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Abstract: Prediction of sediment load are required in a wide spectrum of problem such as design of
the dead volume of a dam, sediment transport in the river, design of stable channels, estimation of
aggradation and degradation at bridge piers, prediction of sand and gravel mining effects on river-bed
equilibrium, determination of the environmental impact assessment, and dredging needs. Generally,
the sediment concentration in the river is related to water discharge. Researchers have been used the
regression between sediment concentration and water discharge. Such relationships are obtained
through the application of regression analysis in many studies. Unfortunately, in the classical
regression approach to determine sediment concentration–water discharge relationships, internal
uncertainties are not taken explicitly into consideration. However, this approach alone does not provide
much physical meaning of the parameters used in the equations and does not improve understanding
of sediment transport processes. It is important that the application of an equation derived mainly from
the regression analysis of data should be limited similar conditions to those where the data were
obtained. Recently because of these problems researcher looking for simpler, cheaper and easier
methods to estimate sediment load and they begin to use nonlinear models like artificial neural
network (ANN) technique to solve nonlinear problems. The neural networks approach has been applied
to many branches of science. This approach is becoming a strong tool for providing civil and
environmental engineers with sufficient details for design purposes and management practices.
Motivated by successful applications in modelling nonlinear system behaviour in a wide range of
areas, ANNs have been applied in hydrology and hydraulics. The main purpose of this paper is
literature review of Artificial Neural Network for suspended sediment estimation.
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INTRODUCTION

Estimates of sediment yield are required in a wide spectrum of problems such as the design of dams,
transport of sediment and pollutants in rivers and lakes, determination of the effects of watershed management
and environmental impact assessment. Sediment computation methods provide very rough estimates since the
sediment amount is not only dependent on flow conditions but also on drainage basin characteristics. The
hydrologic conditions and basin characteristics change both temporally and spatially and the difficulties arising
in determination of their effects have encouraged the employment of black box models in suspended sediment
estimations. Black box models are divided generally as linear and non-linear and in particular artificial neural
networks (ANN) method is used commonly in the modelling of non-linear system behaviour.

Artificial Neural Networks:

An ANN is an information processing paradigm that is inspired by the way human brain processes
information. The two major structural constituents of a brain are neurons and synapse. Neurons are information-
processing units and synapses are elementary structural and functional units that mediate the interaction
between neurons; in a human brain, there are approximately ten billion neurons and sixty trillion synapses,
which are massively interconnected, making it an enormously efficient information processor (Haykin, 1999). 
Haykin further defined ANNs as parallel distributed processors made up of simple processing units, which are
capable of acquiring and storing experiential knowledge and making it available for use. There are different
kinds of ANNs that are able to perform various tasks. Feed-Forward, Kohonen and Hopfield networks are some
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of the most recognized ANNs among others. A Feed-Forward ANN consists of information processing nodes
or neurons organized in layers. There is no feedback between layers of a Feed-Forward ANN. Every neuron
or node in a layer is connected to all nodes in the previous layer using synaptic or connection weights.
Synaptic weights having different strengths encode the knowledge of a network (Bekele, 2007).

Artificial neural networks have been developed as generalizations of mathematical models of human
cognition or neural biology based on the assumptions that:
• Information processing occurs at many simple structures called neurons.
• Signals are passed between neurons over connection inks.
• Each connection link has an associated weight, which, in a typical neural net, multiplies the signal
transmitted.
• Each neuron applies an activation function (usually nonlinear) to its net input (sum of weighted input signals)
to determine its output signal.
• A neural network is characterized by: (1) its pattern of connections between the neurons (called its
architecture), (2) its method of determining the weights on the connections (called its training, or learning
algorithm), and (3) its activation function (Bekele, 2007).
• What ever distinguishes (artificial) neural networks from other approaches to information processing provides
an introduction to both how and when to use neural networks.

A neural net consists of a large number of simple processing elements called neurons, units, cells, or
nodes. Each neuron is connected to other neurons by means of directed communication link, each with an
associated weight. The weights represent information being used by the net to solve a problem. Neural nets
can be applied to a wide variety of problems, such as storing and recalling data or patterns, classifying
patterns, performing general mappings from input pattern to output patterns, grouping similar patterns, or
finding solutions to constrained optimization problems. Each neuron has an internal state, called its activation
or activity level, which is a function of the inputs it has received. Typically, a neuron sends its activation as
a signal to several other neurons. It is important to note that a neuron can send only one signal at a time
(Bekele, 2007).

