration dissolved oxygen (DO) for 
twelve months at Khoram-Abad River station in Khoram-Abad Province-Iran. This paper will present a comprehensive 
case study based on key input parameters such as river flow, reach distance, velocity of stream, dissolved oxygen of 
soluble water at the last n station (ିܱܦ), water temperature, width of water surface, depth of flow which is collected at 
above mentioned station. The purpose of this paper is to study and illustrate the several errors correlation coefficient 
(ܴଶ), root mean square error (RMSE),normalized mean square errors (NMSE) and mean absolute percentage error 
(MAPE) based upon ANFIS and ANN results, ultimately the results of two models analyzed and were compared. 
Keywords: adaptive neuro fuzzy inference system (ANFIS); artificial neural networks (ANN); dissolved oxygen; river 
water quality 
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A REVIEW OF POST STUDY 
In the middle of 1970s , river quality modelling was expanded by rapid expansion of measuring 
instruments and computers and development of numerical methods in solving differential equations 
[1].during two lost decades, varied modellings of considered types of process,  the number of simulation 
features, being one or multi-dimension, dominated partial numerical solve in methods, transmission 
mechanism and analysis of uncertainty  have been developed and they are used in different areas of the 
world. There are some limitation on calibration of coefficient reactions and their accuracy. It decreases in 
the anticipation of quality behavior of rivers, especially, when the numbers of features and their mutual 
effects on one another increases. 
In order to calibration and accuracy of river quality modelling, many researches have been carried out 
from which we can indicate the works of Yih and Davison [2] in determining longitudinal dispersion 
coefficient, Mulligan and /brown in using Genetic Algorithm in calibration of river quality modeling [3] 
Van Griensven [4] in calibration sensitivityanalysis of river quality modellings in a dynamic state. Maier 
and Dandy carried out a study to estimate the degree of salinity in mary River using the artificial neural 
network, concluded that neural network modelling and back propagation network were exact 
instruments in estimating of lowering quality degree in this river. The difference between the observed 
and estimated value lies between 46 and 53  Umhos/cm . they suggested the comparison between this 
model and other mathematical and physical models[5]. Sandhu and Finch Also emphasized on the ability 
of artificial neural network for daily estimating and the real degree of salinity of the cation, anion 
concentration degree,ES and TDs value in this basin[6]. Ha and StenstormAchieved the determining index 
92.3-94.5 percent and very low root mean square errors RMSE about 0.154-0.157 when they studied 173 
cases of land use by studying their water quality using a neural network including 10 input variables 
water quality, four hidden layers and 5 output variables of land use[7]. In a research in ebgland .Walley 
and Fontana Investigated water quality of Britain River by artificial neural networks using back-
propagation algorithm and achieved the accuracy of 95.62 percent.[8]. Detailed information on 
concentrations of N and P in river water in response to non-point source pollution (NPS) is fundamental 
for researchers, planners and government agencies if effective strategies to reduce the negative impacts 
are to be found and adopted. A modelling approach is an efficient way to investigate river water quality 
status and patterns at different spatial and temporal scales. To date, mechanism-based models, such as 
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soil and water assessment tool (SWAT) [9], agricultural non-point source pollution modelling system 
(AGNPS)[10], and hydrological simulation program Fortran model (HSPF)[11] , have been developed for 
NPS simulation at a watershed scale. These models have been widely applied to simulate NPS pollution in 
agricultural watersheds with distributed or lumped water quality simulation[12,13,14] . However, these 
mechanism-based models require so many data and parameters for calibration that their application is 
rarely successful to sites and times other than those they were developed within [15,16] . ANNs are a very 
powerful computational technique for modelling complex non-linear relationships, particularly in 
situations where the explicit form of the relation between the variables involved is unknown [17]. ANNs 
have been successfully used for water quality modelling, for example: for predicting physical properties 
[18,19,20] , nutrients [21,16,22] and aquatic biological indices in rivers [23,24]. 
 
