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s u m m a r y

The current study demonstrates the potential use of wavelet neural network (WNN) for river flow mod-
eling by developing a rainfall-runoff model for Malaprabha basin in India. Daily data of rainfall, discharge,
and evaporation for 21 years (from 1980 to 2000) have been used for modeling. In the modeling original
model, inputs have been decomposed by wavelets and decomposed sub-series were taken as input to
ANN. Model parameters are calibrated using 17 years of data and rest of the data are used for model val-
idation. Statistical approach has been used to find out the model input. Optimum architectures of the
WNN models are selected according to the obtained evaluation criteria in terms of Nash–Sutcliffe effi-
ciency coefficient and root mean squared error. Result of this study has been compared by developing
standard neural network model and NAM model. The results of this study indicate that the WNN model
performs better compared to an ANN and NAM model in estimating the hydrograph characteristics such
as flow duration curve effectively.

� 2013 Elsevier B.V. All rights reserved.

1. Introduction

The critical dependence of human society on a reliable source of
water and its need for protection from floods and droughts re-
sulted in the branch of science, hydrology, which has primarily
evolved in the quest for solutions to water related problems. One
of the major concerns that the human society is facing today is
the disasters related to water resources, viz. floods, droughts, pol-
lution, consequences of likely climate changes, etc. India has to
confront severe floods due to intense precipitation, primarily dur-
ing the monsoon period (during the months from June to Septem-
ber), year after year.

The National Commission for Integrated Water Resources
Development studied the flood problem in India in detail and con-
cluded that there is no possibility for complete protection against
floods (NCIWRD, 1999). It is, therefore, suggested that emphasis
should be on better management of flood plains, flood forecasting,
flood preparedness, and flood insurance. Flood management is a
complex process, requiring the simultaneous consideration of the

hydrologic, hydraulic, structural, geotechnical, environmental, so-
cial, economic, and behavioral aspects. River flow forecasting is
an effective non-structural measure for flood management and
can reduce the damages due to flood to a greater extent. River flow
forecasts provide advance warning of expected river stages during
floods and are of immense utility in saving life and property. These
are also helpful in regulating reservoirs during floods.

River flow forecasting has always been one of the most impor-
tant topics in hydrology and it is an essential measure in water re-
source development, planning, and management. Rainfall-runoff
models, which aim at forecasting the streamflow hydrograph, are
extensively used to support flood and water resource design and
management. However, modeling of the rainfall-runoff process is
a complex task since processes that are taking place in a hydrologic
system are still not clearly known to us. Nevertheless, hydrologists
have come up with a number of rainfall-runoff models that vary in
complexity. With increasing demand for water resources through-
out the world, improved decision making, within a context of fluc-
tuating weather patterns from year to year, there is a requirement
for improved models.

As regards the rainfall-runoff models, in the last decades hun-
dreds (if not thousands) of them have been proposed by research-
ers and practitioners with the aim of real-time application.
According to Singh (1995), the rainfall-runoff models can be classi-
fied in terms of how processes are represented, the time and space
scale that are used, and what methods of solution to equations are
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used. The main features for distinguishing the approaches are the
following: the nature of basic algorithms (empirical, conceptual,
or process based); whether a stochastic or deterministic approach
is taken to input or parameter specification; and whether the spa-
tial representation is lumped or distributed.

Over the last decade, ANN based models are gaining popularity
in prediction of flows, flow and pollution simulations, and param-
eter identification. Hsu et al. (1995) have shown that the ANN ap-
proach can provide a better representation of the rainfall–runoff
relationship of a medium sized basin than does the ARMAX ap-
proach or the Sacramento soil moisture model. Recent studies on
ANN applications in the area of hydrology include rainfall–runoff
modeling (Jain et al., 1999; Cigizoglu, 2003; Wilbyet al. 2003; Lin
and Chen, 2006); land drainage design (Shukla et al., 1996; Yang
et al., 1998); aquifer parameter estimation (Srinivasa, 1998);
describing soil water retention curve (Jain et al., 2004); and optimi-
zation or control problems (Wen and Lee, 1998; Bhattacharya et al.,
2003). Some of the studies (Yang et al., 1996; Zealand et al., 1999)
have also shown that ANN is more accurate than conventional
methods in flow forecasting and drainage design. A set of two pa-
pers published by the ASCE task committee on application of ANNs
in hydrology (ASCE, 2000a,b) contains a detailed review of the the-
ory and applications of ANNs in water resources. Maier and Dandy
(2000) have also provided a review of modeling issues and applica-
tions of neural networks for the prediction and forecasting of water
resources variables. Govindaraju and Rao (2000) have described
many applications of ANNs to water resources. Nayak et al.
(2006) reported application of ANN in groundwater modeling. Tay-
fur and Singh (2011) developed ANN and fuzzy model for discharge
estimation. Chiang et al. (2007) reported to simulate the hydrologic
response from various sources of rainfall sequences using recur-
rent neural network (RNN) model. A novel evolutionary artificial
neural network (EANN) for time series forecasting has been devel-
oped by Chen and Chang (2009) and found that EANN is superior to
that of the AR and ARMAX models. Critical reviews on application
of ANN to hydrology presented by Maier et al. (2010) and Abrahart
et al. (2012).

