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ABSTRACT 
 

Sediment transport in a river can cause significant damages to the nature, agriculture and 
water installations. Rivers capacity reduction is the major reason of flooding which usually 
causes high damages to the environment and human manufactured. Therefore investigation 
about sediment transport and its modeling have dominant importance. In this paper, artificial 
neural networks are used in order to estimate suspended sediment load of Akhoola 
hydrometric station which is located by the side of the Ajichay River in east Azarbaijan 
province of Iran. The available data for the hydrometric stations are daily discharge and 
average sediment load. In the current study, feed forward back propagation network is used 
for sediment estimation. The effects of various factors such as logarithmic data as the 
networks input, normalization ranges, training algorithms and the number of hidden layers, 
on the model efficiency are inspected for obtaining the best results. In order to exanimate the 
effect of the upstream stations loads (i.e. Markid and Vanyar) on the Akhoola station load, 
the data of Markid and Vanyar stations are used for neural networks training in which 
presents the best result for sediment estimation of Akhoola station. Furthermore, sediment 
rating curves and linear regression models are also used in order to estimate the sediment 
load of the station. Genetic algorithm is used for optimization of the regression coefficients 
of the sediment rating curves, it is observed that genetic algorithm approach has no more 
advantages. In comparison with classical parameter estimation methods results, multi site 
estimation of the sediment by artificial neural networks can lead to the desired results. 

Key Words : Artificial Neural Networks, Environment, Suspended Sediment load, Multi 
site Estimation, Ajichay River 

INTRODUCTION 
Considering the significance of 
sedimentation phenomenon, its environ-
mental effects and importance of its 

estimation in aqueous projects various 
researches have been conducted for verifying 
the effect of various factors on the amount of 
suspended sediment load (SSL). This 
research aims to utilize Artificial Neural 
Networks (ANNs) for multi-site estimation * Author for correspondence 
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of SSL of a river. ANNs have been 
introduced as a new device in water 
resources engineering due to its capabilities 
to be used for solving complex nonlinear 
problems. Logical acceptable responses 
obtained in this field from ANNs, have 
motivated researchers to utilize this 
contraption to solve sediment problems. 
Diverse researches have been effectuated for 
sediment modeling by means of ANNs 
during the past decade. 

Raghuwanshi et al1 used ANNs to 
anticipate the weekly and daily flow and 
sediment rate. They utilized the precipitation 
and air temperature information as neurons 
of the input layer. They used data of 5 years 
to train the networks and the data of the 
remaining 2 years for its verification. A 
linear regression has been implemented 
based upon this collection of data too. They 
concluded that the performance of ANNs is 
much better than linear regression in this 
case. Agarwal et al2 utilized descending 
gradient method for optimizing the weights 
of ANNs to foresee daily, weekly, 10-day 
and monthly sediment of Vamasadra River in 
India. They used batch and pattern training 
method for Feed Forward Back Propagation 
(FFBP) ANNs and concluded that pattern-
based education of ANNs yields better 
results for their case study. Alp and 
Cigizoglu3 utilized FFBP and Radial Basis 
Function (RBF) networks and compared the 
results with multi-linear regression. They 
consequently found out that ANNs gives a 
more realistic simulation than multi-variable 
linear regression. For FFBP they expressed 
that concurrent utilization of precipitation 
and flow data as entrance layer and 
Levenberg-Marquardt optimization method 
has yielded the best network performance. 
Though the results of these two types of 

ANNs are close; the RBF networks have 
some advantages. Because of random 
selection of weight vector in FFBP networks, 
for achieving the desired results, network 
should be run several times but RBF will get 
the desired results in only one run. Cigizoglu 
and Alp4 used FFBP and General Regression 
Neural Network (GRNN) to estimate the 
sediment of Juniata watershed in USA. After 
comparison with sediment rating curve and 
multi-variable linear regression they realized 
that utilization of ANNs in the field of 
sedimentation is thoroughly superior to the 
aforementioned methods. Sarnagi and 
Bhattacharya5 predicted sediment density in 
the Banha watershed of India by 
Geomorphologic and Non-geomorphologic 
Artificial Neural Networks (GANN and 
NGANN). They contrasted the obtained 
results with the results of regression method. 
After this examination, it was revealed that 
ANNs can be utilized to make a better 
prediction as compared with regression 
method. Conclusions obtained from their 
research demonstrated that utilization of a 
geomorphologic methodology yields better 
results. This matter is totally logical and 
justifiable owing to the direct effect of 
ground properties upon sediment production. 
Cigizoglu and Kisi6 inspected the effect of 
various parameters on ANN efficiency. They 
used Range Dependent Neural Networks 
(RDNN) and concluded that the problem of 
negative sediment amount can be solved, 
however in cases where more than one 
entrance neuron is involved; this problem 
still exists. Lin and Namin7 provided a model 
to predict the sediment transportation in non-
uniform flow by combination of ANNs and 
finite difference method. They offered a 
method by merging these two approaches 
which had the advantages of both numerical 
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solution and neural networks methods. It 
could offer more reliable results for 
suspended load transfer under practical 
complex conditions. Nagy et al8 affirmed the 
point that capabilities of ANNs in parallel 
processing of independent factors affecting a 
phenomenon cause the computation velocity 
to be increased. They expressed the fact that 
ANNs have a great application in cases that 
the information about the nature of a problem 
is not much but enough examples are 
available. After training a network for 
sediment density, they concluded that ANNs 
can act in a better manner to conquer the 
random nature of sediment motion in 
comparison with other common methods. 