INSTRUMENTS AND METHODS 
Artificial neural network 
Back-propagation algorithm neural network. In order to map relationships between biological, 
hydrological and environmental variables, a BPNN was used as a non-linear predictor [25] (Maier and 
Dandy, 2000). The BPNN is the most popular type of neural network and is more frequently used than 
other types for water resources applications [26], although other types of network have been developed 
more recently that are clearly superior with respect to convergence, robustness and efficiency. The BPNN 
used for this study is a supervised iterative learning algorithm. It is designed to minimize the mean 
square error between the computed output of the network and the desired output. It requires input 
vectors in the input layer, as well as target values in the output layer corresponding to each input vector. 
The learning algorithm of the BPNN is very popular and common, and detailed descriptions of the 
learning rules can be found in, for instance, [27]. After the learning process, a dataset that has not been 
used in the training process is applied to validate the reliability of the trained BPNN. 
Preliminary experiments demonstrated that input data pre-processing was crucial for training success. 
The use of raw input data leads to slow training and frequent convergence at very bad local optima. 
However, when each of the input fields was standardized to have a mean of 0 and a standard deviation of 
1, training was very fast and bad local optima were never encountered. Output data was scaled to lie 
between 0 and 1 so as to be compatible with the sigmoid transfer functions used in BPNN designs. In 
order for the training to proceed, network weights must be initialized to small, random values. In this 
application, network weights were initialized to random values lying between −0.1and 0.1. The random 
number generator was reseeded with the current time prior to each training run. Weight initialization at 
the start of the modelling was a random process and was found to have a large influence on the results. To 
allow for this variation, 50 replicates were used for every network topology in each training run. The 
batch gradient decent with a momentum algorithm [28] (Demuth and Beale, 2000) was used as the 
training function of a BPNN can significantly influence its capacity for generalization and performance. To 
select the network of the best size, two different approaches are pursued. The first starts with a small 
initial network and gradually added new inputs or hidden units; thus, growing the model to optimum size. 
Other examples of this method are as follows: cascade-correlation leaning architecture [29]; the upstart 
algorithm [30] and the tiling algorithm [31]. The second, referred to as pruning, starts with a large 
network and removes unnecessary weights and/or units to achieve a satisfactory network size. Well-
known examples of this method are as follows: optimal brain damage [32]; optimal brain surgeon [33]; 
interactive pruning [34] and skeletonization [35]. These two approaches require prior judgement of what 
size of initial network would be appropriate to grow or prune for the problem at hand. This is especially 
so for pruning approaches where training time required increases with larger networks. In this study, a 
method derived from these two approaches was used to determine the BPNN structure, which started 
with a suitable network for both pruning and growing[36]. First, initial input variables for the BPNN were 
selected using correlation analysis and quadratic polynomial stepwise regression. Correlation analyses 
were carried out between target output variables of the BPNN and other available data to identify those 
variables that were potentially directly related to the target outputs. Then quadratic polynomial stepwise 
regression analyses were carried out for the target output variables to reveal the effects of combined 
independent variables on the target outputs. Initial input variables for the BPNN were selected as the 
intersection of the results from both correlation and quadratic polynomial stepwise regression [36]. 
Second, the initial numbers of hidden layers and hidden nodes were both selected according to prior 
research. It has been shown that ANNs with one hidden layer can approximate any function, given that 
sufficient degrees of freedom (i.e. connection weights) are provided [37]. Robert [38] has also proved that 
a three-layer BPNN can be satisfied with any map from n-dimension to m-dimension. In this study, one 
hiddenlayer was selected. The function of the hidden layer nodes is to detect relationships between 
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network inputs and outputs. The initial number of hidden nodes (Nh) was selected using a method 
suggested by Zhang [39]: 
Nh = √n × m   (1) 
where n is the number of inputs and m is the number of outputs. 
 

 
Figure 1 Structure of ANN 

2-2 Adaptive neuro-fuzzy inference system (ANFIS) 
Adaptive neuro-fuzzy inference system (ANFIS), first introduced by Jang [40], is a universal 
approximator, which can represent highly nonlinear functions more powerfully than conventional 
statistical methods. ANFIS is functionally equivalent to a fuzzy interference system consisting of a set of 
rules. It can construct an input–output mapping based on both the fuzzy if–then rules and the stipulated 
input–output data pairs. ANFIS employs the neural network training procedure to adjust the membership 
function and the associated parameters. To present the ANFIS architecture, two fuzzy if–then rules based 
on a first-order Sugeno model are considered: 
Rule 1 : If x is A1 and y is B1; then f 1 = p1x + q1y   r1;    (2) 
Rule 2 : If x is A2 and y is B2; then f 2 = p2x  + q2y   r2;    (3) 
where x and y are the inputs, Ai and Bi are the fuzzy sets, fi are the 
outputs within the fuzzy region specified by the fuzzy rule, pi, qi and 
ri are the design parameters which are determined during the training process. Generally, the ANFIS 
model consists of five layers configured analogously to any multi-layer feed-forward neural network 
(Figure. 2). The functionality of nodes in ANFIS, as a five-layered feed forward neural structure can be 
summarized as follows [40]: 
 