Fig. 1: Biological neuron

Typical Architectures:

Often, it is convenient to visualize neurons as arranged in layers. Typically, neurons in the same layer
behave in the same manner. Key factors in determining the behavior of a neuron are its activation function
and the pattern of weighted connections over which it sends and receives signals. Within each layer, neurons
usually have the same activation function and the same pattern of connections to other neurons. To be more
specific, in many neural networks, the neurons within a layer are either fully interconnected or not
interconnected at all. 

Neural nets are often classified as single layer or multilayer. In determining the number of layers, the input
units are not counted as a layer, because they perform no computation. Equivalently, the number of layers in
the net can be defined to be the numbers of layers of weighted interconnect links between the slabs of neurons.
This view is supported by the fact that the weights in a net contain extremely important information. 

Backpropagation Neural Network:

The demonstration of the limitations of single-layer neural networks was a significant factor in the decline
of interest in neural networks in the 1970s. The discovery (by several researchers independently) and
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widespread dissemination of an effective general method of training a multilayer neural network (Rumelhart,
Hinton, and Williams, 1986a, 1986b; McClelland and Rumelhart, 1988) played a major role in the re-
emergence of neural networks as a tool for solving a wide variety of problems. In this section, it shall discuss
this training method, known as backpropagation (of errors) or the generalized delta rule. It is simply a gradient
descent method to minimize the total squared error of the output computed by the net.

The very general nature of the backpropagation training method means that a backpropagation net (a
multilayer, feedforward net trained by backpropagation) can be used to solve problems in many areas.
Applications using such nets can be found in virtually every field that uses neural nets for problems that
involve mapping a given set of inputs to a specified set of target outputs (that is, nets that use supervised
training). As is the case with most neural networks, the aim is to train the net to achieve a balance between
the ability to respond correctly to the input patterns that are used for training (memorization) and the ability
to give reasonable (good) responses to input that is similar, but not identical, to that used in training
(generalization).

The training of a network by backpropagation involves three stages: the feedforward of the input training
pattern, the calculation and backpropagation of the associated error, and the adjustment of the weights. After
training, application of the net involves only the computations of the feedforward phase. Even if training is
slow, a trained net can produce its output very rapidly. Numerous variations of backpropagation have been
developed to improve the speed of the training process. Although a single-layer net is severely limited in the
mappings it can learn, a multilayer net (with one or more hidden layers) can learn any continuous mapping
to an arbitrary accuracy. More than one hidden layer may be beneficial in some applications, but one hidden
layer is usually sufficient.

Neural Network Application in water resource:

Sediment computation methods provide very rough estimates since the sediment amount is not only
dependent on flow conditions but also on drainage basin characteristics. The hydrologic conditions and basin
characteristics change both temporally and spatially and the difficulties arising in determination of their effects
have encouraged the employment of black box models in suspended sediment estimations. Black box models
are divided generally as linear and non-linear and in particular artificial neural networks (ANN) method is used
commonly in the modeling of non-linear system behaviour (Cigizoglu et al, 2006).

An artificial neural network (ANN) is presently the most widely used method in data-driven modelling.
Its development was inspired by studies of the ability of the brain to learn from experience without a
predefined knowledge of the underlying physical relationships (Bhattacharya et al., 2005). ANN is a broad term
covering a large variety of network architectures, the most common of which is a multi-layer perceptron. Such
a network is trained by the so-called error-backpropagation method, which is a special version of the gradient-
based optimisation algorithm (Bhattacharya et al., 2005). 

There are numerous applications of ANNs in water resources. The rainfall–runoff relationship is
successfully modelled by ANNs (Minns et al., 1996; Fernando et al., 1998; Cigizoglu, 2004) Tokar and
Johnson (1999), Cigizoglu (2002), Cigizoglu (2003) and Cigizoglu and Kisi (2005) employed neural network
methodology for river runoff forecasting. Freiwan and Cigizoglu (2005) employed ANNs in monthly river flow
prediction. Other applications of ANNs include unit hydrograph derivation (Lange, 1998), regional flood
frequency analysis (Hall, 1998), estimation of sanitary flows (Djebbar, 1998) regional drought analysis(Shin
et all, 2000), classification of river basins (Thandaveswara et al., 2000), agricultural vulnerability assessment
of rural private wells (Ray et al., 2000) and modeling hydraulic characteristics of severe contraction (Kheir
El-Din, 1998).

