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ABSTRACT: Floods are among the most destructive natural disasters, which are highly complex to model. Rainfall runoff
models are found highly useful for water resources planning and development. The research on the advancement of flood
prediction models contributed to risk reduction, policy suggestion, minimization of the loss of human life, and reduction of the
property damage associated with floods. Forecasts of water inflow are needed for flood forecasting during peak discharge season
and for determining reservoir capacity during the operationalplanning over periods ranging from a few hours to several months
ahead throughout the year.

Medium-range forecasts of the order of a few days to two weeks have usually been obtained by simple ARIMA-type models,
which do not utilize information on observed or forecast precipitation, nor stream flow observations from upstream gauging
stations. Recently, several different hydrological models have been tested to assess the potential improvements in forecasts that
could be obtained by using observed and forecast precipitation as additional inputs.

To mimic the complex mathematical expressions of physical processes offloods, during the past two decades, machine learning
(ML) methods particularly artificial neural network method contributed highly in theadvancement of prediction systems providing
better performance and cost-effective solutions.Therefore, the use of artificial neural networks (ANNS) is becoming increasingly
common in the analysis of hydrology and water resources problems. In this paper we have carried out a review of different ANN
techniques used for forecasting the water flow for various purposes including development of flood warning system and
regulatory procedures.
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Introduction: Flood is the inundation of land by the rise and overflow of water resulting from from heavy rainfall or sudden rush
of water when exceeds the carrying capacity of the river system (Web Resource, 2011a). Frequent flood all over the world have
made river flow forecasting as one of the earliest forecasting problems that involves the important measurements, characterizing
the degree of mean reversion of a time series (Hurst, 1951). Flood forecasting represents not only a very complex nonlinear
problem, but also one that is extremely difficult to model. Flood forecast modeling is a complex mathematical outcome, which is
the representation of the various natural processes involved during inundation over catchments. Flood intricacy includes the
numerous factors that affect river water levels such as the location, rainfall, soil types and size and shape of catchments. The
relationship between these factors yet not had been fully understood (Dooge, 1977; Zhang and Govindaraju, 2000). In recent
years, numerous studies from varied fields of hydrodynamics, civil engineering, statistics and data mining have contributed to the
area of flood prediction. The importance of estimating river flows to the livelihoods of the inhabitants around rivers made them to
study and record the levels since earliest history. In fact, there are available records for the flow level of the River Nile dating
back to around 3000 B.C. For example, in the Palermo Stone, 2480 B.C., available at Palermo Historical Museum, Palermo, Italy
and were also discussed in literature (“The River Nile” by R. Said, Oxford, U.K.: Pergamon, 1993). The ancient Egyptians
recorded the annual peak river levels for the years from 3050 B.C. until 2500 B.C. (Atiya et al., 1999).

Flood Modeling

Rainfall-runoff modeling is the process of transforming a rainfall hyetograph into a runoff hydrograph. It play an important role in
water resource management planning and flood forecasting system. Different types of models with various degrees of complexity
have been developed to exhibit hydrological rainfall-runoff-routing processes in terms of water levels and their variations over
the time. These models, regardless to their structural diversity generally fall into the following categories (Dooge, 1977;
Porporato and Ridolfi, 2001); namely,

Theoretical or Conceptual models

Physical or Deterministic models

Mathematical and Numerical models

Data-Driven (statistical and stochastic) models,

Black Box systems or artificial intelligent based models (ANN, GA, SOM etc.) and

The various combinations of these models in the sphere of the rainfall-runoff process.

o~

Historical Modeling Approaches
First three classes of models (namely conceptual, physical and mathematical) are important in understanding hydrological
processes and are reliable in forecasting the most important features of the hydrograph (Kokkonen and Jakeman, 2001).
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Conceptual rainfall-runoff models usually incorporate interconnected physical elements with simplified forms and each element is
used to represent a significant or dominant constituent hydrologic process of the rainfall-runoff transformation. Many of the
rainfall-runoff models rely on the fact that the dynamic effects of various factors mentioned above are embedded in the rainfall
and runoff data (Srinivasulu and Jain, 2006). The models under these categories use the conceptual description and mathematical
formulation of the physics of the underlying process. The main research in these conventional models includes Sherman, 1932;
Ishihara and Takasao, 1963; and Ramirez, 2000. For decades, great deals of research in describing the rainfall-runoff processes
were based on either deterministic/ conceptual models (e.g. Stanford Watershed Model, Soil Moisture Accounting and Routing,
Sacramento Soil Moisture Accounting, HEC, Xinanjiang, Mod-hydrolog, IHACRES, InHM, Tank, HEC-HMS models etc.).
These models describe the natural system of rainfall and runoff using the basic fluid-flows concepts derived from the energy and
water budgets. These models consist of a set of mathematical formulae / equations describing various influencing parameters that
could be evaluated through independent measurements (O’Connell, et al., 1970; Burnash et al., 1973; Sugawara, (1995); Zhao et
al., 1980; Jakeman et al., 1990; Chiew and McMahon, 1994; Hogue et al., 2006; and Pukdeboon et al., 2006). The characteristics
parameters affecting the runoff response and flood forecast of a catchment include:

Flow Characteristics: Discharge, velocity and extent of inundation (channel & floodplain)
Storm Characteristics: intensity, duration and frequency of rainfall event,

Catchment Characteristics: size, shape, slope, elevations, stream length, storage capacity
Geomorphological Characteristics: topography, land use patterns, vegetation, soil type
Subsurface Characteristics: infiltration rate, permeability, ground water flow

Climatic Characteristics: temperature, humidity, wind characteristics, etc.

The influence of these factors and many of their combinations in generating runoff is an extremely complex scientific process and
is not understood clearly (Zhang and Govindaraju, 2000). These conceptual models are enviable since theyresemble to the natural
internal sub-processes of mean rainfall-runoff event. Conceptual models are least oriented to give wild or unrealistic predictions,
even when modeling rare or extreme flood event. The implementation and calibration of these models can typically present
various difficulties, requiring sophisticated mathematical tools, a large number of parameters for modelling and some degree of
experience with the model (Grayson et al., 1992). Conceptual models have potential for evaluating land-use impact on
hydrological processes based on relationships of the model parameters to measurable physical characteristics. The problem with
conceptual models is that empirical regularities are not always evident and the consequential mathematical relationships are not
easily available. Damle (2005) discussed the following input resources to obtain the input data for the rainfall runoff modeling:

e Stream and Rain-Gauge Networks and Hydrograph Analysis
e Radar and Information Systems

e Linear Statistical Analysis and

o Nonlinear Analysis and Predictions

Neural Network Modeling in Rainfall Runoff Forecasting

Artificial Neural Networks (ANNSs) have been considered as systems or mathematical models that work in such a way that
imitates the human brain (Lin and Lee, 1996; Thurston, 2002). They work in a way that resembles human intelligence in order to
solve problems. ANNSs learn by example to extract information within a data set. The model of the neural network is like synapses
in the human brain which consists of a series of processing units which are collectively connected (Thurston, 2002).

Recently there are increasing number of research attempts to apply the neural network method for solving various problems in
different branches of science and engineering. It is a tool to provide hydraulic engineers with sufficient details for design purposes
and management practices (Nagy et. al., 2002). While ANN models do not assume any functional relationship and let the data
define the functional form. Thus ANNSs is extremely useful when there is no idea of the functional relationship between the
dependent and independent variables. In effect, a neural network remains a “black box” that may produce useful results, but
cannot be precisely understood.

ANN is being routed as the future wave in the computing paradigm (Anderson and McNeill, 1992).ANN is a unique system that
is different from other systems. For example, some traditional artificial intelligent solutions and statistical solutions rely on and
require a priori information to be able to solve problems. While ANNs work is based on self learning mechanisms, which do not
need any a priori assumptions to solve a problem. ANN do not require the traditional skills of a programmer. ANNs may well
learn any regularities or patterns that may possiblybe exist in the available data set to form a relationship.

One of the aspects that differentiate a neural network from others is its architecture. This architecture represents the pattern of
connection between nodes, its method of determining the connection weights, and the activation function (Haykin, 1999). Two
ways of determining neural networks architecture are the number of layers (includes single layer, bi-layers, and multi-layers), and
the direction of information flow and processing (includes feed-forward and recurrent). One network that provides good
performance with regard to input-output function approximation such as forecasting is multi-layer perceptrons (MLPs). This
network is a multi-layer feed-forward networks, which is trained with a back-propagation learning algorithm. A typical multi-
layer feed-forward network has input layers, hidden layers, and output layers (Lin and Lee, 1996). The input layers have the main
function of receiving inputs and then buffering the input signals. The signals from the input layers are then transmitted to hidden
layers, particularly hidden neurons or hidden units. The function of hidden neurons is to intervene between the external input and
the network output in some useful manner.
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Avrtificial Neural Network Structure and Modeling Process