MATERIAL AND METHODS 
Devices and methodologies 
Sediment rating curve 

Considering the difficulty of utilizing 
diverse suspended load correlations and 
various data required as their input, 
utilization of regression relations is the 
another method applied nowadays to 
estimate the suspended load. According to 
the researches made in this field, it is quite 
clear that an exponential relation between the 
SSL and flow discharge yields better results, 
hence, the relation between sediment and 
flow discharge (Rating Curve) can be 
presented as follows: 

Qs = aQw
b            [1] 

In which Qs is SSL, Qw is flow 
discharge, “a” and “b” are regression 
coefficients. According to the technical 
literature, “b” factor usually varies from 0.02 
to 19 and “a” varies from 1.5 to 2.8. This  
parameter depends on the characteristics of 
the sediment materials and flow condition9.  

ANN hypothecation 
  ANNs can transform a multi-

dimensional space to another one. They have 
capabilities such as pattern recognition, 
pattern separation, nonlinear transform, 
associative memory, self-organizing and 
control. Hopfield by introducing associative 
memory networks and Rummelhart et al by 
presenting back propagation algorithm make 
a pivotal step to develop10. One of the most 
significant kinds of ANNs is Multi-Layer 
Perceptrons (MLP) which includes several 
layers. An example of MLP networks is 
illustrated in Fig. 1. each layer is considered 
to have some neurons which are connected to 
the neurons of next layer by some 
connections. Effective input of each neuron 
is the result of multiplying the output of 
previous layer neurons in the weights which 
are between them. Neurons of the first layer 
receive the input data. Then they transfer 
them to neurons of the hidden layer. After 
the computation of the effective input of each 
neuron, this input passes through an 
activation function. 

Most researchers tend to utilize finite 
activation functions which the most 
renowned one is sigmoid function. Data 
ought to be normalized in order to make 
harmonization between the ranges of the 
activation function and network output.  

Data can be normalized by means of the 
ensuing function in every optional interval. 

( ) max min
max min

X B B X B X Bi u L L LXi X X
  

 
      [2] 

In this equation (X1, X2, …, Xn) are the 
data transformed to [Bl, Bu] interval and Xmin 
and Xmax are minimum and maximum values 
of input data. Connection weights are the 
only adjustable parameter of MLP networks. 
Therefore training process can be defined as 
finding suitable values for these weights. 
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Error back propagation algorithm is the most 
typical learning algorithm of these networks. 
Some of the networks designing parameters 
include network efficiency, data division, 
pre-analysis  of  data,  input  data of model,  

activation functions, number of epochs and 
network cease criterion. Subsequent to 
training, the network verification will be 
applied for another section of data. 

Fig. 1 : 3-layer MLP network 

Experimented zone and the data 

Ajichay river watershed is situated in the 
eastern section of Oroomieh Lake. It is 
located between the northern and eastern 
slopes of Sahand Mountain, South of Sabalan 
Mountain and north Bozghoosh Mountain 
between northern longitude of 37°-30´ up to 
37°-30´ and eastern longitude of 37°-30´ up 
to 37°-30´ (Fig. 2). This river has a general 
flow direction from east to west. The 
watershed has 13850 Km2 areas. The river 
originates from southern slopes of Sabalan 
altitudes whose utmost height is 3882 meters 
away from the sea level. Sediment and flow 
data 3 hydrometric stations named Merkid, 
Vanyar and Akhoola, located besides the 
Ajichay, have been utilized in this research. 
Flow data of these three states are 
systematically available; however the taking 
of sediment data is very irregular. This plight 
makes the research so complicated. 