 
Figure 2 Structure of ANFIS network 

Layer 1: Nodes are adaptive; membership functions (MFs) of input variables are used as node functions: 
ܳ1݅ = , (ݔ)݅ܣߤ ݅ = 1,2,          (4) 
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ܳ2݅ = , (ݕ)݅ܤߤ ݅ = 1,2,          (5)   
where(ݔ)݅ܣߤ and (ݕ)݅ܤߤ can adopt any fuzzy membership function. For example, if the bell shaped 
membership function is employed (ݔ)݅ܣߤis given by 

(ݔ)݅ܣߤ =
1

1 + ݔ)} − ܿ݅
ܽ݅

)2}ܾ݅
 

where ܽ݅, ܾ݅ and ܿ݅ are the parameters of the membership function, governing the bell shaped functions 
accordingly. 
Layer 2: Nodes are fixed and labeled with M, indicating that they perform as a simple multiplier. The 
outputs of this layer can be represented as 
ܹ݅ = ݅       , (ݕ)݅ܤߤ.(ݔ)݅ܣߤ = 1,2, 
Layer 3: Nodes are fixed are labeled with N, indicating that they play a normalization role: 

ܹ݅ =
ܹ݅

ܹ1 + ܹ2
 ,       ݅ = 1,2. 

Layer 4: Nodes are adaptive with node function given by Layer 1 for a first-order model, and with 
parameters referred to as defuzzifier of consequent parameters. 
Layer 5: The single node is fixed with output equal to the sum of all the rules’ outputs. 
The aim of learning algorithm for this architecture is to tune all the modifiable parameters, namely {ai, bi, 
ci} and {pi, qi, ri}, to make the ANFIS output match the training data. A hybrid algorithm combining the 
least squares method and the gradient descent method is usually adopted to solve this training problem. 
The least squares method is used to optimize the consequent parameters {pi, qi, ri} with the premise 
parameters {ai, bi, ci} fixed. The output of the ANFIS is calculated by employing the consequent 
parameters found in the previous step. The output error is used to adapt the premise parameters by 
means of a standard error backpropagationalgorithm[41]. 
2-3 Normalized of the parameters 
The existence of the different units will result in the erroneous contribution of the parameters, especially 
those with large value. This article conducts the normalization with the following equation[42] 
ܲܰ = 2×(−min )

(max−min) − 1  (6) 
In this equation, P and PN represent the input data before and after the change, separately, max p and min 
p the maximum value and the minimum value that the premnmx function gets. 
Training networks 
Considering the obtained results of multi-variable regression, four models were designed  based on table 
1 in which DO−ndissolved oxygen of soluble water at the last n.station, x the distance between two 
stations, Q river flow, V velocity of river stream , W the width of water surface , d depth and The 
temperature of river water at the under investigation station. 
Four mentioned models were trained by means of artificial neural network and neuro-fuzzy network. The 
utilized network for training neural network models is perceptron type and training type after error 
dispersion beyond  BP. It was considered two rules for a series of input data in neural fuzzy networks. It is 
also used various transmission functions available in MATLAB toolbox. For training of neuro-fuzzy 
networks and among which the best transmission function with lower error was applied as the 
transmission function of mentioned network. Hybrid method aided us in ANFIS network training. For 
each model from total available data, 70% was used for training networks, 15% for testing and the last 
15% for validation. For the purpose of studying and appropriate evaluating of network efficiency, 
proportions were chosen randomly and training process carried out 100 times. For either model and the 
average of 100 times reported as that model error. 
 

Number Of 
Models 

Type Of 
Network Structure 

1 ANFIS ݔ,2−ܱܦ,1−ܱܦ,ܳ,ܸ 
,ܳ,ݔ,2−ܱܦ,1−ܱܦ 2 ܸ,ܹ, ݀ 
,ܸ,ܳ,ݔ,2−ܱܦ,1−ܱܦ 3 ܶ 
,ܹ,ܸ,ܳ,ݔ,2−ܱܦ,1−ܱܦ 4 ݀,ܶ 
5 ANN ݔ,2−ܱܦ,1−ܱܦ,ܳ,ܸ 
,ܳ,ݔ,2−ܱܦ,1−ܱܦ 6 ܸ,ܹ, ݀ 
,ܸ,ܳ,ݔ,2−ܱܦ,1−ܱܦ 7 ܶ 
,ܹ,ܸ,ܳ,ݔ,2−ܱܦ,1−ܱܦ 8 ݀,ܶ 