An ANN is a massively parallel-distributed information processing system which consists of many nonlinear and densely
interconnected processing units. An ANN has certain performance characteristics resembling biological neural networks of the
human brain (Haykin 1994). Large numbers of hidden layer neurons not only require a large computational time for accurate
training, but may also result in ‘overtraining’ (Brion et al., 1999). ANNs offer valuable characteristics unavailable together
elsewhere (Zealand et al., 1999). A sensitivity analysis can be used to determine the relative importance of a variable (Maier and
Dandy 1996) when sufficient data is available. The input variables that do not have a significant effect on the performance of an
ANN can be trimmed from the input vector resulting in a more compact network. (Liong et al., 2000). With this parallel-
distributed processing architecture, ANNs have been proven to be an efficient alternative to traditional methods for hydrological
modelling, such as rainfall forecasting (Hsu et al., 1999; Luk et al., 2000; Toth et al., 2000), streamflow forecasting (Dawson &
Wilby, 1998; Atiya et al., 1999; Zealand et al., 1999; Chang & Chen, 2001; Coulibaly et al., 2001; Sivakumar et al., 2002;
Cigizoglu, 2003; Hu et al., 2005) and groundwater modelling (Lallahem & Mania, 2003).

Artificial Neural Networks represent input output “connectionist models” where the formation of ANN model inputs usually
consists of meteorological variables, such as rainfall, evaporation, temperatures and snowmelt; and geomorphological properties
of the catchment, such as topography, vegetation cover and antecedent soil moisture conditions. A number of researchers have
used ANN in a variety of natural phenomena from predicting currents in sea to flood prediction (Boogard et al., 1998; Coulibaly
et al., 2000; Deo and Thirumalaiah, 2000; Hsu et al., 1995; Imrie et al., 2000; Zaldivar et al., 2000; Zealand et al., 1999). The
frequently used input to ANN includes observed runoff at nearby sites or neighboring catchments. There is however, no set
algorithm that can be applied to ensure that the network will always yield an optimal solution as opposed to a local minimum
value, and the nonlinear nature of the ANN often results in multiple predicted values (Kingston et al., 2003). In many cases,
network inputs with or without time lags is also considered in scenario analysis. A comprehensive review of the application of
ANNs to hydrology can be found in the ASCE Task Committee report (2000a and 2000b) and in a specialized publication
(Govindaraju & Rao, 2000).

The Hydrological Applications of Neural Network Method

Trying to get around the inconveniences (e.g. simulation duration, data requirements etc.) of highly sophisticated mathematical
and physical approaches, a considerable amount of research have been invested for adapting the theory of the neural nets to flood
modelling and forecasting in the last two decades. This is mainly motivated by the principal advantage of neural nets that is “once
they are trained they are extremely easy to use and outperform classical models by far in terms of simulation speed”. It could not
be believed that the first approach towards using artificial neural networks in hydrology has directly yielded practical benefit for
flood forecasting. Nevertheless the results pointed out the promising potential of the neural network approach andhave inspired to
harness the ANN for hydrological modelling and forecasting purposes.

General aspects concerning artificial neural networks and their role in hydrology are concisely reviewed in (ASCE 2000a and
2000b). Apart from this basic work, a number of publicationsare available to describe the advances in the field of ANN to
hydrological modelling.Daniel (1991) has reported some of the earliest application of ANN in hydrology. Kothyari and Garde
(1991) developed a regression model for predicting the annual runoff volume from the annual rainfall, basin area, average
temperature, and vegetation cover.French et al., (1992) have forecasted the rainfall with varying duration and rain gauge
catchment area using ANN. Till the time forecasting was made one-step-ahead only which was not able to provide enough
information, especially to understand the future behaviour. Su et al. (1992) were the earliest researchers who developed ANN
architecture based on the back-propagation through time for long-term predictions of chemical processes.

Hjelmfelt and Wang (1993a; 1993b and 1993c) developed a neural network based on the unit hydrograph theory. Using linear
superposition, a composite runoff hydrograph for a watershed was developed by the appropriate summation of a unit hydrograph
ordinate and the corresponding runoff excesses. The numbers of neurons in the input and hidden layers were kept constant.
Rainfall and runoff data from 24 large storm events were chosen from Goodwater creek Watershed in central Missouri to train
and test their neural network with promising results. Kang et al. (1993) used ANNs and autoregressive moving average (ARMA)
models to predict daily and hourly streamflows in the Pyung Chang River basin in Korea. Using different three-layered ANN
architectures they concluded that ANNSs are useful tools for forecasting streamflows.