RESULTS AND DISCUSSION 
SSL of Akhoola Station has been 

estimated in this research by diverse 
methods. The correlation coefficient (R2) has 
been utilized as collation criteria for several 
methods. 

The results of ANNs 
In first step sediment and flow discharge 

of Akhoola have been used for SSL 
estimation of this station. 75% of data have 
been applied for network training and the rest 
of the 25% have been used network 
verification. It should be noted that in some 
cases neural networks face with over 
learning. Hence, a third group name 
examination data has been considered. Since 
no over learning problem has been occurred 
in this research and due to the short length of 
data, they were divided into two groups 
(training and verifying groups) for ANNs 
training. After try and error, a FFBP network 
with LM learning algorithm had better 
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results compared with other training 
algorithms. For evaluating the effect of 
normalization range on network performance 
data were normalized in the ranges of (0, 1) 
and (0.1, 0.9) with 3 optional structures. It 
was seen that normalization in the (0.1, 0.9) 
range has better results (Table.1). For 
investigating the effect of logarithmic data 
on ANNs results, after fixation of other 
parameters including the normalization range 

of (0.1, 0.9) and training algorithm, the input 
and output data were used in the 
configuration of logarithmic and non-
logarithmic data for network training. 
Results demonstrate that entering data in 
logarithmic manner has yielded better results 
in network performance improvement 
(Table.1). The reason of this matter can be 
because of changing the nature of data to 
stationary after transformation. 

 
Fig.2 : Situation of Ajichay watershed 

 
As it mentioned before because of data 

dispersion it has a high variance so ANNs 
face difficulties in training step. Logarithmic 
transform of data can decrease the dispersion 
and increasing the network performance.  

Some endeavors have been made to 
check the effect of the number of hidden 
layers on the network efficiency in addition 
to the aforesaid parameters. Thus the hidden 
layers have been increased to 2 or 3 layers to 
re-execute the networks. Its efficiency was 
collated with a network bearing one mid-
layer. Although addition of hidden layers 
improves the training trend but decreases the 
verifying correlation coefficient (Table.1). 
This matter may be commented based upon 
the fact that by a high number of hidden 
layers, data will be fitted more precisely 
(increasing the training correlation co-
efficient and reduction of the training error) 
diminishes the network capabilities to 

generalize the presented network (reduction 
of the correlation coefficient and augment-
tation of the verifying error)11. Simulation 
time will drastically increase in this case as 
compared with the one hidden layer network. 
Considering the fact that computation time is 
one of the factors affecting the selection of 
the optimized network, one neural network 
with one hidden layer has been used in this 
research. The flow discharge and sediment 
data of the two stations named Venyar and 
Merkid which are located in the upstream of 
this station have been utilized to estimate the 
multi-site estimation of Akhoola. 

The results of this method can be 
observed briefly in Table.1. The input layer 
includes the flow discharge or sediment of 
the upstream stations as well as the discharge 
and sediment of Akhoola Station itself and 
the output layer which comprises the 
Akhoola Station sediment. 
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Table 1 : A summary of research conclusions 

ANN Input Structure Normalization 
range 

Training 
algorithm 

Verifying 
Correlation 
Coefficient 

Q t
 (non-logarithmic) 1-3-1 (0,1) LM 0.659 

Q t
 (logarithmic) 1-3-1 (0.1,0.9) LM 0.8813 

Q t
 1-3-1 (0.1,0.9) LM 0.8762 

Q t
 1-3-1 (0.1,0.9) LM 0.8813 

Q t
 1-8-1 (0.1,0.9) GDX 0.8830 

Q t  1-5-1 (0.1,0.9) RP 0.8835 

Q t  1-3-1 (0.1,0.9) CGB 0.8787 

Q t  1-3-1 (0.1,0.9) SCG 0.8785 

Q t  1-8-1 (0.1,0.9) BFG 0.8776 

Q t  1-9-1 (0.1,0.9) OSS 0.8832 

Q t  1-3-1 (0.1,0.9) LM 0.8813 

Q t  1-9-1 (0.1,0.9) BR 0.8757 

Q t  1-3-1 (0.1,0.9) LM 0.8813 

Q t  1-3-6-1 (0.1,0.9) LM 0.8804 

Q t  1-4-8-9-1 (0.1,0.9) LM 0.8794 

Q t Markid ,
Q t Vanyar 2-8-1 (0.1,0.9) LM 0.8762 

Qt  Markid , Qt  Vanyar ,
Qt  3-6-1 (0.1,0.9) LM 0.9235 

Q s  Markid ,
Q s  Vanyar 2-7-1 (0.1,0.9) LM 0.6066 

Q s ,
Q s  Markid , 

Q s  Vanyar 

3-6-1 (0.1,0.9) LM 0.8842 

 
As it has can be observed, 3-station 

neural network system has better results in 
comparison with 2-station system. This is 
because of using the data of Akhoola Station 
itself in the input layer. Statistically spea-
king, Akhoola sediment correlates with data  