In recent years, wavelet theory has been introduced in the field
of hydrology (Smith et al., 1998; Labat et al., 2000, Saco and Kumar,
2000; Wang and Ding, 2003). Wavelet analysis has recently been
identified as a useful tool for describing both rainfall and runoff
time series (e.g. Kumar and Foufoula-Georgiou, 1993; Kumar,
1996; Fraedrich et al., 1997; Labat et al., 2000; Compagnucci
et al., 2000; Gaucherel, 2002; Lafreniere and Sharp, 2003). By cou-
pling the wavelet method with the traditional AR model, the
Wavelet-Autoregressive model (WARM) is developed for annual
rainfall prediction (Tantanee et al., 2005). Adamowski and Sun
(2010) compared the relative performance of the coupled wavelet
neural network models (WA–ANN) and regular artificial neural
networks (ANN) for flow forecasting at lead times of 1 and 3 days
for two different non-perennial rivers in semiarid watersheds of
Cyprus. Cannas et al. (2006) proved that the performance of neural
networks was improved when neural network inputs and outputs
were preprocessed through continuous and discrete wavelet trans-
forms and data partitioning for river flow forecasting. Wei et al.
(2011) developed a wavelet neural network (WNN) hybrid model-
ing approach for the prediction of river discharge using monthly
time series data.

Many studies have been carried out for modeling river flow by
developing rainfall-runoff model using the advanced techniques
such as ANN models and the WNN models. The other methods
are by using the classic approach of using the rainfall-runoff mod-
els. However, there are very few attempts made to compare the
ability of these models in modeling the river flows with respect
to their structure and assumptions. In view of the above, the main
objective of this paper is to evaluate the predictive ability of Arti-

ficial Neural Network (ANN) model and wavelet neural network
(WNN) model with the traditional rainfall-runoff models which
are widely used in operational flood forecasting systems, e.g., black
box and conceptual rainfall-runoff models. The present paper will
examine hydrological non-linearities attributed to spatial variation
of maximum soil moisture storage capacities as implemented in
the NAM Rainfall-Runoff Model (Nielsen and Hansen, 1973) with
the ANN and WNN models.

In the current study, NAM, ANN, and WNN models are devel-
oped for processing rainfall-runoff relationship for Malaprabha ba-
sin in India. This paper is organized as follows. First, we give a brief
overview on methodology developed for NAM and ANN and WNN
model. Following this, study area details and availability of data for
modeling rainfall-runoff processes are presented. Subsequently,
calibration procedure adopted in different models is discussed.
The results are analyzed and discussed in the subsequent sections.
The conclusions are then presented after the evaluation of the per-
formance by these models.

2. Methodology

2.1. Hydrologic/hydraulic modeling of MIKE11-FW

The Flood Forecasting system developed in the MIKE11 envi-
ronment is composed by the following modules: (1) Rainfall-Run-
off (RR), (2) Hydrodynamic (HD), (3) Updating Procedure (FF). NAM
Model (Nedbør-Afstrømnings-Model) forms part of the rainfall-
runoff (RR) module of the MIKE11 river modeling system. It is a
lumped, conceptual rainfall-runoff model, simulating the overland
flow, the interflow, and the baseflow components. The RR module
can either be applied independently or used to represent one or
more contributing catchments that generate lateral inflows to a
river network. In this manner, a single catchment or a large basin
is schematized as an ensemble of many catchments connected
with a complex network of rivers and channels. Furthermore,
NAM can be used either for continuous hydrological modeling over
a range of flows or for simulating single events.

2.1.1. Model structure or mathematical basis
The NAM model describes the behavior of each individual com-

ponent in the hydrological cycle, at catchment level, by using a
group of interconnected conceptual elements. In particular, it sim-
ulates the precipitation-runoff process by continuously accounting
the moisture content in four storages, which represent physical
elements of the catchment: snow storage, surface storage, root
zone storage, and groundwater storage. Based on the meteorolog-
ical input data, NAM produces catchment runoff as well as other
components of the hydrological cycle, such as evapotranspiration,
soil moisture content, and groundwater level. The resulting catch-
ment runoff is split conceptually into overland flow, interflow, and
baseflow components. In addition, NAM allows man-made inter-
ventions in the hydrological cycle, such as irrigation and ground-
water pumping, to be included.

2.1.2. Model parameters
NAM can be used as event type or continuous type model and

for different hydrological regimes; this implies that the number
of model parameters can be different depending on the require-
ments. As default, nine parameters representing the surface zone,
the root zone, and the groundwater storages are considered in
the automatic calibration routine and are presented in Table 1.

2.1.3. Space–time scale employed in the model
The time resolution depends on the objective of the study and

on the time scale of the catchment response. In many cases, daily
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rainfall values are sufficient, but in rapidly responding catchments
where an accurate representation of the peak is required, rainfall
input must have a finer resolution. The spatial resolution is linked
to the schematization of the basin, which can be considered as a
single element or an ensemble of sub-basins.