Bonafe et al (1994) assessed the performance of a neural network in forecasting daily mean flow of the upper Tiber river, Italy.
The previous day discharge, daily precipitation, daily mean temperature, total rainfall of the previous five days and mean
temperature of the previous ten days were selected for net input. They concluded that the multi layer nets were able to yield much
better performance than ARMA models. Karunanithi et al. (1994) estimated streamflows at an ungauged site on the Huron River
in Michigan, based on data from USGS stream gauging stations located 30 km upstream and 20 km downstream of the sampling
site. The authors stated that ANNs are capable of adapting complexity to accommodate temporal changes in historical
streamflow records. They also identified the importance of lag time in predicting streamflows due to the longer memory
association. Zhu et al (1994) predicted the flood hydrograph in Butter Creek, New York. Online predictions with neural nets
outside the range of training data lead to poor results. With increasing forecast lead-time, neural network performance further
deteriorated. The nets were found able to perform better than the ARMA models.

Hsu et al (1995) lead the way to single step predictions of stream flow employing a 3-layer network. They tried to enhancing the
training speed using a three-layer network. Lorrai & Sechi (1995) utilized Neural Nets for Modelling Rainfall-Runoff process.
They attempted to predict the possible transformations of the hydrological phenomenon. Smith and Eli (1995) applied a back
propagation neural network model to predict peak discharge and peak time for a hypothetical watershed. Linear or non-linear
reservoir models generate data sets for training and validation. By representing the watershed as a grid of cells, it was possible for
the authors to incorporate the spatial and temporal distribution of rainfall into the neural net model. They trained the neural
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network to map a time series rainfall patterns. Discharge series are modeled using a discrete Fourier series fit of the rainfall
hydrograph with 21 coefficients, rather than just two attributes as in single-storm events. The ANN output layer now consisted of
21 nodes corresponding to the Fourier coefficients. Using this method, the authors found the prediction of the entire hydrograph
to be very accurate for multiple storm events. Smith (2005) used a feed-forward network to estimate the runoff and the time of
uppermost spatially distributed rainfall using simulated data.

Hjelmfelt and Wang (1996) compared composite runoff hydrograph method with a regular three layered artificial network with
back-propagation and concluded that a regular network could not reproduce the unit hydrograph very well and was more
susceptible to noise than a network whose architecture was more suited for unit hydrograph computations. Jayawardena and Lai
(1994) used while radial basis function (RBF) methods for flood forecast and concluded that RBF networks provided for faster
training. Such networks required the solution of a linear system of equations that may become ill conditioned, especially if a large
number of cluster centers are chosen (ASCE, 2000b). Minns and Hall (1996) developed ANN model for rainfall and runoff
prediction and concluded that “artificial neural networks are a prisoner of their training data”. As observations practically never
cover the full range of possible flood peaks, such a completely empirical approach is doomed to failure as regards reliable flood
forecasting. Sajikumar and Thandaveswara (1999) demonstrated the supremacy of the multilayer feed forward neural network
(MLFN) over the regression model in terms of predictive power for the same data. Their results thus supported the statement of
Minns and Hall (1996): “artificial neural networks are a prisoner of their training data”. Warner and Misra (1996) matched up to
the similarities between an ANN and statistical methods. They reported that both approaches could be used to model a
relationship between the dependent and independent variables as well as any generalized linear model be mapped onto an
equivalent single-layer neural network.

Hsu et al (1997) used a three-layer feedforward ANN and recurrent neural approaches in the context of hydrological modelling
including rainfall forecast in the Leaf River Basin. They found the feedforward ANN was not suitable to distributed watershed
modeling while the recurrent ANN provided a representation of the dynamic internal feedback loops in the system, eliminating
the need for lagged inputs and resulting in a compact weight space. Shamseldin (1997), examined the effectiveness of rainfall-
runoff modeling with ANNs by comparing their results with the Simple Linear Model (SLM), the seasonally based Linear
Perturbation Model (LPM) and the Nearest Neighbor Linear Perturbation Model (NNLPM) and concluded that ANNs could
provide more accurate discharge forecasts than some of the traditional models. Gupta et al., (1997) applied the linear least squares
simplex (LLSSIM) algorithm, for training strategies in ANN to daily rainfall runoff modeling of the Leaf River Beam near
Collins, Mississippi. The performance of neural networks was compared with the linear ARMAX and the conceptual SACSMA
model and concluded that the LLSSIM is a better training algorithm than back-propagation or conjugate gradient techniques.
Muttiah et al. (1997) used the cascade-correlation algorithm to predict two-year peak discharge from watersheds all over the
continental United States. They investigated the possibility of a single model to predict peak discharges from local to regional-
sized watersheds using GIS databases. Tawfik et al. (1997) used ANNs, with a saturating linear transfer function, to predict flow
discharges at two locations over the Nile River using the stage and the rate of change of stage as input.