Table 1: Structure of models 
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MODEL VERFICATION 
It was used different standards to investigate the performance of proposed models and comparsion of 
models. To be more precise, four standards were applied. Between the observed and estimated value: ܴ2 
correlation coefficient , RMSE root mean square errors,NMSE normalized mean square errors and MAPE 
mean absolute percentage Error, as you see below 
R2 = ∑ (xi−x).(xi−x)n

i=1

(∑ (xi−x)2n
i=1 ∑ (xi−x)2n

i=1 )
1
2
  (7) 

RMSE = [1
n

∑ (xi − xi)2n
i=1 ]

1
2  (8) 

NMSE = ∑ (xi−xi)2n
i=1

∑ (xi−x)2n
i=1

   (9) 

MAPE = 1
n

∑ |xi−xi|
xi

n
i=1    (10) 

In this  equationxi is the observative value , xi the estimated value and n is the number of data. 
Since presented models did not show the same procedure in confrontation with standard error, to reach a 
total conclusion in proportion to the analoy of each  model  performance , two  techniques were applied. 
The first technique is the idea of colouring for each model with different standard errors. In this tech 
nique ,put different colours on models for mentioned standards. Eventually the sum of all colours in a 
certain model results the major rank for every one of four standards in comparison to other models. 
The second technique is normalization of all determined standards .By this technique ,different standards 
, wich were desirable in different ranges, change into a value between  and   so that lower value 
represents lower error and desirability in simulation. 
ܰ = ߙ − (௫−)

(௫−)
   (11) 

In this equation p and NP represent standard error and normalized standard error ,respectively and α is a 
multiplier. Its  value for R2 is 0 and for other standards is 1. Notice that maximum and minimum standard 
error are determined separately.  
1- Case study  
Represented models from different structures of ANN and ANFIS  network with quantitative and 
qualitative data were trained and investigated in Khoramabad River. 
Khoramabad river is formed from joining  two rivers. Robat and karganeh ,in the center of the twon. 
North  basin of khorramabadwichkio park lies in this area ,is situated in the range of 48 12 to 48 and 45 
eastern longitude and 33 28 to 33 44 latitude (figure 3) .Applied quantitative and qualitative data in 
training and trial models are inomontbly monitoring that totally it equals 36 months. In table 2, it has 
been shown a report if the applied maximum,minimum ,average and standard derivation data. 

 
Table 2: Maximum,minimum ,average and standard derivation data 

 Min Max Average Std. Div 
Q(m3/s) 6.34 10.24 8.14 1.28 
V(m/s) 1.92 3.96 3.21 0.54 
W(m) 1.34 3.36 2.13 0.44 
D(m) 0.98 1.3 1.15 0.08 
T(c ̊)     
DO(mg/lit) 4.1 11 7.35 1.60 

 

 
Figure 3:Investigated reach of lorestan province, khorramabad and khorramabad river 
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RESULTS AND DISCUSSION  
Represented models in table 1 has been trained with quantitative and qualitative data. The errors result 
from training and trail represented for each model in table 3and figure 4. 
 

Table3: Summary of R2,RMSE,NMSE and MAPE 
    R2 RMSE NSME MAPE 

Train Test Train Test Train test train Test 
        

ANFIS 1 0.794 0.781 1.422 1.755 0.254 0.331 0.055 0.062 
2 0.926 0.914 1.309 1.652 0.236 0.342 0.060 0.060 
3 0.843 0.830 2.535 2.728 0.436 0.516 0.077 0.085 
4 0.881 0.869 1.241 1.596 0.290 0.394 0.047 0.054 

ANN 5 0.860 0.848 1.480 1.783 0.272 0.369 0.074 0.082 
6 0.821 0.809 1.260 1.595 0.481 0.602 0.050 0.058 
7 0.781 0.769 2.597 2.895 0.360 0.468 0.082 0.090 
8 0.904 0.892 1.376 1.708 0.247 0.344 0.058 0.058 

 

 
Figure 4:Graph corresponding to table 3 

As it is shown in table 2 Different standard errors relevant to a model did not confirm one another 
absolutely. Number 2 , for instance , showed the best error forR2and NSME standard error , but it was not 
the best rather than MAPE and RMSE standard error. Two presented techniques in the previous part have 
been used to remove this problem and to compare the performance of models together.In table 4 , every 
eight models of ANN and ANFIS networks has been compared and devoted lower rank with the better 
performance.so , different ranks were placed on each standard error for all of eight models. Eventually , 
the sum of ranks gained from each standard error of each model , the total rank of the model 
determined.Using this ranking technique brought an obvious distinction among the performance of 
models so that comparison of the eight models became easier. but there was a problems in this procedure 
that some models appeared with the same rank. For example, the sum of ranks in two models (1 and 6 ) 
was the same (=18). As a result , both of these models placed on the fourth total rank. 