2.1.4. Input data requirements
The basic input requirements for the NAM model consist of

model parameters, Initial conditions, and meteorological and
streamflow data. The basic meteorological data are rainfall and po-
tential evapotranspiration. If snow melt has to be represented,
temperature and radiation (optional) data are required. Observed
discharge data at the catchment outlet are needed for comparison
with the simulated runoff for model calibration and validation. The
rainfall-runoff module can either be applied independently or used
to represent one or more contributing catchments that generate
lateral inflows to a river network. The model provides catchment
runoff hydrographs at the outlet of the basin or at the outlet of
the sub-basins which furnish the input to the hydrodynamic model
(HD).

2.1.5. Parameter estimation/model calibration
In the NAM model, the parameters and variables represent

average values for the entire catchment. For some parameters, a
range of likely values can be estimated on the basis of the physio-
graphic, climatic, and soil physical characteristics of the catchment.
However, most of them are of empirical or conceptual nature
which implies that the final estimation must be carried out by cal-
ibration against time series of hydrological observations. An auto-
matic calibration procedure was developed for the MIKE11/NAM
model (Madsen, 2000). It is based on a multiple-objective strategy,
where different calibration objectives can be optimized simulta-
neously (water balance, overall hydrograph shape, peak flows,
and low flows). It is recommended to use 3–5 years time series
of input data for model calibration and validation.

3. Artificial neural network model

An ANN attempts to mimic, in a very simplified way, the human
mental and neural structure and functions (Hsieh, 1993). It can be
characterized as massively parallel interconnections of simple neu-
rons that function as a collective system. The network topology
consists of a set of nodes (neurons) connected by links and usually
organized in a number of layers. Each node in a layer receives and
processes weighted input from previous layer and transmits its
output to nodes in the following layer through links. Each link is
assigned a weight, which is numerical estimate of the connection
strength. The weighted summation of inputs to a node is converted
to an output according to a transfer function (typically a sigmoid
function). Most ANNs have three layers or more: an input layer,
which is used to present data to the network; an output layer,
which is used to produce an appropriate response to the given in-
put; and one or more intermediate or hidden layers, which act as a
collection of feature detectors (Fig. 1).

The multi-layer perceptron (MLP) is the most popular ANN
architecture in use today (Dawson and Wilby, 1998). It assumes
that the unknown function (between input and output) is repre-
sented by a multi-layer, feed-forward network of sigmoid units.
The working of a three layer ANN can be mathematically described
as follows.

Consider an ANN model with n input neurons (x1, . . .,xn), h hid-
den neurons (z1, . . .,zh), and m output neurons (y1, . . .,ym). Let i, j,
and k be the indices representing input, hidden, and output layers,
respectively. Let sj be the bias for neuron zj and uk, the bias for
neuron yk. Let wij be the weight of the connection from neuron xi

to neuron zj and bjk the weight of connection from neuron zj to
yk. The function that the ANN calculates is:

yk ¼ gA

Xh

j¼1

zjbjk þuk

 !
ð1Þ

zj ¼ fA

Xn

i¼1

xiwij þ sj

 !
ð2Þ

where gA and fA are activation (transfer) functions, which are usu-
ally continuous, bounded, and non-decreasing. The most commonly
employed transfer function is the logistic function, which is defined
for any variable s:

f ðsÞ ¼ 1
1þ e�s

ð3Þ

The training of MLP involves finding the optimal weight matrix for
the network which typically is a nonlinear optimization problem
(White, 1990). Consequently, the theory of nonlinear optimization
is applicable to training of MLP. Many training methods are avail-
able. The suitability of a particular method is generally a compro-
mise between computation cost and performance. Perhaps, the
most popular training approach employs the back propagation algo-
rithm (Rumelhart et al., 1986), and the same has been employed in
the current study.

4. Wavelet based ANN model

The wavelet analysis is an advance tool in signal processing that
has attracted much attention since its theoretical development
(Grossmann and Morlet, 1984). Its use has increased rapidly in
communications, image processing, and optical engineering appli-
cations as an alternative to the Fourier transform in preserving lo-
cal, non-periodic, and multi-scaled phenomena. The difference
between wavelets and Fourier transforms is that wavelets can pro-
vide the exact locality of any changes in the dynamical patterns of
the sequence, whereas the Fourier transforms concentrate mainly
on their frequency. Moreover, Fourier transform assumes infinite-
length signals, whereas wavelet transforms can be applied to any
kind and size of time series, even when these sequences are not
homogeneously sampled in time (Antonios and Constantine,
2003). In general, wavelet transforms can be used to explore, de-
noise, and smoothen time series, aid in forecasting and for other
empirical analysis.

Wavelet analysis is the breaking up of a signal into shifted and
scaled versions of the original (or mother) wavelet. In wavelet
analysis, the use of a fully scalable modulated window solves the
signal-cutting problem. The window is shifted along the signal
and for every position the spectrum is calculated. Then, this pro-
cess is repeated many times with a slightly shorter (or longer) win-
dow for every new cycle. In the end, the result will be a collection
of time–frequency representations of the signal, all with different
resolutions. Because of this collection of representations, it can
be called as multi-resolution analysis. By decomposing a time ser-
ies into time–frequency space, one is able to determine both the
dominant modes of variability and how those modes vary in time.
Wavelets have proven to be a powerful tool for the analysis and
synthesis of data from long memory processes. Wavelets are
strongly connected to such processes in that the same shapes re-
peat at different orders of magnitude. The ability of the wavelets
to simultaneously localize a process in time and scale domain re-
sults in representing many dense matrices in a sparse form.