Dawson and Wilby (1998) used a three-layer back propagation network to determine runoff from the catchments of the rivers
Ambers and Mole (England). The two catchments are of nearly equal size (about 140 km?2). Observed flow data and mean
historical rainfall data serve as inputs in their study. Their results showed that neural nets perform similar to an existing model on
less input information. Vladan and Christian (1998) emphasized the role of ANN for hydrological modeling and assessed the
potential in the mapping of non-linear systems

Camoplo et al.(1999) used neural networks for analyzing and predicting Taglimanto River responses. The inputs included data
from seven (7) rainfall recording gauges, the output being monthly runoff. This model possesses the suitable accuracy for hour
time steps, but the error, increases with increment in time steps. Drecourt (1999) used a model of neural networks for rainfall-
runoff modeling and indicated that this kind of black box is capable of decreasing errors.Foka (1999) uses polynomial neural
networks (PoONN) for discharge modelling. Tokar and Johnson (1999) reported that an artificial neural net model yields higher
training and testing accuracy when compared with regression and simple conceptual models. Zealand et al. (1999) described the
potential of neural nets for the short term forecasting of stream flow with back propagation algorithm in one week-ahead
streamflow forecasting. They have compared ANN performance to conventional approaches used to forecast stream flow.

Anmala et al., (2000); Elshorbagy et al., (2000); and Zhang and Govindaraju, (2000); have made comparison studies between
ANNSs against traditional linear and non-linear regression methods in rainfall-runoff processes. Coulibaly et al. (2000) proposed a
neural network-based long-term hydropower forecasting system. Govindaraju (2000) and Govindaraju and Rao (2000) specified
the prevailing details of the ANN with reference to the Hydrological modeling. They presented a brief review of non linear
modeling applied in rainfall runoff system. Imrie et al., (2000) attempted to overcome the limited extrapolation capacity of neural
networks. They used different activation functions for the output layer of their multi layer net and compared the cascade
correlation and backpropagation algorithm in hourly river flow prediction. Jagadeesh et al. (2000) evaluated different neural
networks for monthly runoff estimation in three basins in Kanzas State. They compared the results with those found through
empirical methods. Their results indicated a more capability of neural networks than the empirical methods. Maier and
Dandy(2000) used ANN for predicting and forecasting water resource variables using feed-forward network applied on simulated
data to approximate the duration and quantity of maximum rainfall and runoff. They also reviewed the rainfall runoff modeling
practices and their relative applications. Parlos et al. (2000) developed dynamic recurrent neural networks for multi-step
prediction in complex processes.

Tokar and Markus (2000) compared neural network models with traditional conceptual models for predicting watershed runoff as
a function of rainfall, snow water equivalent and temperature. Zhang and Govindaraju (2000) had presented a similar approach for
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rainfall runoff prediction on the monthly time step. They have trained various expert networks, to portray a certain range of
stream flows.

Luk et al. (2001) studied the rainfall-forecasting problem by using various ANNSs and discussed the accuracies and discrepancies
among these networks.

Bazartseren et al., (2002) effectively used ANN for modeling systems on a real-time basis and applied in rainfall and runoff
forecasting systems. They viewed that ANN Performance is related to accurate real-time data inputs, the quality of the knowledge
used to specify, build and operate the models as well as the ability of the models to respond to dynamic and sometimes rapidly
changing events. Hsu et al., (2002) carried out a comparative research on various neural net types in view of their respective
abilities to predict discharge time series. Rajurkar et al., (2002) attempted at improving the potential forecast performance of
neural networks by combining different net types with methods of time series analysis or fuzzy logic clustering. Singh and
Woolhiser (2002) developed ANN model to forecast river discharge using different activation function for describing the
watershed characteristics.