In other studies, ARMA models were incorporated into the training and testing data sets of ANNs
(Cigizoglu, 2003) and neural networks based streamflow data infilling procedures were investigated by Khalil
et al. (2001) and Elshorbagy et al. (2002). The majority of the ANN applications in water resources
engineering involve the employment of conventional feed forward back propagation method (FFBP). The
performance of FFBP was found superior to conventional statistical and stochastic methods in continuous flow
series forecasting (Cigizoglu, 2003, Brikundavyi, 2002).

Generally, the sediment concentration in the river is related to water discharge (Bagnold, 1996; Yang,
1973). McBean and Al-Nassri (1988) examined this issue and concluded that the practice of using sediment
load versus discharge is misleading because the goodness of fit implied by this relationship is spurious. They
have instead recommended that the regression be established between sediment concentration and discharge.
Researchers have been used the regression between sediment concentration and water discharge. Such
relationships are obtained through the application of regression analysis in many studies (Jain, 2001).
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Unfortunately, in the classical regression approach to determine sediment concentration–water discharge
relationships, internal uncertainties are not taken explicitly into consideration (Sen, 2003). 

However, this approach alone does not provide much physical meaning of the parameters used in the
equations and does not improve understanding of sediment transport processes. It is important that the
application of an equation derived mainly from the regression analysis of data should be limited similar
conditions to those where the data were obtained (Yang, 1996). Recently because of these problems researcher
looking for simpler, cheaper and easier methods to estimate sediment load and they begin to use nonlinear
models like artificial neural network (ANN) technique to solve nonlinear problems. 

The neural networks approach has been applied to many branches of science. This approach is becoming
a strong tool for providing civil and environmental engineers with sufficient details for design purposes and
management practices. Motivated by successful applications in modelling nonlinear system behaviour in a wide
range of areas, ANNs have been applied in hydrology and hydraulics. ANNs have been used for rainfall-runoff
modelling, flow predictions, flow/pollution simulation, parameter identification, and modeling nonlinear/
input–output time series (ASCE Task Committee, 2000).

Jain (2001) used the ANN approach to establish an integrated stage–discharge–sediment concentration
relation for two sites on the Mississippi River. Through this study, it is shown that the ANN results are better
than those obtained by the conventional technique. 

Cigizo (2002a, 2002b) employed ANNs to estimate suspended sediment concentrations and made a
comparison between ANNs and sediment rating curves for two rivers with very similar catchment areas and
characteristics in the north of England. He used only discharge and sediment concentration parameters in his
study. He showed that the estimates obtained by the ANNs were significantly superior to the corresponding
classical sediment rating curve. 

Nagy et al (2002) estimated that the natural sediment discharge in rivers in terms of sediment
concentration by ANN model gives better results compared to several sediment transport formulas. 

Sen et al (2004) applied perceptron Kalman filtering (PKF) technique for concentration predictions from
discharge measurements. It was shown that the PKF methodology has smaller average relative, root-mean-
square, and absolute errors than regression method. 

Kisi (2004) used different ANN techniques for daily suspended sediment concentration prediction and
estimation and he indicated that multi-layer perceptron could show better performance than the others. 
Cigizoglu (2004) used multi-layer perceptrons artificial neural networks (MLPs) in daily suspended sediment
estimation and forecasting. It was apparent that MLPs capture the complex nonlinear behavior of the sediment
series relatively better than the conventional models. 

Kisi (2005) investigated the abilities of neuro-fuzzy and neural network approaches to model the daily
stream flow-suspended sediment load. He also applied sediment rating curve and multiple linear regression
model for predicting daily sediment load. It was found that the neuro-fuzzy model gave better estimates than
the other techniques. 

Cigizoglu and Kisi (2006) developed some methods to improve ANN performance in suspended sediment
estimation. 

Tayfur and Guldal (2006) estimated daily total suspended sediment in natural rivers by ANN and nonlinear
blackbox model based upon two-dimensional unit sediment graph theory (2DUSGT) from precipitation data.
The comparison of results revealed that the ANN has a significantly better performance than the 2D-USGT. 

Raghuwanshi et al. (2006) developed ANN models to predict both runoff and sediment yield on a daily
and weekly basis, for a small agricultural watershed. They also applied regression models for predicting daily
and weekly runoff and sediment yield. In all cases, the ANN models performed better than the linear regression
based models.