P.C. Nayak et al. / Journal of Hydrology 493 (2013) 57–67 59
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4.1. Discrete Wavelet Transform (DWT)

The basic aim of wavelet analysis is both to determine the fre-
quency (or scale) content of a signal and to assess and determine
the temporal variation of this frequency content (Heil and Walnut,
1989). This property is in complete contrast to the Fourier analysis,
which allows for the determination of the frequency content of a
signal but fails to determine frequency time-dependence. How-
ever, the short time Fourier transform maps a signal into a two-
dimensional function of time and frequency, which can provide
some information about both when and at what frequencies a sig-
nal event occurs. But, this method is only applicable to situations
where the coherent time is independent of the frequency and the
limited precision is determined by the size of the window (Misiti
et al., 2000). Therefore, the wavelet transform is the tool of choice
when signals are characterized by localized high frequency events
or when signals are characterized by a large numbers of scale-var-
iable processes. Because of its localization properties in both time
and scale, the wavelet transform allows for tracking the time evo-
lution of processes at different scales in the signal.

The continuous wavelet transform of a time series f(t) is defined
as

f ða; bÞ ¼ 1ffiffiffi
a
p

Z 1

�1
f ðtÞw t � b

a

� �
dt ð4Þ

where w(t) is the basic wavelet with effective length (t) that is usu-
ally much shorter than the target time series f(t). The variables are a
and b, where a is the scale or dilation factor that determines the
characteristic frequency so that its variation gives rise to a ‘‘spec-
trum’’ and b is the translation in time so that its variation represents
the ‘‘sliding’’ of the wavelet over f(t). The wavelet spectrum is thus
customarily displayed in time–frequency domain. For low scales,
i.e., when |a|� 1, the wavelet function is highly concentrated
(shrunken compressed) with frequency contents mostly in the
higher frequency bands. Inversely, when |a|� 1, the wavelet is
stretched and contains mostly low frequencies. For small scales,
thus a more detailed view of the signal (known also as a ‘‘higher res-
olution’’), whereas for larger scales, a more general view of the sig-
nal structure can be expected.

The Discrete Wavelet Transform (DWT) is to calculate the wave-
let coefficients on discrete dyadic scales and positions in time. Dis-
crete wavelet functions have the form by choosing a ¼ aa

0 and
b ¼ nb0am

0 in Eq. (1) where m and n are integers that control the
wavelet dilation and shift, respectively, and a0 > 1, b0 > 0 are fixed.
The appropriate choices for a0 and b0 depend on the wavelet func-
tion. A common choice for them is a0 = 2, b0 = 1. In this study, the
wavelet function is derived from the family of Daubechies wavelets
with the 5 order.

The original signal X(n) passes through two complementary fil-
ters (low pass and high pass filters) and emerges as two signals as
approximations (A) and details (D). The approximations are part
of low pass filter, high scale, and low frequency components of
the signal. The details are part of high pass filter, low scale, and high
frequency components. Normally, the low frequency content of the
signal (approximation, A) is the most important part. It demon-
strates the signal identity. The high frequency component (detail,
D) is nuance. The decomposition process can be iterated, with suc-
cessive approximations being decomposed in turn, so that one sig-
nal is broken down into many lower resolution components (Fig. 2).

4.2. Mother wavelet

The choice of the mother wavelet depends on the data to be
analyzed. The Daubechies and Morlet wavelet transforms are the
commonly used ‘‘Mother’’ wavelets. Daubechies wavelets exhibit
good trade-off between parsimony and information richness; itTa
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produces the identical events across the observed time series and
appears in so many different fashions that most prediction models
are unable to recognize them well (Benaouda et al., 2006). Morlet
wavelets, on the other hand, have a more consistent response to
similar events but have the weakness of generating many more in-
puts than the Daubechies wavelets for the prediction models.

4.3. Method of combining wavelet analysis with ANN

The decomposed details (D) and approximation (A) were taken
as inputs to neural network structure as shown in Fig. 3. This figure
depicts the level of decomposition varying from 1 to I, and j is the
number of antecedent values varying from 0 to J and N is the length
of the time series. To obtain the optimal weights (parameters) of
the neural network structure, Levenberg–Marquardt (LM) back-
propagation algorithm has been used to train the network. The
LM algorithm is a modification of the classic Newton algorithm
for finding an optimum solution to a minimization problem. It is
designed to approach second-order training speed and accuracy
without having to compute the Hessian matrix. Hessian matrix
contains second derivative of network errors with respect to net-
work weights and Jacobeans matrix contains first derivative of
the network error matrix with respect to weights. When the per-
formance function has the form of a sum of squares (as is typical
in training feed-forward networks), then the Hessian matrix can
be approximated as H = JTJ and the gradient can be computed as
g = JTe, where J is the Jacobean matrix and e is a matrix of network
errors. The Jacobean matrix can be computed through a standard
back propagation technique that is much less complex than com-
puting the Hessian matrix. So, in Levenberg–Marquardt Algorithm,
Hessian matrix is approximated in terms of Jacobean matrix fol-
lowing Newton-like update in following ways.