Bhattacharya et al., (2003) applied ANN giving different learning in order to have an effective control over the river water
forecast. Cigizoglu (2003) used ARMA models to generate synthetic series. These data then incorporated into the training
database of neural networks to increase the predictive ability in the monthly mean river flow data of Turkey. Kingstone et al.,
(2003) developed runoff prediction model using historical stochastic time series of river runoff using Artificial Neural Network.
They discussed the difficulties to the users of the MLP and FFBP algorithms of an ANN during the transferability of process to
other geographic locations. They emphasized upon the requirement of stochastic training, convergence of data (e.g., trapped in
local minima during training), and conceptual applicability of black-box approaches to hydrological modeling. Laio et al. (2003)
have performed a comparison of ANN and NLP approaches for multivariate forecasting in daily water stage of Tanaro river
discharge in Italy. The results have shown that the NLP method provides better forecasts over a shorter prediction period (1-6
hours), but over prediction periods exceeding 24 hours, the ANN approach is more accurate. Wilby et al., (2003) have tried ANN
forecasting for rainfall and river runoff using different physical parameter affecting the hydrological system of the river and tried
to resemble the conceptual model for rainfall-runoff processes via ANN applications.

Castellano—Mendez (2004) compared a forecast algorithm on the basis of the ARMA concept (Box-Jenkins 1976) with a multi-
layer net based forecast strategy. For daily single step runoff predictions he found that the non-linear multilayer net performing
better than the linear ARMA approach. Chang et al. (2004) developed a two-step-ahead recurrent neural network for streamflow
forecasting. Huang et al. (2004) used backpropagation and conjugate gradient algorithm for short and long-term flow forecasting.
Kisi (2004) demonstrated standard backpropagation ANN algorithm in predicting monthly mean streamflow. Ruhurkar et al.,
(2004) based on his research work concluded that the ANNSs can be applied in hydrologic processes by coupling with a simple
linear regression model to predict daily rainfall runoff. Kumar et al. (2004 ) used two models of neural networks namely
feedforward and recurrent neural networks for a prediction of monthly flow of a river in India.

Bowden et al., (2005a and 2005b) discussed about the impact of many characteristics input parameter used in ANN design.
According to them, the most correlated variables dominate the model and therefore it was not practically helpful to use all the
physical knowledge or measurements available.Bruen and Yang (2005) used functional networks, which were recently introduced
as an alternative for real time flood forecasting. Hettiarachchi et al.(2005) tried to improve the forecast ability of multi-layer net
by incorporating an estimated maximum flood (EMF) in the training data set. Giustolisi and Laucelli (2005) attempted to improve
the performance of ANN prediction in rainfall runoff modeling in order to avoid most probable cases of under- and over-fitting.
Kingston et al., (2005) discussed about the role of calibration and validation techniques most suitable to apply in rainfall and
runoff modeling. Schmitz et al. (2005) applied catchment specific topographic and soil hydraulic properties to conduct detailed
hydrological catchment modelling. They realized the intricacy in multi-layer net approach to work stably under all conditions.
However, they achieve promising results regarding flood forecasting in a small catchment. Valenca et al.(2005) used a
constructive neural network model (NSRBN) to forecast daily river flows for the Boa Esperanca Hydroelectrict powerplant. Hu et
al (2005) have tried to enhance their multi layer neural net based river stage modelling approach by training various nets for
different parts of the observed flow. They divided the flow spectrum in low, medium and high flows.

Antar et al. (2006) used ANN model with backpropagation algorithm in daily runoff estimation in catchment of Blue Nile river
(Egypt). Cullmann et al., (2006) tried to forecast the rainfall and runoff in a given catchment incorporating site specific and
geomorphological characteristics in ANN input. Diamantopoulou et al., (2006) used Time Delay Artificial Neural Network
(TDANN) models, to forecast the daily inflow into a planned Reservoir (Almopeos River basin) in Northern Greece. Kang et al.
(2006) compare the performance of several different multi-layer feed forward neural networks with the Grey-model. However, the
nets in their study were exclusively trained with historical data, rendering the extrapolation beyond observed events. Further, the
forecast horizon is restricted to 6 hours. Lin et al. (2006) discussed problems being faced while designing ANN for a big river
basin with many number of variables and the convenience with the an ANN model to deal with the small river basins with less
variables. They further have shown with their work about the potential of ANN to model to large-scale hydrological systems and
phenomenon for prediction. Srinivasulu and Jain (2006) compared three training methods namely back propagation algorithm
(BPA), real-coded genetic algorithm (RGA) and a self-organizing map (SOM) for training multi-layer perceptron (MLP) type of
artificial neural networks (ANNSs) for modelling the rainfall-runoff process.