of that station. The diagram of the computed 
data as compared with simulated data can be 
seen in Fig.3. This figure represents the 
suitable network performance to make a 
multi-site estimation of Akhoola. 
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It is observable that sediment-base 
ANNs have a more weak performance as 
compared with discharge-base ones. One of 
the main reasons of this problem can be 
referred to the imprecise data gathering in 
these stations. The best trained network 
belongs to the 3-stational discharge ANN 
and the poorest performance pertains to 2-
stational sediment ANN (Merkid and Venyar 
sediment) which is even more infirm than 
results of the mono-variable non-logarithmic 
ANN Akhoola Station. Considering the dam 
making workshop of Shahid Madani between  

the two stations named Venyar and Akhoola, 
mounds are mostly situated adjacent to the 
river. The effects of the performance 
operations can be regarded as one of the 
factors causing inharmoniousness of 
Akhoola Station sediment data. The matter of 
decision-making to find out which factor has 
brought about this inharmonic status up to 
what extent is a matter for which more 
precise information ought to be obtained. 
Considering the lack of such information, 
mere expression of this hypothesis suffices.

 
Fig. 3 : Observational data vs computational data in Akhoola station. 
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Fig. 4 : Rating curve of Akhoola station. 
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Comparison with rating curve method 
Akhoola Station sediment has been 

estimated with the rating curve too. Fitted 
curve have a equation in the form of 
Qs=0.9373Q0.972 and have correlation 
coefficient equal to 0.8731 (Fig.-5). As it has 
been observed, the results of this method are 
weaker than the ANN’s. Genetic algorithm 
devices utilized to estimate the regression 
coefficients of the rating curve. The relevant 
equation with obtained coefficients is Qs= 
1.5214Q3.9017. Verifying correlation 
coefficient is 0.5511 which is less than the 
one obtained by ordinary rating curve 
method (0.8731).  Utilization of genetic 
algorithm in functions optimization is 
efficient when diverse parameters of that 
function have reciprocal effects upon each 
other (11). Since rating curve coefficients do 
not depend on each other in any particular 
way, inefficiency is justifiable to optimize 
the rating curve. On the other hand, GA has a 
better performance for complicated problems 
bearing numerous local extremums, whereas 
estimation of rating curve parameters is a 
simple problem for which classic 
optimization methods can be utilized. 

Multi-variable linear regression 
Multi-variable linear regression is one of 

the methods which are used for predicting 
the sediment phenomenon. In general, linear 
regression equation is as 




n

i
ii XY

1

  in which 

Y is dependent variable (here sediment),  i
 

is regression coefficient, n is data number 
and Xi is independent variable. Regression 
coefficients are obtained by minimization of 
square errors. Akhoola Station sediment   
estimated with diverse combinations of 
sediment and flow discharge as model input 
data. It was observed that using logarithmic 
data in this case had better results 
comparison with logarithmic ones. 

It is observed that the verifying 
correlation coefficient is equal to 0.8858 for 
the best fitted model. As it can be seen this 
value is less than the value obtained from 
ANN; this matter prove the better 
performance of ANN in comparison with 
linear regression method. 

CONCLUSION 
Akhoola Station sediment was estimated 

in this research by means of ANN, sediment 
rating curve, rating curve modified by GA 
and multi variable linear regression. Entailed 
conclusions can be offered as follows: 

1. FFBP artificial neural networks with 
LM training algorithm had better 
results. 

2. After normalization of input data in 
the (0.1, 0.9) interval, better results 
obtained from ANN. 

3. ANNs had a better efficiency to 
estimate the sediment of Akhoola 
Station sediment as compared with 
other methods. It denotes the 
capabilities of ANNs in modeling of 
nonlinear phenomena such as the 
sedimentation. 

4. Utilization of upstream stations 
information for making a multi-site 
estimation for Akhoola Station 
resulted in the increasing the ANN 
performance for this station in a way 
that verifying correlation coefficient 
reached from 0.8813 to 0.9235. As it 
is observed the best results pertains 
to the 3-station ANN of flow 
discharge. 

5. Utilization of the genetic algorithm 
for optimization the coefficients of 
sediment rating curve was not 
conducted ideally owing to the 
independence of capabilities curve 
regression coefficients. 
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