xkþ1 ¼ xk � ½JT J þ lI��1JT e ð5Þ
JT J ¼ H ð6Þ
J ¼ rE ð7Þ
JT e ¼ g ð8Þ

where x is the weights of neural network; l is the learning param-
eter that controls the learning process. When l is zero, this is just
Newton’s method, using the approximate Hessian matrix. When l
is large, this becomes gradient descent with a small step size. New-
ton’s method is faster and more accurate near an error minimum, so
the aim is to shift toward Newton’s method as quickly as possible.
Overall, second-order nonlinear optimization techniques are usu-
ally faster and more reliable. Therefore, in this study, Levenberg–
Marquardt algorithm is used for multi-layer perceptron training.

A standard MLP with a logarithmic sigmoidal transfer function
for the hidden layer and linear transfer function for the output
layer was used in the analysis. The number of hidden nodes was
determined by trial and error procedure. The output node will be
the original value at one step ahead.

5. Study area and data availability

Malaprabha is a major tributary of Krishna, which originates
from Chorla Ghats in Belgaum district of Karnataka, India. The
catchment area up to Khanapur gauging station lies between
74�150 and 74�350 East longitudes and 15�300 and 15�450 North lat-
itudes. It covers a geographical area of 540 km2. Fig. 4 shows the
Malaprabha river system up to Khanapur. This catchment is the
major source of water for the Naviluteertha dam. The catchment,
up to dam site, is drained by several small streams. Theses streams,
including the main Malaprabha river, are seasonal and cause suffi-
cient scours, gullies, etc., in the catchment, thus adding substan-
tially to the inflow of sediments into the reservoir.

Geologically, the area comprises of tertiary basalt over 96% of
area and sedimentary formations of Pre-Cambrian age. There are
two types of soils found within the basin; red loamy soil, which cov-
ers about 80% of the basin and medium black soil. About 63% of the
total area is covered by forests, 17% by agricultural lands and the
rest by shrubs and fallow land. The climate of the Malaprabha basin
is influenced by the south-west monsoon (June–September), which
accounts for 91% of the total rainfall. The average annual rainfall of
the catchment is 2259 mm. The temperature varies between
19.2 �C and 29.5 �C and the mean evaporation 1496.9 mm. The
average annual discharge at Khanapur gauge site is 8953.6 m3/s.

The catchment can be topographically divided into three units. The
first unit between altitudes 662 and 1038 m, forming the upper most
reaches, is a narrow and deep valley bounded by the high hills. The
slope in this region varies from 30% to 50%. The streams in this region
are characterized by rocky beds and wide cross-section, with large dis-
charges. The second unit is comparatively less undulating and the
slope varies from 10% to 30%. Most of this region is covered by forests
and with small isolated villages and agricultural fields in between.
This area is identified between the hills and the valley plains. The
streams are narrow and gently sloped, with low discharges. The third
unit comprises of plain lands with gentle slopes of less than 5% in the
plains and increasing to 10% toward the hilly regions. Streams in this
region are wide with rocky bottoms and low velocity.

In the present study, the daily data of rainfall, discharge, and
evaporation for 21 years (from 1980 to 2000) of Malaprabha sub-
basin were used. The model was calibrated using 17 years of data
from 1980 to 1996 and validated by using the remaining 4 years
of data from 1997 to 2000. The correlation (Box and Jenkins,
1976) matrix between all the input variables is presented in Ta-
ble 2. It can be observed from Table 2 that the linear correlation be-
tween rainfall and discharge is 0.758, implying that any model
built using rainfall will certainly be able to compute the runoff sat-
isfactorily. Negative correlation is observed between evaporation
and other variable (rainfall and discharge).

6. Input selection in ANN and WNN model

In the black box modeling approach, empirical relationships be-
tween the input (rainfall in this case) and the output (runoff) have
been widely used in hydrologic prediction. However, most of the
modelers assume a linear relationship between the variables pos-
sibly because it allows simple procedures for parameter estimation
(e.g. Wang and Yu, 1986; Sefton and Howarth, 1998), while it is
clearly understood that the modeled relationship is highly nonlin-
ear. The input vectors to models are selected based on the proce-
dure described by Sudheer et al. (2002). The procedure uses

Fig. 1. General structure of a typical three layer ANN.
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cross-, auto-, and partial auto-correlations between the variables in
question along with their 95% confidence interval. By analyzing
these correlogram plots, the significant lags of independent vari-
ables that are potentially influencing the output (dependant vari-
able) can be identified. There are six inputs identified to ANN
and WNN model such as R(t � 4), R(t � 5), R(t � 6), E(t � 1),
E(t � 2), Q(t � 1), where R is rainfall, E is evaporation, Q is dis-
charge, and t indicates time lags in days.