Dawson et al., (2007) provided a good review regarding neural networks and their application with respect to rainfall runoff
modelling. Bustami et al., (2007) predicted water level at Bedup River with estimations made to absent precipitation data, using
ANN. Back propagation properties of ANN were used to predict both missing precipitation and water level. The study results
showed that ANN is an effective tool in forecasting both missing precipitation and water level data, which are utmost essential to
hydrologists around the globe. Chang et al., (2007) presented a systematic investigation of three common types of ANN(namely
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multi-input multi-output (MIMO), multi-input single-output (MISO) and serial-propagated structure) for multi-step ahead (MSA)
flood forecasting for two watersheds in Taiwan. Corzo and Solomatine (2007a and 2007b) have explored different pre-processing
approaches for inclusion of additional hydrological knowledge as input to ANN to improve the hydrological representation and
generalization. Junsawang et al., (2007) proposed ANN to predict runoff hydrograph for the Mae Tun River in Thailand. A feed-
forward ANN is trained by using back-propagation algorithm. Kisi and Ozturk (2007) forecasted the daily river flows and infilled
missing data of Filyos and Soganli Stream, in Black Sea Basin, Turkey, by adaptive neuro-fuzzy and ANN techniques. Yang et
al., (2007) have used conceptual model for the hydrograph estimation and tried to predict the runoff from ungauged river using
ANN.

Calvo et al., (2008) have simplified the structure of the tevere basin (Rome)flood forecasting (TFF) model by minimizing
numbers of parameters to be calibrated and compared the results with a neural network model developed simultaneously. Fajardo
Toro, et al., (2008) developed a hydrologic estimation model utilizing radial basis function (RBF) neural networks to forecast
flow of Ulloa river in the north west of the Iberian Peninsula, in an automated fashion. Kelteh (2008) has developed a rainfall-
runoff model using an ANN approach and described different approaches including Neural Interpretation Diagram, Garson’s
algorithm, and randomization approach to understand the relationship learned by the ANN model. Mohamoud (2008) attempted
ANN to the prediction of river runoff using readout of the daily flow duration curves and streamflow for ungauged catchments
using regional flow duration curves.

Abghari et al., (2009) introduced a preprocessed neural network (PNN) with recurrent back propagation feed forward (RBF)
hybrid model in conjunction with clustering and applied to flow prediction by Simulation of Nazloochaei river flow in North -
West Iran. Agrawal et al., (2009), forecasted runoff and sediment yield from the Vamsadhara river basin (situated between
Mahanadi and Godavari river basins in South India) during the monsoon period for daily and weekly time periods using the back
propagation artificial neural network (BPANN) modeling technique. Aktar et al., (2009) analyzed the flow length and travel time
as a basis for pre-processing remotely sensed (satellite) rainfall data together with local stream flow measurements in the Ganges
river basin. Corzo et al., (2009) used of several pre-processing approaches for training of hydrological parameters influencing
rainfall runoff to ANN models in order to improve the hydrological representation and generalization. Modarres (2009) proposed
a comprehensive multi-criteria validation test for rainfall-runoff modeling by artificial neural network which included 17 global
statistics and 3 additional non-parametric tests to evaluate the ANNSs. Solaimani (2009) modeled the rainfall runoff relationship
using ANN in a semiarid Jarahi Watershed of Iran. Yazdani et al., (2009) employed ANN models for runoff estimation in
Plaszjan River basin of Iranusing Multiple Perceptron (MLP) and Recurrent Neural Network (RNN).

Besaw et al., (2010), developed two ANN models to forecast streamflow in ungauged basins. Chiang et al., (2010), proposed
recurrent neural networks (RNNS) to build a relationship between rainfalls and water level patterns of an urban sewerage system
based on historical torrential rain/storm events. Deshmukh and Ghatol, (2010, 2010a, 2010b, and 2010c) have conducted many
ANN study to predict rainfall-runoff for the upper area of Wardha River in India using different modeling arrangements. Roy et
al., (2010), predicted flood flows at each of the upstream and a downstream section of a river network in Tar basin of USA using
focused Time Lagged Recurrent Neural Network with three different memories like TDNN, Gamma and Laguarre memory.