  ANFIS ANN 
1 2 3 4 5 6 7 8 

        
R2 train 0.794 0.926 0.843 0.881 0.860 0.821 0.781 0.904 

test 0.781 0.914 0.830 0.869 0.848 0.809 0.769 0.892 
Rank 7 1 5 3 4 6 8 2 

RMSE train 1.422 1.309 2.535 1.241 1.480 1.260 2.597 1.376 
test 1.755 1.652 2.728 1.596 1.783 1.595 2.895 1.708 

Rank 5 3 7 1 6 2 8 4 
NSME train 0.254 0.236 0.436 0.290 0.272 0.481 0.360 0.247 

test 0.331 0.342 0.516 0.394 0.369 0.602 0.468 0.344 
Rank 3 1 7 5 4 8 6 2 

MAPE train 0.055 0.060 0.077 0.047 0.074 0.050 0.082 0.058 
test 0.062 0.060 0.085 0.054 0.082 0.058 0.090 0.058 

Rank 3 5 7 1 6 2 8 4 
Sum Of Rank 18 10 26 10 20 18 30 12 

RSR 4 1 7 1 6 4 8 3 
Table 4: Ranking of,RMSE ,NMSE and MAPE for train and test 
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To eliminate this problem each of standard errors was replaced with relative error using equation 6.in 
this way different standards in different ranges changed between 0 to 1 so that the performance of a 
superior model approximates to 0 and for an inappropriate model approximates to 1 for every standard 
error. It is also possible sum up relative standards of each model by using this method and considers their 
mean value as the mean relative error of individual model. It has been shown different standards of 
relative error for an individual model in table 5. it has also drawn the corresponding diagram to the 
mentioned table for each training and experiment errors in figures5 and 6 , respectively. 
 

    R2 RMSE NSME MAPE 
train test Total train test Train test train test train Test 

ANFIS 1 0.912 0.914 0.133 0.123 0.074 0.000 0.229 0.229 0.337 0.316 0.327 
2 0.000 0.000 0.050 0.044 0.000 0.038 0.389 0.173 0.110 0.064 0.087 
3 0.575 0.575 0.955 0.871 0.819 0.682 0.870 0.852 0.805 0.745 0.775 
4 0.311 0.314 0.000 0.000 0.222 0.230 0.000 0.000 0.133 0.136 0.135 

ANN 5 0.456 0.456 0.177 0.145 0.145 0.138 0.788 0.783 0.391 0.381 0.386 
6 0.725 0.725 0.015 0.000 1.000 1.000 0.086 0.103 0.457 0.457 0.457 
7 1.000 1.000 1.000 1.000 0.506 0.506 1.000 1.000 0.876 0.877 0.876 
8 0.154 0.155 0.100 0.087 0.046 0.048 0.328 0.113 0.157 0.101 0.129 

Table 5:Normalize error in table 3 
 

 
Figure 5:Graph corresponding to table5 for the training 

 
Figure 6:Graph corresponding to table5 for the test 

Analogy of  introduced models by relative mean error of each model, these results were inferred : 
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On the analogy of each model of a network with the same model of another network (Analogy between 
model 1-4 with model 5-8), neuro-fuzzy network showed an absolute superiority to the similar neural 
models. In models related to neuro-fuzzy network, model no.2 showed the best efficiency, then model 
no.4 showed the best one relative mean error for the process of training and trial of model 2 and 4 is 
0.087 and 0.135, respectively. The structural difference between network 4 with network 4 is the 
temperature. Apparently, by inserting temperature to model 2, the efficiency of the model is decreased 
and after that model 1 and 3 were taken lower mean error the difference between model 1 and 3 is also in 
the temperature. As a result, temperature in neuro-fuzzy network made disturbance in training 
process.In neural networks, model 8 showed the best performance. Then model 5, 6, 7 were the superior 
models, respectively. The performance of neural models showed that having lower efficiency than neuro-
fuzzy model, however, in comparison of network no.6 to 8, in the presence of temperature, the efficiency 
of the network in relation to correspondent neural network in the absence of temperature not only it 
does not have lower efficiency, but also its performance has been improved. But, in comparison between 
model no.5 to 7, the model in which there is no temperature, showed better performance.  
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