7. Model evaluation

To find out the optimal model developed in estimating stream-
flow, different statistical indices are introduced. The indices em-
ployed are the coefficient of correlation (CE), root-mean-square
error (RMSE) between the observed and forecasted values and
the coefficient of efficiency (Nash and Sutcliffe, 1970), standard er-
ror of estimate (SEE), and mean absolute error (MAE). The defini-
tions of different statistical indices are presented below:

Coefficient of Correlation CE ¼
Pn

t¼1ðyo
t � yoÞðyc

t � ycÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
t¼1ðyo

t � yoÞ2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

t¼1ðyc
t � ycÞ2

q
2
64

3
75
ð5Þ

Efficiency EFF ¼ 1�
Pn

t¼1ðyo
t � yc

t Þ
2Pn

t¼1ðyo
t � yoÞ2

ð6Þ

Root mean square error RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
t¼1ðyo

t � yc
t Þ

2

n

s
ð7Þ

Standard Error of Estimate SEE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1ðyo

i � yc
i Þ

m

2
s

ð8Þ

Mean Absolute Error MAE ¼
Pn

t¼1jðyo
t � yc

t Þj
n

ð9Þ

where yo
i and yc

i , respectively, are the observed and computed val-
ues at time t, and yo and yc are the mean of the observed and com-
puted values corresponding to n patterns

8. NAM model development

The MIKE11/NAM model was applied to Malaprabha river basin.
For the calibration, a 17 year period was used where daily data of
precipitation, potential evaporation, mean temperature, and catch-
ment runoff are available. In the calibration procedure, several
model parameters have to be adjusted using trial and error to ob-
tain optimum values. These optimum values are considered as the
representative coefficient to determine the runoff within the catch-
ment area. In the present analysis, the calibration was carried out
in two steps, viz, initially the model was calibrated using the in-
built auto-calibration facility to obtain a set of model parameters.
After obtaining the set of model parameters, a trial and error meth-
od was applied to optimize each of the model parameters varying
within their physically permissible range. The reliability of the
MIKE11 NAM was evaluated based on the Efficiency Index (EI) as
described by Nash and Sutcliffe (1970). There were several related
studies available for model performance evaluation such as by Ait-
ken (1973) and Fleming (1975). The procedure by Nash and Sutc-
liffe (1970) had been widely used for the detection of systematic
errors with respect to long term simulation. The EI was developed
to evaluate the percentage of accuracy or goodness of the simu-
lated values with respect to their observed values. The optimal
model parameters at the EI of 0.83 are as tabulated in Table 3,
and the simulated and the observed runoff for a typical year out
of the 17 year is also presented in the Fig. 5.

From the 3, it is noticed that the maximum soil moisture stor-
age (Umax) within the top few centimeter is 19.7 mm and the lower
zone representing the root zone (Lmax) is 299 mm. The total

Fig. 2. Diagram of multiresolution analysis of signal.

Fig. 3. Wavelet based multilayer perceptron (MLP) neural network.
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amount of soil moisture within the soil strata in the Malaprabha
basin is 318 mm. This is quite a representative values as the depth
of the soil in the basin varies between 1 and 2 m and has a good
potential for the moisture storage. Also, the result is in line with
the earlier reported maximum soil moisture values (Venkatesh,
1998; Venktesh and Jain, 2000) through the application of various
rainfall-runoff models to Malaprabha basin. Further, it is noticed

Fig. 4. Index map of study area.

Table 2
Correlation matrix between input and output variables.

Variables Rain Evaporation Discharge

Rain 1 �0.3485 0.7581
Evaporation �0.3485 1 �0.4006
Discharge 0.7581 �0.4006 1
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that the parameter TG which represents the threshold for ground-
water recharge is 0.526. This is one of the major runoff producing
phenomenon in the catchments of Western Ghats, wherein the
contribution from the delayed runoff (groundwater and interflow)
to the discharge in the river varies between 30% and 80% of the to-
tal runoff value emphasis that the major part of the rainfall con-
tributes to the groundwater and may reappear as the baseflow
during the non-monsoon season (Putty and Prasad, 2000). This
observation is quite suited to the basin as the optimized values
of threshold for both interflow and groundwater is much higher
than the threshold for the overland flow in the basin, thereby indi-
cating the dominance of the interflow and groundwater flow con-
tribution in the catchment. This aspect is further supported by the
well defined and relatively shallow recession curve response in
simulated hydrographs of the basin during the calibration period.
The similar phenomenon is seen even in the validation period also,
confirming the representativeness of the runoff generation pro-
cesses in the basin.

The validation was carried out using the calibrated parameters.
The efficiency of the model in the validation period was found to be
0.60. The scatter plot showing observed and simulated runoff dur-
ing the validation period are presented in Fig. 5.