Abrahart (2011) discussed the problem in tropical upland river systems (on the Caribbean island of Puerto Rico) due to sediment
discharges. These were predominantly episodic and intense; and greatly affected the river flow consequently ANN could not
accurately predict the flow. Emiroglu et al., (2011) estimated the discharge capacity of triangular labyrinth side-weirs by using
artificial neural networks (ANN). The performance of the ANN model was compared with multi nonlinear regression models.
Krishna et al., 2011 have developed a hybrid model which combines wavelets and Artificial Neural Network (ANN) called as
wavelet neural network (WNN) model for time series modeling of the Malaprabha River basin (Karnataka state, India) flow. The
observed runoff data were decomposed into sub-series using discrete wavelet transform and used the neural network for
forecasting hydrological variables.

Forecasts Uncertainty
Predictive uncertainty has been the focus of a vast number of studies during the last decade (Beven, 1992; Beven and Freer, 2001;
Christiaens, 2002; Prudhomme, 2003; Butts et al 2004; Beven 2005). Due to the spatial distribution of rainfall and the multiple
precipitation forecasts provided by the weather agencies, the rainfall forecast is one of the main sources of uncertainty in the
models. For the reduction in the uncertainty generated by the multiple options in the precipitation forecast, an ensemble of
precipitation forecasts driven by computational intelligent algorithms will be used as input. There are two main sources of
uncertainty in real-time flood forecasting: The input data (measured or predicted), and the hydrological models (Krzysztofowicz
1999). The hydrological model uncertainty originates from the “degree of ability” of the different models transforming the input
data into the flood forecast. The different types of input data uncertainty are:

e  The measurement uncertainty, which is mainly related to spatial distribution and dynamics of rainfall fields

e The meteorological forecasting uncertainty, arising from the possibility of extending the forecasting horizon beyond the

response time of the physical system by means of quantitative precipitation forecast.

Models can provide information solutions that maximize welfare, or minimize damage, and on tradeoffs between alternative
outcomes, and risk and uncertainty. The results from any model, positive or negative, will depend on the model assumptions
embedded in the objective function, the constraints, and all the factor relationships. By nature, models are based on assumptions
that are inherent uncertainty and are therefore limited by the accuracy of the specification the data used to parameterize the model,
and the solution techniques used to solve the model (Haimes, 1977). Additionally, qualitative factors and subjective inference also
part of the decision making process, may necessarily be omitted from the model (Loucks, 1981).
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Conclusions about the Artificial Neural Network Modeling Efforts

An efficient simulation of river runoff by ANN requires proper understanding of rainfall runoff phenomenon and catchment
characteristics and expert command / maneuver over ANN tools. All together, these studies are valuable contribution towards the
understanding of rainfall runoff forecast modeling and watershed specific neural network architecture. However, these works do
not arrive on a single solution towards the operational use of neural networks in flood forecasting. Models based on artificial
neural networks are fast and reliable.

This review provides extensive and meticulous details about river runoff modeling using ANN. The nonlinear ANN model
provides better forecast for the hydrological relationship than the conceptual models. Though, ANN essentially belongs to the
theoretical (black box) model category and bears the weaknesses of this category (Gautam et al., 2000). ANN are by no means a
substitute for conceptual watershed modeling as it does not employ physically realistic components and parameters (Hsu et al.,
1995). Nevertheless, the lack of physical concepts and relations has been one of the major limitations and reasons for the skeptical
attitude towards ANN methodology (ASCE, 2000a and 2000b). Therefore, instead of using ANNSs as simple black box models,
the development of hybrid NN has received considerable attention (VanCan et al., 1997; Zhao et al., 1997). The hybrid NN has
shown the potential of obtaining more accurate predictions of process dynamics by combining mechanistic and ANN in such a
way that it can properly accounts for unknown and nonlinear parts of the mechanics (Lee et al., 2002).

Unfortunately, current strategies are all built upon purely empirical approaches. In general, ANN has been found to perform well
in predicting short-term flood stage resembling the magnitude of previous flood events used for network training. ANN models,
tend to perform poorly during extreme events, and, thus, features the same shortcomings — as they are not suited for extrapolating
beyond the range of their training data i.e. ANN cannot reliably predict a rare extreme flood event if it is not part of the training
data. Also, it is difficult to determine the optimal ANN architecture for a given watershed, and in most cases, a trial-and-error
approach is still used. Therefore, Elshorbagy and Simonovic (2000) warn against use of ANN models as the sole runoff prediction
strategy.
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