Maier and Dandy (2000) provided a detailed review of the ANN applications for forecasting and prediction
of several hydrological variables, but in the water resources literature the employment of ANN in suspended
sediment modelling is quite new.

Jain (2001) developed the integrated sediment rating curves using artificial neural networks, and Abrahart
and White (2001) modelled the sediment transfer in Malawi by comparing the back-propagation neural network
solutions against a multiple linear regression benchmark using small data sets.

Kisi et al (2006) provided a fuzzy logic approach to model river suspended sediment, and 
Altun et al. (2007) investigated the effect of the skewness on the estimation of the suspended sediment

by ANN. 
However, one of the major criticisms of ANN hydrologic models is that they do not consider/explain the

underlying physical processes in a watershed, resulting in their being labelled as black-box models. The physics
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involved in the ANNs have been investigated by several recent studies (Jain et al., 2004; Sudheer and Jain,
2004; Sudheer, 2005). which discuss a research study conducted in order to examine whether or not the
physical processes in a watershed are inherent in a trained ANN rainfall-runoff model. Although ANNs have
been successfully applied for many hydrological variables, the accuracy of the model predictions is very
subjective and highly dependent upon the user’s ability, knowledge, and understanding of the model (Cigizoglu
and Alp, 2004). Input selection is one of the most important phases in the ANN process. Wavelet transforms,
which provide information in both the time and frequency domains of the signal, give considerable information
about the physical structure of the data, and wavelet analysis provides a time–frequency representation of a
signal at many different periods in the time domain (Daubechies, 1990).

Minns and Hall (1996) applied ANN models for an event-based rainfall runoff modeling. The ANN was
also applied in the unit hydrograph derivation (Lange, 1998).

Jain and Indurthy (2003) applied ANN models and compared with other conceptual and linear system
models for event-based discharge predictions. Although, a few studies have been reported that focused on
ANN-event-based sediment yield modelling and sediment concentration (Tayfur, 2002; Nagy et al., 2002;
Cigizoglu, 2004; Raghuwanshi et al., 2006) but determination of sedimentograph during the storm event of
short duration from the watersheds is scares. Looking into the facts, the present study is carried out to develop
an event-based sediment yield model employing Artificial Neural Network technique for small watersheds.

Kerem CI _GIZO_GLU (2000), His study is a comparison between artificial neural networks (ANNs) and
sediment rating curves for two rivers with very similar catchment areas and characteristics in the north of
England. He used data from one river to estimate sediment concentrations and flux in the other for both
estimation techniques. A more traditional, split-sample approach is also used, in which part of the available
data from a site is used to develop a predictive relationship, which is then tested with the remaining data from
the same site. he compared and discussed results of the two estimation techniques and the two approaches for
the derivation of predictive capability. They found the potential advantages of ANNs in sediment concentration
and flux estimation are highlighted.

Wang et al. (2008) employed artificial neural networks (ANN) to simulate the relationship between surface
water SSC and satellite-received radiances. Results indicated that application of ANN model with one hidden
layer appeared to yield superior simulation performance ( r = 0.98; n = 25) compared with regression analysis2

method. The RMSE for the ANN model was less than 10%, whereas the RMSE for the regression analysis
was more than 25%. Their results also showed that different tidal situations affect the model simulation results
to some extent. Their study demonstrated that MODIS 250 m daily products and ANN model are useful for
monitoring surface SSC dynamic within high-energy coastal water environments.

Raveendra, K. R and Mathu, B.S (2008): They developed, a back propagation feed forward artificial neural
network (ANN) model for the computation of event-based temporal variation of sediment yield from the
watersheds. They performed the training of the network by using the gradient descent algorithm with automated
Bayesian regularization, and different ANN structures were tried with different input patterns. Their model was
developed from the storm event data (i.e. rainfall intensity, runoff and sediment flow) registered over the two
small watersheds and the responses were computed in terms of runoff hydrographs and sedimentographs.
Selection of input variables was made by using the autocorrelation and cross-correlation analysis of the data
as well as by using the concept of travel time of the watershed.  They were estimated error in total sediment
yield (ESY) for the storm events for the performance evaluation of the models. They found, ANN based model
results show better agreement than the linear transfer function model for the computation of runoff hydrographs 
and sedimentographs for both the watersheds.
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