9. ANN model development

ANN model is developed having single hidden layer with logis-
tic function nodes. The logistic activation function is considered in
the output layer also. As the logistic transfer function has been
used in the model, the input–output data have been scaled appro-
priately to fall within the function limits. A standard back propaga-
tion algorithm with adaptive learning rate and momentum factor
has been employed to estimate the network parameters. The num-
ber of hidden neurons in the network, which is responsible for cap-
turing the dynamic and complex relationship between various
input and output variables, was identified by various trials (Eber-
hart and Dobbins, 1990; Maier and Dandy, 2000). The trial and er-
ror procedure started with two hidden neurons initially, and the
number of hidden neurons was increased up to 10 with a step size
of 1 in each trial. For each set of hidden neurons, the network was
trained in batch mode to minimize the mean square error at the
output layer. In order to check any over-fitting during training, a
cross-validation was performed by keeping track of the efficiency
of the fitted model. The training was stopped when there was no
significant improvement in the efficiency, and the model was then
tested for its generalization properties. The parsimonious structure
that resulted in minimum error and maximum efficiency during
training as well as testing was selected as the final form of the
ANN model. The final structure of the ANN model is: 6 input neu-
rons, 3 hidden neurons, and 1 output neuron.

Table 3
Optimal model parameters.

Parameter Unit Optimized value

Umax mm 19.7
Lmax mm 299
CQOF 0.614
TOF 0.319
TIF 0.201
TG 0.526
CKif h 835.6
CK1,2 h 26.6
CKBF h 1264
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Fig. 5. Scatter plots between observed and computed flow during validation period (a) ANN model (b) WNN model and (c) NAM model.
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10. Wavelet neural network model development

As discussed earlier, the original time series has been decom-
posed into Details and Approximations a certain number of sub-
time series {D1,D2, . . .,DP,AP} by wavelet transform algorithm.
These sub-time series play different roles in the original time ser-
ies, and the behavior of each sub-time series is distinct. So the con-
tribution to original time series varies from each other (Wang and
Ding, 2003). The decomposition process can be iterated, with suc-
cessive approximations being decomposed in turn, so that one sig-
nal is broken down into many lower resolution components. The
model was tested using different scales from 1 to 10 with different
sliding window amplitudes. In this context, dealing with a very
irregular signal shape, an irregular wavelet, the Daubechies wave-
let of order 5 (DB5), (Daubechies, 1992) has been used at level 3.
Consequently, D1, D2, D3 were detail time series, and A3 was the
approximation time series.

An ANN was constructed in which the sub-series {D1,D2,D3,A3}
at time t are inputs and the original time series at t + T time are
output; here T is the length of time to forecast. The Wavelet Neural
Network (WNN) model was formed in which the weights are
learned by feed-forward neural network with Back Propagation
algorithm. The model inputs of ANN were decomposed by wavelets
and decomposed sub-series were taken as input to ANN and the
original river flow value in 1 day ahead as output. ANN was trained
using backpropagation with LM algorithm. The optimal number of
hidden neurons was determined as three by trial and error proce-
dure. The final structure of the WNN model is: 24 input neurons (6
inputs used in ANN model multiplied by 4 sub-series for every in-
put neuron as obtained by wavelet decomposition), 3 hidden neu-
rons, and 1 output neuron.

11. Result and discussions

As discussed earlier, three models have been developed for river
flow forecasting for Malaprabha basin in India. It should be noted

that same data set has been used for calibration and validation of
models. The values of performance indices in estimating river flow
are evaluated and presented in the Table 4 for the calibration as
well as the validation period. The correlation statistics, which eval-
uates the linear correlation between the observed and computed
values, are consistent (>0.9) for all models during calibration peri-
od whereas NAM correlates only 0.8 between observed and com-
puted during validation period. The model efficiency that
measures the capability of the model to explain the variance in
the data is found to be acceptable (80% for discharge computation)
during the calibration period and validation periods for all models
except NAM model, which according to Shamseldin (1997), is very
satisfactory. The RMSE statistic, which is a quantitative measure of
the model error in units of the variable, was good for all the models
as is evidenced by the low values compared to peak flow. From the
analysis, it is found that the RMSE estimated by NAM model is
more (40.185 m3/s) compared to other two models during valida-
tion period. Mean absolute error (MAE) was estimated for all the
models and is presented in Table 4, which shows that NAM model’s
MAE is more compared to other two models. It is worth mention-
ing that the WNN model has the lowest SEE. Overall, the perfor-
mances of two models are comparable (ANN and WNN), but
model performance is not satisfactory by NAM model.

Fig. 5 presents the scatter plots of observed and computed flows
during validation period. Further, the observed and simulated data
were used to fit the Least Square Regression (LSR) line. The fitted
LSR line would coincide with the 45� line if the computed flow is
equal to that of the observed flow. The difference between the
regression line and the 45� line is simply the measure of reliability
of prediction. A comparison of the orientation of the regression line
and the 45� line gives a visual representation of the relative accu-
racy of estimation. As the accuracy decreases, the regression line
tends more toward the horizontal. A perfect horizontal line indi-
cates no skill associated with the model estimation. These plots
give clear indication of the relative skill of each of all models across
the full range of flows, and it is interesting to note that most of the
flows estimated by WNN model tend to fall quite close to the 45�
line, showing a good agreement between observed and forecasted
flows. The performance of ANN and NAM is relatively low com-
pared to that of WNN model, slope of regression line is marginally
close to 45� line compared to NAM model; which shows that ANN
model is better compared to NAM model. It is to be noted that
NAM model underestimated most of the flows and unable to esti-
mate flow properly beyond 300 m3/s. It is worth mentioning that
45� line and regression line (Fig. 5b) are very close to each other,
which shows good agreement between observed and computed
flow by WNN as they mostly overlap each other; this may be plau-
sibly attributed to the variation in nonlinear dynamics of the pro-

Table 4
Performance Indices.

Statistical indices Calibration Validation

ANN WNN NAM ANN WNN NAM

CORR 0.919 0.986 0.918 0.944 0.988 0.799
Efficiency (%) 84.49 97.28 83.53 87.22 97.65 60.81
RMSE (m3/s) 24.029 10.056 24.765 22.946 9.846 40.185
SEE 24.062 10.069 24.799 23.046 9.890 40.361
MAE 7.200 3.840 11.046 7.622 3.810 16.474

0 20 40 60 80 100

0

100

200

300

400

500

600

Fl
ow

 (m
3 /s

ec
)

Percentile Exceedance

 Observed
 ANN Computed
 WNN Computed
 NAM Computed

Fig. 6. Flow duration plots during calibration period.

0

100

200

300

400

500

600

Fl
ow

 (m
3 /s

ec
)

 Observed
 ANN Computed
 WNN Computed
 NAM Computed

0 20 40 60 80 100

Percentile Exceedance

Fig. 7. Flow duration plots during validation period.

P.C. Nayak et al. / Journal of Hydrology 493 (2013) 57–67 65



Author's personal copy

cess which is mapped effectively by WNN model. These plots
clearly prevails that WNN is superior to ANN and NAM model in
modeling rainfall-runoff process very effectively.

The flow duration curve are plotted for these models during cal-
ibration period and presented in Fig. 6 that these plots show the
percentage of time that flow in a stream is likely to equal or exceed
some specified value of interest. It can be used to show the per-
centage of time river flow can be expected to exceed a design flow
of some specified value or to show the discharge of the stream that
occurs or is exceeded some percent of the time. A flow duration
curve characterizes the ability of the basin to provide flows of var-
ious magnitudes. Information concerning the relative amount of
time that flows past a site is likely to equal or exceed a specified
value of interest is extremely useful for the design of structures
on a stream. It may be noted that curve characteristics is almost
static in comparison with observed and computed flows by all
models, as variation is negligible during calibration period. Fig. 7
depicts the variation of flow duration curves during validation per-
iod. It is interesting to note that during high flow, all models are
having similar performance but below 250 m3/s NAM fails to cap-
ture medium flows. Compared to ANN and WNN, WNN follows the
same path of observed flow, whereas slight deviation is observed
by ANN model. This analysis indicates that WNN model is better
compared to ANN and NAM model in estimating runoff.

The WNN model was compared with two models viz. conven-
tional ANN and conceptual NAM model, the WNN model was
found to be significantly superior to the other two models in esti-
mating runoff. The result demonstrated that the hybrid WNN is
useful tool for predicting runoff when the underlying physical rela-
tionships are not fully understood or there are not enough data for
applying numerical models. It may be noted that each model has
different advantages and disadvantages, which are often revealed
only through comparison between their predictions. NAM gener-
ates inferior forecast as it is a lumped parameter model compared
to ANN model. Though ANN is a black box model and does not re-
quire knowledge of catchment characteristics, and internal hydro-
logical processes predict reasonably good result owing to robust
training algorithm. WNN is better in estimating runoff compared
to other two models as hydrological data used in the model are
decomposed in details and approximation, which contribute to
better acquiring the rainfall and runoff processes.

12. Summary and conclusions

A new hybrid model that integrates wavelets and Artificial Neu-
ral Network (ANN) termed as wavelet neural network (WNN) mod-
el has been developed for rainfall-runoff modeling for Malaprabha
basin in India. Daily rainfall, runoff and evaporation data have been
used in modeling. The observed time series are decomposed into
sub-series using discrete wavelet transform, and then, appropriate
sub-series is used as inputs to the neural network for modeling
rainfall-runoff processes. Wavelet decomposes the time series into
multi-levels of details, and it can adopt multi-resolution analysis
and effectively diagnose the main frequency component of the sig-
nal and abstract local information of the time series. Each of sub-
series plays distinct role in original time series. Appropriate sub-
series of the variable used as inputs to the ANN model and original
time series of the variable as output. The hybrid model (WNN) was
compared with the standard ANN and NAM models. Model param-
eters are calibrated using 17 years of data, and rest of the data are
used for model validation. Statistical approach has been used to
find out the inputs for ANN and WNN models. From the analysis,
it was found that efficiency index is more than 94% for WNN,
whereas it is 84% and 85% for ANN and NAM models, respectively.
Overall analysis indicates that the performance of ANN and NAM

are relatively lower compared to that WNN; this may be plausibly
due to the variation in nonlinear dynamics of rainfall-runoff pro-
cess that mapped effectively by WNN model. It may be noted that
hydrological data used in the WNN model have been decomposed
in details and approximation, which may lead to better capturing
the rainfall and runoff processes.
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